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Preface

This book is the result of a series of international workshops organized by
the EmerNet project on Emergent Neural Computational Architectures based
on Neuroscience sponsored by the Engineering and Physical Sciences Research
Council (EPSRC). The overall aim of the book is to present a broad spectrum of
current research into biologically inspired computational systems and hence en-
courage the emergence of new computational approaches based on neuroscience.
It is generally understood that the present approaches to computing do not have
the performance, flexibility, and reliability of biological information processing
systems. Although there is a massive body of knowledge regarding how proces-
sing occurs in the brain and central nervous system this has had little impact
on mainstream computing so far.

The process of developing biologically inspired computerized systems invol-
ves the examination of the functionality and architecture of the brain with an
emphasis on the information processing activities. Biologically inspired compute-
rized systems address neural computation from the position of both neuroscience
and computing by using experimental evidence to create general neuroscience-
inspired systems.

The book focuses on the main research areas of modular organization and
robustness, timing and synchronization, and learning and memory storage. The
issues considered as part of these include: How can the modularity in the brain
be used to produce large scale computational architectures? How does the hu-
man memory manage to continue to operate despite failure of its components?
How does the brain synchronize its processing? How does the brain compute
with relatively slow computing elements but still achieve rapid and real-time
performance? How can we build computational models of these processes and
architectures? How can we design incremental learning algorithms and dynamic
memory architectures? How can the natural information processing systems be
exploited for artificial computational methods?

We hope that this book stimulates and encourages new research in this area.
We would like to thank all contributors to this book and the few hundred partici-
pants of the various workshops. Especially we would like to express our thanks to
Mark Elshaw, network assistant in the EmerNet network who put in tremendous
effort during the process of publishing this book.

Finally, we would like to thank EPSRC and James Fleming for their sup-
port and Alfred Hofmann and his staff at Springer-Verlag for their continuing
assistance.

March 2001 Stefan Wermter
Jim Austin

David Willshaw
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Andrés Pérez-Uribe

Connectionist Propositional Logic (A Simple Correlation Matrix Memory
Based Reasoning System) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 534

Daniel Kustrin and Jim Austin

Analysis and Synthesis of Agents That Learn from Distributed Dynamic
Data Sources . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 547

Doina Caragea, Adrian Silvescu, and Vasant Honavar

Connectionist Neuroimaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 560
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Abstract. Present approaches for computing do not have the perfor-
mance, flexibility and reliability of neural information processing sys-
tems. In order to overcome this, conventional computing systems could
benefit from various characteristics of the brain such as modular organi-
sation, robustness, timing and synchronisation, and learning and memory
storage in the central nervous system. This overview incorporates some
of the key research issues in the field of biologically inspired computing
systems.

1 Introduction

It is generally understood that the present approaches for computing do not have
the performance, flexibility and reliability of biological information processing
systems. Although there is a massive body of knowledge regarding how process-
ing occurs in the brain this has had little impact on mainstream computing. As a
response the EPSRC1 sponsored the project entitled Emergent Neural Compu-
tational Architectures based on Neuroscience (EmerNet) which was initiated by
the Universities of Sunderland, York and Edinburgh. Four workshops were held
in the USA, Scotland and England. This book is a response to the workshops
and explores how computational systems might benefit from the inclusion of the
architecture and processing characteristics of the brain.

The process of developing biologically inspired computerised systems involves
the examination of the functionality and architecture of the brain with an empha-
sis on the information processing activities. Biologically inspired computerised
1 Engineering and Physical Sciences Research Council.

S. Wermter et al. (Eds.): Emergent Neural Computational Architectures, LNAI 2036, pp. 1–19, 2001.
c© Springer-Verlag Berlin Heidelberg 2001



2 S. Wermter et al.

systems examine the basics of neural computation from the position of both
neuroscience and computing by using experimental evidence to create general
neuroscience-inspired systems.

Various restrictions have limited the degree of progress made in using bi-
ological inspiration to improve computerised systems. Most of the biologically
realistic models have been very limited in terms of what they attempt to achieve
compared to the brain. Despite the advances made in understanding the neu-
ronal processing level and the connectivity of the brain, there is still much that
is not known about what happens at the various systems levels [26]. There is
disagreement over what the large amount of information provided on the brain
imaging techniques means for computational systems [51].

Nevertheless, the last decade has seen a significant growth in interest in
studying the brain. The likely reason for this is the expectation that it is possible
to exploit inspiration from the brain to improve the performance of computerised
systems [11]. Furthermore, we observe the benefits of biological neural systems
since even a child’s brain can currently outperform the most powerful computing
algorithms. Within biologically inspired computerised systems there is a growing
belief that one key factor to unlocking the performance capabilities of the brain
is its architecture and processing [47], and that this will lead to new forms of
computation.

There are several architectural and information processing characteristics
of the brain that could be included in computing systems to enable them to
achieve novel forms of performance, including modular organisation, robustness,
information processing and encoding approaches based on timing and synchro-
nisation, and learning and memory storage.

2 Some Key Research Issues

In this chapter and based on the EmerNet workshops we look at various key
research issues: For biologically inspired computerised systems it is critical to
consider what is offered by computer science when researching biological com-
putation and by biological and neural computation for computer science. By
considering four architectural and information processing forms of inspiration it
is possible to identify some research issues associated with each of them.
Modular Organisation: There is good knowledge of how to build artificial
neural networks to do real world tasks, but little knowledge of how we bring
these together in systems to solve larger tasks (such as in associative retrieval
and memory). There may be hints from studying the brain to give us ideas on
how to solve these problems.
Robustness: How does human memory manage to continue to operate despite
failure of its components? What are its properties? Current computers use a fast
but brittle memory, brains are slow but robust. Can we learn more about the
properties that can be used in conventional computers.
Sychronisation and Timing: How does the brain synchronise its processing?
How does the brain prevent the well known race conditions found in computers?
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How does the brain schedule its processing? The brain operates without a central
clock (possibly). How is the asynchronous operation achieved? How does the
brain compute with relatively slow computing elements but still achieve rapid
and real-time performance? How does the brain deal with real-time? Do they
exploit any-time properties, do they use special scheduling methods. How well
do natural systems achieve this and can we learn from any methods they may
use?
Learning and Memory Storage: There is evidence from neuron, network
and brain levels that the internal state of such a neurobiological system has an
influence on processing, learning and memory. However, how can we build com-
putational models of these processes and states? How can we design incremental
learning algorithms and dynamic memory architectures?

3 Modular Organisation

Modularity in the brain developed over many thousands of years of evolution
to perform cognitive functions using a compact structure [47] and takes various
forms such as neurons, columns, regions or hemispheres [58].

3.1 Regional Modularity

The brain is viewed as various distributed neural networks in diverse regions
which carry out processing in a parallel fashion to perform specific cognitive
functions [21,42,58]. The brain is sometimes described as a group of collaborating
specialists that achieve the overall cognitive function by splitting the task into
smaller elements [59]. The cerebral cortex which is the biggest part of the human
brain is highly organised into many regions that are responsible for higher level
functionality that would not be possible without regional modularity [72,58]. A
feature of regional modularity is the division of the activities required to perform
a cognitive function between different hemispheres of the brain. For instances,
in this volume, Hicks and Monaghan (2001) [38] show that the split character of
the visual processing between different brain hemispheres improves visual word
identification by producing a modular architecture.

Brain imaging techniques have successfully provided a great deal of infor-
mation on the regions associated with cognitive functions [27]. The oldest of
these techniques mainly involves the examination of the brain for lesions that
are held responsible for an observed cognitive deficit [29]. The lesion approach
has been criticised since it does not identify all the regions involved in a cog-
nitive function, produces misleading results due to naturally occurring lesions
and alternative imaging techniques contradict its findings [9]. Due to the diffi-
culties observed with the lesion approach and technical developments, four al-
ternative techniques known as positron emission tomography (PET), functional
magnetic resonance imaging (fMRI), electronencephalogram (EEG) and mag-
netoencephalogram (MEG) have received more attention. PET and fMRI both
examine precisely the neural activity within the brain in an indirect manner and
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so create an image of the regions associated with a cognitive task [60,9]. For
PET this is done by identifying the regions with the greatest blood flow, while
for fMRI the brain map is the blood oxygen levels. Although PET and fMRI
have good spatial attainment, their temporal competence is limited [68]. In con-
trast, EEG measures voltage fluctuations produced by regional brain activity
through electrodes position on the surface of the scalp. MEG uses variations in
the magnetic field to establish brain activity by exploiting sophisticated super-
conducting quantum devices. The temporal properties of EEG and MEG are
significantly better that PET and fMRI with a sensitivity of a millisecond [68].

A major issue that is currently being investigated by biological inspired com-
puter system researchers is the manner that modules in the brain interact [66].
In this volume Taylor (2001) [68] establishes an approach to examine the degree
of association between those regions identified as responsible for a subtask by
considering the correlation coefficients. This approach incorporates structural
modelling where linear associations among the active regions are accepted and
the path strengths are established via the correlation matrix. When bridging the
gap between the brain image information and underlying neural network opera-
tions, activity is described by coupled neural equations using basic neurons. The
outcomes from brain imaging, as well as from single cell examinations lead to
the identification of new conceptions for neural networks.

A related cortical approach is taken by Érdi and Kiss in this volume. Érdi
and Kiss (2001) [24] develop a model of the interaction between cortical regions.
Using sixty-five cortical regions, connection strengths and delay levels a connec-
tion matrix was devised of a dynamically outlined model of the cortex. Finally,
Reilly (2001) [59] identified both feedforward and feedback routes linking the
modules performing a particular cognitive function.

The concept of regional modularity in the brain has been used to develop
various computing systems. For example, Bryson and Stein (2001) [12] point
out in this volume that robotics used modularity for some time and has pro-
duced means of developing and coordinating modular systems. These authors
also show that these means can be used to make functioning models of brain-
inspired modular decomposition. Deco (2001) [18] in this volume also devises a
regional modular approach to visual attention for object recognition and visual
search. The system is based on three modules that match the two principal vi-
sual pathways of the visual cortex and performs in two modes: the learning and
recognition modes.

A biological inspired computer model of contour extraction processes was de-
vised by Hansen et al. (2001) [34] and Hansen and Neumann (2001) [33] that is
based on a modular approach. This approach involves long-range links, feedback
and feedforward processing, lateral competitive interaction and horizontal long-
range integration, and localised receptive fields for oriented contract processing.
The model depends on a simplified representation of visual cortex regions V1
and V2, the interaction between these regions and two layers of V1. Because
there is a large number of cortical regions, a description of their mutual connec-
tivity is complex. Weber and Obermayer (2001) [72] have devised computational
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models for learning the relationships between simplified cortical areas. Based on
a paradigm of maximum likelihood reconstruction of artificial data, the archi-
tecture adapts to the data to represent it best.

3.2 Columnar Modularity of Cerebral Cortex

Turning to a more detailed interpretation of the brain’s modular construction,
Érdi and Kiss (2001) [24], Guigon et al. (1994) [31] and Fulvi Mari (2000) [28]
built on the fact that the cerebral cortex is composed completely of blocks of
repetitive modules known as cortical columns with basically the same six layer
structure [24,28]. Variations in cognitive functionality are achieved as the colum-
nar organisations have diverse start and end connections, and the cortical neu-
rons have regional specific integrative and registering features [31]. According to
Reilly (2001) [59] the columns can be 0.03mm in diameter and include around
100 neurons. These columns are used to provide reliable distributed representa-
tions of cognitive functions by creating a spatio-temporal pattern of activation
and at any particular time millions are active. Their development was the re-
sult of the evolutionary need for better functionality and the bandwidth of the
sensory system. There are two extreme views on the form that representation
takes in the cerebral cortex. The older view sees representation as context in-
dependent and compositionality of the kind linked with formal linguistics and
logical depiction. The new view holds that the brain is a dynamic system and
that predicate calculus is relevant for describing brain functionality.

A model of the cortex and its columns designed by Doya points to a layered
structure and a very recurrent processing approach [22]. The system provides
both inhibitory and excitatory synaptic connections among three types of neu-
rons (pyramidal neurons, spiny stellate neurons and inhibitory neurons). The
pyramidal and spiny stellate neurons are responsible for passing an excitatory
signal to various other cells in the column including cells of the same kind. In-
hibitory neurons restrict the spiking of the pyramidal and spiny stellate neurons
that are near by, while the pyramidal and spiny stellate neurons use the in-
hibitory neurons to control themselves and other cells in the column. In this
volume, a related columnar model is devised by Bartsch et al. (2001) [7] when
considering the visual cortex. A prominent character of the neurons in the pri-
mary visual cortex is the preference input in their classical receptive field. The
model combines various structured orientation columns to produce a full hyper-
column. Orientation columns are mutually coupled by lateral links with Gaussian
profiles and are driven by weakly orientation-biased inputs.

There has been some research to create these multi-cellar models using cells
made from many linked compartments and so a higher degree of biological plau-
sibility. However, there is the difficulty of high processing time due to the ionic
channel processing elements within the compartments [39]. To a certain extent
this can be overcome by using Lie series solutions and Lie algebra to create a
restricted Hodgkin-Huxley type model [30].
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In general, the brain consists of a distributed and recurrent interaction of
billions of neurons. However, a lot of insight and inspiration for computational
architectures can be gained from areas, regions or column organisation.

4 Robustness

A second important feature of the brain is its robustness. Robustness in the
human brain can be achieved through recovery of certain functions following
a defect. The brain has to compensate for the loss of neurons or even neuron
areas and whole functional networks on a constant basis. The degree of recovery
and hence of robustness is dependent on various factors such as the level of the
injury, the location and size of the lesion, and the age of the patient. Recovery
is felt to be best when the patient is younger and still in the maturation period,
but the approaches for recovery are complicated and variable [50,43,8].

Two approaches to recovery are: i) the repair of the damaged neural networks
and the reactivation of those networks which although not damaged due to
their close proximity to the injury stopped functioning; and ii) redistribution of
functionality to new regions of the brain [14]. There is mixed evidence about
the time it normally takes for repair of injured tissue. However, researchers have
found that the redistribution of functionality to new regions of the brain can
take longer and repair of the left superior temporal gyrus occurs over numerous
months following the injury [50]. Restoration of the cortex regions is critical to
good recovery of the functionality of the region and is known to inhibit the degree
of reallocation of functionality to new regions [71,73]. According to Reggia et al.
(2001) [58] in this volume the reorganisation of the brain regions responsible for
a cognitive function explains the remarkable capacity to recover from injury and
robust, fault-tolerant processing.

4.1 Computerised Models of Recovery through Regeneration

It is possible to model recovery through tissue regeneration by considering the
neural network’s performance at various degrees of recovery. For instance, Martin
et al. (1996) [46] examined recovery through the regeneration of tissue in a deep
dysphasia by considering the attainment of a subject on naming and repetition
tests. The model used to examine robustness is associated with the interaction
activation and competition neural network and recovery comes from the decay
rate returning to more normal levels. Wright and Ahmad (1997) [81] have also
developed a modular neural network model that can be trained to perform the
naming function and then damaged to varying degrees to examining recovery. A
model that incorporates a method to achieve robustness through recovery that is
closer to the technique employed in the brain is that of Rust et al. (2001) [61] in
this volume, which considers the creation of neural systems that are dynamic and
adaptive. This computational model produces recovery by allowing adaptability
and so achieving self-repair of axons and dendrites to produce new links.



Towards Novel Neuroscience-Inspired Computing 7

4.2 Computerised Model of Robustness through Functional
Reallocation

A second form of robustness is reallocation. When considering the recovery of
functionality through reallocation, Reggia et al. (2001) [58] in this volume devise
biologically plausible models of the regions of the cerebral cortex responsible for
the two functions of phoneme sequence creation and letter identification. The
former model is based on a recurrent unsupervised learning and the latter on
both unsupervised and supervised learning. When the sections of the models
that represent one hemisphere of the cerebral cortex were left undamaged they
contributed to the recovery of functionality, particularly when the level of injury
to the other hemisphere was significant. In general, such graded forms of dynamic
robustness go beyond current computing systems.

5 Timing and Synchronisation

Although the neurophysiological activity of the brain seems complicated, diverse
and random experimental data indicates the importance of temporal associations
in the activities of neurons, neural populations and brain regions [11]. Hence,
timing and synchronisation are features of the brain that are considered critical
in achieving high levels of performance [17]. According to Denham (2001) [19] in
this volume, the alterations of synaptic efficacy coming from pairing of pre- and
postsynaptic activity can significantly alter the synaptic links. The induction of
long-term alterations in synaptic efficacy through such pairing relies significantly
on the relative timing of the onset of excitatory post-synaptic potential (EPSP)
produced by the pre-synaptic action potential.

There is disagreement over the importance of the information encoding role
played by the interaction between the individual neurons in the form of synchro-
nisation. Schultz et al. (2001) [62] consider synchronisation as only secondary to
firing rates. However, other research has questioned this based on the temporal
organisation of spiking trains [11].

Another critical feature of timing in the brain is how it performs real-time
and fast processing despite relatively slow processing elements. For instance Bug-
mann (2001) [13] points to the role of the cerebellum in off-line planning to
achieve real-time processing. According to Panzeri et al. (2001) a commonly
held view is that fast processing speed in the cerebral cortex comes from an
entirely feedforward-oriented approach. However, Panzeri et al. (2001) [55] were
able to contradict this view by producing a model made up of three layers of
excitatory and inhibitory integrate-and-fire neurons that included within-layer
recurrent processing.

Given the importance of timing and synchronisation in the brain, compu-
tational modelling is used in several architectures to achieve various cognitive
functions including vision and language. For instance, Sterratt (2001) [67] ex-
amined how the brain synchronises and schedules its processing by considering
the locust olfactory system. The desert locust olfactory system’s neural activ-
ity has interesting spatiotemporal and synchronisation coding features. In the
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olfactory system the receptor cells connect to both the projection neurons and
inhibitory local neurons in the Antennal Lobe, as well as the projection neu-
rons and inhibitory local neuron groups being interconnected. The projection
neurons appear to depict the odour via a spatiotemporal code in around one
second, which is made up of three principal elements: the slow spatiotemporal
activity, fast global oscillations and transient synchronisation. Synchronisation
in this system is used to refine the spatiotemporal depiction of the odours.

A biologically inspired computerised model of attention that considers the
role played by sychronisation was formulated by Borisyuk et al. (2001) [11] with
a central oscillator linked to peripheral oscillators via feedforward and feedback
links. In this approach the septo-hippocampal area acts like the central oscillator
and the peripheral oscillators are the cortical columns that are sensitive to par-
ticular characteristics. Attention is produced in the network via synchronisation
of the central oscillator with certain peripheral oscillators.

Henderson (2001) [37] devised a biologically inspired computing model of syn-
chronisation to segment patterns according to entities using simple synchrony
networks. Simple synchronisation networks are an enlargement of simple recur-
rent networks by using pulsing units. During each period pulsing units have
diverse activation levels for the phrases in the period.

A related biologically inspired model addresses the effects of axonal and den-
dritic conduction time delays on temporal coding in neural populations, Halliday
(2001) [32]. The model uses two cells with common and independent synaptic
input based on morphologically detailed models of the dendritic tree typical of
spinal a motoneurones. Temporal coding in the inputs is carried by weakly cor-
related components present in the common input spike trains. Temporal coding
in the outputs is manifest as a tendency for synchronized discharge between the
two output spike trains. Dendritic and axonal conduction delays of several ms
do not alter the sensitivity of the cells to the temporal coding present in the
input spike trains.

There is growing support for chaotic dynamics in biological neural activity
and that individual neurons create chaotic firing in certain conditions [52]. In a
new approach to brain chaos András (2001) [1] states in this volume that the
stimuli to the brain are represented as chaotic neural objects. Chaotic neural
objects provide stability characteristics as well as superior information represen-
tation. Such neural objects are dynamic activity patterns that can be described
by mathematical chaos.

Assadollahi and Pulvermüller (2001) [2] were able to identify the importance
of a spatio-temporal depiction of information in the brain. This was performed
by looking at the representations of single words by using a Kohonen network
to classify the words. Sixteen words from four lexico-semantic classes were used
and brain responses that represent the diverse characteristics of the words such
as their length, frequency and meaning measured using MEG.
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6 Learning and Memory Storage

An additional structural characteristic of the brain and central nervous system
is the manner it learns and stores memories. Denham (2001) [19] argues that
the character of neural connections and the approach to learning and memory
storage in the brain currently does not have a major impact on computational
neural architectures despite the significant benefits that are available. A school
of though known as neo-constructivism lead by Elman (1999) [23] argue that
learning and its underlying brain structure does not come from a particular
organisation that is available at birth, but from modifications that results from
the many experiences that are faced over time. Although this model does have a
certain appeal, Marcus (2001) [45] points to various limitations with it, learning
mechanism have a certain degree of innateness as infants a few months old
often have the ability to learn ‘abstract rules’, developmental flexibility does not
necessarily entail learning and it relies too greatly on learning and neural activity.
Marcus (2001) [45] holds that neo-constructivists lack a toolkit of developmental
biology and has put forward his own approach to developing neural networks
that grow and offer self-organising without experience. This toolkit includes cell
division, migration and death, gene expression, cell-to-cell interaction and gene
hierarchies.

For many years computational scientists have attempted to incorporate learn-
ing and memory storage into artificial intelligent computer systems typically as
artificial neural networks. However, in most systems the computational elements
are still a gross simplification of biological neurons. There is too little biolog-
ical plausibility or indication of how the brain constrains can incorporated in
a better way [66,12,25]. Nevertheless, Hanson et al. (2001) [35] in this volume
outlines that artificial neural network such as recurrent ones can perform emer-
gent behaviour close to human cognitive performance. These networks are able
to produces an abstract structure that is situation sensitive, hierarchical and
extensible. When performing the activity of learning a grammar from valid set
of examples the recurrent network is able to recode the input to defer symbol
binding until it has received sufficient string sequences.

6.1 Synaptic Alteration to Achieve Learning and Memory Storage

Two regions of the brain that are fundamental in learning and memory stor-
age are the cortex and the hippocampus. However, these are not the only areas
involved as shown below by Pérez-Uribe (2001) [57] who describes a basal gan-
glion model and its role in trial-and-error learning. The hippocampus system is
a cortical subsystem found in the temporal lobe and has a fundamental role in
short-term memory storage and transferring of short-term memories to longer-
term ones. The cortex is the final location of such memories [48].

One of the first accounts of how learning occurs is that of Hebb (1949) [36]
who devised a model of how the brain stores memories through a simple synaptic
approach based on cell assemblies for cortical processing. Alterations in synaptic
strengths is the approach for learning, the persistence of memories and repeated
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co-activation is used for memory retrieval. The determinant of an assembly is
the connectivity structure between neurons that lends support to one another’s
firing and hence have a greater probability of being co-activated in a reliable
fashion. Cell assemblies are found in working and long-term memory storage
and interact with other cell assemblies. There has been a substantial amount of
work on learning and memory [66,54,79,74,69,49,65].

Long-term potentiation (LTP) is a growth in synaptic strength that is caused
rapidly by short periods of synaptic stimulation and is close to the Hebb’s notion
of activity-reliant alterable synapses. Given that there is an approach like LTP
for strengthening links between synapses, it is likely that there is a device for
reducing the synaptic strength which is known as long-term depression (LTD).
Shastri (2001) [64] in this volume devises a computational abstraction of LTP
and LTD which is a greatly simplified representation of the processes involved in
the creation of LTP and LTD. A cell is represented as an idealised integrate-and-
fire neuron with spatio-temporal integration of activity arriving at a cell. Certain
cell-kinds have two firing modes: supra-active and normal. Neurally, the supra-
active model relates to a high-frequency burst reaction and the normal mode
relates to a basic spiking reaction made up of isolated spikes. LTP and LTD
are identified by Shastri (2001) [64] as critical in episodic memory through their
role in binding-detection. In Shastri’s model a structure for the fast production
of cell responses to binding matches is made up of three areas: role, entity and
bind. Areas role and entity are felt to have 750,000 primary cells each, and bind
15 million cells. The role and entity areas match the subareas of the entorhinal
cortex, and the bind area the dentrate gyrus.

Huyck (2001) [40] devised a biologically inspired model of cell assemblies
known as the CANT system. The CANT system is made up of a network of
neurons that may contain many cell assemblies that are unidirectionally linked
to other neurons. As with many neural network models connection strengths
are altered by the local Hebbian rule and learning through a Hebbian-based
unsupervised approach.

6.2 Models of Learning

There have been some recent models of learning in artificial systems which are
particularly interesting since they are based on neuroscience learning methods.
For instance, McClelland and Goddard (1996) [48] examined the role of the
hippocampal system in learning by devising a biologically inspired model. For-
ward pathways from the association regions of the neocortex to the entorhinal
cortex create a pattern of activation on the entorhinal cortex that maximises
preservation of knowledge about the neocortical pattern. The entorhinal cortex
gives inputs to the hippocampal memory system, which is recoded in the den-
tate gyrus and CA3 in a manner that is suitable for storage. The hippocampus
computerised model is split into three main subsystems: i) structure-preserving
invertible encoder subsystem; ii) memory separation, storage and retrieval sub-
system; and iii) memory decoding system.
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The learning process is outlined by Denham (2001) [19] in this volume as a
simple biologically inspired computational model. The model requires the deter-
mination of the EPSP at the synapse and the back-propagating action potential.
A learning rule is then produced that relies on the integration of the product
of these two potentials. The EPSP at the synapse is determine by the effective
synapse current using the equation for the passive membrane mechanism.

Two biologically inspired computerised systems of learning are included in
robots, which shows that these systems can improve on existing technology.
Kazer and Sharkey (2001) [41] developed a model of how the hippocampus com-
bines memory and anxiety to produce novelty detection in a robot. The robot
offers knowledge for learning and an approach for making any alterations in anx-
iety behaviourally explicit. A learning robot was devised by Pérez-Uribe (2001)
[57] that uses a biologically inspired approach based on the basal ganglion to
learn by trial-and-error.

Bogacz et al. (2001) [10] devised a biologically plausible algorithm of familiar-
ity discrimination based on energy. This is based on the information processing
of the perirhinal cortex of the hippocampus system. This approach does not need
assumptions related to the distribution of patterns and discriminates if a certain
pattern was presented before and keeps knowledge on the familiar patterns in
the weights of Hopfield Networks.

A related biologically inspired computerised system was devised by Chady
(2001) [16] for compositionality and context-sensitive learning founded on a
group of Hopfield Networks. The inspiration comes from the cortical column
by using a two-dimensional grid of networks and basing interaction on the near-
est neighbour approach. In the model the individual network states are discrete
and their transitions synchronous. The state alteration of the grid is carried out
in an asynchronous fashion.

When considering a biological inspired computerised systems for natural lan-
guage understanding Moisl (2001) [51] proposes sequential processing using Free-
man’s work on brain intentionality and meaning. Moisl (2001) [51] proposed
approach will include: i) Processing components that output pulse trains as a
nonlinear reaction to input; ii) Modules of excitatory and inhibitory neurons that
create oscillatory actions; iii) Feedforward and feedback links between modules
to foster chaotic behaviour; and iv) A local learning mechanism such as Hebbian
learning to achieve self-organising in modules.

Pearce et al. (2001) [56] argues that the olfactory system offers an ideal model
for examining the issues of robust sensory signal transmission and efficient in-
formation representation in a neural system. A critical feature of mammalian
olfactory system is the large scale convergence of spiking receptor stimulus from
thousands of olfactory receptors, which seems fundamental for information rep-
resentation and greater sensitivity. Typically the information representation ap-
proaches used in the olfactory cortex are action and grading potentials, rate codes
and particular temporal codings. The study considered whether the rate-coded
depiction of the input restricts the quality of the signal that can be recovered in
the glomerulus of the olfactory bulb. This was done by looking at the outcomes
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from two models, one that uses probabilistic spike trains and another which uses
graded receptor inputs.

Auditory perception has various characteristics with the brain having the
capability to detect growths in loudness as well as differentiating between two
clicks that are very close together. Based on the findings of Denham and Denham
(2001) [20] this is the result of the manner of information representation in the
primary auditory cortex through cortical synaptic dynamics. When synapses are
repeatedly activated they do not react in the same manner to every incoming
impulse and synapses might produce a short-term depression or facilitation.
When there is a great deal of activity in the synapse, the amount of resources
that are available is reduced, which is likely to be followed by a period of recovery
for the synapse. A leaky integrate-and-fire neuron model is then used, with the
input to the neuron model gained through summing the synaptic EPSPs. In the
examination of the model the reaction features of the neuron that incorporated
a dynamic synapse are close to those of the primary auditory cortex.

Caragea et al. (2001) [15] have proposed a set of biologically inspired ap-
proaches for knowledge discovery operations. The databases in this domain are
normally large, distributed and constantly growing in size. There is a need for
computerised approaches to achieve learning from distributed data that do not
reprocess already processed data. The techniques devised by Caragea et al.
(2001) [15] for distributed or incremental algorithms attempt to determine infor-
mation needs of the learner and devising effective approaches to providing this
in an distributed or incremental setting. By splitting the learning activity into
information extraction and hypothesis production stages this allows the enhance-
ment of current learning approaches to perform in a distributed context. The
hypothesis production element is the control part that causes the information
extraction component to occur. The long-term aim of the research is to develop
well-founded multi-agent systems that are able to learn through interaction with
open-ended dynamic systems from knowledge discovery activities.

6.3 Models of Memory Storage

In this section we provide an outline of the various biologically inspired comput-
erised models connected with memory storage in the brain. Knoblauch and Palm
(2001) [42] took a similar approach to autoassociative networks as by Willshaw
[79,75,78,76,80,77] and extend it based on biological neurons and synapses. In
particular Knoblauch and Palm added characteristics that represent the spiking
actions of real neurons in addition to the characteristics of spatio-temporal in-
tegration on dendrites. Individual cells are modelled like ‘spiking neurons’: each
time the potential level is at a particular threshold a pulse-like action potential
is created. The Knoblauch and Palm (2001) [42] model of associative memory is
included in a model of reciprocally connected visual areas comprising three areas
(R, P and C) each made up of various neuron populations. In region R (retina)
input patterns matching input objects in the visual field and are depicted in a
100 x 100 bitmap. Area P (primary visual cortex) is made up of 100 x 100 exci-
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tatory spike neurons and 100 x 100 inhibitory gradual neurons. Area C (central
visual area) is modelled as the SSI-variant of the spiking associative memory.

A biologically inspired model of episodic memory by Shastri (2000) [63]
known as SMRITI outlines how a transient pattern of rhythmic activity de-
picting an event can be altered swiftly into a persistent and robust memory
trace. Creation of such a memory trace matches the recruitment of a compli-
cated circuit in the hippocampal system that includes the required elements. In
order to analysis characteristics of the model its performance is examined using
plausible values of system variables. The outcomes display that robust memory
traces can be produced if one assumes there is an episodic memory capacity of
75,000 events made up of 300,000 bindings.

Forcada and Carrasco (2001) [25] argue that, although a finite-state ma-
chine could be modelled by any discrete-time recurrent neural network (DTRNN)
with discrete-time processing elements, biological networks perform in continu-
ous time and so methods for synchronisation and memory should be postulated.
It ought to be possible to produce a more natural and biologically plausible
approach to finite-state computation founded on continuous-time recurrent neu-
ral networks (CTRNN). CTRNN have inputs and outputs that are functions
of a continuous-time variable and neurons that have a temporal reaction. It is
possible to encode in an indirect manner finite-state machines using a sigmoid
DTRNN as a CTRNN and then changing the CTRNN into an integrate-and-fire
network.

A considerable amount of research has been carried out by Austin and his
associates at York into memory storage [6,3,5,53,4,70,82]. An example of this
work in this volume is the Correlation Matrix Memories (CMMs) which accord-
ing to Kustrin and Austin (2001) [44] are simple binary weighted feedforward
neural networks that are used for various tasks that offers an indication of how
memories are stored in the human cerebral cortex. CMMs are close to single
layer, binary weighted neural networks, but use much less complex learning and
recall algorithms.

7 Conclusion

There is no doubt that current computer systems are not able to perform many
of the cognitive functions such as vision, motion, language processing to the level
associated with the brain. It seems there is a strong need to use new architec-
tural and information processing characteristics to improve computerised sys-
tems. Although interest in biologically inspired computerised system has grown
significantly recently, the approaches currently available are simplistic and un-
derstanding of the brain at the system level is still limited. Key research issues for
biologically inspired computer systems relate to the fundamental architectural
features and processing-related associated with the brain, and what computer
science can learn from biological and neural computing.

The characteristics of the brain that potentially could benefit computerised
systems include modular organisation, robustness, timing and synchronisation
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and learning and memory storage. Modularity in the brain takes various forms of
abstraction including regional, columnar and cellular, and is central to many bio-
logically inspired computerised systems. Robustness comes from the brain’s abil-
ity to recover functionality despite injury through tissue repair and re-allocation
of functionality to other brain regions. While conventional computer systems
are presently based on synchronised or clocked processing these systems could
potentially be enriched by basing information processing and encoding on the
timing and synchronisation approaches of the brain. Furthermore, as seen in this
chapter and volume a particular fertile research area is the development of bi-
ological inspired computing models of learning and memory storage to perform
various cognitive functions [42,20,63,41,25,20].

To move the field of biological inspired computing systems forward, consid-
eration should be given to how the architectural features of the brain such as
modular organisation, robustness, timing and sychronisation, and learning and
memory could benefit the performance of computering systems. The most suit-
able level of neuroscience-inspired abstraction for producing such systems should
be identified. Although the findings offered by neuroscience research should be
taken serious, there is a need to understand the constraints offered by computer
hardware and software. Greater concentration should be given to dynamic net-
work architectures that can alter their structure based on experience by either
using elaborate circuitry or constant network modification. Finally, a more com-
prehensive understanding of the brain and the central nervous system is critical
to achieve better biologically inspired adaptive computing systems.

References

1. P. András. The role of brain chaos. In S. Wermter, J. Austin, and D. Willshaw,
editors, Emergent Neural Computational Architectures based on Neuroscience (this
volume). Springer-Verlag, Heidelberg, Germany, 2001.

2. R. Assadollahi and F. Pulvermüller. Neural network classification of word evoked
neuromagnetic brain activity. In S. Wermter, J. Austin, and D. Willshaw, edi-
tors, Emergent Neural Computational Architectures based on Neuroscience (this
volume). Springer-Verlag, Heidelberg, Germany, 2001.

3. J. Austin. ADAM: A distributed associative memory for scene analysis. In Proceed-
ings of First International Conference on Neural Networks, page 287, San Diego,
1987.

4. J. Austin. Matching performance of binary correlation matrix memories. In R. Sun
and F. Alexandre, editors, Connectionist-Symbolic Integration: From Unified to
Hybrid Approaches. Lawrence Erlbaum Associates Inc, New Jersey, 1997.

5. J. Austin and S. O’Keefe. Application of an associative memory to the analysis
of document fax images. The British Machine Vision Conference, pages 315–325,
1994.

6. J. Austin and T. Stonham. An associative memory for use in image recognition
and occlusion analysis. Image and Vision Computing, 5(4):251–261, 1987.

7. H. Bartsch, M. Stetter, and K. Obermayer. On the influence of threshold vari-
ability in a mean-field model of the visual cortex. In S. Wermter, J. Austin, and
D. Willshaw, editors, Emergent Neural Computational Architectures based on Neu-
roscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.



Towards Novel Neuroscience-Inspired Computing 15

8. A. Basso, M. Gardelli, M. Grassi, and M. Mariotti. The role of the right hemisphere
in recovery from aphasia: Two case studies. Cortex, 25:555–566, 1989.

9. J. Binder. Functional magnetic resonance imaging of language cortex. International
Journal of Imaging Systems and Technology, 6:280–288, 1995.

10. R. Bogacz, M. Brown, and C. Giraud-Carrier. A familiarity discrimination algo-
rithm inspired by computations of the perirhinal cortex. In S. Wermter, J. Austin,
and D. Willshaw, editors, Emergent Neural Computational Architectures based on
Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

11. R. Borisyuk, G. Borisyuk, and Y. Kazanovich. Temporal structure of neural activ-
ity and modelling of information processing in the brain. In S. Wermter, J. Austin,
and D. Willshaw, editors, Emergent Neural Computational Architectures based on
Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

12. J. Bryson and L. Stein. Modularity and specialized learning: Mapping between
agent architectures and brain organization. In S. Wermter, J. Austin, and D. Will-
shaw, editors, Emergent Neural Computational Architectures based on Neuro-
science (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

13. G. Bugmann. Role of the cerebellum in time-critical goal-oriented behaviour:
Anatomical basis and control principle. In S. Wermter, J. Austin, and D. Willshaw,
editors, Emergent Neural Computational Architectures based on Neuroscience (this
volume). Springer-Verlag, Heidelberg, Germany, 2001.

14. S. Capp, D. Perani, F. Grassi, S. Bressi, M. Alberoni, M. Franceschi, V. Bettinardi,
S. Todde, and F. Frazio. A PET follow-up study of recovery after stroke in acute
aphasics. Brain and Language, 56:55–67, 1997.

15. D. Caragea, A. Silvescu, and V. Honavar. Analysis and synthesis of agents that
learn from distributed dynamic data sources. In S. Wermter, J. Austin, and
D. Willshaw, editors, Emergent Neural Computational Architectures based on Neu-
roscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

16. M. Chady. Modelling higher cognitive functions with Hebbian cell assemblies. In
S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational
Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg,
Germany, 2001.

17. D. Chawla, E. Lumer, and K. Friston. The relationship between synchronization
among neuronal populations and their mean activity levels. Neural Computation,
11:319–328, 1999.

18. G. Deco. Biased competition mechanisms for visual attention in a multimodu-
lar neurodynamical system. In S. Wermter, J. Austin, and D. Willshaw, editors,
Emergent Neural Computational Architectures based on Neuroscience (this vol-
ume). Springer-Verlag, Heidelberg, Germany, 2001.

19. M. Denham. The dynamics of learning and memory: Lessons from neuroscience. In
S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational
Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg,
Germany, 2001.

20. S. Denham and M. Denham. An investigation into the role of cortical synaptic
depression in auditory processing. In S. Wermter, J. Austin, and D. Willshaw,
editors, Emergent Neural Computational Architectures based on Neuroscience (this
volume). Springer-Verlag, Heidelberg, Germany, 2001.

21. S. Dodel, J.M. Herrmann, and T. Geisel. Stimulus-independent data analysis for
fMRI. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Com-
putational Architectures based on Neuroscience (this volume). Springer-Verlag, Hei-
delberg, Germany, 2001.



16 S. Wermter et al.

22. K. Doya. What are the computations of the cerebellum, the basal ganglia and the
cerebral cortex? Neural Networks, 12(7-8):961–974, 1999.

23. J. Elman. Origins of language: A conspiracy theory. In B. MacWhinney, editor,
The Emergence of Language, pages 1–27. Lawrence Earlbaum Associates, Hillsdale,
NJ, 1999.
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57. A. Pérez-Uribe. Using a time-delay actor-critic neural architecture with dopamine-
like reinforcement signal for learning in autonomous robots. In S. Wermter,
J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architec-
tures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany,
2001.

58. J. Reggia, Y. Shkuro, and N. Shevtsova. Computational investigation of hemi-
spheric specialization and interactions. In S. Wermter, J. Austin, and D. Willshaw,
editors, Emergent Neural Computational Architectures based on Neuroscience (this
volume). Springer-Verlag, Heidelberg, Germany, 2001.

59. R. Reilly. Collaborative cell assemblies: Building blocks of cortical computation. In
S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational
Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg,
Germany, 2001.

60. M. Rugg. Introduction. In M. Rugg, editor, Cognitive Neuroscience, pages 1–10.
Psychology Press, Hove East Sussex, 1997.

61. A. Rust, R. Adams, S. George, and H. Bolouri. Towards computational neural sys-
tems through developmental evolution. In S. Wermter, J. Austin, and D. Willshaw,
editors, Emergent Neural Computational Architectures based on Neuroscience (this
volume). Springer-Verlag, Heidelberg, Germany, 2001.

62. S. Schultz, H. Golledge, and S. Panzeri. Sychronisation, binding and the role
of correlated firing in fast information transmission. In S. Wermter, J. Austin,
and D. Willshaw, editors, Emergent Neural Computational Architectures based on
Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

63. L. Shastri. SMRITI: A computational model of episodic memory formation inspired
by the hippocampus system. In S. Wermter, J. Austin, and D. Willshaw, editors,
EmerNet: Third International Workshop on Current Computational Architectures
Integrating Neural Networks and Neuroscience, pages 7–10. EmerNet, 2000.

64. L. Shastri. Biological grounding of recruitment learning and vicinal algorithms
in long-term potentiation. In S. Wermter, J. Austin, and D. Willshaw, editors,
Emergent Neural Computational Architectures based on Neuroscience (this vol-
ume). Springer-Verlag, Heidelberg, Germany, 2001.



Towards Novel Neuroscience-Inspired Computing 19

65. S. Song, K. Miller, and L. Abbott. Competitive Hebbian learning through spike-
timing dependent synaptic plasticity. Nature Neuroscience, 3:919–926, 2000.

66. M. Spitzer. The Mind Within the Net: Models of Learning, Thinking and Acting.
MIT Press, Cambridge, MA, 1999.

67. D. Sterratt. Locus olfaction synchronous oscillations in excitatory and inhibitory
groups of spiking neurons. In S. Wermter, J. Austin, and D. Willshaw, editors,
Emergent Neural Computational Architectures based on Neuroscience (this vol-
ume). Springer-Verlag, Heidelberg, Germany, 2001.

68. J. Taylor. Images of the mind: Brain images and neural networks. In S. Wermter,
J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures
based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

69. A. Treves and E. Rolls. Computational analysis of the role of the hippocampus in
memory. Hippocampus, 4(3):374–391, 1994.

70. M. Turner and J. Austin. Matching perfromance of binary correlation matrix
memories. Neural Networks, 1997.

71. E. Warburton, C. Price, K. Swinnburn, and R. Wise. Mechanisms of recovery from
aphasia: Evidence from positron emission tomography studies. Journal Neurol
Neurosurg Psychiatry, 66:151–161, 1999.

72. C. Weber and K. Obermayer. Emergence of modularity within one sheet of neurons:
A model comparison. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent
Neural Computational Architectures based on Neuroscience (this volume). Springer-
Verlag, Heidelberg, Germany, 2001.

73. C. Weiller, C. Isensee, M. Rijntjes, W. Huber, S. Muller, D. Bier, K. Dutschka,
R. Woods, J. Noth, and H. Diener. Recovery from Wernicke’s aphasia: A positron
emission tomographic study. Ann Neurol, 37:723–732, 1995.

74. T. Wennekers and G. Palm. Cell assemblies, associative memory and temporal
structure in brain signals. In R. Miller, editor, Time and the Brain: Conceptual
Advances in Brain Research, Vol. 2. Academic Publisher, 2000.

75. D. Willshaw. Non-symbolic approaches to artificial intelligence and the mind.
Philos. Trans. R. Soc. A, 349:87–102, 1995.

76. D. Willshaw and J. Buckingham. An assessment of Marr’s theory of the hippocam-
pus as a temporary memory store. Philos. Trans. R. Soc. Lond. [B], 329:205–215,
1990.

77. D. Willshaw, O. Buneman, and H. Longuet-Higgins. Nonholographic associative
memory. Nature, 222:960–962, 1969.

78. D. Willshaw and P. Dayan. Optimal plasticity from matrix memories: What goes
up must come down. Neural Computation, 2:85–93, 1990.

79. D. Willshaw, J. Hallam, S. Gingell, and S. Lau. Marr’s theory of the neocortex as
a self-organising neural network. Neural Computation, 9:911–936, 1997.

80. D. Willshaw and C. von der Malsburg. How patterned neural connections can be
set up by self-organization. Philos. Trans. R. Soc. Lond. [B], 194:431–445, 1976.

81. J. Wright and K. Ahmad. The connectionist simulation of aphasic naming. Brain
and language, 59:367–389, 1997.

82. P. Zhou, J. Austin, and J. Kennedy. A high performance k-NN classifier using a
binary correlation matrix memory. In Advances in Neural Information Processing
Systems, Vol. 11. MIT, 1999.



S. Wermter et al. (Eds.): Emergent Neural Computational Architectures, LNAI 2036, pp. 20-38, 2001.
© Springer-Verlag Berlin Heidelberg 2001

Images of the Mind: Brain Images and Neural Networks

John G. Taylor

Department of Mathematics, King’s College, Strand, London WC2R2LS, UK
john.g.taylor@kcl.ac.uk

Abstract.  An overview is given of recent results coming from non-invasive
brain imaging  (PET, fMRI, EEG & MEG), and how these relate to, and
illuminate, the underpinning neural networks. The main techniques are briefly
surveyed and data analysis techniques presently being used reviewed. The
results of the experiments are then summarised. The most important recent
technique used in analysing PET and fMRI, that of structural modelling, is
briefly described, results arising from it presented, and the problems this
approach presents in bridging the gap to the underlying neural networks of the
brain described. New neural networks approaches are summarised which are
arising from these and related results, especially associated with internal
models. The relevance of these for indicating future directions for the
development of artificial neural networks concludes the article.

Keywords: Brain imaging, structural models, neural networks, working
memory, internal models, intelligent systems

1   Introduction

There is increasing information becoming available from functional brain imaging on
how the brain solves a range of tasks. The specific brain modules active while human
subjects solve various cognitive tasks are now being uncovered [1],[2].  The data
show that there are networks of modules active during task solution, with a certain
amount of overlap between networks used to solve different problems. This use of
non-invasive imaging to give a new ‘window’ on the brain has aroused enormous
interest in the neuroscience community, and more generally begun to shed light on the
way the brain solves hard tasks. The nature of the networks used to support
information processing is now being explored by various means, especially in terms
of the creation of internal models of the environment. This indicates a clear direction
for the future development of artificial neural networks, a feature to be considered at
the end of the paper.
   There are many problems to be faced in interpreting functional brain images (those
obtained whilst the subject is performing a particular task). Although the experimental
paradigms used to obtain the functional brain imaging data already contain partial
descriptions of the functions being performed by the areas detected, the picture is still
clouded. The overall nature of a task being performed while subjects are being
imaged can involve a number of more primitive sub-tasks which themselves have to
be used in the determination of the underlying functions being performed by the
separate modules. This means that there can be several interpretations of the roles for
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these modules, and only through the convergence of a number of experimental
paradigms will it be possible to disentangle the separate primitive functions.
   It is the hope that use of the latest techniques of analysis of resulting data, as well as
the development of new techniques stretching the machines to their very limits, will
allow solution to these problems of ambiguity, and a resulting truly global model of
the brain will result. The paper starts with a review of brain imaging techniques and
data analysis. A survey of results obtained by analysis of PET and fMRI data, termed
structural modelling is then given.  This approach has the potential to lead to a global
processing model of the brain. As part of that, the connection between structural
models and the underlying neural networks of the brain is then explored.  Several
recent brain imaging results are then considered which indicate new neural network
architectures and processing styles. The manner in which the brain uses internal
models of the environment, including its own active sensors and effectors as well as
of its inputs, is then explored, leading to a general program of analysis of the global
processing by the brain. This leads to a possible approach to building more advanced
neural network architectures which is discussed briefly in the final section.

2   A Survey of Brain-Imaging Machines

2.1  PET & fMRI

These machines investigate the underlying neural activity in the brain indirectly, the
first (the acronym PET= positron emission tomography) by measuring the 2 photons
emitted in the positron annihilation process in the radio-active decay of a suitable
radio-nuclide such as H2 

15O injected into a subject at the start of an experiment, the
second (fMRI = functional magnetic resonance imaging) that of the uneven
distribution of nuclear spins (effectively that of the proton) when a subject is in a
strong magnetic field (usually of 1.5 Tessla, although a 12 T machine is being built
especially for human brain imaging studies). The PET measurement allows
determination of regions of  largest blood flow, corresponding to the largest 2-photon
count. The fMRI measurement is termed that of BOLD (blood oxygen-level
dependent). This signal stems from the observation that during changes in neuronal
activity there are local changes in the amount of oxygen in tissue, which alters the
amount of oxygen carried by haemoglobin, thereby disturbing the local magnetic
polarisability.
   Spatially these two types of machines have a few millimetres accuracy across the
whole brain. However temporally they are far less effective. PET measurements need
to be summed over about 60-80 seconds, limiting the temporal accuracy considerably.
fMRI is far more sensitive to time, with differences in the time of activation of
various regions being measurable down to a second or so by the ‘single event’
measurement approach. This has already produced the discovery of dissociations in
the time domain between posterior and anterior cortical sites in working memory
tasks [3].
   That regions of increased blood flow correspond exactly to those of increased neural
activity, and these also identify with the source of the BOLD signal, is still the subject
of considerable dispute. The sitting of the BOLD signal in the neurally most active
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region was demonstrated recently [4] by a beautiful study of the positioning of the rat
whisker barrel cortex from both 7T fMRI measurement and by direct electrode
penetration. The present situation was summarised effectively in [5], with a number
of hypotheses discussed as to the sources of the blood flow and BOLD signals. I will
assume that these signals are all giving the same information (at the scale of size we
are considering).
   Many cognitive studies have been performed using PET; there are now as many
using fMRI, some duplicating the PET measurements. These results show very clear
localisation of function and the involvement of networks of cortical and subcortical
sites in normal functioning of the brain during the solution of tasks. At the same time
there has been considerable improvement in our understanding of brain activity in
various mental diseases, such as schizophrenia, Alzheimer’s and Parkinson’s diseases.
There have also been studies of patients with brain damage, to discover how the
perturbed brain can still solve tasks, albeit slowly and inefficiently in many cases.

2.2  MEG & EEG

The magnetic field around the head due to neural activity, although very low, is
measurable by sensitive devices, such as SQUIDs (superconducting quantum
interference devices). Starting from single coils to measure the magnetic field at a
very coarse level, MEG (MEG = magneto-encephalography) measurements are now
being made with sophisticated whole-head devices using 148 [6] or even 250
measuring coils [7]. Such systems lead to ever greater spatial sensitivity, although
they have a number of problems before they can be fully exploited. In particular it is
first necessary to solve the inverse problem, that of uncovering the underlying current
sources producing the magnetic field. This is non-trivial, and has caused MEG not to
be as far advanced in brain imaging as PET and fMRI systems. However that situation
is now changing. There is good reason to bring MEG up to the same standard of data-
read-out simplicity as PET and fMRI since, although it does not have the same spatial
sensitivity as the other two it has far better temporal sensitivity - down to a
millisecond. Thus MEG fills in the temporal gap on the knowledge gained by PET
and fMRI. This is also done by EEG (EEG = electro-encephalography), which is
being consistently used by numbers of groups in partnership with PET or fMRI so as
to determine the detailed time course of activation of known sites already implicated
in a task by the other machines [2].

3   Data Analysis

3.1  Statistical Parameter Maps (SPMs)

The data arising from a given experiment consists of a set of data points, composed of
a time series of activations collected during an experiment, for a given position
(termed a pixel) in the head. The is reasonably immediate for PET and fMRI,
although there must be careful preprocessing performed in order to remove movement
artefacts and to relate the site being measured to its co-ordinates in the head according
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to some standard atlas. All the machines now use a static MRI measurement of the
brain of a subject as a template, to which the data being measured are referred. Some
analyses use a more detailed warping of the brain of a given subject to that of a
standard brain, as given especially by the standard brain atlas arrived at by the
anatomical analysis of a number of human brains [8]. However this can introduce
distortions so a time-consuming but more accurate method is to identify similar
regions from the brains of different people by common landmarks, and then compare
(or average) the activity at the similar regions decided on in this manner over the
group of subjects to remove noise.  The use of independent component analysis (ICA)
has recently proved of value in data cleaning and especially in the removal of
artefacts such as effects of breathing and heart beat.
   The data at a given pixel, then, is a set of activation levels. These have been
obtained from a number of measurements taken under a set of known conditions. For
example, I am involved in studying the motion after-effect (MAE) by fMRI [9]. This
occurs due to adaptation to movement in one direction, and arises, for example, if you
look at a waterfall for a period of about 20 or so seconds and then turn your gaze to
the side. The static rock face then seems to move upwards for about 10 seconds
afterwards. Our measurements were taken using an ‘on-off’ paradigm, with a set of
moving bars being observed by a subject during 10 measurements (each lasting 3
seconds), then 10 with static bars, then 10 with the bars moving up and down, then
another 10 with static bars. The MAE occurs at the end of a period of movement in
one direction only, so the purpose of the study was to determine the change of BOLD
signal after the one-way movement, in comparison to the two-way movement.
Regions were searched for with a suitably high correlation of their activation with the
‘box-car’ function, equal to +1 during movement and just afterwards and -1 during
other static periods and the up-and-down movement. This correlation at each pixel in
the head leads to the statistical parameter map of the heading of this sub-section.
Significance levels can then be attached to the value at any one point in terms of the
difference of that value as compared to that for a control condition in which there is
no condition of interest being applied. This leads to the standard t-test and to maps of
t- or z-parameters throughout the brain. More sophisticated analysis can then be
performed to detect regions of interest (a number of adjacent pixels with significant z-
scores) and their significance. There are now a number of software packages available
to perform such analysis, and they have been recently been compared [10]. Fast data
analysis techniques are now available so that on-line results can be obtained and
thereby allow for optimisation of paradigms being employed [11].

3.2  Inversion Problem

There is a hard inverse problem - to determine the underlying current distribution
causing the observed field strengths - for both EEG and MEG. That for the former is
more difficult due to the conduction currents that ‘wash out’ the localisation of deep
sources. This does not occur for MEG, but there is still the problem that certain
currents, such as radial ones in a purely spherical head, are totally ‘silent’, leading to
no external magnetic field. Modulo this problem, the standard approach to uncovering
the underlying neural generators has been to assume that there is a limited set of
current dipoles whose parameters (orientation, strength and position) can be varied to
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optimise the mean square reconstruction error (MSE) of the measured data. Such
approaches are limited, especially when fast temporal effects are being investigated.
More recently magnetic field tomography (MFT) has been developed to give a
distributed source representation of the measurements [12].
   The use of MFT and similar continuous source distribution systems is now
becoming more commonplace in MEG, so that high-quality data are now becoming
available for an increasing number of cognitive tasks similar to those from fMRI and
PET but with far greater temporal sensitivity.

3.3  Structural Modelling

Initially the results of PET and fMRI studies have uncovered a set of active brain sites
involved in a given task. This is usually termed a ‘network’, although there is no
evidence from the given data that a network is involved but only an isolated set of
regions. It is possible to evaluate the correlation coefficients between these areas,
either across subjects (as in PET) or for a given subject (in fMRI). There is great
interest in using these correlation coefficients to determine the strength of interactions
between the different active areas, and so uncover the network involved. Such a
method involves what is called ‘structural modelling’, in which a linear relation
between active areas is assumed and the path strengths (the linear coefficients in the
relation) are determined from the correlation matrix. In terms of the interacting
regions of figure 1:

Fig. 1. A set of three interacting modules in the brain, as a representative of a simple structural
model. The task of structural modelling is to determine the path strengths with which each
module effects the others in terms of the cross-correlation matrix between the activities of the
modules.

Corresponding activities zi (i =1,2,3) of the modules satisfy a set of linear equations

 zi  = S aij zj  + hi                                                                                    (1)

where the variables  hI are assumed to be independent random noise variables. It is
then possible to calculate the coefficients aij  from the correlation coefficients C(i,j)
between the variables z. This can be extended to comparing different models by a chi-
squared test so as to allow for model significance testing to be achieved.

M1 M2

M3
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3.4  Bridge the Gap

An important question is as to how to bridge the gap between the brain imaging data
and the underlying neural network activity. In particular the interpretation of the
structural model parameters  will then become clearer. One way to achieve this is by
looking at simplified neural equations which underpin the brain activations.  We can
describe this activity by coupled neural equations, using simplified neurons:

t dU(i, t)/dt = - U(i ,t)+
neurons j,
å C(i ,j) f[U(j, t-t(i ,j))]                                                (2)

where U( i , t) is the vector of membrane potential of the neurons in module i at time
t, C( i ,j) is the matrix of connection strengths between the modules, and t(i,j) the time
delay (assumed common for all pairs of neurons in the two modules).

   There are various ways we can reduce these coupled equations to structural model
equations.  One is by the mean field approximation  <U> = u1 (where 1 is the vector
with components equal to 1 everywhere) so that the particular label of a neuron in a
given module is averaged over. The resulting averaged equations are:

t du(i ,t)/dt = - u(i ,t) + 
j

å c(i ,j) f[u(j, t-t(i ,j))]                                                      (3)

where c( i ,j) is the mean connection strength between the modules i and j. In the limit
of  t = 0 and for linearly responding neurons with no time delay there results the
earlier structural equations:

              u(i ,t) = 
j

å C(i ,j) u(j, t)                                                                            (4)

These are the equations now being used in PET and fMRI. The path strengths are thus
to be interpreted as the average connection weights between the modules. Moreover
the path strengths can be carried across instruments, so as to be able to build back up
to the original neural networks.  This involves also  inserting the relevant time delays
as well as the connection strengths to relate to MEG data.

   The situation cannot be as simple as the above picture assumes. Connection
strengths depend on the paradigm being used, as well as the response modality (such
as using a mouse versus verbal report versus internal memorisation). Thus it is
necessary to be more precise about the interacting modules and their action on the
inputs they receive from other modules; this will not be a trivial random linear map
but involve projections onto certain subspaces determined by the inputs and outputs.
The above reduction approach can be extended to such aspects, using more detailed
descriptions of the modules [14].
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4   Results of Static Activation Studies

There are many psychological paradigms used to  investigate cognition, and numbers
of these have been used in conjunction with PET or fMRI machines. These paradigms
overlap in subtle ways so that it is difficult at times to ‘see the wood for the trees’. To
bring in some order we will simplify by considering a set of categories of cognitive
tasks. We do that initially  along lines suggested by Cabeza and Nyberg [15], who
decomposed cognitive tasks into the categories of:
� attention (selective/sustained)
� perception (of object/face/space/top-down)
� language (word listening/word reading/word production)
� working memory (phonological loop/visuospatial sketchpad)
� memory (semantic memory encoding & retrieval/episodic memory encoding &

retrieval)
� priming
� procedural memory (conditioning/skill learning)
    So far the data indicate that there are sets of modules involved in the various
cognitive tasks. Can we uncover from them any underlying functionality of each of
the areas concerned? The answer is a partial ‘yes’. The initial and final low-level
stages of the processing appear more transparent to analysis than those involved with
later and higher level processing. Also more study has been devoted to primary
processing areas. Yet even at the lowest entry level the problem of detailed
functionality of different regions is still complex, with about 30 areas involved in
vision alone, and another 7 or 8 concerned with audition. Similar complexity is being
discerned in motor response, with the primary motor area being found to divide into at
least two separate subcomponents. However the main difficulty with the results of
activated areas is that they are obtained by subtraction of a control condition, so that
areas activated in common will disappear in the process. That can be avoided by using
structural modelling introduced in the previous section. We will therefore turn to
survey the still small but increasing sets of data now being analysed by that approach.
 
 
 5   Structural Models of Particular Processes
 
 5.1  Early Spatial and Object Visual Processing
 
 This has been investigated in a series of papers concerned with the dorsal versus
ventral routes of visual processing as related to spatial and object processing
respectively. The object experiment used simultaneous matching of a target face to
two simultaneously presented faces. The spatial task used a target dot located in a
square with one side a double line to be compared to a simultaneously presented pair
of similar squares containing dots; the matching test stimulus had a dot in the same
position as the test stimulus in relation to the double line. The results of these
researches [17], [18] showed that there are indeed two pathways for spatial and object
processing respectively, the former following the ventral pathway from the occipital
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lobe down to the temporal lobe, the latter the dorsal route from occipital up to the
parietal lobe, as shown in figure 2.
 
                                 Frontal              Parietal
 
                                                                      Dorsal
                                                                        path
                                                                   Occipital
                                          Temporal
                                                          Ventral path
 
 
 
 Fig. 2. A schematic of the cortex, showing its subdivision into the frontal, parietal, temporal
and occipital lobes, and the vantral and dorsal routes for visual input to further cortex from
early visual processing.

 
 5.2  Face Matching
 
 A careful study was performed as to how the paths involved change with increase of
the time delay between the presentation of one face and the pair to which the original
target face must be matched [19]. The delays ranged from 0 to 21 seconds, with
intermediate values of 1, 6, 11 and 16 seconds. The lengthening of the time duration
for holding in mind the target face caused interesting changes in the activated regions
and their associated pathways. In particular the dominant interactions during
perceptual matching (with no time-delay) are in the ventral visual pathway extending
into the frontal cortex and involving the parahippocampal gyrus (GH) bilaterally, with
cingulate (in the middle of the brain). The former of these regions is known to be
crucial for laying down long-term memory, the latter for higher-order executive
decision-making. This activity distribution changed somewhat as the delays increased,
first involving more frontal interactions with GH in the right hemisphere and then
becoming more bilaterally symmetric and including cingulate-GH interactions, until
for the longest delays the left hemisphere was observed to have more interactions with
GH and anterior occipital areas on the left, although still with considerable feedback
from right prefrontal areas. These changes were interpreted [19] as arising from
different coding strategies. At the shortest time delays the target face can be held by a
subject in an ‘iconic’ or image-like representation, most likely supported by right
prefrontal cortices. As the time delay becomes larger there is increasing difficulty of
using such an encoding scheme, and the need for storage of more detailed facial
features and their verbal encoding. That will need increasing use of the left
hemisphere. However there is also a greater need for sustained attention as the
duration gets longer, so requiring a greater use of right hemisphere mechanisms.
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 5.3  Memory Encoding and Retrieval
 
 There is considerable investigation of this important process both for encoding and
retrieval stages. In earlier imaging experiments there had been a lot of trouble in
detecting hippocampal regions in either hemisphere during memory processing. The
use of unsubtracted activations leads to clear involvement of these regions in both
stages, as is clear from the careful study of Krause et al using PET [20]. This has
resulted in a structural model for both the encoding and retrieval stages. There is
considerable complexity in these structures. However it can be teased out somewhat
by the use of various quantifications, such as by my introduction of the notion of  the
total ‘traffic’ carried by any particular site [21] (defined as the number of activated
paths entering or leaving a given area).  This allows us to conclude:
� there is a difference between the total traffic for encoding and retrieval between

the two hemispheres, where in encoding the L/R ratio for the total traffic in all
modules is 51/40 while for retrieval it has reversed to 46/50;

� the anterior to posterior cortex ratio is heavily weighted to the posterior in
retrieval, the anterior/posterior traffic ratios for encoding being 32/38 and for
retrieval 28/54;

� the sites of maximum traffic are in encoding left precuneus (in the middle of the
brain at the top of the parietal lobes) with a traffic of 11, and right cingulate (with
8) and in retrieval the right precuneus (with 11) and its left companion (with 9).
By comparison the hippocampal regions have traffic of (5 for R, 6 for L) in
encoding and (8 for L, 6 for R) in retrieval.

   We conclude that the first of these result is in agreement with the HERA model of
Tulving and colleagues [22]: there is stronger use of the left hemisphere in encoding
while this changes to the right hemisphere in retrieval. As noted by Tulving et al [22]
there is considerable support for this asymmetry from a number of PET experiments.
The structural models show that in both conditions there is more bilateral prefrontal
involvement.
   The anterior to posterior difference is not one which has been noted in the context
of the paired-associate encoding and recall tasks. However there are results for
posterior/anterior asymmetry associated with the complexity of the working memory
tasks, as in the n-back task [23] (where a subject has to indicate when a particular
stimulus of a sequence of them has occurred n times previously in the sequence).
When n becomes greater than 2 (so for delay times in the task longer than 20 seconds)
it has been reported that anterior sites become activated and there is an associated
depression in posterior sites which were previously active for the case of n=0 and 1.
The difference between the anterior and posterior traffic in our case indicates that the
processing load is considerably lower in the retrieval part of the task than in the
encoding component.  This is consistent with expectations: the hard work in the task
involves setting up the relations between the words as part of the encoding process.
Once these relations are in place then there can be a reasonable level of automaticity.

5.4  Hearing Voices in Schizophrenia

A study has been reported by Bullmore and colleagues [24], in which subjects had to
decide, for a set of 12 words presented sequentially, which of them referred to living
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entities, which to non-living ones.  Subjects were asked to rehearse their reply
subvocally. This was compared to a baseline condition in which subjects looked at a
featureless isoluminant screen. A path analysis of the data showed a network
involving extrastriate cortex ExCx, posterior superior temporal gyrus STG
(Wernicke’s area), dorsolateral prefrontal cortex DLPFC, inferior frontal gyrus IFG
(Ba 44/45 L) and supplementary motor area SMA, where B, L and M denote bilateral,
left-sided or mesial respectively.
   The path analysis for normal subjects showed the flow pattern

whereas for schizophrenic subjects there was no such clear path model in which there
was SMA feedback to IFG and STG.  This fits well with the model of Frith [25] of
lack of control of feedback from the voice production region by SMA to STG in
schizophrenics. They do not know they are producing internal speech and think they
are hearing voices speaking to them.  Awareness of this process could thus be in STG.

6   New Paradigms for Neural Networks?

The results now pouring in from brain imaging, as well as from single cell and deficit
studies, lead to suggestions of new paradigms for neural networks. In brief, some of
these are:
1) recurrent multi-modular networks for temporal sequence processing, based on
cartoon versions of the frontal lobes, with populations of excitatory and inhibitory
cells similar to those observed in cortex and basal ganglia. These are able to model
various forms of temporal sequence learning  [26]  and delayed tasks and deficits
observed in patients [27].
2) Attention is now recognised as sited in a small network of modules: parietal and
prefrontal lobes and anterior cingulate. This supports the ‘central representation’ [28],
with central control modules (with global competition) coupled to those with semantic
content, and extends feature integration.
3) Hierarchically coded modules, with overall control being taken by a module with
(oscillatory) coupling to the whole range of the hierarchy
   However the above set of paradigms do not take account of the input�output nature
of the brain which has developed across species so as to be increasingly effective in
granting its possessor better responses for survival. One of the most important of
these is, through increased encephalisation, the ability of the brain to construct
internal models of its environment. This includes its own internal milieu, leading to
ever better control systems for response in the face of threats. Such internal models

IFG

SMADLPFCSTGExCx
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are now being probed by a variety of techniques that are increasingly using brain
imaging to site the internal models. It is these models which will be elaborated on
next before being used to give a new functional framework for overall  brain
processing.

6.1  Spatial Arm Movement Estimation

There are many paradigms involving motor actions (posture control, eye movements
of various sorts) which have led researchers to suppose that internal models of the
motor effectors were involved. One important case study involved estimation of how
far a subject has moved their hand in the dark during a time varying from one trial to
another [29]. The accuracy of this assessment was tested by the subject giving an
estimate of this position by moving a marker using the other hand. It was found that
the mean error (obtained by averaging over several trials) increased as the duration of
time for the movement increased till a maximum value was reached and then
remained about constant. The amount of spread in this error had a similar behaviour.
   To explain this result it was assumed that an internal model of the hand position had
been already created in the brain, so that it could be updated by feedback from
expected sensory signals arising in the arm from the change of its position as
compared to further actual feedback from the proprioceptive sensors in the arm
muscles activated during the movement. There would also be visual feedback,
although in this paradigm (carried out in the dark) this would not be present (but will
be used in the following paradigm). The total model of this system is shown in figure
3.
   The over-all system of figure 3 uses a linear differential equation for obtaining an
initial update of the position x(t) of the arm at time t:

d2 x/dt2 = -(b/m)dx/dt + F                                                                                            (5)

where m is the weight of the arm, F the force being applied to it by the muscles and b
a constant. The first term on the right hand side of the equation is a counter-force
arising from the inertia of the arm muscles. The gain term is of form

K(t)[y - Cx(t)]                                                                                                             (6)

where C is the scaling factor modifying the position to give the expected position
from proprioceptive feedback signals up the arm to the brain. The gain factor K(t) is
time dependent, with time dependence obtainable from a well-defined set of equations
(termed the Kalman filter equations) [30].  The results of using this model to
determine the time development of the mean value of x(t) and of the variance of x(t)
were in close agreement with the observed curves from these quantities for a set of
subjects [29].
   This result is strong, but indirect support, for the existence of internal models of
motor action in the brain. In particular they indicate the presence of a monitor system,
enclosed in the broken-line rectangle in fig 2, which assesses errors between predicted
values of feedback and the actual feedback experienced. Both this and the internal
arm model, however, have not been directly observed in the brain. To develop this
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‘internal model’ or so-called ‘observer’ approach [30] further other evidence will now
be considered which helps to site the internal model and monitor system more
precisely.

Fig. 3.  Internal arm control model. The arm model in the upper box updates the position of the
arm by a linear differential equation, using the external control signal (from elsewhere in the
brain). Feedback from sensory and visual input is used to give correction terms (the ‘Kalman
gain’ terms) which are added to the next state value arising from the linear arm model, to give
an estimate of the next arm position. This is then used for further updating.

6.2  Accuracy of Arm Movement

The above model can be applied to another set of results, now with comparison
having been made with subjects with certain deficits. The paradigm being considered
is that of the movement of a pencil held in the hand from a given start position to a
marked square on a piece of paper. If the side of the marked square to be moved to is
denoted by W and A is the amplitude of the total arm movement from the start
position to the centre of the marked square, then the time T taken to make the
movement to the marked square increase as the width W of the square is reduced
according to what is known as Fitt’s law [31] :

T = a + bln[A/W]                                                                                                        (7)

where ln is the natural logarithm, a and b are constants with b being positive.

   An extension of this paradigm has been used by asking subjects to imagine they
were making the movement, not actually moving their arm at all, and stating when
they have reached, in their mind’s eye, the required position in the target square. The
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results for normals is that there imagined movement times still obey Fitt’s law, with
the same constants a and b above. However there are two sorts of deficits which cause
drastic alterations to this result [31]:
a) for patients with motor cortex damage, Fitt’s law still describes the relation
between movement time and width of the target square, but now the time for both the
actual and imagined movement (still closely the same for each value of the width W
of the target square) is considerably slower for the hand on the opposite side to the
cortical damage as compared to that on the same side as the damage (where there is a
cross-over of control from side of the brain to side of the body).  In other words the
movement is slowed - noted by subjects as feeling as they are moving the hand
through ‘glue’ - but there is no difference between imagined and actual movement.
Thus the site for ‘imagining’ has not been damaged.
b) for patients with parietal damage this relation between actual and imagined
movement is broken. There is still slower actual movement of the opposite hand to the
damaged cortex as compared to that on the same side as the damage. However there is
now no dependence on the width of the target square for making the imagined
movement with the hand on the opposite side to the damage. Fitt’s law has been
broken in this case.  The site of imaginary location of the hand as it makes it
movement is no longer available.
We conclude that
1)  the comparator/monitor system used in estimating the position of the hand in
relation to the square is contained in the parietal lobe. Loss of this region leads to no
ability to assess the error made in making the imagined movement.
2) the internal arm model itself (of equation 1 above) is sited in the motor cortex. Its
degradation leads to an increase of the friction term b in the above model, as reported
in the experience of patients with such damage.
   This approach through observer-based control theory needs to be extended, or
blended in, to other brain processes. In particular it is needed to relate the internal
models described above to the results of coupled networks of active modules
observed by structural models and recounted in section 5 above.  This extension is
difficult to achieve since there is still little deep understanding of the underlying
functionality of the various regions being observed. However such a blending will be
started here, commencing with a small extension to the case of fading of sensations in
a patient with parietal damage.

6.3   The Fading Weight
 
 The nature of continued reinforcement of activity allowing the continued experience
of an input has been demonstrated in a remarkable fashion by a case of fading of the
experience of a weight placed on the hand of a patient who had suffered severe loss of
parietal cortex due to a tumour in that region [32]. When a weight was placed on her
hand the sensation of it faded, in spite of her directed attention to it, in a time
proportional to the mass of the object placed in her hand: a 50 gram weight faded in 5
seconds, a 100 gram one in 8 seconds, a 150 gram weight in 10 seconds, and so on.
    It was suggested that such fading occurs due to the presence of a store for holding
an estimate of the state of the hand (in this case the mass it is supporting) which has
been lost by the patient with parietal lobe damage. In that case, with no such store
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available, the nature of the model of equation (1) indicates that the natural time
constant is m/b. Thus it is to be expected, on that model, that such fading would occur
(with no store) in a time proportional to the mass placed on the hand.  In the presence
of a store there will be active refreshment of such knowledge, so avoiding the fading
of experience in such a fashion. Active refreshment is a process that again requires
action, as did the arm motion in section 6.1. It is to be expected that such ‘action’ is in
motor cortex or related frontal areas. We turn in the next sub-section to consider
experimental evidence for the presence of processes in frontal lobes achieving actions
on activity in posterior regions.
 
6.4   Rotating in the Mind
 
 Working memory [33] is a term introduced in the 70’s to describe short-term
memory, as used, say, when you look up a phone number and hold it in mind until
you have made the phone call. You need not make a permanent memory of the
number; it fades from your mind afterwards unless you deliberately attempt to
remember it for later use. Such working memory has two components: one involved a
buffer store, in which items are activated by decay away in a few seconds if not
refreshed. Such buffer working memory stores have been observed by brain imaging
in a number of modalities, such as for words (the phonological store) for space (the
visuo-spatial sketch-pad) for timing of signals (on the left hemisphere). In general
these buffer sites are placed in the parietal lobes [34]. At the same time there is a
more active system of refreshment in the frontal lobes, so that when you held in mind
the phone number it could be rehearsed (subvocally) so as to hold it over a number of
seconds if need be.
    The manner in which working memory is involved, and its sites in the brain
exposed, was made clear in a beautiful fMRI brain imaging experiment of rotating
images in the mind to compare two three dimensional figures, seen at different angles,
as the same or mirror images [35]. It was found that the time for response increased
linearly with the amount one figure had been rotated from the other. On imaging the
brain, a number of regions were observed to have activity which also increased
linearly with the angle required to line up the two figures with each other. This was
especially clear in both parietal lobes, as well as to a lesser extent in the inferior
temporal and motor cortical areas.
    These results can be understood in similar terms to the internal action model of
figure 3 by the model of figure 4.
 The internal model works in a similar manner to that of figure 3, in that it has a
module, entitled the ‘image model’, which has a representation of the dynamical
equation for updating the position of the input image, in this case just the rotation
parameter q. The equation of motion being implemented by this model is the linear
equation
 
 dq /dt = w                                                                                                                     (8)
 
 where w is the angular velocity used in the internal rotation process. It is very likely
that w is determined by eye movement machinery, as part of preparing saccades. The



34         J.G. Taylor

increase of the rotation parameter q by the dynamics of frontal lobe activity (to which
we turn in a moment) will be sent back to the rotation parameter module, which then
acts to rotate the spatial image being held on the location working memory, being
guided by the object codes module to keep the shape of the object during rotation
consistent with its original shape, although now with a rigid rotation added. During
this process the comparator module assesses the effects of the rotation change and
brings it to s halt when there is identification between the rotated and stationary
image. All the time there must be rehearsal of the held images (or just the rotated on,
the static one being referred to from the outside picture). This rehearsal must also
involve an activity, so will be in a frontal site involving motor acts.
 

 
 
 Fig. 4. Internal model of processing for the internal rotation of inputs associated with
comparing pictures of two identical solid objects rotated/reflected with respect to each other.
The image model is used both to refresh the image of the object held in the location module, in
conjunction with the object code module and the rotation parameter module, and to achieve
rotation of this image by augmenting the appropriate parameter. The comparator module is used
to determine when the rotation has been completed and alignment between the two objects
achieved (or not).

 From the above account the identifications can be made:
 1) the object code module is contained in the temporal lobe;
 2) the location working memory module is in the parietal lobe (possibly in inferior
parietal lobe);
 3) the rotation parameter module is also in the parietal lobe (possibly in superior
parietal lobe);
 4) the comparator is also in the parietal lobe (as part of the monitoring system of sub-
section 6.2);
 5) the active rotation is performed in a frontal site, such as the supplementary eye
field, where saccades are programmed.
    The above identifications are based on the identifications already made in the
previous sub-section. However we can add further support for placing the active
module of 5) above in the frontal lobes in terms of the general recurrent features of
the frontal lobe connectivity. This is well known to be in terms of a set of recurrent
neural loops involving not only the frontal cortices but also sub-cortical structures
termed the basal ganglia and the thalamus. The latter is a way-station for all activity
entering the cortex from outside, the former are involved in the recurrent pathway
 cortex�basal ganglia�thalamus�cortex
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    This set of loops is in actuality far more complicated than the above simple flow
diagram would indicate, and distinguishes the frontal lobes from posterior cortex,
which lacks any similar recurrent system with basal ganglia as a controlling and
guiding unit. Models of this frontal system indicate its power to enable the learning of
temporal structure in response patterns to inputs, a quality lacking in the posterior
cortex [26].
    Such powers the frontal system posses indicate it is ideal to support an iterative
updating of activity denoting a state of the body (or other parts of the brain). Thus the
above equation of rotation parameter update can be written as the updating equation
 
 q (t+D t) = q (t) + wDt                                                                                                  (9)
 
 which can be seen to be achieved by updating the value of q at any time by addition
of the amount w to it. Such a process can be achieved very straightforwardly by a
linear neuron coding for q being updated cyclically by a constant input w input every
time step.  A similar interpretation of recurrent updating can be given for the mode of
computation of the linear internal arm model considered in sub-section 6.1.
    The various components of the model of figure 4 will have activity which in general
will increase as the required amount of rotation is increased.  The details of such
increase still have to be worked out, and will add a valuable constraint to the
modeling process, as well as amplify the sites involved and their functionality.
 
 
6.5   Conclusion on Processing

A number of experimental supports have been given for a style of processing in the
brain based on internal ‘active’ models of either body parts or other brain activities,
from buffer working memory sites. The actions involved have so been modeled above
by simple linear differential equations; Th. true from of these models will in general
be much more complex. However that is not a problem since neural networks are able
to act as universal approximators of any dynamical system. These active models,
based in the frontal lobes and depending on recurrent circuits for their powers. are
coupled to posterior codes for inputs. Some of these codes have a categorical form,
such as of object representations. Others are of a spatial form, giving the actual spatial
parameters of the inputs to be available for active grasping, reaching or other actions
to be made on the inputs. Finally there are also posterior monitoring systems for
detecting mismatches and making corrections to frontal actions, which for fast
response are based on assessments of inputs and their changes. The expected changes
then have to be matched to actual changes as measured by inputs from outside (or
from proprioceptive inputs from the body). The matching process takes place in
posterior sites in the cortex.
   In general, then, we have a division of labour in the brain as shown in the following
table 1:
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Table 1. Nature of the division between frontal and posterior sites from the control aspect.

SITE POSTERIOR FRONTAL
NATURE OF
FUNCTION

Internal model state
updating, rotation,
rehearsal, maximum time
scale: many seconds

Active, updating posterior
representations & monitoring
the relation between frontal &
posterior sites

CONTROL
ASPECT

Preprocessing, object
representations, maximum
time scale: 1-2 secs

Internal model state updating,
rotation, rehearsal, maximum
time scale: many seconds

   It is possible to observe that the development of the action-frontally-based models
of the above sub-sections attack the problem of understanding the networks of the
brain in a different fashion from those described in section 4. There the structural
models had a timeless character. Now the models from this section.

7   Conclusions

There are considerable advances being made in understanding the brain based on
brain imaging data. This is made particularly attractive by the use of structural
modelling to deduce the strengths of interconnected networks of active regions during
task performance. Neural models are being developed to allow these results to be
advanced, as well as indicate new paradigms for artificial neural networks.  In
particular the development of action-frontally-based models of the previous section
attack the problem of understanding the networks of the brain in a different fashion
from those described in section 4. The structural models derived there had a timeless
character. The control models from the previous section involve a strict separation of
duties: the posterior sites perform preprocessing, hold object and spatial
representations, with short term memory components holding activity on-line for no
more than 1-2 seconds. The anterior sites allow for voluntary actions to be taken on
the posterior representations so as to achieve goals also held in frontal sites. Such a
division of labour is an important result arising from fusing together the two ways of
approaching the brain: structural models and analysis of active processing in terms of
internal models.
   Two approaches to understanding the brain have been described above: one through
the use of CSEMs and the other by means of control models. The best way to
reconcile them is to use the control metaphor as a guide to the search for functional
assignments for the different modules and networks uncovered by the CSEM
approach. Besides indicating more general functional connectivity, the various
CSEMs give specific connection strengths between the modules in each case. These
can then be used to determine, by detailed simulation, if a suggested control version
of the CSEM network could and does function in the required control manner. The
testing of control models in this manner will be improved by the use of temporal
information obtained from MEG and EEG for the same paradigms. As data from
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completely multimodal experiments (PET/fMRI/MEG/EEG) become available the
control models will be more effectively tested.
   Finally what about artificial neural networks? These have already been used as
important components of control models. The new aspect to be added to these models
is inclusion of the cognitive aspect of brain processing, from a modular point of view.
For example language and planning can be analysed using such a control view, as can
attention and even consciousness. It is these human-like capabilities that are presently
absent from artificial neural systems, in spite of the many attempts to build
‘intelligent’ systems. The above discussion hopefully gives an indication of an avenue
of approach to these difficult but enormously important problems for artificial
processing systems.

References

[1] Raichle ME, ed (1998)Proceedings of the colloquium “Neuroimaging of Human Brain
Function”, Proc Natl Acad Sci USA, vol 95, February, 1998.

[2] Posner M and Raichle ME (1994) Images of Mind, San Francisco: Freeman & Co
[3] Ungerleider LG, Courtney SM & Haxby JVA neural system for human visual working

memory Proc Natl Acad Sci USA 95, 883-890
[4] Yang X, Hyder F & Shulman RG (1997) Functional MRI BOLD Signal Coincides with

Electrical Activity in the Rat Whisker Barrels, NeuroReport 874-877
[5] Raichle M E (1998) Behind the scenes of functional brain imaging: A historical and

physiological perspective. Proc Natl Acad Sci USA 95, 765-772
[6] Bti, Ltd, San Diego, CA
[7] NEC, private communication from AA Ioannides
[8] Talairach J & Tournoux P (1988) Co-planar steroetaxic atlas of the human brain. Stuttgart:

G Thieme.
[9] Schmitz N., Taylor J.G., Shah N.J., Ziemons K., Gruber O., Grosse-Ruyken M.L. &

Mueller-Gaertner H-W. (1998) The Search for Awareness by the Motion After-Effect,
Human Brain Mapping Conference ‘98, Abstract; ibid (2000) NeuroImage 11:257-270

[10] Gold S, Christian B, Arndt S, Zeien G, Cizadio T, Johnoson DL, Flaum M & Andreason
NC (1998) Functional MRI Statistical Software Packages: A Comparative Analysis.
Human Brain Mapping 6, 73-84

[11] D Gembris, S Posse, JG Taylor, S Schor et al (1998) Methodology of fast Correlation
Analysis for Real-Time fMRI Experiments, Magnetic Resonance in Medicine (in press).

[12] Ioannides AA (1995) in Quantitative & Topological EEG and MEG Analysis, Jena:
Druckhaus-Mayer GmbH

[13] Taylor JG, Ioannides AA, Mueller-Gaertner H-W (1999) Mathematical Analysis of Lead
Field Expansions, IEEE Trans on Medical Imaging. 18:151-163

[14] Taylor JG, Krause BJ, Shah NJ, Horwitz B & Mueller-Gaertner H-W (2000) On the
Relation Between Brain Images and Brain Neural Networks, Human Brain Mapping
9:165-182.

[15] Cabeza R & Nyburg L (1997) Imaging Cognition. J Cog Neuroscience 9, 1-26; ibid (2000)
J Cog Neuroscience 12:1-47.

[16] Gabrieli JDE, Poldrack RA & Desmond JE (1998)The role of left prefrontal cortex in
memory Proc Natl Acad Sci USA, 95, 906-13

[17] McIntosh AR, Grady CL, Ungerleider LG, Haxby JV, Rapoport SI & Horwitz B (1994)
Network analysis of cortical visual pathways mapped with PET, J Neurosci 14, 655-666

[18] Horwitz B, McIntosh AR, Haxby JV, Furey M, Salerno JA, Schapiro MB, Rapoport SI &
Grdy CL (1995) Network analysis of  PET-mapped visual pathways in Alzheimer type
dementia, NeuroReport 6, 2287-2292



38         J.G. Taylor

[19] McIntosh AR, Grady CL, Haxby J, Ungerleider LG & Horwitz B (1996) Changes in
Limbic and Prefrontal Functional Interactions in a Working Memory Task for Faces.
Cerebral Cortex 6, 571-584

[20] Krause BJ, Horwitz B, Taylor JG, Schmidt D, Mottaghy F, Halsband U, Herzog H,
Tellman L & Mueller-Gaertner H-W (1999) Network Analysis in Episodic Encoding and
Retrieval of Word Pair Associates: A PET Study. Eur J Neuroscience 11:3293-3301.

[21] Taylor JG,  Krause BJ,  Horwitz B, NJ Shah & Mueller-Gaertner H-W (2000)  Modeling
Memory-Based Tasks, submitted

[22] Tulving E, Kapur S, Craik FIM, Moscovitch M & Houles S (1995) Hemispheric encoding/
retrieval asymmetry in epsodic memory: Positron emission tomography findings.  Proc
Natl Acad Sci USA 91, 2016-20.

[23] Cohen JD, Perlstein WM, Braver TS, Nystrom LE, Noll DC, Jonides J& Smith EE  (1997)
Temporal dynamics of brain activation during a working memory task. Nature 386, 604-
608

[24] Bullmore E, Horwitz B, Morris RG, Curtis VA, McGuire PK,  Sharma T, Williams SCR,
Murray RM & Brammer MJ (1998) Causally connected cortical networks for language in
functional (MR) brain images of normal and schizophrenic subjects. submitted to Neuron

[25] Frith CD (1992) The Cognitive Neuropsychology of Schizophrenia. Hove UK: L Erlbaum
Assoc.

[26] Taylor N & Taylor JG (2000) Hard wired models of working memory and temporal
sequence storage and generation. Neural Networks 13:201-224; Taylor JG & Taylor N
(2000) Analysis of recurrent cortico-basal ganglia-thalamic loops for working memory.
82:415-432.

[27] Monchi O & Taylor JG (1998) A hard-wired model of coupled frontal working memories
for various tasks. Information Sciences 113:221-243.

[28] Taylor JG (1999) ‘The Central Representation’, Proc IJCNN99
[29] Wolpert DM, Ghahramani Z & Jordan M (1996) An Internal Model for Sensorimotor

Integration. Science 269:1880-2
[30] Jacobs OLR (1993) Introduction to Control Theory (2nd ed). Oxford: Oxford University

Press.
[31] Sirigu A, Duhamel J-R, Cohen L, Pillon B, DuBois B & Agid Y (1996) The Mental

Representation of Hand Movements After Parietal Cortex Damage. Science 273:1564-8.
[32] Wolpert DM, Goodbody SJ & Husain M (1998) Maintaining internal representations: the

role of the human superior parietal lobe. Nature neuroscience 1:529-534
[33] Baddeley A (1986) Working Memory. Oxford: Oxford University Press.
[34] Salmon E, Van der Linden P, Collette F, Delfiore G, Maquet P, Degueldre C, Luxen A &

Franck G (1996) Regional brain activity during working memory tasks. Brain 119:1617-
1625

[35] Carpenter PA, Just MA, Keller TA, Eddy W & Thulborn K (1999) Graded Functional
Activation in the Visuospatial System with the Amount of Task Demand. J Cognitive
Neuroscience 11:9-24.

[36] Taylor NT & Taylor JG (1999) Temproal Sequence Storage in a Model of the Frontal
Lobes.  Neural Networks (to appear)
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Abstract. We discuss methods for analyzing fMRI data, stimulus-based
such as baseline substraction and correlation analysis versus stimulus-
independent methods such as Principal Component Analysis (PCA) and
Independent Component Analysis (ICA) with respect to their capabil-
ities of separating noise sources from functional activity. The methods
are applied to a finger tapping fMRI experiment and it is shown that
the stimulus-independent methods in addition to the extraction of the
stimulus can reveal several non-stimulus related influences such as head
movements or breathing.

1 Introduction

Functional Magnetic Resonance Imaging (fMRI) is a promising method to de-
termine noninvasively the spatial distribution of brain activity under a given
paradigm, e. g. in response to certain stimuli. Beyond localization issues models
based on fMRI data could indicate functional connectivity among brain areas
such as pathways of feature processing, dynamical pathologies or even neural
correlates of consciousness, and may help to to determine restrictions of compu-
tational models for individual systems. Obviously, fMRI data are contaminated
by non-functional processes such as blood flow pulsation and metabolic vari-
ations, which have to be separated from the actual nervous activity. We will
emphasize the latter aspect and discuss here merely preconditions of such mod-
eling which consists in the preprocessing of the raw data, but is crucial for further
exploitation of the data.
The functional signal in MRI depends on changes in the blood oxygen level
which are assumed to be causally related to variations in the neural activity at
the respective location. More specifically, the blood oxygen level is determined
by the amount of oxyhemoglobine. Oxygen consumption results in an increase of
desoxyhemoglobine. Oxy- and desoxyhemoglobine have different magnetic prop-
erties and thus have different influences onto the MR signal. In the presence of
oxyhemoglobine the signal is increased whereas it is decreased in the presence
of desoxyhemoglobine. This is called the BOLD (blood oxygen level dependent)
effect. However the hemodynamic response to neural activity is nonlinear and
not yet fully understood, although it can be roughly explained as follows: At
the onset of neural activity oxygen consumption surpasses the delivery of blood
oxygen. After a delay of 6-8 s the elevated consumption in the active region is
overcompensated by the delivery of oxyhemoglobine, such that the earlier ac-
tivation becomes detectable by a relative increase of the MR signal of about
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1-10% [3]. Apart from the neural activity also other influences occur to the sig-
nal and have to be taken into account when analyzing the data. Head movement
and brain pulsation, which are hardly avoidable in experiments with behaving
humans, can cause the signal to spill over to neighboring voxels. Further, in the
vicinity of large vessels the signal is most likely driven by heart beat and breath-
ing rather than by the neural activity. These components can be accounted for
to some extent by the stimulus-independent analysis methods as will be shown
in section 5 dealing with the results of applying stimulus-independent analysis
methods to a finger tapping fMRI experiment. The experiment is described in
section 4. Section 2 and 3 introduce stimulus-based and stimulus-independent
data analysis methods, respectively.

2 Stimulus-Based Data Analysis Methods:
Baseline-Difference and Correlation Analysis

In fMRI often paradigms are used where a task performed in an experiment is
contrasted with a control condition in a second experiment. The data of the con-
trol condition experiment is taken as the so called baseline which is substracted
from the data of the experiment under task condition. Taking the difference
of data from the two experiments is rather critical because of variations in the
hemodynamic response. Even in a single experiment, where a stimulus or behav-
ior is alternately present or not present such variations can be observed. In single
experiments the baseline-difference method is commonly replaced by correlating
the time course of the stimulus with the activity. The time course is often mod-
eled as a boxcar function, which is zero at the time of the control condition and
unity at the task condition (cf. Fig. 1). Sometimes a modified or shifted version
of the boxcar function is used to account for the hemodynamic response.
Recently measurements of the resting brain, i. e. with no predefined stimulus are
of increasing interest. To analyze data of the resting brain stimulus independent
methods are required. These methods can also be used to clean the data from
artifacts as described above.

3 Stimulus-Independent Data Analysis: Principal
Component Analysis (PCA) and Independent
Component Analysis (ICA)

3.1 Data Space

fMRI data consists of time sequences of images reflecting the anatomy and areas
of activity in one or more beforehand determined two-dimensional layers of the
brain. The number m of pixels per image and the number k of images usually are
of the same order of magnitude, but mostly the resolution exceeds the patience
of the subjects, so k < m. The data can be considered as a set of m time
sequences of length k each or as a set of k images of m pixels, emphasizing
either temporal or spatial aspects. The pixel time sequences and the images are
considered as vectors spanning the row space and the column space of the data
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Fig. 1. Stimulus time course and correlation analysis.
Correlation analysis for the second part of the finger tapping experiment (cf. section 4).
The stimulus time course is modeled as a boxcar function which is shifted to account
for the hemodynamic delay. Every image pixel is correlated with the shifted stimulus
time course. The resulting gray scale images of correlation values for different shifts
are depicted on the top of the figure. On the left hand side of the bottom the stimulus
time course modeled as a boxcar function is depicted. The right hand side shows the
highest correlation value present in the respective correlation image versus different
shifts of the stimulus time course. The highest correlation value is obtained for a shift
of 6 s which is a reasonable value for the hemodynamic delay.
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Fig. 2. Illustration of the data matrix X in which each column represents an image
vector and each row a pixel time course. The left hand side shows the image data
measured at k points in time. Rearranging the pixels of each image into a column
vector gives the data matrix X shown on the right hand side.

matrix X, respectively, shown in Fig. 2. Throughout this chapter we will apply
the following notational convention: Matrices are indicated by upper case bold
letters, vectors by lower case bold letters and scalars by normal lower case letters.
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3.2 Principal Component Analysis

The covariance matrix of the data set allows to determine directions of maximum
variance via Principal Component Analysis (PCA). In PCA an orthogonal basis
transformation is performed which renders the data uncorrelated. The transfor-
mation matrix is determined by diagonalizing the covariance matrix

C = E((x − x̄)(x − x̄)T ) (1)

where x is a data vector (in our case an image or a pixel time course), x̄ is the
mean of x and E denotes the expectation operator. The principal components
(PC’s) are the projections of the data onto the eigenvectors of C. The eigenval-
ues of C equal the variances of the data in the direction of the corresponding
eigenvectors. An ordering of the PC’s is given by the size of the eigenvalues,
beginning with the largest eigenvalue, accounting for prevalent data features. In
practical applications PCA is performed on the sample covariance matrix com-
puted from the data matrix X. In this contribution we are dealing with temporal
PCA, which means that we are looking for uncorrelated time courses underlying
the data. The sample covariance matrix then writes

Ĉ =
1
k
X̄X̄T (2)

where X̄ is the temporally centered data matrix having the elements x̄ij =
xij − 1

k

∑k
l=1 xil (1 ≤ i ≤ m, 1 ≤ l ≤ k). In the following we will identify X with

X̄. In order to save computation time, instead of performing a diagonalization
of Ĉ we performed a singular value decomposition (SVD) [6] on X. This yields

X = UDVT (3)

where U is an m × k matrix, the columns of which are orthogonal, D is a k × k
diagonal matrix and V is an orthogonal k × k matrix containing uncorrelated
time courses as columns, the PC’s. Performing the SVD on X is equivalent to
diagonalizing Ĉ as is seen by inserting (3) into (2). The columns of U represent
the images corresponding to the PC’s. The data at each point in time is a linear
combination of these images the strength of which is determined by the values
of the respective PC’s weighted by the corresponding diagonal element of D.
By projecting the data onto the subspace spanned by the eigenvectors with large
eigenvalues the data dimension can be reduced considerably. The main PC’s can
be identified with main features of the data, if these factors are orthogonal,
i. e. temporally uncorrelated. Usually the first few PC’s account for most of the
total variance (the latter equals the trace of the covariance matrix). Although
the combined effect of the noisy factors which cannot be attributed to any fea-
ture still accounts for a considerable part of the total variance their individual
variances are small and the factors do not contain any visible structure.

3.3 Independent Component Analysis (ICA)

To reconstruct factors underlying the data in a statistically independent fashion
independent component analysis (ICA) can be applied. The assumption is here,
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that the data is a linear superposition (also called mixing in the following) of
statistically independent processes.

y(t) = As(t) (4)

Here y(t) is a vector of measurements, A is a (constant) mixing matrix, s(t) is a
random vector the components of which are statistically independent and t is a
temporal index. y(t) equals the t-th column of the data matrix X. For simplicity
we assume in this section the data matrix X as well as the mixing matrix A to
be n × n square matrices.
As we are dealing with a finite number of pixels, we can write eq. (4) as a matrix
equation

XT = AS (5)

with a n × n matrix S the rows of which are statistically independent. Thus we
consider each pixel time course in the data matrix X as the linear superposition
of n statistically independent pixel time courses.
Eq. (5) has to be determined for both, A and S simutaneously. Since it is X that
is given, in ICA the demixing matrix Ã = A−1 is determined rather than the
mixing matrix A directly. However, A and S are defined only up to permutation
and scaling, since A′ = APΛ−1 multiplied with S′ = ΛPS, where Λ is a
(diagonal) scaling matrix and P a permutation matrix, leaves the data matrix
X invariant.
Statistical independence means that the joint probability density p of the random
vector s = (s1, . . . , sn) is a product of the marginal probability densities pi(si)
(1 ≤ i ≤ n) of its components si.

p(s) =
n∏

i=1

pi(si), (6)

ICA can be understood as minimizing a distance criterion D(p(s),
∏n

i=1 pi(si))
between the joint probability density of an estimation of the sources s and their
factorized density with respect to the elements of the demixing matrix Ã. Fig. 3
gives an illustration of the concept of ICA.

ICA versus PCA. PCA determines the directions of the maximum variances in
the data distribution, thus it diagonalizes the covariance matrix, while ICA takes
into account also statistics higher than second order and reveals the statistically
independent processes underlying the data. In case of the data being multivariate
Gaussian distributed ICA is equivalent to PCA, since in this case all higher
than second order moments equal zero and thus uncorrelatedness is equivalent
to statistical independence.
To our data we have applied the algorithm of Cardoso [1] which is based on the
diagonalization of fourth order cumulant matrices and which will be described
in the following.
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Fig. 3. Toy example to illustrate ICA. The surface depicts the joint probability density
p of a 2-dimensional random vector y. The point cloud represents the data (realizations
of y). Each coordinate yi of a realization is a linear superposition of two statistically
independent random variables s1 and s2, since the joint probability density p was
created by multiplying the two marginal probability densities p1(s1) and p2(s2) shown
along the two axes. PCA reveals the orthogonal directions with respect to which the
data is uncorrelated. ICA reveals the directions with respect to which the data is
statistically independent. Referring to our data the coordinates of each point would
reflect an image (consisting of only two pixels) and the PCA vectors would indicate
the images which have uncorrelated time courses whereas the ICA vectors indicate
the images having statistically independent time courses. Thus the PCA vectors would
correspond to the column vectors of the matrix Λ− 1

2 RT where Λ and R are defined as
in eq. (9) and the ICA vectors would correspond to the column vectors of the demixing
matrix Ã.

Diagonalizing 4-th Order Cumulants. The approach of Cardoso [1] is based
on the fact that for independent random variables the cross cumulants are zero,
and at least for bivariate random variables the reverse is also true, provided
that the joint distribution is determined by the moments ([5], p. 36). The n-th
order cumulant κ(n) of a one dimensional random variable Y is given by the n-th
derivative of the cumulant generating function KY (τ) at τ = 0 [7]:

KY (τ) = ln
∫

eiτyp(y)dy (7)

κ(n) = (−i)n ∂nKY

∂τn

∣∣∣∣
τ=0

(8)

with p being the probability density of the random variable Y . The first and
second order cumulants correspond to the first and second order moments, re-
spectively. For higher dimensional random variables the cumulant κ(n) is a con-
travariant tensor of the order n [5]. The algorithm in [1] aims at diagonalizing
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the fourth order cumulant tensor. The third order cumulant tensor could have
been used as well, although then the algorithm would fail in the important case
of symmetrical source distributions.
Before diagonalizing the fourth order cumulant it is useful to whiten the data,
i. e. to remove the cross correlations of second order and to rescale the data to
unit variance. This can be achieved by PCA. If RΛRT denotes the eigendecom-
position of the covariance matrix C = E(xxT ) of the data then the covariance
matrix of the whitened data z = Λ− 1

2 RT x equals the identity matrix I. It is
assumed here that the covariance matrix has full rank, which is not the case for
our data (see section 5.3 for an explanation how we used the ICA algorithm). If
the independent components have unit variance (which can always be achieved
by appropriate scaling) then the mixing matrix WT of the whitened data is
orthogonal:

z = Λ− 1
2 RT x = Λ− 1

2 RT As = WT s (9)
E(zzT ) = WE(ssT )WT = WWT = I (10)

The goal is now to determine an orthogonal matrix W such that the fourth order
cumulant tensor of Wz is diagonal.
In [1] an approach is taken which is based on the following two properties: First it
can be shown that W jointly diagonalizes so called ’cumulant matrices’, matrices
resulting from a weighted sum over two dimensions of the fourth order cumulant
tensor with arbitrary weights. Second, an orthogonal data transformation does
not effect the total sum of the squared elements of the fourth order cumulant
tensor, so the latter can be diagonalized by maximizing the sum of squares of
its diagonal elements with respect to W. The approach in [1] maximizes the
sum of of squares of the cumulant tensor elements having identical first and
second indices. This is equivalent to jointly diagonalizing a set of n2 cumulant
matrices. This set can be reduced to the n ’most significant’ cumulant matrices
by diagonalizing an n2 × n2 matrix. In the following we will state the approach
taken in [1] in more detail.
’Cumulant matrices’ N are defined by a weighted sum of the elements of the
fourth order cumulant tensor along two dimensions.

nij :=
n∑

r=1

n∑
s=1

κ(4)(zi, zj , zr, zs) mrs, 1 ≤ i, j ≤ n (11)

where mrs are the elements of an arbitrary matrix M and κ(4)(zi, zj , zr, zs) is the
entry having the subscript ijrs of the fourth order cumulant tensor κ(4) of the
whitened data. Using the linearity of κ(4) and the diagonality of the cumulants
for the statistically independent components si we can write

κ(4)(zi, zj , zr, zs) =
n∑

a=1

n∑
b=1

n∑
c=1

n∑
d=1

wia wjb wrc wsd κ(4)(sa, sb, sc, sd)

=
n∑

a=1

wia wja wra wsa ka
(12)
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where ka is the fourth order cumulant of the a-th independent component sa

(the a-th diagonal element of κ(4)(s, s, s, s). Inserting eq. (12) into (11) yields

nij =
n∑

a=1

wia wja ka

n∑
r=1

n∑
s=1

mrs wra wsa

=
n∑

a=1

wia wja λa

(13)

with λa =
∑n

r=1
∑n

s=1 mrs wra wsa. Thus for every weight matrix M the demix-
ing matrix W diagonalizes the corresponding cumulant matrix N. While this
is true in principle, for real world data where sample cumulants are used the
resulting matrix W usually depends on the choice of the weight matrix M. One
could now proceed by jointly diagonalizing a set of arbitrary cumulant matrices
but it is not clear a priori which is a good set of weight matrices. In [1] a link
is established to the fact that the total sum of the squared elements of κ(4) is
invariant under orthogonal data transformation W:

n∑
i,j,r,s=1

|κ(4)(zi, zj , zr, zs)|2 =
n∑

a,b=1

m∑
i,j,r,s=1

wia wib wja wjb wra wrb wsa wsb ka kb

=
n∑

a=1

k2
a (14)

This means that a transformation by the demixing matrix W maximizes the
sum of the squared diagonal elements of κ(4). If so, W also maximizes the sum
of squared elements with identical first and second indices.

n∑
i=1

n∑
r=1

n∑
s=1

|κ(4)(zi, zi, zr, zs)|2 (15)

This criterion is equivalent to joint diagonalizing the cumulant matrices with
weight matrices M (rs) having one unit element at the subscript rs and the other
elements being zero (cf. eq. (11)). Joint diagonalizing of several matrices N (rs)

in practice means determining an orthogonal matrix W which maximizes the
criterion

n∑
r=1

n∑
s=1

|diag(WT N(rs)W)|2 (16)

where diag(.) is the sum of squares of the diagonal elements of the matrix ar-
gument. The sum in eq. (16) consists of n2 addends and can be reduced to n
addends by considering the following equality for W being a joint diagonalizer
of the cumulant matrices N (rs). For 1 ≤ i ≤ n

n∑
a=1

n∑
b=1

wai wbi n
(rs)
ab =

n∑
a=1

n∑
b=1

wai wbi κ(4)(za, zb, zr, zs) = wri wsi ki

(17)
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This is an eigenvalue decomposition of an n2 × n2 matrix K given by
reordering the elements κ(4)(za, zb, zr, zs) to the row indices l = a +
(n − 1)b and column indices c = s + (n − 1)t. The eigenvectors are
(wi1wi1, wi2wi1, . . . , wiawib, . . . , winwin)T with

∑
a

∑
b waiwbiwajwbj = δij .

Since there are at most n nonzero fourth order cumulants ki of the independent
components there are at most n significant cumulant matrices corresponding to
the diagonal elements ki of the cumulant tensor. These matrices are determined
by the eigenvectors rearranged as weight matrices wiwi

T , where wi denotes the
i-th column of W. This yields the sum in eq. (17) to be only over n elements

∑n
i=1 |diag(WT N(wi)W|2 (18)

with N(wa) = (
∑n

r=1
∑n

s=1 κ(4)(zi, zj , zr, zs) war was)ij

In [1] the first n eigenvectors of the n2 × n2 matrix K are determined and then
the criterion in eq. (19) is maximized by Jacobi rotations.

4 The Experiment

In the following we show the results of analyzing fMRI data of a motor task
experiment. The experiment consisted of three parts each taking 280 s. In
the first part the subject should rest and refrain from moving. In the second
part after a 60 s rest the subject was asked to tap fingers of both hands for
20 s and then rest again for 20 s. This finger tapping cycle was repeated six
times, followed by a 20 s rest. The third part was identical to the second
except that the subject was not supposed to actually do the finger tapping
but only to imagine it according to the same time course as for the actual
finger tapping. The images were taken with a frequency of 2 Hz, allowing a
frequency resolution of up to 1 Hz. The finger tapping frequency of about
3 Hz was beyond this limit, but the finger tapping cycle frequency of ν =
1/40 s = 0.025 Hz was resolved. Each image vector contained m = 4015 pixels
arranged as a 55 × 73 gray scale image and a total of k = 560 images was
taken. In the analysis, the first 20 images, corresponding to the first 10 s
were omitted for magnetization steady state reasons. Simple correlation anal-
ysis, PCA and ICA were performed for each of the three parts of the experiment.

5 Results

5.1 Results Applying Correlation Analysis

The results of the correlation analysis of the actual finger tapping is shown in
Fig. 1. An activated area is visible which can be identified as the motor cortex.
The results of the correlation analysis of the other parts of the experiments is
not shown here. For part one of the experiment no structure in the correlation
images were visible, whereas for the imaginated finger tapping an activated area
identified as the supplementary motor cortex was determined.

47Stimulus-Independent Data Analysis for fMRI



5.2 Results Applying PCA

The results of applying PCA to the actual finger tapping are shown in Fig. 4.
The PC’s are depicted as time courses in the middle with the corresponding
image on the left and the power spectrum on the right hand side, respectively.
In Fig. 4 the components with the highest peaks at the finger tapping cycle
frequency are shown. Computing the PC’s no information other than the data
matrix X was used and it can be seen that even without this information PCA
reveals components which can be a posteriori related to the stimulus, e. g. for
periodic stimuli by the power spectrum of the time courses.
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Fig. 4. PCA of actual finger tapping.
Left hand side: Images corresponding to the PC’s 2, 3, 4 and 7. These PC’s were
the ones with the highest peaks at the finger tapping cycle frequency of 0.025 Hz.
Middle: PC’s (time courses) indicating the strength with which the PC is present in
the measured image at the respective point in time.
Right hand side: Square root of the power spectrum of the PC’s time course normalized
to enable comparison. The finger tapping cycle frequency is indicated by arrows and
dotted lines.
The “brain-like” pattern in the second PC most likely indicates head movements due
to breathing an assumption which is also supported by the broad peak at the frequency
around 0.3 Hz. The stimulus time course is best reproduced by the third PC, but with
a weak the activation in the motor cortex. Note that another weak activation is visible
in an area which can be identified as the supplementary motor cortex, which is active
also in imagined finger tapping (cf. Fig. 5). The most prominent activation of the motor
cortex is present in PC 7.
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The results of PCA for the imagined finger tapping is shown in Fig. 5. An
activated area similar to the one determined by correlation analysis is visible,
which is identified as the supplementary motor cortex.
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Fig. 5. PCA of imagined finger tapping.
PC’s 4, 5 and 7 with the highest peaks at the tapping cycle frequency. In the fourth
PC an activated area which can be identified as the supplementary motor cortex is
visible. The other two PC’s have prominent peaks at 0.025 Hz, however they do not
show spatial structure.

Fig. 6 shows the sagittal sinus revealed by PCA of the first part of the
experiment as an example of the ability of the stimulus-independent data analysis
methods to reveal also non-stimulus related components.
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Fig. 6. PCA of resting brain.
Fourth Principal Component of the first part of the experiment where the subject
should rest. The active areas represent the sagittal sinus.

However, the fact that several PC’s show a strong relationship to the stimulus
shows that the stimulus is not completely separated into one component by PCA.
We thus proceed to the application of ICA hoping that the stimulus contribution
is merged into fewer components by including higher order statistics.
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5.3 Results Applying ICA

As the diagonalization of an n2 × n2 matrix is prohibitive for high dimensional
fMRI data, a reduction down to about 30 dimensions of the data is necessary
which can be achieved by projecting the data onto the first corresponding
principal components. This is justified since one can assume that the higher
principal components mainly reflect Gaussian noise. Gaussian components are a
nuisance in ICA anyway, because their higher order cumulants are zero, which
makes the diagonalization of the fourth order cumulant tensor difficult. The
dimension reduction furthermore frees us from the problem of rank deficiency
of the covariance matrix. The reduced data matrix has more columns than rows
and it can be shown that the sample covariance matrix for data matrices having
a number of columns less than or equal the number of rows is rank deficient.
For the actual finger tapping we used the four PC’s showing the strongest peaks
at the frequency of the finger tapping cycle to project the data onto before we
performed ICA. The result is shown in Fig. 5.3.
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Fig. 7. ICA of actual finger tapping.
Independent Components obtained by ICA of the projection of the data onto the PC’s
numbered 2, 3, 4 and 7. For simplicity the IC’s are numbered as well although no
intrinsic order exists for Independent Components. Obviously the first IC contains
most of the finger tapping cycle frequency and also an activated area in the motor
cortex is visible. This indicates that indeed by ICA the stimulus related activity has
been assigned to mainly one single component.
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As a result of using the stimulus to chose the components for dimension
reduction the stimulus related activity is mainly concentrated on the first inde-
pendent component. A similar, slightly less concentrated result is obtained by
projecting the data onto up to the first 30 principal components regardless of
their relatedness to the stimulus.
For the imagined finger tapping we used the three PC’s in Fig. 5 to project the
data onto. The results are shown in Fig. 8.
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Fig. 8. PCA of imagined finger tapping.
Independent Components obtained by ICA of the projection of the data onto the PC’s
numbered 4, 5 and 7. The second IC contains most of the finger tapping cycle frequency,
however the activated areas are not so clearly visible as in the fourth PC in Fig. 5. It
seems that in this case ICA did not yield an improvement over PCA though the peak
at 0.025 Hz is very pronounced in the second IC compared to the others.

In our analysis using PCA and ICA we have assumed that the interesting factors
are characterized by a time course which is uncorrelated to or independent of
the time courses of other influences of the data. However, one could also assume
that the factors are characterized by a certain activity distribution. These factors
could then be revealed by spatial PCA and ICA. This was done by McKeown et
al. in [4]. For our data spatial ICA indeed seems to outperform temporal ICA in
separating the stimulus-related activity [2].

6 Conclusion

We have shown that with a combination of PCA and ICA it is possible to ex-
tract stimulus related activity from the data without the need of prior informa-
tion about the stimulus for the application of the methods. For the a-posteriori
interpretation of the obtained results, however, information about the stimulus
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and non-stimulus-related influences is necessary. For periodical stimuli the stim-
ulus related component can successfully be identified by the power spectrum of
the respective time course. This is of course true also for periodically changing
non-stimulus-related factors, e. g. many physiological influences. By using the
power spectrum we identified stimulus-related as well as non-stimulus-related
components such as blood vessels, head movements and breathing.
The comparison of stimulus-based and stimulus-independent methods reveals
that the latter are more powerful since they extract the stimulus-related activity
to a similar extent as the stimulus-based methods, and additionally return many
other features of the data such as non-stimulus-related physiological influences.
However the results of stimulus-independent methods are more complex and it
can be challenging to interpret the results.
Comparing PCA and ICA the latter often leads to a concentration of different
factors into fewer components than by ICA, however, the underlying assump-
tions in ICA are rather strong and not necessarily met by the data. PCA as a
more robust method can be used also to evaluate the results of ICA, e. g. by
comparison whether by ICA factors present in more than one PC have merged.
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Abstract. We investigate how structured information processing within
a neural net can emerge as a result of unsupervised learning from data.
The model consists of input neurons and hidden neurons which are re-
currently connected. On the basis of a maximum likelihood framework
the task is to reconstruct given input data using the code of the hid-
den units. Hidden neurons are fully connected and they may code on
different hierarchical levels. The hidden neurons are separated into two
groups by their intrinsic parameters which control their firing properties.
These differential properties encourage the two groups to code on two
different hierarchical levels. We train the net using data which are either
generated by two linear models acting in parallel or by a hierarchical
process. As a result of training the net captures the structure of the data
generation process. Simulations were performed with two different neu-
ral network models, both trained to be maximum likelihood predictors
of the training data. A (non-linear) hierarchical Kalman filter model and
a Helmholtz machine. Here we compare both models to the neural cir-
cuitry in the cortex. The results imply that the division of the cortex
into laterally and hierarchically organized areas can evolve to a certain
degree as an adaptation to the environment.

1 Introduction

The cortex is the largest organ of the human brain. However, a mammal can
survive without a cortex and lower animals do not even have a cortex. Essential
functions like controlling inner organs and basic instincts reside in other parts
of the brain. So what does the cortex do? An other way to put this question is:
what can the lower animals not do? If lower animals cannot learn a complex
behavior we may infer that they cannot understand a complex environment. In
other words: the cortex may provide a representation of a complex environment
to mammals.

This suggests that the cortex is a highly organized structure. On a macro-
scopic scale, the cortex can be structured into dozens of areas, anatomically and
physiologically. These are interconnected in a non-trivial manner, making neu-
rons in the cortex receive signals primarily from other cortical neurons rather
than directly from sensory inputs. In the absence of input the cortex can still
generate dreams and imagery from intrinsic spontaneous activity. Recurrent con-
nectivity between its areas may be the key to these capabilities.

S. Wermter et al. (Eds.): Emergent Neural Computational Architectures, LNAI 2036, pp. 53–67, 2001.
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The cortex is, nevertheless, a sheet of neuronal tissue. Across its two dimen-
sions, it hosts many functionally distinct areas (e.g. 65 areas in cat [12]) which
process information in parallel as well as via hierarchically organized pathways
[5]. The earliest manifestations of areas during corticogenesis are regionally re-
stricted molecular patterns (“neurochemical fingerprints” [6]) which appear be-
fore the formation of thalamo-cortical connections [4].

Considering connectivity, there are up to ten times more area-to-area connec-
tions than areas. Thus, the description of cortico-cortical connectivity is more
complex and requires modeling to be understood. Abstract geometrical models
[12] suggest that topological neighborhood plays an important but not exclusive
role in determining these connections.

Recently we presented computational models [14][13] in which the connec-
tions between areas are trained from neuronal activity. The maximum likelihood
framework makes the network develop an internal representation of the environ-
ment, i.e. of the causes generating the training data.

Our recent models belong to two groups: one [14] we may call a non-linear
Kalman filter model [11][9] in which neurons are deterministic and have a contin-
uous transfer function. The other [13] is a Helmholtz machine [3] where hidden
neurons are stochastic and binary. The dynamics of neuronal activations also dif-
fer: in the deterministic model, neurons integrate the inputs from several sources
and over time. In the stochastic model, computations are separated and do not
need to be integrated over time. The activation terms at different times are then
summed up in the learning rules.

The model areas are determined a priori by the intrinsic functional properties
of their neurons. More precisely, hidden neurons are divided into two groups
which differed in their firing properties by corresponding parameter changes.
Thus one group responds with stronger activity to a given input than the other
group. In consequence the first group learns to process activity patterns which
occur more frequently. The input space can thereby be divided into two groups.
Using lateral weights among the hidden neurons, these two models allow hidden
neurons to code using two hierarchical levels. When presented with hierarchically
generated data, some of the hidden neurons establish a second hierarchical level
by grouping together other neurons via their lateral weights while their weights
to the input neurons decline.

In this contribution we want to inquire principles according to which the
connectivity between cortical areas arises. We set up a model for the development
of the connectivity between connectionist neurons and consider the macroscopic
areas to be made up of a (small) group of microscopic neurons. A key idea is that
such groups are distinguished by their neuronal properties prior to learning. We
thereby do not address the possibility that intrinsic neuronal properties (other
than those determined by their weights) can be dynamically changed during
development.
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auditory

frontolimbic

somatomotor

visual

Fig. 1. The cortico-cortical connection matrix of the cat. On both axes, the 65 cortical
areas are arranged into the four complexes, visual system, auditory system, somato-
sensory system and fronto-limbic system. Connections along the horizontal axis are
afferent, and those along the vertical axis are efferent. Strong connections are depicted
dark, weaker connections are depicted in a lighter grey, missing connections white. Self
connections (diagonal) are omitted. Data was taken from [12].

1.1 Review of Biological Data

Cortical areas can be hard to distinguish. For this reason, different criteria may
be combined:

– Chemical properties: recent findings suggest that a “neurochemical finger-
print” [6] determines the earliest compartmentalization in corticogenesis [4].

– Architecture: staining can reveal a different structure. This method is reliable
only for a few areas [5].

– Physiological properties. As an example, topographic organization is mea-
surable w.r.t. the visual field in half of all visual cortical areas [5].

– The connectivity ”fingerprint”, i.e. the connectivity pattern to other cortical
areas. So, if two areas had similar connectivity patterns, then they would be
the same.

An estimate of the number of cortical areas is 65 in the cat [12] and 73 in the
macaque [15]. The number of connections reported by Young [12] between these
areas is 1139 in the cat (Fig. 1) which represents 27.4% of all possible connec-
tions (only ipsilateral connections are considered). The number of connections
reported in the macaque [15] is 758 which represents 15% of all possible connec-
tions. Most of the connections are bidirectional: they consist of axons going into
both directions. There are only 136 reported one-way connections which is 18%
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of the total (macaque). Together there is a mean of approximately 10 input- and
10 output-connections per area.

The cortex can be divided into 4 complexes (see Fig. 1 for the cat data)
with different functionality and sizes: visual cortex 55%, somato-sensory 11%,
motor 8%, auditory 3% and 23% for the rest [5]. There are 25 areas plus 7
visual-association areas in the visual system of the macaque. The number of
connections within this system is 305, i.e. 31% of all possible connections. The
somato-sensory/motor system has 13 areas with 62 connections, i.e. 40% of all
possible connections. Thus, connectivity between areas within one complex is
higher than average.

The connection strengths between areas (i.e. density of fibers) comprise two
orders of magnitude [5]. Only 30-50% of connections may be reliably found across
different animals. Sizes of areas also vary: V1 and V2 take each 11-12% of the
surface area (macaque [5]), the smallest areas are 50-times smaller. There is even
a 2-fold variability in the size of single areas from one brain to another [5] within
animals of the same species and age.

Finally, it should be noted that every visual area is connected to non-cortical
areas. The number of these connections may out-range the number of cortico-
cortical connections.

Table 1. The roles of intrinsic and activity dependent developmental mechanisms.
Neural connections as well as areas are the result of an interplay between both intrinsic
and activity dependent mechanisms.

intrinsic activity dependent
what is meant genetic description learning
how does it work chemical markers Hebbian learning
when does it appear early late
its targets cell movement,

cell differentiation, connections
connections

its results layers, areas receptive field properties,
barrels, areas

2 Methods

Commonly used model architectures have a pre-defined structure because the
order in which neuronal activations are computed depends on the architecture.
An architecture as in Fig. 2 b) for example does not allow a two-stage hierarchy
to develop. An architecture as in Fig. 2 c) does not allow the hierarchically
topmost units (the three dark units) to develop connections to the input.

A more general structure is a full connectivity between all neurons, as in
Fig. 2 a). The only restriction we have chosen here is that input units are not
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x

W11
V

V01W10

11

1,2u

a) c)b)

Fig. 2. Three different model architectures. In each of them the activations x on the
input units are represented by hidden unit activations u. W are recognition weights,
V are generative weights, indexed in the left figure with the number of the layer of
termination and origin. a) architecture of our model. The lateral recognition weights
W11 and generative weights V11 (top) allow each hidden neuron to take part in a
representation u1 on a lower and u2 on a higher hierarchical level. Dark units differ
from the white hidden units by a parameter of their transfer function only. Depending
on the structure of the data training will result in one of the two other architectures
shown: b) a parallel organization and c) a hierarchical organization of the two areas.

connected to other input units. Learning rules for such architectures exist, like
the well-known Boltzmann machine learning rule. The purpose of our study is to
let structures as in Fig. 2 b),c) self-organize from this general, full connectivity.

2.1 Different Approaches to Maximum Likelihood

The goal of maximum likelihood is to find the model which can best explain, i.e.
generate, the whole data set {xµ}. If the data are independent, we have:

p({xµ}|V ) =
∏
µ

p(xµ|V ) =
∫ ∏

µ

p(xµ,u|V ) du

where u is the hidden unit activation vector. The data xµ and the hidden rep-
resentation u are related to each other, so u is an internal representation of a
data point. Through learning the model parameters V adjust to the whole data
set, so the weights are a representation of the whole environment.

The integration across the hidden code u which is necessary to obtain the
probability distribution of the model generating the data is computationally in-
feasible. Different approximations therefore must be done which lead to different
models. Examples are shown in Fig. 3.

On the left branch of Fig. 3, the integral over the hidden code is replaced by
the “optimal” hidden code vector uopt which generates a certain data item with
highest probability. This estimates a current system state u which relates to an
observed process through x = V u + e with noise e. With a linear transform
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p(x ,u V)du = p(x ,u    V)|m opt|

W = -V T W = V-1

{         }u   -1,0,1

W = VT

Kalman filter ICA Boltzmann machine Helmholtz machine

separateW,V

Maximum likelihood

Fig. 3. Approximations used to arrive at different models.

V and in the case of Gaussian noise e we would arrive at a Kalman filter [11].
However, we will assume a non-Gaussian “sparse” prior in our model which we
then term a non-linear Kalman filter. In the special case of an invertible weight
matrix, one arrives at an ICA algorithm [2] (see [10] for comparison).

On the right branch, the hidden code vector is discretized such that the
integral may be computed. Having weight symmetry and a strict gradient ascent
algorithm for training the weights which maximizes the likelihood we arrive
at the Boltzmann machine (standard literature, e.g. [7]). Separate treatment
of recognition weights and generative weights leads to the Helmholtz machine
[3]. A practical but heuristic algorithm to train this network is the wake-sleep
algorithm [8].

For gradient based training of the weights, the performance of the network
in generating the data is permanently measured. The way in which the data set
is used for the generation of the data throughout learning distinguishes the two
models which we explore in this contribution:

– Kalman filter model: when the model generates data, a “target” data
point xµ is always selected which has to be reconstructed by the model.

– Helmholtz machine: without any data point selected, the model has to
generate any of the given data points with the appropriate probability.

Thus, whether there is or there is no data point present influences the way in
which the fast changing model parameters, the activations, are used:

– Kalman filter model: the goal is to find, given a data point, the poste-
rior distribution of the fast changing model variables, i.e. the hidden unit
activations. As an approximation, the optimal representation uopt which
maximizes the posterior probability to generate that data point is selected.

– Helmholtz machine: generation of the data is separated in time from the
process of recognition: a “wake phase” characterized by presence of data is
distinguished from a “sleep phase” during which the net generates its own
“fantasy” data.
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2.2 Architecture and Notation

Weights: The network architecture as well as some of the variables are depicted
in Fig. 2, left. Input units (below) are linear and receive the data. Recogni-
tion weights W10 transfer information from the input units to all hidden units.
Generative weights V01 transfer information from the hidden units to the input
units. Lateral weights W11 and V11 transfer information from all hidden units
to all hidden units. They are also distinguished into recognition weights, W11,
and generative weights, V11, depending on whether they are used to transfer
information upwards within the functional hierarchy or downwards towards the
input units, respectively. In the Kalman filter model, W10 = V T

01 and W11 = V T
11.

Activations: The data cause an activation vector x on the input neurons. Hidden
unit activation vectors have to be assigned to a virtual hierarchical level: in a
hierarchical organization, the order of neuronal activation updates is a series
where the number of update steps which are needed to propagate information
from a data point to a neuron defines its hierarchical level. A hidden neuron
is regarded to code on the first hierarchical level if it is activated by the input
units. We denote this activation u1. A hidden neuron is regarded to code on the
second hierarchical level if it is activated by its input from other hidden neurons
via lateral weights only but not from the input units directly. We denote this
activation u2. Note that both activations, u1 and u2, occur on all hidden units.
Activations are distinguished by the way they arise on a neuron and may coexist
in the Kalman filter model.

Parameters: Please see [14] and [13] for the values of all parameters in the
non-linear Kalman filter model and the Helmholtz machine, respectively.

2.3 The Kalman-Filter Algorithm

The Kalman-filter algorithm can be separated into two steps: (i) calculation of
the reconstruction errors x̃0(t) on the input units and x̃1(t) on the first hidden
level and (ii) adjustment of activations in order to decrease these errors. Both
steps are repeated until equilibrium is reached in which case the optimal hidden
representation of the data has been found.

(i) compute reconstruction errors: x̃0(t) = x − V01u1(t)

(i) compute reconstruction errors: x̃1(t) = W10x̃0(t) − V11u2(t)

(ii) adjust hidden unit activations: h1(t) = u1(t) + εu((2β − 1) W10x̃0(t)

(ii) adjust hidden unit activations: h1(t) = u1(t) + (1 − β) V11u2(t))

(ii) adjust hidden unit activations: h2(t) = u2(t) + εu W11x̃1(t)

where transfer functions u1(t + 1) = f(h1(t)) and u2(t + 1) = f(h2(t)) are
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used. εu denotes the activation update step size and β denotes the trade-off
between bottom-up and top-down influence.

After repetition of these two steps until convergence the weights are updated
(with step sizes εw) according to:

∆wij
10 = εw

10u
i
1 x̃j

0 ∆wik
11 = εw

11u
i
2 x̃k

1

2.4 The Wake-Sleep Algorithm (Helmholtz Machine)

The wake-sleep algorithm consists of two phases.
First, in the wake phase, data are presented. Then the net finds a hidden

representation of the data and based on this representation, the net re-estimates
the data.

Wake
phase

infer hidden code: uw
1 = fw

m(W10x) uw
2 = fw

m(W11u
w
1 )

reconstruct input: sw
1 = V11u

w
2 sw

0 = V01u
w
1

After one-sweep computation of these equations the difference between the
data and the re-estimation is used to train the generative weights (ε are the
respective learning step sizes):

∆V11 = ε11 (uw
1 − sw

1 ) · (uw
2 )T ∆V01 = ε01 (x − sw

0 ) · (uw
1 )T

Secondly, in the sleep phase, a random “fantasy” activation vector is pro-
duced in the highest level. The net then generates the corresponding “fantasy”
data point and based on this, the net re-estimates the activation vector on the
highest level.

Sleep
phase

initiate hidden code at highest level: ss
2 = fs

b(0)

generate input code: ss
1 = fs

b(V11s
s
2) ss

0 = V01s
s
1

reconstruct hidden code: us
1 = fs

m(W10s
s
0) us

2 = fs
m(W11s

s
1)

After obtaining these variables the difference between the original activation
vector and the re-estimation is used to train the recognition weights:

∆W10 = ε10 (ss
1 − us

1) · (ss
0)

T ∆W11 = ε11 (ss
2 − us

2) · (ss
1)

T

2.5 Weight Constraints

In order to discourage a hidden neuron to be active at all processing steps,
competition between all incoming weights of one neuron is introduced by an
activity-dependent weight constraint for both models. This encourages a hidden
neuron to receive input from the input neurons via W10 or from other lateral
neurons via W11 but not both.
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– In the Kalman filter model, recognition weights wij
10 from input neuron j to

hidden neuron i and lateral recognition weights wik
11 from hidden neuron k to

hidden neuron i receive the following activity dependent weight constraint
which is added to the weight learning rules:

∆wijconstr

10 = − λw |h̄i|wij
10 ‖wi‖2

∆wikconstr

11 = − λw |h̄i|wik
11 ‖wi‖2

where λw is a scaling factor. ‖wi‖2 =
∑N

l (wil
10)

2 +
∑H

l (wil
11)

2 is the sum
of the squared weights to all N input units and all H hidden units and
|h̄i| = |hi

1| + |hi
2| is the mean of absolute values of the inner activations of

hidden neuron i at the final relaxation time step. Generative weights are
made symmetric to the recognition weights, i.e. V01 = WT

10 and V11 = WT
11.

– For the Helmholtz machine, the weight constraint term which is added to
the learning rule treats positive and negative weights separately. Using the
Heaviside function Θ(x) = 1, if x > 0, otherwise 0, we can write:

∆wijconstr

= − λw h̄i Θ(wij) wij
∑
j′

Θ(wij′
) (wij′

)2

where h̄ = uw
1 + uw

2 + us
1 + us

2 is the sum of all activations which have been
induced by the recognition weights. The indices j, j′ extend over all input
and hidden units. The wake-sleep algorithm is not a gradient descent in an
energy space. It easily gets stuck in local minima. To improve the solutions
found, generative weights V01 and V11 as well as lateral recognition weights
W11 were rectified, i.e. negative weights were set to zero.

The weight constraints scale the length but do not change the direction of a
hidden neuron weight vector. They are local in the sense that they do not depend
on any weight of any other hidden neuron.

2.6 Distinguishing the Modules

In order to help two distinct areas to evolve, the hidden neurons are separated
into two groups by assigning them different intrinsic parameters of their transfer
functions. The key idea is that neurons from one area are more active than
neurons from the other. The more active neurons will then respond to the more
frequent features that can be extracted from the data; the less active neurons
are expected to learn those features which do not occur as often. Note that these
differences can distinguish hierarchical levels.

– In the Kalman filter model, a difference in one parameter among the hidden
neurons will be sufficient to initiate the segregation process, either in parallel
or hierarchically, depending on the data. The transfer function

f(hi) = hi − λ · 2hi

1 + h2
i
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Fig. 4. Neuronal transfer functions.

is depicted in Fig. 4, left, with the two different values of the parameter λ
which controls the sparseness of neuronal firing. Larger values of λ make a
neuron respond with smaller activation to a given input.

– For the Helmholtz machine a stochastic transfer function is chosen for the
hidden neurons (Fig. 4, right):

fm(hi) =
ehi + m

ehi + m + n

By this function, the stochastic “ON”-state can be traced back to two distin-
guished sources. First, the activation from the neurons input, hi and second,
the parameter m. Both increase the probability for the neuron to be “ON”.
We refer to the latter as spontaneous or endogenous activity. The parameter
n adds some probability for the neuron to be “OFF”, thus encourages sparse
coding.
We chose the parameters such that they matched the precise role the neurons
should play in the wake-sleep algorithm. Especially the hierarchical setting
has to be considered as it is more difficult to achieve this kind of structure.
Two distinct physiological properties of the neurons are important for the
role they play in the wake-sleep algorithm and thus two parameters are var-
ied. (i) Neurons in the highest hierarchical level are responsible for initiation
of the hidden code, i.e. they have to be spontaneously active without any
primary input. For this reason we assigned high resting activity to the units
which are designed for the higher level by setting the parameter m to a high
value. (ii) Lower level neurons should respond to input. This applies both
to recognition when there is input from the input neurons and to generation
when there is input from the highest units. High responsitivity is achieved
by a strong gain – or a small sparseness parameter n.
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3 Results

3.1 Generation of the Training Data

The data consist of discrete, sparsely generated elements. These are lines of 4
different orientations on a 5 × 5 grid of input neurons. In the parallel paradigm,
horizontal and 45◦ lines are generated with probability 0.05 whereas the other
group, vertical and 135◦ lines are generated twice as often, with probability 0.1
each (Fig. 5, a)). As a result of training, the group of more active neurons is
expected to preferably code for the more frequent data elements, and vice versa
(cf. [14][13]).

a)

b)

Fig. 5. Examples of stimuli x used for training. a) Stimuli generated by two models in
parallel. b) Stimuli generated by a hierarchical model. White means a positive signal
on a grey zero value background.

In the hierarchical paradigm, one of 4 orientations are chosen, which repre-
sents a decision process within a higher hierarchical level. Then, on the lower
level, lines from the formerly chosen orientation only are generated (with prob-
ability 0.3 each). See Fig. 5, b).

3.2 Results of Training

Parallel Structure: Parts a) of Figs. 6 and 7 show the resulting weight matrices
after both nets have been trained on the parallelly generated data. The neurons
have extracted the independent lines from the data. In general, neurons in the
upper half (Kalman filter) or upper third (Helmholtz machine) code for the more
frequent lines (90◦ and 135◦, in polar coordinates), whereas neurons in the lower
parts code for the less frequent lines (0◦ and 45◦).

The reason for this division of labor is that neurons in the upper part are
more active. In case of the Helmholtz machine, the critical factor is the resting
activity, more than the responsitivity to input. The reason for this may be that
in the initial phase of training, input is generally low and the resting activity
accounts for most of the learning.

Hierarchical Structure: Parts b) of Figs. 6 and 7 show the resulting weight
matrices after training on the hierarchically generated data. Only in the case of
the Helmholtz machine, the input is decomposed into the independent lines; the
Kalman filter model generates the data using a superposition of several, more
complex features each of which reflect one orientation but not an individual line.
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W10 W11

a)

—

b)

—

Fig. 6. Kalman filter model results. Left: the recognition weight matrices W10 and
right: the lateral recognition weight matrices W11 after training. Each square of the
weight matrices shows a receptive field of one of the 4×6 hidden neurons. Each neuron
has weights to one of the 5 × 5 input neurons (left) and lateral weights (right). Here,
black indicates negative, white positive weights. Contrast is sharpened by a piecewise
linear function such that weights weaker than 10 percent of the maximum weight value
are not distinguished from zero and weights stronger than 60 percent of it appear like
the maximum weight value. Short lines between left and right matrices indicate the
area boundaries.
a) Parallel organization of areas: weights W10 to the inputs generally code for 0◦ and
45◦ lines in the lower half and on 90◦ and 135◦ lines in the upper half. b) Hierarchical
organization of areas: neurons in the lower half code for the input via W10 while mainly
neurons in the upper half group together some of the neurons in the lower half via W11.
Receptive fields which code for lines of 45◦ orientation are marked by a frame.

In the case of the Helmholtz machine, such a superposition cannot generate the
data because the generative weights V are constrained to be positive.

Hierarchical structure has emerged such that, first, the less active neurons
in the lower parts have pronounced weights to the input, and second, the more
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W10 W11

a)

—

b)

—

Fig. 7. Helmholtz machine model results. Architecture and display as in Fig. 6. Nega-
tive weights are brighter than the background (frame), positive weights are darker. For
lateral weights (right), zero weights are depicted white (there are no negative weights).
a) Areas have organized in parallel: weights W10 to the inputs code for 90◦ and 135◦

lines in the upper third and predominantly for 0◦ and 45◦ lines in the lower two thirds.
b) Areas have organized hierarchically: neurons in the lower two thirds code for the
input via W10 while four neurons in the upper third each integrate via W11 units from
the lower two thirds which code stimuli of one direction. Neurons which code for lines
of 45◦ orientation are marked by a frame.

active neurons in the upper parts have more lateral weights to the less active
hidden neurons. These lateral connections group together neurons which code
for the same orientation. In the Kalman filter model, results are fuzzy, because
even neurons on the second level code in a distributed manner. Some neurons
also code on both the first and second hierarchical level.

Outliers are found in both models. Note that it is only the data that changed
between the parallel and vertical setting. All parameters and also initial condi-
tions like randomized weights were the same in both settings for each model.
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4 Discussion

Fig. 8 overlays the model computations onto the neural circuitry of the cortex
(cf. [9]). Model weights W and V are identified with bottom-up and top-down
inter area connections, respectively. Computations which are local in the model
are identified to computations within a cortical “column”. This means that they
are localized along the surface of the cortex but extend through the six layers. We
identify layer 4 as the locus of bottom-up information reception and layer 6 as
the locus of top-down information reception. Layers 2/3 integrate both of these
inputs and are the source of the outputs (after transmission through a transfer
function). These go directly to a higher area and via layer 5 (not considered in
the model) to a lower area.

I
II
III

IV

VI
V

2 2u =f(h )

V  u11 2

W  x10 0

u =f(h )1 1x 0

11VW10

11 1W  u

Fig. 8. Proposed computations of neurons, projected into the six cortical layers. The
hierarchical level of the three areas increases from left to right. The drawn connections
are proposed to be the main connections collected from anatomical literature. The area
depicted to the left corresponds to the input layer of the models. There, data x0 origin
from layers 2/3. Alternatively, one can treat this as thalamic input.

Both models, the non-linear Kalman filter model and the Helmholtz machine,
can be identified with this connection scheme and the notations of the model
equations can be applied to Fig. 8. Both models use basic computations like
the scalar product between the inter-area weights and the activations from the
source area of an input. These computations follow directly from the anatomy.

The differences between the models lie in the way bottom-up and top-down
input is integrated within one area. In the Kalman filter model, all activation
values u1, u2 which are needed for training are computed incrementally, thus,
they are maintained over a whole relaxation period. It is biologically implausible
that each hidden neuron keeps track of both values. In the Helmholtz machine
(wake-sleep algorithm), activations from the bottom-up and the top-down path
are computed serially, they flow from one hierarchical level to the next. Even
though a neuron belongs logically to two hierarchical levels, when it is activated
on a certain level it can forget the previous activation on another level. The
update dynamics is biologically plausible and reminiscent of a synfire chain model
[1]. However, during recognition there is no feedback from higher cortical areas.
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In the case of the Kalman filter model, when the learning rule is evaluated, all
relevant terms are present. In the case of the Helmholtz machine, the full learning
rule is split into two parts which are evaluated at separate times, a “wake” mode
when data activate the input units and a “sleep” mode when hidden neurons
become spontaneously active. If data is missing, we have shown that spontaneous
activity on its own can in principle mould the internal structure of the network
[13] in a restricted way.

More subtle differences between the two models certainly cannot show up in
the anatomy: the time order of the neuronal computations, the initialization of
activities and the learning rules. On the other hand, there are restrictions in the
models: only the main streams are considered, lateral connections are omitted.
Furthermore, in the models, no learning takes place within a cortical “column”.

Acknowledgements. The writing-up was done in the lab of Alexandre Pouget
and Sophie Deneve and Suliann Ben Hamed corrected this work.
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Abstract. Current understanding of the origins of cerebral specializa-
tion is fairly limited. This chapter summarizes some recent work devel-
oping and studying neural models that are intended to provide a bet-
ter understanding of this issue. These computational models focus on
emergent lateralization and also hemispheric interactions during recovery
from simulated cortical lesions. The models, consisting of corresponding
left and right cortical regions connected by the corpus callosum, handle
tasks such as word reading and letter classification. The results demon-
strate that it is relatively easy to simulate cerebral specialization and to
show that the intact, non-lesioned hemisphere is often partially respon-
sible for recovery. This work demonstrates that computational models
can be a useful supplement to human and animal studies of hemispheric
relations, and has implications for better understanding of modularity
and robustness in neurocomputational systems in general.

1 Introduction

The modularity of the cerebral cortex can be viewed at many levels of abstrac-
tion: neurons, columns, areas, or lobes/hemispheres. Here we consider the large-
scale interconnected network of cortical areas/regions that has been the subject
of intense recent experimental investigation by neuroscientists. During the last
several years, we and others have studied computational models of such areas and
their interactions to better understand how these modules distribute and acquire
functions. In this paper we focus on cerebral specialization, and describe results
obtained with computational simulations of paired, self-organizing left and right
cortical areas and their response to sudden localized damage. These studies have
implications for the design and development of large-scale neurocomputational
systems, particularly with respect to modularity and robustness.

In the following, we first review some basic facts about cerebral functional
asymmetries, the issue of transcallosal hemispheric interactions, and interhemi-
spheric effects of ischemic stroke, to provide the reader with relevant background
information. Uncertainty about how to interpret some of this experimental data
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provides the motivation for turning to computational studies. Models of inter-
acting left and right hemispheric regions are then summarized for two separate
tasks: phoneme sequence generation and visual identification of letters. While
these two models differ in the tasks they address, their architecture, and the
learning rules they use, they lead to similar conclusions about hemispheric inter-
actions and specializations, which are summarized in a final Discussion section.

2 Hemispheric Asymmetries and Interactions

A number of functional cerebral specializations exist in humans and these have
been frequently reviewed (e.g., [12,22]). These cognitive/ behavioral lateraliza-
tions include language, handedness, visuospatial processing, emotional facial ex-
pression, and attention. There is great plasticity of the brain with respect to
such functional asymmetries. For example, left hemispherectomy in infants can
result in the right hemisphere becoming skilled in language functions [14], sug-
gesting that the cerebral hemispheres each have the capacity at birth to acquire
language.

The underlying causes of hemispheric functional lateralization are not well
understood and have been the subject of investigation for many years. The many
anatomic, cytoarchitectonic, biochemical and physiological asymmetries that ex-
ist have been reviewed elsewhere [18,22]. Asymmetries include a larger left tem-
poral plane in many subjects, greater dendritic branching in left speech areas,
more gray matter relative to white matter in the left hemisphere than in the
right, different distributions of important neurotransmitters such as dopamine
and norepinephrine between the hemispheres, and a lower left hemisphere thresh-
old for motor evoked potentials.

Besides intrinsic hemispheric differences, another potential factor in function
lateralization is hemispheric interactions via the corpus callosum. Callosal fibers
are largely homotopic, i.e., each hemisphere projects in a topographic fashion
so that mostly mirror-symmetric points are connected to each other [23,38]. It
is currently controversial whether each cerebral hemisphere exerts primarily an
excitatory or an inhibitory influence on the other hemisphere. Most neurons
sending axons through the corpus callosum are pyramidal cells, and these end
mainly on contralateral pyramidal and stellate cells [23]. Such apparently excita-
tory connections, as well as transcallosal diaschisis and split-brain experiments,
suggest that transcallosal hemispheric interactions are mainly excitatory in na-
ture [5], but this hypothesis has long been and remains controversial: several
investigators have argued that transcallosal interactions are mainly inhibitory
or competitive in nature [10,13,17,36]. Support for this latter view is provided
by the fact that transcallosal monosynaptic excitatory postsynaptic potentials
are subthreshold, of low amplitude, and followed by stronger, more prolonged
inhibition [54]. Also, behavioral studies suggest that cerebral specialization for
language and other phenomena may arise from interhemispheric competition
or “rivalry” [10,17,27], while transcranial magnetic stimulation studies clearly
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indicate that activation of one motor cortex inhibits the contralateral one [16,
33].

Computational research on modeling hemispheric interactions and special-
ization is motivated by current uncertainties about how to interpret the enor-
mous, complex body of existing experimental data. While there have been many
previous neural models of cerebral cortex, very few have examined aspects of
hemispheric interactions via callosal connections. One past model showed that
oscillatory activity in one hemisphere can be transferred to the other via in-
terhemispheric connections [1,2]. Another demonstrated that inhibitory callosal
connections produced slower convergence and different activity patterns in two
simulated hemispheres [11]. Additionally, a pair of error backpropagation net-
works were trained to learn a set of input-output associations simultaneously,
and it was shown that slow interhemispheric connections were not critical for
short output times [45]. None of these past neural models of hemispheric interac-
tions examined the central issues of interest here: lateralization of functionality
through synaptic weight changes (learning), and the interhemispheric effects of
simulated focal lesions.

Other studies have related simulation results to their implications for lat-
eralization, but did not actually model two hemispheric regions interacting via
callosal connections [7,29]. A recent mixture-of-experts backpropagation model
examined how unequal receptive field sizes in two networks could lead to their
specialization for learning spatial relations, but did not incorporate callosal con-
nections or represent cortical spatial relationships [25]. Another recent model
focusing on receptive field asymmetries from a different perspective has also
been used to explain several experimentally-observed visual processing asymme-
tries [24]. Also of relevance to what follows are a number of neural models that
have been used to study acute focal cortical lesions [19,41,52]. This past research
has generally examined only unilateral cortical regions and local adaptation, and
most often has looked at post-lesion map reorganization. An exception is some
recent work on visual information processing where both left and right hemi-
spheric regions have been simulated [35,40], and then one hemispheric region
removed/isolated to simulate unilateral neglect phenomena. However, these lat-
ter studies have not modeled hemispheric interactions via the corpus callosum,
the effects of underlying hemispheric asymmetries, recovery following damage,
or variable lesion sizes as are considered below.

Finally, in order to understand the motivations for and results of the mod-
eling studies that follow, it is important to be aware of certain changes in the
brain following damage. Acutely, following hemispheric infarction (focal brain
damage due to localized loss of blood flow), there is an immediate depression of
neural activity, metabolism and cerebral blood flow contralaterally in the intact
hemisphere [15,34]. Such changes are referred to as transcallosal diaschisis. Their
severity is proportional to the severity of the infarct and they persist for roughly
3 to 4 weeks after a stroke. It is often accepted that transcallosal diaschisis is
responsible for part of the clinical deficit in stroke [34], including sensorimotor
findings ipsilateral to the infarct [9], although this view has been challenged



Computational Investigation of Hemispheric Specialization and Interactions 71

[6]. Further, it is often accepted that an important mechanism responsible for
transcallosal diaschisis is loss of excitatory callosal inputs to otherwise intact
contralateral cortex, although there may be other contributing factors [34].

The importance of hemispheric interactions during recovery from deficits such
as aphasia (impaired language abilities) following left hemisphere language area
damage is underscored by evidence that the right hemisphere plays a crucial role
in the language recovery process in adults. Many studies have indicated substan-
tial right hemisphere responsibility for language recovery after left hemisphere
strokes [26,28,30,39,51]. Several functional imaging studies, primarily positron
emission tomography (PET) investigations, show that recovered aphasics have
increased activation in the right hemisphere in areas largely homotopic to the
left hemisphere’s language zones [8,37,53,55]. However, there are also PET stud-
ies that, although sometimes finding increased right hemisphere activation in
individuals with post-stroke aphasia, have questioned how well these changes
correlate with the recovery process [4,20,21]. While much experimental data in-
dicates some right hemisphere role in recovery, currently this appears to depend
on lesion location and size, and perhaps other factors [47]. This issue remains
controversial and an area of very active experimental research.

Within the context of the above information and uncertainties, our research
group recently developed and studied a variety of neural models of corresponding
left and right cortical regions interacting via a simulated corpus callosum. While
these models are not intended as detailed, veridical representations of specific
cortical areas, they do capture many aspects of cortical connectivity, activation
dynamics, and locality of synaptic changes, and illustrate ways in which cortical
modules can interact and became specialized. With each model we systemati-
cally determined conditions under which lateralization arose and the effects of
simulating acute focal lesions. Multiple independent models were studied so that
their collective results would be reasonably general, i.e., not tied to the specific
choices of task, architecture, learning method, etc. that are necessarily made for
any single neural model. The lateralization and lesioning results in two of these
models using supervised learning are discussed in the following. Other models us-
ing unsupervised learning and self-organizing cortical maps have been described
elsewhere [31,32].

3 Phoneme Sequence Generation

The phoneme sequence generation model was our first attempt to investigate
computationally the factors influencing lateralization [42]. Its recurrently con-
nected network is trained using supervised learning to take three-letter words as
input and to produce the correct temporal sequence of phonemes for the pro-
nunciation of each word as output. Fig. 1 schematically summarizes the network
architecture, where input elements (I) are fully connected to two sets of neu-
ral elements representing corresponding regions of the left (LH) and right (RH)
hemisphere cortex. These regions are connected to each other via a simulated
corpus callosum (CC), and are also fully connected to output elements (O) re-
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Fig. 1. Network architecture for phoneme sequence generation. Given an input word
(bottom left), a temporal sequence of phonemes (bottom right) is generated. Individual
neural elements are indicated by small hexagons, while sets of related elements are
indicated by boxes. Labels: I = inputs, O = outputs, LH/RH = left/right hemispheric
region, CC = corpus callosum, S = state elements, e/i = excitatory/inhibitory intra-
hemispheric connections from element x, c = homotopic corpus callosum connections
from element x.

presenting individual phonemes. State elements (S) provide delayed feedback to
the hemispheric regions via recurrent connections. Learning occurs on all con-
nections in Fig. 1 except callosal connections. The supervised learning rule used
to train the model is a variant of recurrent error backpropagation.

Over a thousand simulations were done with different versions of this model
[42,50]. The results obtained when intracortical connections were present and
when they were absent were similar, so we just describe the results when such
connections were present in the following [50]. The effects of different hemispheric
asymmetries (relative size, maximum activation level, sensitivity to input stim-
uli, learning rate parameter, amount of feedback, etc.) were examined one at
a time so that their individual effects could be assessed. For each hemispheric
asymmetry and a symmetric control version of the model, the uniform value
of callosal connection influences was varied from -3.0 to +3.0. This was done
because, as noted above, it is currently controversial whether overall callosal
influences of one hemisphere on the other are excitatory or inhibitory. Lateral-
ization was measured as the difference between the output error when the left
hemispheric region alone controlled the output versus when the right hemispheric
region alone did.
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Simulations with this model showed that, within the limitations of the model,
it is easy to produce lateralization. For example, lateralization occurred toward
the side with higher excitability (Fig. 2b), depending on callosal strength (con-
trast with the symmetric case, Fig. 2a). Lateralization tended to occur most
readily and intensely when callosal connections exerted predominantly an in-
hibitory influence, i.e., Fig. 2b was a commonly occurring pattern of lateral-
ization. This supports past arguments that hemispheric regions exert primar-
ily a net inhibitory influence on each other. However, with some asymmetries
significant lateralization occurred for all callosal strengths or for weak callosal
strengths of any nature. In this specific model, the results could be interpreted
as a “race-to-learn” involving the two hemispheric regions, with the “winner”
(dominant side) determined when the model as a whole acquired the input-
output mapping and learning largely ceased. Among other things, the results
suggest that lateralization to a cerebral region can in some cases be associated
with increased synaptic plasticity in that region relative to its mirror-image re-
gion in the opposite hemisphere, a testable prediction. This hypothesis seems
particularly interesting in the context of experimental evidence that synaptoge-
nesis peaks during the first three years of life and may be an important correlate
of language acquisition [3].

For lesioning studies, multiple versions of the intact model were used (callosal
influence excitatory in some, inhibitory in others), representing a wide range of
prelesion lateralization [43,50]. Each lesion was introduced into an intact model
by clamping a cortical area in one hemispheric region to be non-functional. Per-
formance errors of the full model and each hemisphere alone were measured
immediately after the lesion (acute error measures) and then after further train-
ing until the model’s performance returned to normal (post-recovery error mea-
sures). Lesion sizes were varied systematically from 0% to 100%. The results
show that acutely, the larger the lesion and the more dominant the lesioned
hemispheric region, the greater the performance impairment of the full model.
Fig. 3a and b show examples of this for a symmetric model version with in-
hibitory (a) and excitatory (b) callosal connections and left side lesions. The
lesioned left hemispheric region exhibited impaired performance when assessed
in isolation, as did the model as a whole. With excitatory callosal connections,
large lesions also led to a small impairment of the intact right hemisphere when
it was tested in isolation.

When the lesioned model was allowed to undergo continued training, recov-
ery generally occurred with performance of the full model eventually returning
to prelesion levels (Fig. 3c and d, horizontal dashed line with open triangles).
The non-lesioned hemisphere very often participated in and contributed to post-
lesion recovery, more so as lesion size increased. Recovery from the largest lesions
was especially associated with marked performance improvement of the right un-
lesioned hemispheric region (for example, compare Fig. 3c vs. Fig. 3a). This is
consistent with a great deal of experimental evidence. Our results thus support
the hypothesis of a right hemisphere role in recovery from aphasia due to some
left hemisphere lesions. They also indicate that one possible cause for apparent
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Fig. 2. Root mean square error (RMSE) vs. callosal strength for different asymmetry
conditions with the phoneme sequence generation model. In each graph the top (x’s)
and bottom (open triangles) lines indicate pre-training and post-training errors, respec-
tively, for the full intact model where the two hemispheric regions jointly determine
model output. The two middle lines are the post-training errors when the left (open
circles) or right (filled squares) hemispheric region alone sends activation to output
elements. Results are shown when (a) the hemispheric regions are symmetric, and (b)
when the left hemisphere is more excitable.

discrepancies in past studies may be inadequate control for the effects of lesion
size, a factor that should be carefully analyzed in future experimental studies.

When one measured the mean activation in the model cerebral hemispheres
following a unilateral lesion, quite different results were obtained depending on
whether the callosal connections were inhibitory or excitatory. With a left hemi-
spheric lesion, mean activity fell in the lesioned left hemisphere, regardless of the
nature of callosal connections. With inhibitory callosal connections, mean activ-
ity in the unlesioned right hemispheric region increased substantially following a
left hemispheric lesion and remained high over time (Fig. 4a). In contrast, when
excitatory callosal influences existed, the intact, non-lesioned hemispheric region
also often had a drop in mean activation (Fig. 4b), representing the model’s ana-
log of transcallosal diaschisis. As noted earlier, regional cerebral blood flow and
glucose metabolism are found experimentally to decrease bilaterally following
a unilateral stroke. Thus, to the extent that coupling exists between neuronal
activity and blood flow/oxidative metabolism, the mean activation shifts seen
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Fig. 3. Root mean square error (RMSE) vs. lesion size for (a,c) inhibitory and (b,d)
excitatory callosal influences, both acutely and following further training in symmetric
versions of the model. Lesions in the left hemisphere. Plots are of error for full model
(dot-dash line with open triangles), and for when the left hemisphere alone (dashed
line with open circles) and right hemisphere alone (solid line with closed boxes) control
output.
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Fig. 4. Mean activation (measured over all elements in a hemispheric region and over
all input stimuli) vs. lesion size for (a) inhibitory and (b) excitatory callosal influences,
both acutely and following further training in symmetric versions of the model. Lesions
are in the left hemispheric region.

with excitatory callosal influences in this model are most consistent with those
observed experimentally following unilateral brain lesions.

4 Letter Identification

Our second model uses a combination of unsupervised and supervised training
to learn to classify a small set of letters presented as pixel patterns in the left
(LVF), midline, and right (RVF) visual fields [48]. The network again consists of
interconnected two-dimensional arrays of cortical elements (Fig. 5). Each visual
field projects to the contralateral primary visual cortex, which extracts only one
important type of visual features: orientation of local edges. The primary cortex
layers project onto ipsilateral visual association cortex layers. For simplicity and
because biological primary visual cortex is largely lacking callosal connections,
only the association layers in the model are homotopically connected via a simu-
lated corpus callosum. Association layers project to an output layer where ideally
only one output element is activated, representing the correct identity of the in-
put element. Primary-to-association connection strengths are modified using a
competitive unsupervised Hebbian rule, while associative-to-output weights are
learned using a supervised error connection rule. Model performance is measured
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Fig. 5. Network for visual character recognition task. VM = vertical meridian, LVF =
left visual field, RVF = right visual field.

using root mean square error of output activation patterns; lateralization is mea-
sured as the difference in contribution of the two hemispheres to performance.

In this model, persistent partial lateralization occurred toward the side hav-
ing larger size, higher excitability, or higher unsupervised/supervised learning
rate (e.g., Fig. 6a). Lateralization tended to be more pronounced when callosal
connections were inhibitory and to decrease when they were excitatory, as was
often the case with the phoneme sequence generation model. Lesioning to the
associative layers also produced results similar to those seen with the former
models: greater performance deficit with larger or dominant side lesions, acute
post-lesion fall in activation in the intact hemispheric region as well as the le-
sioned hemisphere with excitatory but not inhibitory callosal influences (e.g.,
Fig. 6b), and frequent participation of the non-lesioned hemisphere in perfor-
mance recovery regardless of callosal influences, especially with larger lesions
[49]. While unilateral cortical lesions generally produced the expected contralat-
eral visual field impairment, an unexpected finding was that mild impairment
also occurred in the visual field on the same side as the lesion. This occurred
with excitatory but not inhibitory callosal influences. It is of particular inter-
est because such surprising ipsilateral visual field impairment has been found in
recent clinical studies with unilateral visual cortex lesions [46].
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Fig. 6. a Post-training lateralization (thin, solid dark line; negative values indicate left
lateralization) versus callosal strength c in a letter identification model version where
the left hemispheric region is more excitable than the right. Solid (right hemisphere)
and dashed (left hemisphere) thicker gray lines show individual hemisphere mean pre-
training activation values. b. Mean activation levels in left (dashed line) and right
(dot-dash line) associative cortex regions vs. size of a left associative cortex region
lesion in a symmetric version of the model with excitatory callosal influences.

5 Discussion

Advances in neuroscience and in neural modeling methods during the last several
decades have provided a number of suggestions for how more powerful computa-
tional techniques might be developed. These “hints” include: the use of massive,
fine-grained parallel processing as a mechanism for speeding up computations;
the emergence of complex global behavior from numerous relatively simple local
interactions between processing units; and the importance of adaptability and
learning as central features of any neural computation. Use of these principles
has led to numerous impressive applications of neural networks during the last
decade, several of which have been fielded commercially. Research on VLSI com-
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puter chips that are based on neural computation methods, and experiments
where biological neurons are grown in culture on chips and interact with their
electrical circuitry, suggest that we have just begun to realize the potential of
this technology.

Understanding brain modularity is another area where advances may lead to
new ideas in neural computation. Experimental research has established that the
cerebral architecture is highly modular, and that cortical modules can be associ-
ated with specific behavioral functions. From an abstract perspective, computa-
tional studies like those described here are providing insights into how individ-
ual neural modules in multi-modular systems can become specialized for specific
tasks. Conditions under which specialization can arise, what factors influence
the amount of specialization, and how modules contribute to system robustness
are all becoming more clearly determined.

In this context, the work described here has systematically examined whether
underlying asymmetries can lead to hemispheric specialization, how assumptions
about callosal influences affect lateralization, and the interhemispheric effects of
focal cortical lesions. Use of multiple different models, including a purely unsu-
pervised one not described here [31,32], insures that the overall results obtained
are reasonably general, i.e., they are not tied to a specific task, architecture, or
learning method. Our models have been limited in size and scope, have each
involved lateralization of only a single task, have generally had only a single un-
derlying asymmetry, and have been greatly simplified from neurobiological and
behavioral reality. Nevertheless, in a simplified fashion they are all based on some
basic principles of biological neural elements, circuits and synaptic plasticity.

Our models exhibit four results in common. First, each of a variety of under-
lying hemispheric asymmetries in isolation can lead to specialization, including
asymmetric size, excitability, feedback intensity, and synaptic plasticity, lending
support to past arguments that a single underlying hemispheric asymmetry is
unlikely to account for language and other behavioral lateralizations [22]. Fur-
ther, the extent of lateralization generally increases with increased underlying
asymmetry. These results were not obvious in advance: some asymmetries might
have led to lateralization and others not, and lateralization might have turned
out to be a largely all-or-none effect. Second, in the intact models, lateralization
generally appeared most intensely with inhibitory interhemispheric interactions
(although in some cases it also appeared with excitatory or absent callosal con-
nections), lending support to past arguments that whatever the actual neuro-
physiological nature of callosal synapses, callosal influences are effectively in-
hibitory/suppressive in nature. At present it appears that it is interhemispheric
competition, and not necessarily the requirement that it be brought about by
transcallosal inhibition, that is essential. Third, following focal lesions, an acute
decrease was generally observed in activation and sometimes performance in the
contralateral intact hemispheric region with excitatory but not inhibitory cal-
losal interactions. These latter changes resemble those of diaschisis, which is seen
experimentally in acute stroke patients, lending support to past arguments that
callosal influences are predominantly excitatory. Resolving the apparent conflict
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between results 2 and 3 is a focus of ongoing research [44]. Of course, it is also
possible that the corpus callosum may play an excitatory role under some con-
ditions and an inhibitory role under other conditions. Fourth, after a post-lesion
recovery period, the intact, non-lesioned model hemisphere was often partially
responsible for recovery, supporting the controversial hypothesis that the right
cerebral hemisphere plays a role in recovery from some types of aphasia due to
left hemisphere lesions. This effect increased with increasing lesion size, suggest-
ing that future experimental studies of this issue should carefully consider lesion
size in interpreting data.

Our results support the idea that computational models have a substantial
future role to play in gaining a deeper understanding of hemispheric special-
ization and neural modularity in general. While questions about the causes and
implications of module specialization must ultimately be resolved by experiment,
formal models provide a complementary approach in which non-trivial implica-
tions of hypotheses can be demonstrated. It is the complexity and non-linearity
of brain dynamics that make computational models of the sort described here
useful, just as they are in understanding other complex systems. One can antic-
ipate an increasing use of such models of interacting hemispheric regions both
in interpreting experimental data and in guiding future experiments.
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Abstract. This chapter concerns the influence of the bihemispheric
structure of the brain on processing. The extent to which the hemi-
spheres operate on different aspects of information, and the nature of
integrating information between the hemispheres are vexed topics open
to artificial neural network modelling. We report a series of studies of
split-architecture neural networks performing visual word recognition
tasks when the nature of the stimuli vary. When humans read words,
the exterior letters of words have greater saliency than the interior let-
ters. This “exterior letters effect” (ELE) is an emergent effect of our
split model when processing asymmetrical (word-like) stimuli. However,
we show that the ELE does not emerge if the stimuli are symmetrical, or
are mixed (symmetrical and asymmetrical). The influence of split pro-
cessing on task performance is inextricably linked to the nature of the
stimuli, suggesting that the task determines the nature of the separable
processing in the two hemispheres of the brain.

1 Introduction

We have been interested in exploring the nature of information processing medi-
ated by the neuroanatomical structure of the brain. In particular, we have been
concerned with the influence of separate processing due to the bihemispheric
structure of the brain. The human fovea, for example, is precisely split about
the midline of the visual field [25], such that the visual hemifields project con-
tralaterally to the two hemispheres [4]. This means that when visual fixation on
an object is central, identification of the stimulus, in many cases, requires the
integration of initially divided information. This is crucial when the stimulus is
asymmetrical, for instance in the case of word recognition, or face recognition
[2].

Psychological studies of the divided processing between two halves of the
brain were advanced by studying the cognitive deficits and advantages of pa-
tients with severed corpus callosum, the main connection between the two cere-
bral hemispheres. Commissurotomy patients showed that the two halves of the
brain could function autonomously when disconnected [6], though there is some
debate on the possible routing of information via subcortical structures [20]. The
division of visual information between the hemispheres is also evident in cases
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of unilateral neglect [7], [19]. Neglect is a common deficit following right brain
damage, particularly damage to the parietal cortex, where there is a deficit in
attending to the contra-lesional side of the stimulus. This suggests that visual
information is not completely integrated between the hemispheres in later stages
of the visual pathway.

The influence of the hemispheric division in processing is apparent in such
cases, but clarifying the nature of the effect on cognition of such a processing
division is ongoing. In particular, we are interested in the following questions:

– To what extent do the two hemispheres of the brain process information
independently?

– Do the two hemispheres of the brain pick up on different aspects of the same
stimulus?

– If aspects of processing are separated, at what stage in processing does in-
tegration of information occur, and what are the mechanisms involved in
integration?

We believe that neural network modelling of cognitive functions implementing
split processors supplements and inspires neuropsychological research into these
issues.

In this chapter we present neural network models of visual word recognition
that have split inputs and split processing layers. This work replicates previous
research showing that psychological effects emerge from the split architecture.
This work is extended to show that such effects are due in part to the nature
of the stimulus. When stimuli are more predictable, then the way information
is integrated changes. In understanding cognitive functioning, then, we call for
particular attention to be paid towards the nature of the stimuli interacting with
the architecture of the processor.

2 Neuroanatomically Inspired Architectures

The questions raised in the introduction concerning separable and integrated
processing in split architectures has been explored in several neural network
research programs.

Kosslyn et al. [11] have explored the extent to which separate processing
layers in neural networks may pick up on different aspects of the stimulus. They
presented simple spatial stimuli to a neural network with separate hidden lay-
ers. The network had to solve both a “categorical” and a “coordinate” task.
The categorical task required the network to judge relations between features
in the stimulus, for example, whether a stimulus appears above or below a bar,
or assess the prototypical version of varied instances of the stimulus. The co-
ordinate task required judgements about exact distances between stimuli. They
found that each hidden layer of the network became attuned to one or other
task, demonstrating that these processes are effectively maintained as separate
processes.
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Jacobs and Kosslyn [8] investigated the effect of varying receptive field sizes
of units in the hidden layer on task performance. Larger receptive fields corre-
spond to coarser-coding, whereas smaller receptive fields relate to finer-coding.
Brown and Kosslyn [1] hypothesize that the right hemisphere of the brain per-
forms coarse-coding on visual stimuli, whereas the left hemisphere performs finer-
coding. They found that networks with smaller receptive field units solved cat-
egorical tasks better than networks with larger receptive fields. Networks with
larger receptive field units solved coordinate tasks more effectively.

These models address the question of what aspects of stimuli the two hemi-
spheres of the brain pick up on, implementing general hemispheric asymmetries
within the models. This perspective entails that processing of the hemispheres
is complementary, modules processing different features of the stimulus lead to
more effective task solution. Committees of networks can solve tasks better than
networks performing singly, in particular they form more effective predictions
on new data [15], [16]. Two alternative solutions to the same problem in the two
hemispheres may contribute towards a better solution overall (or at least guard
against forming the worst solution to a problem).

Shillcock, Ellison, and Monaghan [22] have explored the split nature of the
visual field and shown that this split contributes towards more effective visual
word recognition than in nonsplit architectures. Words tend to be fixated slightly
to the left of centre, which means that during reading the two halves of a word
are initially projected to different hemispheres of the brain. Word recognition
therefore requires the integration of this information. A mathematical model of
a large corpus of language indicated that this initial splitting of words, so that
processing was initially separate, meant that word recognition was less effortful
than if the whole word was available to both halves of the brain. If words are
divided into two, then the clusters of letters in the two halves is sufficient to
identify the word in most cases. Considering the split in information processing
for reading also provides suggestions for the occurrence of the different subtypes
of dyslexia, emerging developmentally and after brain damage [23].

Shevtsova and Reggia [21] examined various physiological mechanisms as
contributors towards functional asymmetry in the two hemispheres. Their model
had a split input visual field, projecting to separate hidden layers, which in turn
projected to two “associative layers” connected by a “corpus collosum”. The
model was presented with representations of letters either on the left, central or
right regions of the input field, the network having to identify the letter. Three
different mechanisms were investigated in order to assess their contribution to-
wards lateralization in the two hemispheres. Asymmetries in the excitability of
neurons in the associative layers led to lateralization of function, which was
more pronounced with inhibitory callosal connections. Similar lateralization of
functioning emerged when the associative layers were different sizes, and when
learning rates in the associative layers were different. In all cases, most lateral-
ization of function occurs when the callosal connections are inhibitory.

Levitan and Reggia [13] conducted complementary investigations on an un-
supervised neural network model with callosally-connected hemispheric regions.
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When callosal connections were excitatory or weakly inhibitory, then complete
and symmetric mirror-image topographic maps emerge in the two hemispheres.
When callosal connections are inhibitory then partial to complete topographic
maps develop which were complementary. When the size or excitability of the
layers was varied then lateralization occurred. As mentioned above, such com-
plementarity between hemispheres may be essential to optimal problem solving.

These studies indicate that asymmetries in split neural networks can model
functional asymmetries in the two hemispheres of the brain. In addition, the role
of the corpus callosum in contributing towards the lateralization of function is ex-
plored, lateralization occurring most readily when interhemispheric connections
are inhibitory. The variety of approaches to modelling hemispheric functioning
shows the effectiveness of using split neural network architectures for addressing
questions of intra- and inter-hemispheric processing. We turn now to a model
of visual word recognition that reflects the influence of split processing on task
performance.

3 Modelling Visual Word Recognition

Shillcock and Monaghan [24] present a model of visual word recognition that
imposes the split visual field in a neural network. Their aim was to explore the
extent to which this split reflected psychological phenomena in reading words by
humans, in particular the priority in processing given to exterior letters, these
apparently having greater saliency than the interior letters. The exterior letters
of words (e.g., d k) are reported more accurately than the interior letters (e.g.,
ar ) when followed by a postmask that matched the boundary of the exterior
letters [3]. Such an effect does not occur when the letters are not from a plausible
word, so d x showed no advantage [9], [10]. Furthermore, presenting the exterior
letters of words primes the word but presenting the interior letters does not [5].
Collectively, these phenomena are referred to as the “exterior letters effect”
(ELE).

Two input layers of four letter slots, representing the two halves of the visual
field, projected to separate hidden layers. The 60 most frequent four letter words
were presented to the model in all five positions across the two input layers. In
three of these positions the word was split across the input layers. The model was
required to reproduce the word at the output, abstracted from presentation posi-
tion. A nonsplit control model was also trained, where the input layers projected
to both hidden layers. The split architecture model spontaneously produced the
ELE: identification of exterior letters was better than for interior letters, and
exterior letters primed the whole word better than interior letters. The ELE re-
sulted from the interaction of the split architecture with the shifted presentation
of the words in the input, as the effect was not observed to the same extent in
the nonsplit control model.

The ELE in the split model was taken to be due to a “hemispheric division
of labour”. For certain presentations of the input, the exterior letter of the
word was presented to only one half of the model. This means that one half
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of the resources of the model was dedicated to reproducing this letter, with
the other half of the model having to process the other three letters. Exterior
letters benefit from this dedication of resources over interior letters, as each
interior letter is always presented with at least one other letter. Division of
labour between the hemispheres is beneficial for processing in this task. During
training, presentations of words that fall across the two input fields were learned
more quickly than presentations that fell entirely within one input field. The
ELE emerges as a consequence of resource allocation due to the split structure
of the model.

4 Divided Processing and Stimulus Types

Under what conditions is this division of labour beneficial for information pro-
cessing? Are their particular aspects of the “word” stimuli that lead to the ELE
via division of labour? If the stimuli are less complex, or more predictable, will
division of labour be a good approach to solving the problem? We argue here
that the effect of divided processors on task performance depends very much on
the nature of the task. We will show that differences in performance between
split models and nonsplit models depend on the characteristics of the stimuli
that they are trained on.

The visual word recognition model described above coded letters as 8-bit
features [17], each feature representing an aspect of letter orthography such as
“contains closed area”. Such simple feature-based stimuli can be varied in three
ways. The stimuli can be asymmetrical, where redundancy in the stimulus is
very low, but the relationship between input and output is systematic. We term
these “word” stimuli. These stimuli were used in Shillcock and Monaghan’s [24]
model. Visual stimuli that are asymmetrical are perhaps the exception, words
being unique in that one half of a word can seldomly be predicted from the
other half. When such stimuli are split across input fields, the model requires
information from both halves of the model in order to solve the task.

An alternative stimulus type is when the stimuli are symmetrical and the
input-output relationship is again an identity mapping. In this case, the stimuli
will contain a greater degree of redundancy. We term this stimulus type “palin-
dromes”. When such stimuli are split across input fields then each processor
can predict the other half of the stimulus. Division of labour is therefore not so
critical for this stimulus type. We predict that the ELE will not emerge in split
models trained on such stimuli.

Mixing the two types of stimulus (words and palindromes) may also lead
to different processes operating on the stimuli. The model would then have to
recognize the cases where division of labour is beneficial, and when it is not
necessary. We predict that the ELE will emerge in the split model, but not to
the same extent as for word stimuli.

A third stimulus type is when the mapping between input and output is
less systematic, or even arbitrary. A prime example is the case of orthography to
phonology mappings. This type of stimulus presents difficulties for split networks
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without recurrent connections, as stimuli falling across the split input can in some
cases be akin to a perceptron presented with the XOR problem. For example,
the word beat split between the e and the a has a different vowel sound to that of
best or bent, and yet the left input field cannot distinguish this without feedback
from the other half of the model. The extent to which information has to be
integrated and at what point in the process is a topic of investigation. We do
not consider this further here, but take it as an indication of the fundamental
importance of data types interacting with model structure.

The remainder of this chapter explores the performance of a split neural
network model under different stimulus conditions.

5 Modelling Different Stimulus Types

Hicks, Oberlander and Shillcock [12] showed that the ELE in split models of
visual word recognition extended to six-letter words. They found that when
mean squared error (MSE) was measured for each letter position after training
to a summed-error criterion, exterior letters had lower error than interior letters
for the split model. The distinction did not emerge so clearly for the nonsplit
model. This means that MSE can be used to reflect the ELE. This also means
that masking of letters does not have to be performed for all the letter positions
independently, an advantage when more than 4 letter stimuli are used. Using
6-letter stimuli meant that the influence of the greater complexity of the or-
thotactic structure of the input could be assessed, and also that intermediate
letter positions could also be assessed. These intermediate positions have not
been assessed experimentally, human studies of the ELE have all used 4-letter
words.

The “word” model is shown in Figure 1. Each input layer has six letter slots,
and words of length six were presented across the input position one at a time.
As mentioned above, the letters within each word were represented in terms
of 8-bit features [17]. In the Figure, the word “better” is shown presented in
its seven possible positions. For five of the seven positions, the word was split
between the two halves of the model. Each input field is fully connected to a
hidden layer with 20 units, both of which are fully connected to the output layer.
The network was trained on the 60 most frequent 6-letter words, presented in
all possible positions, and had to reproduce the word at the output layer.

The network was trained by backpropagation and training was halted when
the overall MSE fell below 800. This corresponds to each unit being within
approximately 0.2 of its target for each pattern. After training the MSE for each
letter position was assessed for all words presented across all positions, and for
all words presented in the central position. Ten simulations of each model were
performed, and each model was treated as an individual subject in the statistical
analyses.

The same model was also trained on “palindrome” stimuli, where 60 6-letter
strings were generated randomly such that they were symmetrical (so betteb was
a possible pattern for this model). The model was trained to the same criterion.



Explorations of the Interaction between Split Processing and Stimulus Types 89

b e t t e r
b e t t e r

b e t t e r
b e t t e r

b e t t e r 

Right Hidden
LayerLayer

Left Hidden

Left

  Visual

b e t t e r    Field

      Field

Right

b e t t e r

   Visual

b e t t e r

Fig. 1. The split network, each hidden layer seeing only half of the visual field, across
which stimuli can be presented at different positions.

The “mixed” stimuli were 30 randomly generated “palindromes” and 30 ran-
domly generated asymmetrical 6-letter strings. Again the model was trained to
the same level of error.

For each stimulus type, a nonsplit control model was constructed with each
input layer connecting to both hidden layers. The connectivity between the in-
put and hidden layers underwent a random pruning of half of the connection.
This was to ensure that the network’s power was consistent with its split coun-
terparts, network power being directly proportional to the number of weighted
connections.

A Sun Ultra 5 workstation ran the simulations, using the PDP++ Neural
Nets software [14].

6 Results

6.1 Learning

The models learned more quickly according to the different types of stimuli
they were trained on. Table 1 shows the mean number of epochs of training
for models to meet the training criterion. The time taken to reach criterion did

Table 1. Epochs of training required for models for each stimulus type.

Stimulus
Model Words Palindromes Mixed
Split 146.7 48.1 124.6
Nonsplit 239.7 49.4 136.1
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Fig. 2. Performance of the split and nonsplit networks on “word” stimuli for exterior,
intermediate and interior letters. Errors are summed across all presentation positions.

not differ for the palindromes and the mixed stimuli (both t < 1, p > 0.3), but
the split model learned significantly quicker for word stimuli ( t(18) = 6.37, p <
0.001). As predicted, the palindrome stimuli were easiest to learn, containing less
complexity, then the mixed stimuli, and finally the word stimuli. The nonsplit
model had particular difficulty with the word stimuli, although this seemed to
be an effect of a very small proportion of the simulations getting “lost” around
local minima and skewing the mean epoch number.

6.2 The ELE

Does the ELE emerge as a result of any of the models? For split word models, the
ELE clearly emerges, so this effectively reproduces the effects of Shillcock and
Monaghan [24], and Hicks, Shillcock and Oberlander [12], as shown in Figure 2.
Errors were summed for exterior letters (positions 1 and 6), intervening letters
(positions 2 and 5), and interior letters (positions 3 and 4). The three positions
were entered as within-subjects variable in a repeated measures ANOVA, with
split and nonsplit as between-subjects variable. Each of the 10 runs of the models
were counted as subjects. There was a main effect of position (F(2, 36) = 161.93,
p < 0.001), there is also a main effect of split/nonsplit model (F(1, 18) = 10.41,
p < 0.01), and an interaction between letter position and model (F(2, 36) =
30.60, p < 0.001). There is lower error for exterior letters and higher error for
interior letters in the split model, as compared to the nonsplit model.

For the palindromes stimuli, however, the ELE does not seem to emerge in
the split model (see Figure 3). However, the nonsplit model reflects the opposite
effect: prioritising interior letters over the exterior letters. We refer to this effect
as the “interior letters effect” (ILE). There is a main effect of letter position (F(2,
36) = 115.91, p < 0.001), no main effect of model type (F(1, 18) = 0.00, p =
0.97), but an interaction of letter position and model type was significant (F(2,
36) = 13.60, p < 0.001). For the split model, there is no significant difference in
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Fig. 3. Performance of the split and nonsplit networks on “palindrome” stimuli for
exterior, intermediate and interior letters. Errors are summed across all presentation
positions.
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Fig. 4. Performance of the split and nonsplit networks on “mixed” stimuli for exterior,
intermediate and interior letters. Errors are summed across all presentation positions.

the error for the different letter positions, but for the nonsplit model, the interior
letters indicate less error than the exterior letter positions.

For the mixed stimuli, a similar pattern emerges to that of the palindromes
stimuli (see Figure 4). The split model does not prioritize any letter position,
whereas the nonsplit model performs better on the interior letters than the
exterior letters. Again, there is a main effect of letter position (F(2, 36) = 16.86,
p < 0.001)), there is no main effect of model type (F(1, 18) = 0.22, p = 0.65),
and an interaction of letter position and model type was significant (F(2, 36)
= 32.62, p < 0.001). There seems to be no effect of letter position for the split
model, but an ILE for the nonsplit model.
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Fig. 5. The comparison of letter position (exterior, intermediate, interior) for the split
and nonsplit networks when processing centrally presented words.
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Fig. 6. The comparison of letter position (exterior, penultimate, interior) for the split
and nonsplit networks when processing centrally presented palindromes.

When word positions are considered singly, similar effects emerge as for the
analyses summed across position. The following analyses are for centrally pre-
sented stimuli, so three letters are projected to each half of the split model.

For word stimuli, as before, the ELE emerges clearly from the centrally pre-
sented condition (see Figure 5). There is a main effect of letter position (F(2, 36)
= 81.62, p < 0.001). There is a main effect of model type (F(1, 18) = 155.89, p <
0.001. There is also a significant interaction between letter position and model
type (F(2, 36) = 8.45, p < 0.005).

For palindromes, the ELE does not seem to emerge for the split model, but
there is an ILE for the nonsplit model (see Figure 6). There is no significant main
effect of letter position (F(2, 36) = 1.79, p = 0.18), nor is there a significant main
effect of model type (F(1, 18) = 2.36, p = 0.14). There is a significant interaction
between letter position and model type, however (F(2, 36) = 3.28, p < 0.05).
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Fig. 7. The comparison of letter position (exterior, intermediate, interior) for the split
and nonsplit networks when processing centrally presented mixed stimuli.

Finally, for mixed stimuli there is again no suggestion of an ELE for the split
model, but there is an ILE for the nonsplit model (see Figure 7). There are main
effects of letter position (F(2, 36) = 6.04, p <¡ 0.01), of model type (F(1, 18)
= 18.19, p < 0.001), and a significant interaction between letter position and
model type (F(2, 36) = 19.01, p < 0.001).

7 Discussion

The different architectures used in our neural network models pick up on the
properties of the stimuli in different ways. For the word stimuli, the ELE emerges
for the split model, replicating the studies of Shillcock and Monaghan [24] and
Hicks, Oberlander and Shillcock [12]. Previous accounts of the ELE in the split
model have been discussed in terms of the contributions of division of labour, as
discussed above, and superpositional storage. The latter explanation accounts
for the slight ELE found in the nonsplit model. The interior letters tend to occur
in positions in the input where there is a greater density and variety of letter
presentations during training. Prioritising exterior letters is an effective solution
to this problem as the interior letters are presented at positions of greater density
of information, and are therefore more difficult to process.

However, the nonsplit model picks up on other aspects of the word stim-
uli in its solution of the task. Figure 8 shows the MSE for each letter position
within the word stimuli for split and nonsplit models. For the split model, MSE
is lower for exterior letter positions, and higher for interior letter positions. In
addition, the right exterior letter position has lower MSE than the left exterior
letter position. For the nonsplit model, there is a general tailing off of MSE as
letter position moves from left to right. The nonsplit model has a tendency to
train in accordance with the by-letter entropy of the word stimuli (compare with
Figure 9). The nonsplit model solves the task by reflecting the characteristics
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Fig. 8. Performance of the split and nonsplit networks on “word” stimuli for each letter
position within the word. Errors are summed across all word positions.
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Fig. 9. By-letter entropy for word stimuli, compared with the flat entropy pattern for
generated random strings. The nonsplit network in Figure 1 is picking up the structure
of the word stimuli.

of the data set as a whole, which is a usual strategy for neural networks solv-
ing language-based problems (see [26]). The split model’s architecture, however,
overrides this approach to solving the problem, with entropy only seeming to
influence exterior letters (entropy is lower for the rightmost exterior letter posi-
tion). The division of labour approach interferes with solution to the task that is
based primarily on the statistical profile of the stimuli. That is, the architecture
acts as a filter on the influence of stimulus characteristics on task solution.

For the palindromes stimuli, the ELE was not seen to emerge for either the
split or nonsplit model. Instead, the nonsplit model demonstrated an ILE. Our
hypothesis was that the ELE would not be found in the split model as division
of labour is not necessary for solving the task for this easier stimulus set. This is
a plausible explanation for the lack of an ELE in the split model, but does not
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adequately explain the ILE in the nonsplit model. The nonsplit model always has
two identical letters juxtaposed in its input. This means that processing can be
done across these two positions, precise identification by each letter position is
not so necessary. Therefore, the interior letters are going to be easier to process.
In contrast, for the split model, when the palindrome is centrally presented,
the geminate is divided between the two halves of the model. This makes the
structure of the stimulus harder to pick up on, and means that the ILE does not
emerge in the split model.

However, the ELE may not emerge for the split model for palindrome stimuli,
not because division of labour is no longer necessary but because the geminates
at the interior of the strings are easier to process when palindromes are not
centrally presented. There would therefore be an ILE effect in the split model,
but also an ELE due to the division of labour. The sum of these effects would
give a flat portrait as shown in Figures 6. The summation of the ILE and ELE
in the split model is plausible given Figure6, where performance is worst on
intermediate positions. The presence of geminates lowers the error on interior
letters, whereas the division of labour lowers error on exterior letters. Superpo-
sitional storage is certainly overruled by the combined factors of stimulus type
and model architecture, as the intermediate letter positions do not demonstrate
a MSE between that for exterior and interior positions.

For the mixed stimuli, too, the ELE seems to survive in the split model,
albeit to a lesser degree than for word stimuli, but the nonsplit model continues
to prioritize interior letters. The nonsplit model can pick up on the palindrome
stimulus characteristics, even when these can’t be relied upon for every stimulus
in the environment. The split model maintains the prioritising of exterior letters
for such a training set.

8 Conclusion

The simple neural network architectures that we have been using have explored
the extent to which learning is determined by architecture and stimulus. The
“distributed” approach of nonsplit neural network modelling has been contrasted
with establishing modular structure on the networks by instantiating the split
visual field input and split processing inspired by the two hemispheres of the
brain.

Our models have shown that learning takes place within the context of the
system, where this context is defined by the interaction between the model ar-
chitecture and the nature of the stimulus. We have shown that different neural
network architectures pick up on different aspects of stimuli, which influences the
approach they have in solving the task. Nonsplit models can pick up on distribu-
tional features of the stimulus as a whole (Figures 8 and 9), and can also exploit
the redundancy within a stimulus (for palindrome stimuli). However, the division
of labour approach enforced by a split architecture reflects the psycholinguistic
data of the ELE. The current study indicates that the ELE requires both a split
model and asymmetric stimuli in order to emerge. This means that division of
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labour and hemispheric interaction are different according to the structure of
the data being processed.

In the previous modelling of split functioning surveyed at the beginning of
this chapter, the characteristics of the stimuli are generally unexamined. We
suggest, however that such factors are of significant importance in exploring the
influence of network structure on task performance. Our starting point has been
to establish the influence that gross splits in processing have on solving simple
visual tasks. We have not as yet examined in detail the nature of hemispheric
interaction, or the different types of processing that might occur in the two
hemispheres. In the light of the studies presented here, we suggest that stimulus
type will be a factor in exploring these issues.
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Abstract. This volume is intended to help advance the field of artificial
neural networks along the lines of complexity present in animal brains.
In particular, we are interested in examining the biological phenomena
of modularity and specialized learning. These topics are already the
subject of research in another area of artificial intelligence. The design
of complete autonomous agents (CAA), such as mobile robots or virtual
reality characters, has been dominated by modular architectures and
context-driven action selection and learning. In this chapter, we help
bridge the gap from neuroscience to artificial neural networks (ANN)
by incorporating CAA. We do this both directly, by using CAA as a
metaphor to consider requirements for ANN, and indirectly, by using
CAA research to better understand and model neuroscience. We discuss
the strengths and the limitations of these forms of modeling, and
propose as future work extensions to CAA inspired by neuroscience.

Keywords: Spatial, Structural and Temporal Modularity; Complete
Autonomous Agents; Behavior-Based AI; Brain Organization; Action Se-
lection and Synchronization; Perceptual, Episodic, and Semantic Mem-
ory

1 Introduction

Although artificial neural networks (ANN) are vast simplifications of real neural
systems, they have been a useful technology for helping us think about and
model highly distributed systems of representation, control and learning. This
work has proven useful both in science, by providing models, paradigms and
hypotheses to neuroscientists; and to engineering, by providing adaptive control
and classifier systems. In this chapter, we will propose that another area of AI,
the agent literature, may also further both science and engineering. We also use
agent software architectures to propose an ANN model that addresses issues of
modularity, specialized learning, and to some extent synchronization.
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BNN ANN

CAA

Fig. 1. This chapter addresses the goal of advancing artificial neural networks (ANN)
through understanding neuroscience (BNN) via a third field, complete autonomous
agents (CAA). This assistance comes both directly, by providing understanding and
support for the requirements of such artificial systems, and indirectly, by providing
another AI model of biological intelligence.

ANNs can not so far be used for control systems that attempt to replicate the
behavioral complexity of complete animals. One reason is that the complexity
of such systems effectively requires decomposition into modules and hierarchy
(see [10] for discussion and references.) This requirement is not theoretical, but
practical. In theory, monolithic systems may be Turing complete; but whether
attacked by design or by learning, in practice complex control requires decom-
position into solvable subproblems.

This principle of modularity is one of several features that characterize the
control architectures that have been successfully used for complete autonomous
agents (CAA). Such agents include autonomous mobile robots [35], virtual reality
characters [55], and intelligent environments or monitoring systems [17]. CAA,
like animals, must process complex, ambiguous perceptual information. They
must also control many forms of action and expression, often with multiple means
for achieving any particular behavior. They must also manage a large number of
competing and possibly contradictory goals. For example, an animal or animal-
like robot may need to balance the need to find food with the need to remain
inconspicuous; a character-based tutoring system may need to be clear but not
boring; a household robot may need to do the laundry and cook dinner. CAA
are situated in the real world in real time. Consequently they must deal with
timeliness and synchrony: the order and duration of their expressed behaviors
matter.

We begin this chapter with a discussion of modularity as found in nature, then
review the literature on CAA in this light. Next, we demonstrate the relevance
of CAA to neuroscience by describing a mapping between the common features
of CAA architectures and mammalian brain organization. We then examine the
implications for learning in the CAA context, which is necessarily specialized
due to the representational architecture. We also propose a neural architecture
for an agent capable of full, animal-like learning, and future directions, inspired
by neuroscience, for CAA itself.
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2 Modularity in Nature

There are at least three types of modularity in mammalian brains. First, there is
architectural modularity. Neuroanatomy shows that the brain is composed of dif-
ferent organs with different architectural structures. The types and connectivity
of the nerve cells and the synapses between them characterize different brain
modules with different computational capabilities. Examples of architectural
modules include the neocortex, the cerebellum, the thalamus, the hippocam-
pus, periaqueductal gray matter and so forth: the various organs of the fore, mid
and hindbrains.

Second, there is functional modularity. This modularity is characterized by
differences in utility which do not seem to be based on underlying differences in
structure or computational process. Rather, the modules seem to have special-
ized due to some combination of necessary connectivity and individual history.
Gross examples include the visual vs. the auditory cortices. Sur et al. [56] have
shown at least some level of structural interchangeability between these cortices
by using surgery on neonate ferrets. There is also other convincing and less inva-
sive evidence. For example, many functionally defined cortical regions such as V1
are in slightly different locations in different people [45]. Many people recover ca-
pacities from temporarily debilitating strokes that permanently disable sections
of their brains, while others experience cortical remaps after significant alter-
ations of there body, such as the loss of a limb [50]. This evidence indicates that
one of the brain’s innate capabilities is to adaptively form functionally modular
organizations of neural processing.

Thirdly, there is temporal modularity. This is when different computational
configurations cannot exist contemporaneously. There are at least two sorts of
evidence for temporal modularity. First, many regions of the brain appear to
have local “winner take all” connection wiring where a dominant “impulse” will
inhibit competing impulses [26, 28]. This neurological feature has been used to
explain the fact that humans can only perceive one interpretation of visually
ambiguous stimuli at a time [48]. Second, many cells in the brain are members
of more than one assembly, and can perform substantially different roles in only
subtly different contexts (e.g. in the hippocampus [34, 65].) This sort of temporal
modularity is not yet well understood, but it could have implications for individ-
ual differences in intellectual task performance such as insight and metaphoric
reasoning.

The presence of these forms of modularity in mammalian brains motivates
modular architectures in two ways. First, if we are interested in modeling the
brain as a matter of scientific interest, we will need to be able to replicate its
modularity. Second, the presence of modularity in the best examples of intelli-
gent control available indicates that modularity is a useful means of organizing
behavior. Evolution is not a perfect designer — the mere presence of a solution
in nature does not prove it is optimal. However, given the extent and complex-
ity to which the brain has evolved, it is at least worth treating the utility of
modularity as a hypothesis. We now consider further evidence for the utility of
modularity in another domain of intelligent control.
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Fig. 2. An ambiguous image. This figure can be seen either as a vase or as two faces,
but not both at the same time. From [25, p. 213].

3 Common Features of Complete Autonomous Agents

Modularity is a key feature of most successful CAA architectures. Other archi-
tectural features that have been found useful in CAA architectures are hierar-
chical and sequential structures for ordering the expression of behaviors, and
dedicated, reactive alarm systems capable of switching the focus of attention to
different points in a control hierarchy. In this section we review the evidence for
the importance of these features. A more extensive review is available in [7].

3.1 Skill Modules

One of the fundamental incentives for AI is the idea of having intelligent tech-
nology as a companion, situated with us in our environment. However, this goal
was long seen as not technically feasible. Consequently, most early AI systems
focussed on only a restricted set of capabilities such as reasoning in a particular
domain [6, 60]. Such systems were relatively unconstrained by issues such as
timeliness or uncertainty about their perceptions or actions. As a result, early
attempts at building CAA, which utilized these techniques, tended to be both
slow and enormously costly [e.g. 31, 44, 46].

Around 1986 a new paradigm based on greater modularity became estab-
lished in mobile robotics [40]. This paradigm, behavior-based AI (BBAI), fa-
vored niche-specific solutions for CAA. BBAI agents feature modules composed
of sensing and control specialized to a particular task to be executed in a particu-
lar situation. Such skill modules are often referred to as “behaviors” in the CAA
literature to this day, despite the fact that they actually generate behavior rather
than represent it. Further, much of expressed behavior is supposed to emerge
from the interaction of these ‘behaviors’ rather than being generated by any
one-to-one mapping. The most difficult part of the BBAI discipline falls to the
engineer: determining what behavioral modules the agent needs, and guarantee-
ing that these modules do not interfere with each other in the normal operation
of the robot.
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3.2 Action Selection

By the late 1990’s, modular “behavior” systems were ubiquitous in mobile
robotics and virtual reality [30, 35, 54]. Also by this time, the need for structured
action selection had become well accepted, despite initial resistance in the BBAI
community. Structured action selection is essentially the following of plans, and
conventional planning was one of the impracticalities of old-style CAA. How-
ever, although constructive planning is too costly for real-time systems [16],
action selection based on established plans is not. This technique, called reactive
planning, has been facilitated technologically as well as culturally. Technolog-
ically, new plan representations were developed which were more flexible and
adaptive to dynamic environmental considerations [e.g. 12, 22, 24, 47].

Some of the systems using these representations derive from traditional plan-
ning, with behavior modules relegated to being mere plan primitives, but others
maintain the autonomy of the behavior modules, while allowing for an extra
system to arbitrate the timing of expressed actions. This latter approach also
characterizes the relatively new paradigm of multi-agent systems (MAS) which
are now sometimes used to control intelligent systems and environments [61].
Their coordination issues are similar to the arbitration issues of BBAI, and will
probably converge on similar solutions.

Structured action selection normally consists of both hierarchical and se-
quential components. Hierarchies are necessary to reduce the search space for
the next action. They focus attention on a particular set of actions likely to
be useful in the current context. Sequences are a special case of this process
where each action can be followed very quickly and reliably by another, a ne-
cessity in certain kinds of fine control [32, 38]. Sequences are not adequately
represented by simple chains of productions, partly because their elements may
participate in more than one sequence, but also because of timing issues. This
problem was discovered and addressed in the Soar architecture, the best es-
tablished production-based AI architecture, when it was applied to the CAA
problem [36].

3.3 Environment Monitoring

The difficulty with structured action selection in a dynamic environment is that
it can leave the agent unprepared to cope with sudden, unexpected events. Con-
sequently, the third necessary feature of CAA architectures is an independent,
parallel environment monitoring or ‘alarm’ system for switching attention. Such
a system must operate in parallel with the agent’s main attention, and must be
able to recognize critical situations very rapidly with minimal ‘cognitive’ over-
head. That is, it cannot require the reactive planning system itself, but must rely
on simple perception. All modular CAA systems have this feature. In the early
BBAI system, every action was continuously monitoring the environment with
its specialized perception, prepared to take control of the agent whenever nec-
essary [5]. In systems closer to conventional planning, such as PRS [24], control
cycles between the conventional action selection and the monitoring system. In
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our own system, context is quickly re-checked at the top, motivational level of
the hierarchy between every arbitration step, and the entire hierarchy is revisited
on the termination of any subtask [8].

4 Mapping CAA Features to Mammal Brain Structure

To summarize the last section, complete agent architectures have converged on
three sorts of architectural modules in order to support complex, reactive behav-
ior. First, skill modules — a functional decomposition of intelligent ability into
skilled actions and their supporting specialized perception and memory. Second,
hierarchical structures that support action selection, often known as reactive
plans. These structures are used to focus attention on behaviors likely to be
useful in a particular circumstance and provide temporal ordering for behavior.
And third, an environment-monitoring or alarm system for switching the focus
of action-selection attention in response to highly salient environmental events.

If this sort of organization is necessary or at least very useful for intelligent
control, then it is also likely to be reflected in the organization of animal intelli-
gence. As we explained in the introduction, animals have evolved to face similar
problems of information management. In this section, we look at how these CAA
principles relate to what is known of mammal brain architecture.

4.1 Skill Modules

In Section 2 we discussed modularity in mammalian brains. Using that terminol-
ogy, we consider the skill modules of CAA to correspond roughly to functional
modularity, particularly in the neocortex, and perhaps to some extent to tem-
poral modularity. However, there is no direct correlation between brain modu-
larity and CAA skill modules. For example, a skill module for grasping a visual
target must incorporate the retinas, visual cortex, associative cortices, motor
pre-planning and motor coordination. It would also need to exploit somatic and
proprioceptive feedback from the grasping limb, though some of this complexity
might be masked by interfacing to other specialist modules.

The reason there is not a direct correlation between CAA skill modules to
mammalian functional modules is because CAA modules tend to be end-to-
end. That is, they encapsulate both perception and action. Much of functional
cortical modularity in mammals tends to be more general, for example the visual,
auditory, somatic and motor cortices. Some of the temporal modularity in the
parietal cortex and the hippocampal formation may correspond more directly to
CAA modularity, but this lacks the parallelism typically recommended in CAA,
and also the localized representation of perception and motor skills. Taking these
sorts of context-specific parietal and hippocampal representations along with
some supporting perception and action representations from other cortical areas
is probably the best approximation of the typical CAA skill module.

Since a concern of this volume is modeling neural modularity in ANN, we
should point out that even though CAA skill modules aren’t typically analogous
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to cortical regions, this is for reasons of practicality. Within the agent discipline,
modularity in CAA is primarily to support an orderly decomposition of intel-
ligence into manageable, constructible units. But if one is more interested in
modeling the brain directly, one could well use known or theorized cortical mod-
ularity as a blueprint for skill decomposition in a CAA agent [e.g. 63]. We would
also like to note that more primitive neural systems such as those found in in-
sects to some extent lack the generality of mammalian brains, and more closely
match common CAA modularity. For example, spiders have multiple pairs of
eyes, some of which seem to be dedicated to single skill modules, such as mating
[37].

4.2 Action Selection

The basal ganglia has been proposed as the organ responsible for at least some
aspects of action selection [27, 43, 49, 51]. In a distributed parallel model of
intelligence, one of the main functions of action selection is to arbitrate between
different competing behaviors. This process must take into account both the
activation level of the various ‘input’ cortical channels and previous experience
in the current or related action-selection contexts.

The basal ganglia is a group of functionally related structures in the forebrain,
diencephalon and midbrain. Its main ‘output’ centers — parts of the substantia
nigra, ventral tegmental area, and pallidum — send inhibitory signals to neural
centers throughout the brain which either directly or indirectly control voluntary
movement, as well as other cognitive and sensory systems [42]. Its ‘input’ comes
through the striatum from relevant subsystems in both the brainstem and the
forebrain. Prescott et al. [49] have proposed a model of this system whereby it
performs action selection similar to that proven useful in CAA architectures.

Arbitrating between subsystems is only part of the problem of action selec-
tion. Action patterns must also be sequenced with appropriate durations to each
step. The duration of many actions is too quick and intricate to be monitored
via feedback, or left to the vagaries of spreading activation from competing but
unrelated systems [32, 38]. Further, animals that have had their forebrains sur-
gically removed have been shown capable of conducting complex species-typical
behaviors — they are simply unable to apply these behaviors in appropriate
contexts. In particular, the periaqueductal grey matter has been implicated in
complex species-typical behaviors such as mating rituals and predatory, defen-
sive and maternal maneuvers [39]. However, there appears to be little literature
as to exactly how such skills are coordinated. There is also little evidence that
learned skills would be stored in such areas. We do know that several cortical
areas are involved in recognizing the appropriate context for stored motor skills
[e.g. 1, 57]. Such cortical involvement could be part of the interface between skill
modules and action selection (see further [8].)
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4.3 Environment Monitoring

Our proposal for the mammalian equivalent to the environment monitoring and
alarm systems is more straight-forward. It is well established that the limbic
system, particularly the amygdala and associated nuclei, is responsible for trig-
gering emotional responses to salient (particularly dangerous, but also reproduc-
tively significant) environmental stimuli. Emotional responses are ways of cre-
ating large-scale context shifts in the entire brain, including particularly shifts
in attention and likely behavior [15, 18]. This can be in response either to basic
perceptual stimuli, such as loud noises or rapidly looming objects in the visual
field, or to complex cortical perceptions, such as recognizing particular people
or situations [15]. Again, there can be no claim that this system is fully under-
stood, but it does, appropriately, send information to both the striatum and the
periaqueductal grey. Thus the amygdalic system meets our criteria for an alarm
system being interconnected with action selection, as well as biasing cortical /
skill-module activation.

4.4 Conclusion

In conclusion, it is difficult to produce an completely convincing mapping of
CAA attributes to neural subsystems, primarily because the workings of neural
subsystems are only beginning to be understood, but also because the levels
of generalization are not entirely compatible. The primary function of a CAA
architecture is to facilitate a programmer in developing an agent. Consequently,
complexity is kept to a minimum, and encapsulation is maximized. Evolution, on
the other hand, will eagerly overload an architectural module that has particular
computational strengths with a large number of different functions. Nevertheless,
we have identified several theories from neuroscience that are analogous to the
features of CAA.

5 Adaptivity in Modular Systems

The modularity of an intelligence has obvious ramifications for learning. In par-
ticular, the generic CAA architecture described in Section 3, having three sorts
of elements, has three sorts of adaptability.

First and foremost, there is adaptivity within the skill modules or behaviors.
A behavior module must have the ability to represent perceptual experience
in a way that provides for mapping motivation to appropriate actions. In other
words, adaptive perceptual state defines what a behavior is and does. Specialized
learning is ubiquitous in nature, to the point that leading researchers consider
it by far the dominant form of natural adaptivity [23, 52]. Such attributes are
naturally modeled in CAA under behavior oriented design [9].

Given that action selection requires structure, a natural extension of the CAA
systems described above would allow the agent to learn new reactive plans. There
are at least three means by which this could be done. The most commonly at-
tempted in AI is by constructive planning. This is the process whereby plans are
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created by searching for sets of primitives which, when applied in a particular
order to the current situation, would result in a particular goal situation [e.g.
21, 62]. Another kind of search that has been proposed but not seriously demon-
strated is using a genetic algorithm (GA) or GA-like approach to combine or
mutate existing plans [e.g. 14]. Another means of learning plans is to acquire
them socially, from other, more knowledgeable agents.

Constructive planning is the most intuitively obvious source of a plan, at
least in our culture. However, this intuition probably tells us more about what
our consciousness spends time doing than about how we actually acquire most
of our behavior patterns. The capacity for constructive planning is an essential
feature of Soar and of most three-layer-architectures; however it is one that is
still underutilized in practice. We suspect this will always be the case, as it will
be for GA type models of “thinking”, because of the combinatoric difficulties of
planning and search [16]. Winston [66] states that learning can only take place
when one nearly knows the answer already: this is certainly true of learning
plans. Search-like algorithms for planning in real-time agents can only work in
highly constrained situations, among a set of likely solutions.

Social or mimetic learning addresses this problem of constraining possible so-
lutions. Observing the actions of another intelligent agent provides the necessary
bias. This may be as simple as a mother animal leading her children to a location
where they are likely to find food, or as complex as the imitation of complex,
hierarchical behavioral patterns (in our terminology, plans) [13, 64]. This may
not seem a particularly promising way to increase intelligence, since the agent
can only learn what is present in its society, but this is not the case. First, since
an agent uses its own intelligence to find the solution within some particular con-
fines, it may enhance the solution it is being presented with. This is famously
the case when young language learners regularize constructed languages [3, 33].
Secondly, a communicating culture may well contain more intelligence than any
individual member of it, leading to the notion of cultural evolution and mimet-
ics [20]. Thus although the use of social learning in AI is only beginning to be
explored [e.g. 53], we believe it will be an important capacity of future artificial
agents.

Finally, we have the problem of learning new functional and/or skill modules.
Although there are many PhD theses on this topic [a good recent example is
19], in the taxonomy presented in this paper, most such efforts would fall under
the parameter learning for a single skill module or behavior. Learning full new
representations and algorithms for actions is beyond the current state of the art
for machine learning. Such a system would almost certainly have to be built on
top of a fine-grain distributed representation — essentially it should be an ANN.
However, again, the state of the art in ANN does not allow for the learning and
representation of such complex and diverse modules.
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6 Requirements for a Behavior Learning System

If the current state of the art were not an obstacle, what would a system capable
of all three forms of adaptivity described in the previous section look like? We
think it would require at minimum the elements shown in Figure 3(a). In this
section, we will explain this model.
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(a) Complete Model
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(b) Skill Modules
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(c) Expressed Behavior
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(d) Learning Action Selection

Fig. 3. An architecture for allowing adaptation within skill modules, of new plans,
and of new skill modules. Icons for sensing and action are on the lower left and right
respectively. Dashed lines show the flow of information during an active, attending
system. Dotted lines are pathways for consolidation and learning. The heavy solid line
is the path of expressed behavior; the double line represents the constant perceptual
pathway for environmental alerts. The fine lines indicate references: the system pointed
to references representations in the system pointed from.

Consider first the behavior or skill module system (Figure 3(b)). The repre-
sentation of the CAA skill modules has been split into two functional modules:
the Behavior Long Term Memory (BLTM) and the Perceptual Short Term Mem-
ory (PSTM). The persistent representation of the skill modules’ representations
and algorithms belong in the former, the current perceptual memory in the lat-
ter. There is further a Working Memory (WM) where the representation of the
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behaviors from the BLTM can be modified to current conditions, for example
compensating for tiredness or high wind. In a neurological model, some of these
representations might overlap each other in the same organs, for example in dif-
ferent networks within the neocortex or the cerebellum. As in BBAI, the skill
modules contain both perception and action, though notice the bidirectional
arrows indicating expectation setting for perception.

The full path for expressed action is shown in Figure 3(c). This takes into
account both standard action selection and environment monitoring. Here, with
the learning arcs removed, we can see recommendations flowing from the be-
havior system to action selection (AS). Action selection also takes into account
timing provided by a time accumulator (TA, see below) and recent action se-
lections (decisions) stored in episodic short term memory (ESTM). Expressed
action takes into account current perceptual information in PSTM as well as the
current modulated version of the behaviors in WM.

We have also provided a separate path for basic perceptual reflexes such as
alarm at loud noises or sudden visual looming. The module for recognizing these
effects is labeled SP for Special Perception. In nature this system also has connec-
tions to the cortical system, so that reflexive fear responses can be developed for
complex stimuli, but this capacity is not necessary for a minimal fully-learning
CAA configuration. It is, however, necessary to isolate the fundamental system
from possible modification by the skill module learning system.

To make action selection adaptive (Figure 3(d)) we provide first a time ac-
cumulator (TA) as proposed by Pöppel [48] and Henson [29] and episodic short
term memory (ESTM) as postulated by a large number of researchers (see [41]
for experiments and review.) Episodic long term memory (ELTM) is included
for good measure — as consolidated experience, it might also represent other
forms of semantic memory, or it might actually be homologous with BLTM.

Finally, in keeping with [41, 58], this model assumes that many of the modules
make reference to the state of other modules rather than maintaining complete
descriptions themselves. This is considered an important attribute of any system
which needs to hold a large number of things which are learned very quickly,
because it allows for a relatively small amount of state. Such reference is con-
sidered important in computer science as a means to reduce the probability
of conflicting data sets, and is also a likely feature of evolved systems, where
existing organization is often exploited by a variety of means.

7 Future Directions: From Neuroscience to CAA

Fortunately, we do not expect that implementing such a complex system is nec-
essary for most CAA applications. In general, the adaptive needs of the agent
can be anticipated in advance by the designer, or discovered and implemented
during the process of developing the agent. We do, however, suspect that some
of the systems being discovered and explored in neuroscience may soon become
standard functional modules in CAA, in the same way that action selection and
alarm systems are now. We finish our chapter with some lessons from neuro-
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science which might further CAA, and hopefully therefore indirectly benefit the
ANN community.

We expect that one of the capacities often ascribed to the hindbrain, that
of smoothing behavior, should be broken into a separate module. This allows
modules that create motor plans to operate at a relatively coarse granularity.
It also allows for the combination of influences from multiple modules and the
current situation of the agent without complicating those skill modules. The
only CAA architecture we know that explicitly has such a unit is Ymir [59],
where the Action Scheduler selects the most efficacious way to express messages
given the agent’s current occupations. For example, if the agent has decided
“cognitively” to agree with something, but it is currently engaged in listening
rather than speaking, it may nod its head rather than say “yes” and interrupt
the other speaker. This sort of capacity is also present in a number of new AI
graphics packages which allow for the generation of smooth images from a script
of discrete events [2, 4]. The fact that such work is not yet seen in robotics may
be partially due to the fact that a physical agent can take advantage of physics
and mechanics to do much of its smoothing [11], but as robots attempt more
complex feats such as balancing on two legs, providing for smoothed or balanced
motions may well deserve dedicated modules or models similar to those cited
above.

We also expect that having comprehensive but sparsely represented records
of episodic events will become a standard mechanism. Episodic records are use-
ful for complimenting and simplifying reactive plans by recording state about
previous attempts and actions, thus reducing the chance that an agent may
show inappropriate perseveration or redundancy when trying to solve a prob-
lem. Further, as mentioned previously, episodic memory can be a good source
for consolidating semantic information, such as noticing regularities in the en-
vironment or the agent’s own performance. These records can in turn be used
by specialized learning systems for particular problems, even if a full-blown skill
learning system has not been implemented.

Many researchers are currently working on emotion modules for CAA. We re-
main skeptical of the need for an independent emotion module for two reasons.
First, there is a great deal of evidence that the basic emotions evolved inde-
pendently at different times in our history. This suggests that a single emotion
module might not be appropriate. Second, emotions are intimately involved in
action selection. In fact, Damasio [18] implies that any species-typical behavior
pattern is effectively an emotional response. This suggests that it is impossible
to separate emotions from motivation in action selection.

8 Conclusions

In this chapter we have attempted to further the advance of ANN by unifying
it and neuroscience with another branch of artificial intelligence: complete au-
tonomous agents. We have described both the utility and costs of modularity,
and explained the sorts of mechanisms the CAA field has found necessary to
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work with these systems. We have discussed how these mechanisms relate to
neuroscience, and in turn have suggested how current advances in neuroscience
might further the field of CAA. We have also proposed a complex model for a
modular agent intelligence capable of true mammal-like learning, which would
rely heavily on ANN representations. ANN, with its distributed representations
for machine learning, is the most promising field for developing a system capa-
ble of developing its own representations and algorithms. Unfortunately, to date
such learning is, as far as we know, beyond the state of the art.

Although our future work section focussed on our own area, CAA, we hope
that the advances in this area of AI can also contribute to the advance of neural
networks research. We expect that a modular ANN would require both similar
types of modules and similar interfaces between them as we have described here.
Further, we hope that as the field of CAA advances, it can become as useful a tool
for helping brain scientists think about and model the sorts of representations
and interactions they are attempting to understand.

Acknowledgements. Thanks to Will Lowe for his comments and suggestions.

References

[1] W. F. Asaad, G. Rainer, and E. K. Miller. Task-specific neural activity in the
primate prefrontal cortex. Journal of Neurophysiology, 84:451–459, 2000.

[2] A. Baumberg and D. C. Hogg. Generating spatio-temporal models from examples.
Image and Vision Computing, 14(8):525–532, 1996.

[3] Derek Bickerton. Language & Species. The University of Chicago Press, Chicago,
Illinois, 1987.

[4] Matthew Brand, Nuria Oliver, and Alex Pentland. Coupled hidden markov models
for complex action recognition. In Proceedings of IEEE Conference on Computer
Vision and Pattern Recognition (CVPR97), 1997.

[5] Rodney A. Brooks. A robust layered control system for a mobile robot. IEEE
Journal of Robotics and Automation, RA-2:14–23, April 1986.

[6] Rodney A. Brooks. Intelligence without reason. In Proceedings of the 1991 In-
ternational Joint Conference on Artificial Intelligence, pages 569–595, Sydney,
August 1991.

[7] Joanna Bryson. Cross-paradigm analysis of autonomous agent architecture. Jour-
nal of Experimental and Theoretical Artificial Intelligence, 12(2):165–190, 2000.

[8] Joanna Bryson. Hierarchy and sequence vs. full parallelism in reactive action
selection architectures. In From Animals to Animats 6 (SAB00), pages 147–156,
Cambridge, MA, 2000. MIT Press.

[9] Joanna Bryson. Making modularity work: Combining memory systems and intel-
ligent processes in a dialog agent. In Aaron Sloman, editor, AISB’00 Symposium
on Designing a Functioning Mind, pages 21–30, 2000.

[10] Joanna Bryson. The study of sequential and hierarchical organisation of behaviour
via artificial mechanisms of action selection, 2000. MPhil Thesis, University of
Edinburgh.

[11] Joanna Bryson and Brendan McGonigle. Agent architecture as object oriented
design. In Munindar P. Singh, Anand S. Rao, and Michael J. Wooldridge, edi-
tors, The Fourth International Workshop on Agent Theories, Architectures, and
Languages (ATAL97), pages 15–30, Providence, RI, 1998. Springer.



Modularity and Specialized Learning 111

[12] Joanna Bryson and Lynn Andrea Stein. Architectures and idioms: Making
progress in agent design. In C. Castelfranchi and Y. Lespérance, editors, The
Seventh International Workshop on Agent Theories, Architectures, and Languages
(ATAL2000). Springer, 2000. in press.

[13] Richard W. Byrne and Anne E. Russon. Learning by imitation: a hierarchical
approach. Brain and Behavioral Sciences, 21(5):667–721, 1998.

[14] William H. Calvin. The Cerebral Code. MIT Press, 1996.
[15] Niel R. Carlson. Physiology of Behavior. Allyn and Bacon, Boston, 2000.
[16] David Chapman. Planning for conjunctive goals. Artificial Intelligence, 32:333–

378, 1987.
[17] Michael H. Coen. Building brains for rooms: Designing distributed software agents.

In Proceedings of the Ninth Conference on Innovative Applications of Artificial
Intelligence (IAAI97), Providence, RI, 1997.

[18] Antonio R. Damasio. The Feeling of What Happens: Body and Emotion in the
Making of Consciousness. Harcourt, 1999.

[19] John Demiris. Movement Imitation Mechanisms in Robots and Humans. PhD
thesis, University of Edinburgh, May 1999. Department of Artificial Intelligence.

[20] Daniel Dennett. Darwin’s Dangerous Idea. Penguin, 1995.
[21] Richard E. Fikes, Peter E. Hart, and Nils J. Nilsson. Learning and executing

generalized robot plans. Artificial Intelligence, 3:251–288, 1972.
[22] James Firby. An investigation into reactive planning in complex domains. In

Proceedings of the National Conference on Artificial Intelligence (AAAI), pages
202–207, 1987.

[23] C.R. Gallistel, Ann L. Brown, Susan Carey, Rochel Gelman, and Frank C. Keil.
Lessons from animal learning for the study of cognitive development. In Susan
Carey and Rochel Gelman, editors, The Epigenesis of Mind, pages 3–36. Lawrence
Erlbaum, Hillsdale, NJ, 1991.

[24] M. P. Georgeff and A. L. Lansky. Reactive reasoning and planning. In Proceedings
of the Sixth National Conference on Artificial Intelligence (AAAI-87), pages 677–
682, Seattle, WA, 1987.

[25] Henry Gleitman. Psychology. Norton, 4 edition, 1995.
[26] Stephen Grossberg. How does the cerebral cortex work? learning, attention and

grouping by the laminar circuits of visual cortex. Spatial Vision, 12:163–186, 1999.
[27] Kevin Gurney, Tony J. Prescott, and Peter Redgrave. The basal ganglia viewed

as an action selection device. In The Proceedings of the International Conference
on Artificial Neural Networks, Skovde, Sweden, September 1998.

[28] D.O. Hebb. The Organization of Behavior. John Wiley and Sons, New York, New
York, 1949.

[29] Richard N. A. Henson. Short-term Memory for Serial Order. PhD thesis, Univer-
sity of Cambridge, November 1996. St. John’s College.

[30] Henry Hexmoor, Ian Horswill, and David Kortenkamp. Special issue: Software
architectures for hardware agents. Journal of Experimental & Theoretical Artificial
Intelligence, 9(2/3):147–156, 1997.

[31] Berthald K. P. Horn and Patrick H. Winston. A laboratory environment for
applications oriented vision and manipulation. Technical Report 365, MIT AI
Laboratory, 1976.

[32] George Houghton and Tom Hartley. Parallel models of serial behavior: Lashley
revisited. PSYCHE, 2(25), February 1995.

[33] Simon Kirby. Function, Selection and Innateness: the Emergence of Language
Universals. Oxford University Press, 1999.



112 J. Bryson and L.A. Stein

[34] T. Kobayashi, H. Nishijo, M. Fukuda, J. Bures, and T. Ono. Task-dependent rep-
resentations in rat hippocampal place neurons. JOURNAL OF NEUROPHYSI-
OLOGY, 78(2):597–613, 1997.

[35] David Kortenkamp, R. Peter Bonasso, and Robin Murphy, editors. Artificial Intel-
ligence and Mobile Robots: Case Studies of Successful Robot Systems. MIT Press,
Cambridge, MA, 1998.

[36] John E. Laird and Paul S. Rosenbloom. The evolution of the Soar cognitive archi-
tecture. Technical Report CSE-TR-219-94, Department of EE & CS, University of
Michigan, Ann Arbor, September 1994. also in Mind Matters, Steier and Mitchell,
eds.

[37] M.F. Land. Mechanisms of orientation and pattern recognition by jumping spiders
(salticidae). In R. Wehner, editor, Information Processing in the Visual Systems
of Arthropods, pages 231–247. Springer-Verlag, 1972.

[38] K. S. Lashley. The problem of serial order in behavior. In L. A. Jeffress, editor,
Cerebral mechanisms in behavior. John Wiley & Sons, New York, 1951.

[39] Joseph S. Lonstein and Judith M. Stern. Role of the midbrain periaqueductal
gray in maternal nurturance and aggression: c-fos and electrolytic lesion studies
in lactating rats. Journal of Neuroscience, 17(9):3364–78, May 1 1997.

[40] Chris Malcolm, Tim Smithers, and John Hallam. An emerging paradigm in robot
architecture. In Proceedings of IAS, volume 2, Amsterdam, Netherlands, 1989.

[41] James L. McClelland, Bruce L. McNaughton, and Randall C. O’Reilly. Why there
are complementary learning systems in the hippocampus and neocortex: Insights
from the successes and failures of connectionist models of learning and memory.
Psychological Review, 102(3):419–457, 1995.

[42] Frank A. Middleton and Peter L. Strick. Basal ganglia output and cognition:
evidence from anatomical, behavioral, and clinical studies. Brain and Cognition,
42(2):183–200, 2000.

[43] Jonathon W. Mink. The basal ganglia: focused selection and inhibition of com-
peting motor programs. Progress In Neurobiology, 50(4):381–425, 1996.

[44] Hans P. Moravec. The stanford cart and the CMU rover. In I. J. Cox and G. T.
Wilfong, editors, Autonomous Robot Vehicles, pages 407–419. Springer, 1990.

[45] O. Nestares and David J. Heeger. Robust multiresolution alignment of MRI brain
volumes. Magnetic Resonance in Medicine, 43:705–715, 2000.

[46] Nils Nilsson. Shakey the robot. Technical note 323, SRI International, Menlo
Park, California, April 1984.

[47] Nils Nilsson. Teleo-reactive programs for agent control. Journal of Artificial
Intelligence Research, 1:139–158, 1994.
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Abstract. Visual attention poses a mechanism for the selection of be-
haviourally relevant information from natural scenes which usually con-
tain multiple objects. The aim of the present work is to formulate a
neurodynamical model of selective visual attention based on the “bi-
ased competition hypothesis” and structured in several network modules
which can be related with the different areas of the dorsal and ventral
path of the visual cortex. Spatial and object attention are accomplished
by a multiplicative gain control that emerges dynamically through inter-
cortical mutual biased coupling. We also include in our computational
model the “resolution hypothesis” in order to explain the role of the
neurodynamics control of spatial resolution evidenced in psychophysical
experiments. We propose that V1 neurons have different latencies de-
pending on the spatial frequency to which they respond more sensitively.
In concrete, we pose that V1 neurons sensitive to low spatial frequency
are faster than V1 neurons sensitive to high spatial frequency. In this
sense, a scene is first predominantly analysed at a coarse resolution level
and the dynamics enhances subsequently the resolution at the location
of an object until the object is identified.

1 Introduction

Visual attention can function in two distinct modes: spatial focal attention that
can be visualized as a spotlight that ‘illuminates’ a certain location of visual
space for focused visual analysis; dispersed object attention with which a target
object can be searched in parallel over a large visual space. Duncan [1] proposed
that the two modes of operation are both manifestation of a top-down selection
process. In spatial attention, the selection is focused in the spatial dimension and
spread in feature dimension; while in object attention, the selection is focused in
the feature dimension and spread in the spatial dimension. Experimental obser-
vations in functional imaging [2,3] and single-cell recording [4,5] provide strong
evidences for the biased competition hypothesis whichsuggests that attention
modulates visual processing by enhancing the responses of the neurons repre-
senting the features or location of the attended stimulus and reducing the sup-
pressive interactions of neurons representing nearby distractors. In this work, we
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formulate a neurodynamical system that addresses the issues on how spatial and
object attention mechanisms, presumably mediated by the dorsal visual stream
and the ventral visual stream respectively, can be integrated and function as a
unitary system in visual search and visual recognition tasks. The system is built
upon the biased-competition hypothesis, attentional gain field modulation, and
on interactive processes in visual processing. An important novel idea in this
model is that the dorsal stream and ventral stream interact at multiple points
and levels. The locus of intersection is a function of the scale of analysis. For
example, detailed spatial and feature integration and attentive analysis would
utilize area V1, whereas analysis of larger scale would involve V4. These early
visual computational buffers interact with the dorsal stream and the ventral
stream via the multiple feedforward/feedback inter-cortical loops. These loops,
together with the competitive mechanism within each cortical area, enable the
system to switch from one mode of operation (e.g. spatial attention) to another
(e.g. object attention) depending on the biased input from the prefrontal cortex.

We will consider two important functions of the visual system, namely: ob-
ject recognition and visual search. A phenomenological description of these two
perceptual functions is schematically presented in Figure 1 in the context of a
natural landscape. In the case of object recognition, a particular location in the
natural scene is a priori specified with the aim of identification of the object
which lies at that position. Therefore, object recognition asks for “what” is at
a predefined particular spatial location. In the naive framework of the spotlight
metaphor, one can describe the role of attention in object recognition by imag-
ining that the prespecification of the particular spatial location is realized by
fixing an attentional window or spotlight at that position. The features inside
the fixed attentional window should be now bounded and recognized. On the
contrary, by visual search, one specifies a priori a given target object (i.e. fea-
tures) with the goal of finding if the target object is present in the scene and
at which location. Consequently, visual search asks for “where” is a predefined
bunch of given features. A naive description of visual search in the framework
of the spotlight paradigm considers that during visual search attentional mecha-
nisms shift a window along the entire scene in order to serially search at different
positions for the target object.

Our computational neuroscience approach shows how spatial and object at-
tention mechanisms can be integrated and function as a unitary system in visual
search and visual recognition tasks. The dynamical intra- and intermodular in-
teractions in our cortical model implement attentional top-down feedback mech-
anisms that embody a physiologically plausible system of active vision which
unifies different perceptual functions. In our system, attention is a dynamical
emergent property, rather than a separate mechanism operating independently
of other perceptual and cognitive processes. The dynamical mechanisms that
define our system work across the visual field in parallel but due to the different
latencies show serial or parallel behaviour over the space mode, like it is observed
in visual search. Neither explicit serial scanning with an attentional spotlight nor
saliency maps need to be assumed.

Additionally, psychophysical evidence strongly suggests that selective atten-
tion can enhance the spatial resolution in the input region corresponding to the
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Fig. 1. The role of attentional mechanisms in object recognition and visual search in
a natural scene.

focus of attention. Hence, we include in our computational model a neurody-
namical control of spatial resolution. We propose that V1 neurons have different
latencies depending on the spatial frequency to which they respond more sensi-
tively. In concrete, we pose that V1 neurons sensitive to low spatial frequency are
faster than V1 neurons sensitive to high spatial frequency. In this sense, a scene
is first predominantly analysed at a coarse resolution level and the dynamic en-
hances subsequently the resolution at the location of an object until the object is
identified. We propose and simulate new psychophysical experiments where the
effect of the attentional enhancement of spatial resolution can be demonstrated
by predicting different reaction time profiles in visual search experiments where
the target and distractors are defined at different levels of resolution.

2 Computational Model

We now briefly describe the cortical model of visual attention for object recogni-
tion and visual search based on the biased competitive hypothesis and the corre-
sponding neurodynamical mechanisms [6]. The system is absolutely autonomous
and each of its functionalities is explicitly described in a complete mathematical
framework. The overall systemic representation of the model is shown in the
Figure 2.

The system is essentially composed of three modules structured such that
they resemble the two known main visual path of the mammalian visual cortex.
Information from the retino-geniculo-striate pathway enters the visual cortex
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Fig. 2. A cortical architecture for visual attention.

through area V1 in the occipital lobe and proceeds into two processing streams.
The occipital-temporal stream (the so-called “what” pathway) leads ventrally
through V2, V4 and IT (inferotemporal cortex) and is mainly concerned with
object recognition, independently of position and scaling. The occipito-parietal
stream (the so-called “where” pathway) leads dorsally into PP (posterior parietal
complex) and is concerned with the location and spatial relationships between
objects. The first module (V4) of our system is engaged with the extraction of
features and consists of pools of neurons with Gabor receptive fields tuned to
different positions in the visual field, orientations and spatial frequency resolu-
tions. The “where” pathway is given through the mutual connection with the
second (PP) module that consists of pools codifying the position of the stim-
uli. The connections with the first module origin a top-down biasing attentional
modulation associated with the location of the stimuli. At last, the third module
(IT) of our system is engaged with the recognition of objects and consists of
pools of neurons which are sensitive to the presence of a specific object in the
visual field. The pools in (IT) are synaptically connected with translationally
invariant receptive fields with pools of the first module (V4) such that based on
the Gabor features specific objects are invariantly recognized. The mutual con-
nections between IT and V4 modules represent a top-down biasing attentional
modulation associated with specific objects.

The system operates in two different modes: the learning mode and the recog-
nition mode. During the learning mode the synaptic connection between V4
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and IT are trained by means of Hebbian learning during several presentations
of specific objects at changing random position in the visual field. During the
recognition mode there two possibilities of running the system. First, an object
can be localized in a scene (visual search) by biasing the system with an ex-
ternal top-down component at the IT module which drives the competition in
favour of the pool associated with the specific object to be searched such that
the intermodular attentional modulation V4-IT will enhance the activity of the
pools in V4 associated with the features of the specific object to be searched
and the intermodular attentional modulation V4-PP will drives the competi-
tion in favour of the pool localizing the specific object. Second, an object can
be identified (object recognition) at a specific spatial location by biasing the
system with an external top-down component at the PP module which drives
the competition in favour of the pool associated with the specific location such
that the intermodular attentional modulation V4-PP will favour the pools in
V4 associated with the features of the object at that location and intermodular
attentional modulation V4-IT will favour the pool that recognized the object at
that location. Both external top-down bias are assumed to come from frontal
areas of the cortex that are not explicitly modelled.

Let us now discuss the mathematical formulation of the system. We consider
a pixelized grey-scaled image given by a n × N matrix Γorig

ij . The subindices ij
denote the spatial position of the pixel. Each pixel value is given a grey value
coded in a scale between 0 (black) and 255 (white). The first step in the pre-
processing consists in removing the DC component of the image (i.e. the mean
value of the grey-scaled intensity of the pixels) which is probably done in the
lateral geniculate nucleus (LGN) of the thalamus. The visual representation in
LGN is essentially a contrast invariant pixel representation of the image, i.e.
each neuron encodes the relative brightness value at one location in visual space
referred to the mean value of the image brightness. Feedforward connections to
a layer of V1 neurons perform the extraction of simple features. Theoretical in-
vestigations have suggested that simple cells in the primary visual cortex can
be modelled by 2D-Gabor functions. The 2D-Gabor functions are local spatial
bandpass filters that achieve the theoretical limit for conjoint resolution of spa-
tial and frequency information, i.e. in the 2D-spatial and 2D-Fourier domains.
The Gabor receptive fields have five degrees of freedom given essentially by the
product of an elliptical Gaussian and a complex plane wave. The first two de-
grees of freedom are the 2D-location of the receptive field’s centre, the third is
the size of the receptive field, the fourth is the orientation of the boundaries
separating excitatory and inhibitory regions, and the fifth is the symmetry. This
fifth degree of freedom is given in the standard Gabor transformation by the
real and imaginary part, i.e by the phase of the complex function representing
it, whereas biologically this can be done by combining pairs of neurons with even
or odd receptive fields. Let us consider the experimental neurophysiological con-
straints. There are three constraints fixing the relation between width, height,
orientation and spatial frequency. The first constraint postulates that the aspect
ratio of the elliptical Gaussian envelope is 2:1. The second constraint postulates
that the orientation is aligned with the long axis of the elliptical Gaussian. The
third constraint assumes that the half-amplitude bandwidth of the frequency
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response is about 1 to 1.5 octaves along the optimal orientation. Further, we
assume that the mean is zero in order to have an admissible wavelet basis. A
family of discretized 2D-Gabor wavelets that satisfy the wavelet theory and the
neurophysiological constraints for simple cells as given by [7]

Gkpql(x, y) = a−kΨθl

(
a−k(x − 2p) − a−k(y − 2q)

)

Ψθl
= Ψ (x cos(lθ0) + y sin(lθo), −x sin(lθo) + y cos(lθ0)) (1)

and the mother wavelet is given by

Ψ(x, y) =
1√
2π

e− 1
8 (4x2+y2) ·

[
eiκx − e− κ2

2

]
. (2)

In the above equations θ0 denotes the step size of each angular rotation, l
the index of rotation corresponding to the preferred orientation θl, k denotes the
octave, and pq the position of the receptive field centre. In this form, the receptive
fields at all levels cover the spatial domain in the same way, i.e. by overlapping
always the receptive field in the same fashion. In this work we choose κ = π
that correspond to a spatial frequency bandwidth of one octave. The neurons in
the pools in V1 have receptive fields performing a Gabor wavelet transform. Let
us denote by lV 1

kpql the sensorial input activity to a pool in V1 which is sensitive
to a determined spatial frequency given at octave k, to a preferred orientation
defined by the rotation index l and to stimuli at the centre location specified by
the indices pq. The sensorial input activity to a pool in V1 is therefore defined
by the module of the convolution between the corresponding receptive fields
and the image. Since in our numerical simulations the system needs only to
learn a small number of objects (usually 2-4), in our current implementation, for
simplicity, we temporarily eliminate the V4 module and fully connect V1 and
IT cell assemblies directly together. We implement translation invariance by the
attentional intermodular biasing interaction between pools in the modules V1
and PP. For each V1 neuron, the gain modulation observed decreases as the
actual point where attention is being focused moves away from the centre of the
receptive field in a Gaussian-like form. Consequently, the connections with the
pools in the PP module are specified such that the modulation is Gaussian. Let
us define in the PP module a pool APP

ij for each location ij in the visual field.
The mutual connection (i.e. bilateral) between a pool AV 1

kpql in V1 (or V4) and
a pool APP

ij in PP are therefore defined by

Wpqij = Ae− (i−p)2+(j−q)2

2S2 − B (3)

Let us now define the neurodynamical equations that regulates the evolution
of the whole system. The activity level of the input current in the V1 module is
given by

τ
∂

∂t
AV 1

kpql(t) = −AV 1
kpql(t) + aF (AV 1

kpql(t)) − bF (AI,V 1
k (t)) + IV 1

kpql(t)

IV 1−PP
pq (t) + IV 1−IT

kpql (t) + I0 + ν
(4)
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where the attentional biasing due to the intermodular “where” connections with
the pools in the parietal module PP IV 1−PP

ab is given by

IV 1−PP
pq (t) =

∑
i,j

WpqijF
(
APP

ij (t)
)

(5)

and the attentional biasing due to the intermodular “what” connections with
the pools in the temporal module IT IV 1−IT

kpql is defined by

IV 1−IT
kpql (t) =

∑
c=1

wckpqlF
(
AIT

c (t)
)

(6)

where wckpql is the connection strength between the V1 pool AV 1
kpql and the IT

pool AIT
c corresponding to the coding of an specific object category c. We assume

that the IT module has C pools corresponding to different object categories.
We implement the resolution hypothesis by assuming different latencies τ in
eq. (4) for pools corresponding to different octaves. Higher resolution octaves
have a smaller τ than the ones corresponding lower resolutions. For each spatial
frequency level, a common inhibitory pool is defined. The current activity of the
inhibitory pools obey the following equations:

τP
∂

∂t
AI,V 1

k (t) = −AI,V 1
k (t) + c

∑
p,q,l

F
(
AV 1

kpql(t)
) − dF

(
AI,V 1

k (t)
)

(7)

The current activity of the excitatory pools in the posterior parietal module
PP are given by

τ
∂

∂t
APP

ij (t) = −APP
ij (t) + aF

(
APP

ij (t)
) − bF

(
AI,PP (t)

)
+ IPP−V 1

ij (t) + IPP,A
ij + I0 + ν

(8)
where IPP,A

ij denotes an external attentional object specific top-down bias and
the intermodular attentional biasing IPP−V 1

ij through the connections with the
pools in the module V4 is

IPP−V 1
ij (t) =

∑
k,p,q,l

wpqijF
(
AV 1

kpql(t)
)

(9)

and the activity current of the common PP inhibitory pool evolves according to

τP
∂

∂t
AI,PP (t) = −AI,PP (t) + c

∑
i,j

F
(
APP

ij (t)
) − dF

(
AI,PP (t)

)
(10)

The dynamics of the inferotemporal module IT is given by

τ
∂

∂t
AIT

c (t) = −AIT
c (t)+aF

(
AIT

c (t)
)−bF

(
AI,IT (t)

)
+IIT−V 1

c (t)+IIT,A
c +I0+ν

(11)
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where I − cIT,A denotes an external attentional spatial specific top-down bias
and the intermodular attentional biasing IIT−V 4

c between IT and V1 pools is

IIT−V 1
c (t) =

∑
k,p,q,l

wckpqlF
(
AV 1

kpql(t)
)

(12)

and the activity current of the common PP inhibitory pool evolves according to

τP
∂

∂t
AI,IT (t) = −AI,IT (t) + c

∑
c

F
(
AIT

c (t)
) − dF

(
AI,IT (t)

)
(13)

During a learning phase each object is learned. The external attentional location
specific bias in PP IPP,a

ij is set so that only the pool ij corresponding to the
spatial location where the object to be learned is, receives a positive bias. In
this way the spatial attention defines the localization of the object to be learnt.
The external attentional object specific bias in IT IIT,A

c is similarly set so that
only the pool that will identify the object receives a positive bias. Therefore, we
define in a supervised way the identity of the object. After presentation of a given
stimulus, i.e. an specific object at an specific location, and the corresponding
external bias, the system evolves until convergence. After convergence, the V1-
IT connections wckpql are trained through the following Hebbian rule

wckpql = wckpql + ηF
(
AIT

c (t)
)
F

(
AV 1

kpql(t)
)

(14)

being t large enough (i.e. after convergence) and η the learning coefficient. This
procedure is repeated for all objects at all possible locations until the weights
converge. During the recognition phase there are two possibilities, namely to
search for an specific object (visual search) or to identify an object at a given
spatial location (object recognition). In the case of visual search the stimuli are
presented and the external attentional object specific bias in IT IIT,A

c is set so
that only the pool c corresponding to the category of the object to be searched
receives a positive bias while the external attentional location specific bias in
PP IPP,A

ij is set zero everywhere. The external attentional bias IIT,A
c drives the

competition in the IT module so that the pool corresponding to the searched
object wins. The intermodular attentional modulation between IT and V1 bias
the competition in V1 so that all features detected from the retinal inputs at
different positions that are compatible with the specific object to be searched will
now win. At last, the intermodular attentional bias between V1 and PP drives
the competition in V1 and in PP so that only the spatial location in PP and
the associated V1 pools compatible with the presented stimulus and with the
top-down specific category of the object to be searched will remain active after
convergence, i.e. reading the final state in PP the object is found. In this form,
the final activation state is neurodynamically driven by stimulus, external top-
down bias and intermodular bias, in a fully parallel way. The attention is not a
mechanism involved in the competition but just an emergent effect that support
the dynamical evolution to a state where all constraints are satisfied. In the case
of object recognition, the external attentional bias in PP IPP,A

ij is set so that only
the pool associated with the spatial location where the object to be identified
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is, receives a positive bias, i.e. an spatial region will be “illuminated”. The other
external bias IIT,A

c is zero everywhere. In this case, the dynamic evolve such that
in PP only the pool associated with the top-down biased spatial location will win,
and this drives the competition in V1 such that only the pools corresponding to
features of the stimulus at that location will win biasing the dynamics in IT such
that only the pool identifying the class of the features at that position will remain
active indicating the category of the object at that predefined spatial location.

3 The Neurodynamics of Object Recognition

In this section, we present the simulation results corresponding to the external
biasing of a specific spatial location and the resulting recognition of the object
category at that position. We use for this example the natural scene shown
in Figure 1.The input system processed a pixelized 66 × 66 image (N = 66).
The V1 hypercolumns covered the entire image uniformly. They was distributed
in 33 × 33 locations (P = 33) and each hypercolumn were sensitive to three
spatial frequencies and to eight different orientations (i.e., K = 3 and L =
8). Consequently, the V1 module has pools and three inhibitory pools. The IT
module utilized has two pools and one common inhibitory pool. Finally, the PP
module contains pools corresponding to each possible spatial location, i.e. to each
of the 66×66 pixels, and a common inhibitory pool. Two objects (also shown in
Figure 1) are isolated in order to define two categories to be associated with two
different pools in the IT module. During the learning phase, these two objects
are presented randomly and at random positions in order to achieve translation
invariance responses. The system required 1000000 different presentations for
training the IT pools.

For object recognition, we utilize the system in the recognition mode by
biasing externally only the pools in the PP module that correspond to a specific
position. We choose as specific position the centre of the object 1 (at pixel
coordinates x = 22, Y = 8). To visualize the temporal evolution of the units
in different modules functioning in the two modes, we display the maximum
activities of the cell assemblies in three different cortical areas, i.e. V1, IT and
PP, associated with the target and the distractors respectively. Figure 3 shows
that the maximum activities of target assemblies and the distractor assemblies
in the different modules. The maximal activity associated with the target is
denoted with the subindex T and the maximal activity of the distractor pools
with the subindex D.

The system correctly identifies the object class (i.e. tower or sculpture) at
the respective locations. In an object recognition task, the system functions in a
spatial attention mode. A particular cell assembly at d46 is activated manually
to provide a top-down bias to excite a particular cell assembly responsible for
a spatial location in the PP module. When an image is presented, the spatial
attention will highlight the visual information within its spotlight, enhancing the
signals so that it will pass through the bottle-neck of competitive normalization
to be recognized by the IT module. If it belongs to one of the learnt object
classes, a cell assembly will be activated in IT, corresponding to recognition.
This is precisely what happened in our system.
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In Figure 3, we observe that the pools in the PP module polarizes in this
case much rapid, due to the external spatial bias, and posteriorly drives the
competition in the other modules. After enough time, the IT module competi-
tion signalizes the win of the pool corresponding to the category identifying the
object, i.e. the tower.

The neural pools corresponding to spatial positions in the neighbourhood of
the particular location preselected by the prefrontal area d46 are active whereby
the pools corresponding to other locations are inactive. In area V1, only the
neural pools corresponding to features of the retinal stimulus at the preselected
location remain active after convergence. The intramodular competition in V1
is biased during the dynamical evolution by the top-down feedback connections
coming from PP and IT (and reversely the evolution in IT and PP is influenced
steadily by V1). In the case of object recognition, the rapid polarization of pools
in PP to a particular location serves to modulate the competition in V1 in such
a way that only the “illuminated” features at a particular location will survive
and further influence the processing of object identification in IT. The interareal
interactions which bias the intramodular competition at each different module
are precisely the attentional mechanisms that underlie the process of object
recognition. It is important to remark, that there is no explicit spotlight of
attention in our model, but the parallel and global dynamical evolution of the
entire system converges to a state where a spotlight of attention in PP appears
and is explicitly used, even during its formation, for modulate the information
processing channel for object recognition. The most interesting aspect of our
theory is that the process of object recognition can not be separated in different
processes acting in the ventral or dorsal stream, but is the result of a global
dynamical steadily interaction between all brain areas. Of course each brain
area has a defined functional role, but the global behaviour emerges from the
constant cross-talk between the different modules in the ventral and dorsal visual
paths.

Fig. 3. Dynamical evolution of the system in an object recognition task at a specific
location (the location of the tower).
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4 The Neurodynamics of Visual Search

In this section we analyse the dynamical evolution of the different modules of
our system in the case where a real object has to be found in a natural scene.
During the recognition phase, the natural landscape of Figure 1 is presented as
stimulus and an specific object ((1) tower or (2) sculpture) is selected by setting
the external top-down bias to the IT module so that the corresponding pool as-
sociated with the selected object is positively biased. The results for the search
of object 1 is shown in Figure 4. In the visual search task, the system functions
in a object attention mode. A particular object class’s cell assembly at v46 is
activated manually to provide a top-down bias to the IT module. When an im-
age containing the target object is presented to the ‘retina’, the system evolves
automatically to localize the object in the image. As the dynamical system set-
tles, only a very localized region in PP is activated. The dynamical evolution
observed in Figures 4 shows a more rapid polarization of the competition in the
IT module that after a certain time drives the competition in the V1 and PP
module in favour of the neural pools corresponding to the target object, meaning
that the spatial localization of the searched object was found.

5 The Resolution Hypothesis

We implement the resolution hypothesis by assuming different latencies τ in eq.
(4) for pools corresponding to different octaves. Higher resolution octaves have
a smaller τ than the one corresponding to lower resolution. We simulate visual
search tasks in the context of the global-local paradigm, i.e. by using hierarchical
patterns as target and distractors. As hierarchical patterns we use global letter
shapes constructed with local letter elements. Let us denote as “Xy” an item
corresponding to a global letter “X” composed as local letters “y”. We define
two different types of visual search experiments. The first experiment (VS1)
defines the distractors and the target such that at the global (coarse) level the

Fig. 4. Dynamical evolution of the system in a visual search task (search of the tower).
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Fig. 5. Neurodynamics of visual search of hierarchical patterns.

target can pop-up from the distractors. In this case the target is defined for
example as the pattern Hh and the distractors are patterns Tt or Th. The second
experiment (VS2) defines the distractors and the target such that their global
characteristics are indistinguishable and they only differ at the local level. The
target is defined for example as the pattern Hh and the distractors are patterns
Ht. The reaction time is defined by determining when the level of polarization
of the pools in the PP module reach a certain threshold θ = 0.05. The level
of polarization P is defined as the difference of the maximal activity of pools
corresponding to target and distractors. Figure 5 shows the dynamical evolution
of P for experiments VS1 and VS2 and different number of distractors. When
the resolution hypothesis is implemented, VS1 shows a parallel search instead of
the serial search observed when the different octave latencies in V1 are equalized.
On the contrary, in the case of VS2 always a serial search is observed. This result
explain the neurodynamics underlying the global-local precedence effect in the
active context of a visual search experiment.

6 Conclusions

We formulated a neurodynamical system based on the “biased competition”
hypothesis that consists of interconnected populations of cortical neurons dis-
tributed in different brain modules which can be related with the different areas
of the dorsal or “where” and ventral or “what” path of the primate cortex.
The “where” pathway is reflected through the mutual connection between a fea-
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ture extracting module (V1-V4) and a parietal module (PP) that consists of
pools codifying the position of the stimuli. The “what” path is given through
the mutual connections between the feature extracting module (V1-V4) and an
inferotemporal module (IT) with pools of neurons codifying specific

objects. External attentional top-down bias are defined as inputs coming
from higher modules which are not explicitly modelled Intermodular attentional
biasing is modelled through the coupling between pools of different modules,
which are explicitly modelled. The attention appears not as an emergent effect
that supports the dynamical evolution to a state where all constraints given
by the stimulus and external bias are satisfied. Object recognition and visual
search have been explained in this theoretical framework of a biased competitive
neurodynamics. The top-down bias guide attention to concentrate at a given
spatial location or at given features. The model assumptions are consistent with
the existing experimental single cell recordings and recent functional magnetic
resonance imaging (fMRI) studies. The neural population dynamics are handled
analytically in the framework of the mean-field approximation. Consequently,
the whole process can be expressed as a system of coupled differential equations.
The herein computational perspective provided not only a concrete mathemat-
ical description of all mechanisms involved in the phenomenological and func-
tional view of the problem, but also a model that allows a complete simulation
of psychophysical and neurophysiological experiments. Even more, disruption
of computational blocks corresponding to submechanisms in the model can be
used for simulations that predict impairment in visual information selection in
patients suffering from brain injury.
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Abstract. A general principle of cortical architecture is the bidirec-
tional flow of information along feedforward and feedback connections.
In the feedforward path, converging connections mainly define the fea-
ture detection characteristics of cells. The computational role of feedback
connections, on the contrary, is largely unknown. Based on empirical find-
ings we suggest that top-down feedback projections modulate activity of
target cells in a context dependent manner. The context is represented
by the spatial extension and direction of long-range connections. In this
scheme, bottom-up activity which is consistent in a more global context is
enhanced, inconsistent activity is suppressed. We present two instantia-
tions of this general scheme having complementary functionality, namely
a model of cortico-cortical V1–V2 interactions and a model of recurrent
intracortical V1 interactions. The models both have long-range interac-
tions for the representation of contour shapes and modulating feedback in
common. They differ in their response properties to illusory contours and
corners, and in the details of computing the bipole filter which models
the long-range connections. We demonstrate that the models are capable
of basic processing tasks in vision, such as, e.g., contour enhancement,
noise suppression and corner detection. Also, a variety of perceptual phe-
nomena such as grouping of fragmented shape outline and interpolation
of illusory contours can be explained.

1 Motivation: Functionality and Architecture

How does the brain manage to form invariant representations of the environ-
ment that are relevant for the current behavioral task? The sensory system is
steadily confronted with a massive information flow that arrives via different
channels. In vision, spatio-temporal pattern arrangements that signal coherent
surface arrangements must be somehow reliably detected and grouped into el-
ementary items even in changing situations and under variable environmental
conditions. Such a grouping enables the segregation of figural components from
cluttered background as well as the adaptive focusing of processing capacities,
while suppressing parts of the input activity pattern that are less relevant to
support the behavioral goal or task [14,28]. Grouping and segregation requires
the interaction of several representations and activity distributions generated by
different processing streams. Here we focus on the detection of contour features

S. Wermter et al. (Eds.): Emergent Neural Computational Architectures, LNAI 2036, pp. 127–138, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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such as smooth boundary patterns as well as corner and junction configurations
by adaptive neural mechanisms.

A characteristic feature of cortical architecture is that the majority of visual
cortical areas are linked bidirectionally by feedforward and feedback fiber pro-
jections to form cortico-cortical loops. So far, the precise computational role of
the descending feedback pathways at different processing stages remains largely
unknown. Empirical evidence suggests that top-down projections primarily serve
to modulate the responsiveness of cells at previous stages of the processing hier-
archy (e.g., [20]). We particularly investigated the recurrent interaction of areas
V1 and V2. The results of this investigation suggest a novel interpretation of the
role of contour grouping and subjective contour interpolation at V2 such that
observable effects relate to the task of surface segmentation. This information
is used to evaluate and selectively enhance initial measurements at the earlier
stage of V1 processing of oriented contrasts.

Other architectural principles encountered in cortical architecture are long-
range horizontal connections and intracortical feedback loops [9], among others.
Via horizontal connections cells of like-orientation couple and thus cell responses
are selectively influenced by stimuli outside their classical receptive field (RF).
We propose a simplified model architecture of V1 that incorporates a sequence
of preprocessing stages and a recurrent loop based on long-range interaction.
The results demonstrate that noisy low contrast arrangements can be signif-
icantly enhanced to form elementary items of smooth contour segments which
are precursory for subsequent integration and organization into salient structure.
Beyond the formation of salient contour fragments this scheme of processing is
able to enhance contour responses at corner and junction configurations. These
higher order features have been identified to play a significant role in object
recognition and depth segregation (e.g., [1]).

2 Empirical Findings

The computational models have the following key components:

– feedforward and feedback processing between two areas or layers
– localized receptive fields for oriented contrast processing
– lateral competitive interaction
– lateral horizontal integration

In order to motivate the model design, we summarize recent anatomical and
physiological data on recurrent processing and horizontal long-range interaction
in early visual areas. The summary is accompanied by a review of recent psy-
chophysical data on visual grouping and context effects. A more detailed review
is given in [29].

2.1 Anatomy and Physiology

Wiring schemes of projections. Feedback is a general principle of cortical
architecture and arises at different levels. A coarse distinction can be made
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between cortico-cortical loops (e.g., V1–V2) and intracortical loops (e.g., V1
layer 4→2/3→5→6→4 [2,10]).

The pattern of feedforward projections preferably link patches of similar fea-
ture preference, as shown for orientation selective cells in V1 and V2 [12]. The
pattern of feedback projections show a retinotopic correspondence [3], as sug-
gested for the linking of cells in cytochrome oxidase blobs and bands [27]. How-
ever, the feedback connections diverge from V2 to multiple clusters in V1, which
may reflect the convergence of information flow within V2 [34]. In V1, the in-
tracortical feedback loop connects cells within the same column. Cells within
one column have common receptive field properties, e.g., ocular dominance and
orientation preference [2].—We conclude that the wiring scheme is specific for
contrast orientation and curved shape outline.

Modulatory feedback. Several physiological studies indicate that feedback
projections have a gating or modulating rather than generating effect on cell
activities [19,35,20]. Feedback alone is not sufficient to drive cell responses [36,
19].

Context influences. The response of a target cell to an individual stimulus
element is also modulated by the visual context. V1 cell responses to isolated
optimally oriented bars are reduced if the bar is placed within a field of ran-
domly oriented bars, but enhanced if the bar is accompanied by several coaligned
bars [23]. A texture of bars of the same type has a suppressive effect, which is
maximal for bars of the same orientation and weakest for orthogonal orienta-
tion [24].

Wiring of horizontal long-range connections. The grouping of aligned
contours require a mechanism that links cells of proper orientation over larger
distances. Horizontal long-range connections found in the superficial layers of
V1 and V2 may provide such a mechanism: They span large distances [11] and
selectively link cells with similar feature preference [12,37]. Receptive field sizes
in V2 are substantially larger than in V1 [41].

Response to illusory contours. Contour cells in V2 respond both to oriented
contrasts and to illusory contours [43]. Response is maximal for physical con-
trast [42], but there is also a response to coherent arrangements of two inducers
of an illusory contour. If one inducer is missing, response drops to spontaneous
activity [30]. Unlike V2, cells in macaque V1 do not respond to illusory contours
induced by two flanking bars placed outside their classical receptive field, but
show a response increase to the same configuration if the classical receptive field
is also stimulated [23].

2.2 Psychophysics

Perceptual grouping is a key mechanism to bind coherent items and to form
chunks of surface and object outline. Several studies investigated the dependence
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of target detection on visual context. Spatial arrangements of Gabor patches
within a field of distractors are facilitated by other patches coaligned with the
target patch [6,32]. In another study the context effect of flanking bars on con-
trast threshold for a target bar is investigated [23]. The distance along the axis
of colinearity, orthogonal displacement and deviation in orientation are critical
parameters for the optimal placement of flanking bars.

Grouping mechanisms help to form object boundaries which are precursory
for surface segmentation and figure-ground segregation. Such processes necessi-
tate contour completion over gaps where luminance differences are missing [31].
This completion can be initiated by inducers which are oriented in the direc-
tion of the interpolated contour. Completion occurs in the same direction as the
inducing contrasts as well as orthogonal to line ends [22,33,38].

3 Computational Models

In this section we present the two models of recurrent processing, a model of
cortico-cortical V1–V2 interaction [29] and a model of intracortical V1 interac-
tion [17]. The two models are intended to selectively study different properties
of intracortical and cortico-cortical processing. Both models have distinct and
partly complementary features, and are designed to be integrated eventually
within a single more complex model.

feature evaluation
based on context

input

feature measurement

lower region

higher region higher region

lower region

Fig. 1. Sketch of the general scheme of recurrent interaction (left) and of long-range
interaction (right). Filled arrowheads indicate driving feedforward connections, unfilled
arrowheads indicate modulating feedback connections. In the right sketch, input from
the lower region provided by two cells with similar orientation preference is integrated
by the long-range filter at the higher region. Integrated activity is fed back to modulate
the response of the target cell. Inhibitory influence is generated on neighboring cells
(gray circle). Together with the excitatory mechanism this defines a scheme of recurrent
on-center/off-surround interaction
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Common to both models is the response to oriented contrast and the ba-
sic interaction scheme of two bidirectionally linked regions. The term “region”
refers to cortical areas (cortico-cortical V1–V2 model) or layers (intracortical
V1 model). We propose that for a pair of bidirectionally connected cortical re-
gions the “lower” region serves as a stage of feature measurement and signal
detection. The “higher” region represents expectations about visual structural
entities and context information to be matched against the incoming data carried
by the feedforward pathway (see Fig. q1, left). The matching process generates a
pattern of activation which is propagated backwards via the feedback pathway.
This activation pattern serves as a signature for the degree of match between
the data and possible boundary outlines. The activation is used to selectively
enhance those signal patterns that are consistent with the model expectations.
A gain control mechanism, that is accompanied by competitive interactions in
an on-center/off-surround scheme, realizes a “soft gating” mechanism that selec-
tively filters salient input activations while suppressing spurious and inconsistent
signals. As a result the primary functional role of the feedback pathway realizes
a gain control mechanism driven by top-down model information, or expecta-
tion [14,28,40]. The gain control mechanism enhances only cells which are already
active [20]. In other words, feedback is modulatory, i.e., feedback alone is not suf-
ficient to drive cell responses. The proposed scheme of driving feedforward and
modulating feedback connections is consistent with the no-strong-loops hypoth-
esis by Crick and Koch [4], which only forbids loops of driving connections.

The differences between both models are summarized in Table 1. These differ-
ences are motivated by the different properties of V1 and V2 as reviewed above.
In the remainder of this section we briefly describe the two models, focusing on
the basic computational principles employed. A detailed mathematical descrip-
tion, including parameter settings, can be found in the respective references.

Table 1. Different properties of V1–V2 and V1 model

V1–V2 model V1 model

location of model
long-range connections

V2 V1

response to
• illusory contours yes no
• corners no yes

bipole properties
• RF size ≈ 8 ≈ 3

(multiple of resp. feedforward RF size)
• combination of lobes nonlinear “AND”-gate linear
• feature compatibility circular boundary segments boundary segments of same

orientation only
• subfields on- and off-subfield on-subfield only
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3.1 Cortico-Cortical V1–V2 Interaction

We suggest that a variety of empirical findings about the physiology of cell re-
sponses in different contextual situations and about the psychophysics of contour
grouping and illusory contour perception can be explained within a framework
of basic computational mechanisms. We have realized an instantiation of this
general interaction scheme described above to model the interaction between
primary visual cortical areas V1 and V2. The model information is stored in “cur-
vature templates” which represent shape segments of varying curvature. These
templates are matched against the measurements of local oriented contrast. The
matching is realized in a correlation process that utilizes oriented weighting func-
tions which sample a particular segment of the spatial neighborhood. In order
to combine significantly matching input from spatial locations from either side
along the preferred orientation, a subsequent nonlinear accumulation stage inte-
grates the activities from a colinear pair of lobes (compare [15]). An arrangement
of consistent local contrast measurements activates a corresponding shape model
which is represented in the spatial weights of double-lobed kernels and stands
for model curve segments. This activation in turn enhances the activities of ini-
tial measurements by way of sending excitatory activation via the descending
pathway. The net effect of bidirectional interaction generates a stabilized rep-
resentation of shape in both model areas. A more detailed description of the
mathematical definition of the model can be found in [29].

3.2 Intracortical V1 Interaction

In the model described above we have utilized center-surround feedback inter-
action for localized cells at the stage of model V1. We kept the model as simple
as possible in order to study context effects that are exclusively generated at
the higher cortical stages of model V2 to modulate the localized initial measure-
ments. The effect of lateral oriented long-range interaction even at the stage of
V1 is investigated in a second model described below.

In cortical area V1 layer 2/3, complex cells of like orientation are coupled via
horizontal long-range connections which span two up to three hypercolumns
on each side. We propose a model of V1 processing that incorporates both
lateral horizontal interactions and recurrent intracortical processing. Oriented
long-range interactions are utilized to enhance the significance of responses of
coherent structure. We suggest that at a target cell location contrast activities
from similar oriented cells are integrated via long-range excitatory connections.
Unlike previous approaches, the integrated activation acts as a gain enhancer of
activity that is already present by localized measurement of oriented contrast.
In comparison to the long-range mechanism of the recurrent V1–V2 model, the
bipole filter of long-range interaction is i) linear, adding the inputs of its two
lobes, ii) connects cells of same orientation preference only and iii) is smaller in
size compared to the size of the complex cell RFs in the feedforward stream (see
Tab. 1).

The recurrent interaction at V1 enhances local coherent arrangements while
incoherent noisy measurements is suppressed. In view of the cortico-cortical pro-
cessing scheme described above, we claim that the localized interaction in V1
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alleviates the detection of more global shape outline pattern in V2. By selectively
enhancing coherent activity, this process maximizes the orientation significance
at edges, compared to noisy arrangements of initial complex cell responses. At
corner and junction configurations, significant responses for more than one sin-
gle orientation emerge from the recurrent interaction, forming salient responses
in independent orientation channels. In other words, contours and junctions are
signaled by high orientation variance and high magnitude in individual orienta-
tion channels. This is consistent with recent studies [5], showing that correlated
activities of V1 cells can signal the presence of smooth outline patterns as well
as patterns of orientation discontinuity as they occur at corners and junctions.
Our scheme generates such representations even without the requirement of spe-
cialized connectivity schemes between cells of different orientation preference. A
more detailed description of the mathematical definition of the model can be
found in [17].

4 Results

Simulation results demonstrate that the model predictions are consistent with a
broad range of experimental data. The results further suggest that the different
mechanisms of these models realize several key principles of feature extraction
that are useful in surface segmentation and depth segregation.

The first two figures show results generated by the model of recurrent V1–
V2 interaction. Figure 2 demonstrates the capability of grouping individual bar
items of a fragmented shape into a representation of coherent activity in model
V2. This activation is fed back to further enhance and stabilize those V1 activities
that match the global structure. Figure 3 shows the correct prediction of illusory
contour strength as a function of the ratio between inducer length and total
contour length (Kanizsa figures) and as a function of line density (Varin figures).

Fig. 2. V1–V2 model: Grouping by cortico-cortical feedback processing: Input pattern
of fragmented shape (left), model V1 cell responses after center-surround feedback
processing (middle), model V2 contour cell responses (right). Reprinted with permission
from [29]
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Figure 4 and 5 show results generated by the model of recurrent V1 long-
range interaction. Figure 4 demonstrates the functionality of lateral long-range
interaction for the enhancement of coherent structure. Outline contrasts are de-
tected and subsequently enhanced such that the activities of salient contrast as
well as orientation significance is optimized. Figure 5 shows the results of process-
ing an image of a laboratory scene. Initial complex cell activations generated for
localized high contrast contours are further stabilized. Initially weak activations
in coherent spatial arrangements are enhanced. Spatial locations where high am-
plitude contrast responses exist in multiple orientation channels are marked by
circles. They indicate the presence of higher order structure such as corners and
junctions.
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Fig. 3. V1–V2 model: Predictions for illusory contour strength after grouping (model
V2 cell responses) for Kanizsa figure (top row) and Varin figure (bottom row). In the
Kanizsa figure contour strength is displayed as a function of the ratio between increasing
inducer radius and total length of the illusory contour for four different inducers sizes
(top right). In the Varin figure contour strength is displayed as a function of line density.
For a given radius the number of evenly spaced circular arcs determines the density of
the inducers. Model predictions are shown for four different ratios (bottom right). Both
graphs show model predictions (continuous lines) and psychophysical results (dashed
lines) [39,25]
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Fig. 4. V1 model: Processing of a square pattern with additive high amplitude noise:
Input image (left), initial complex cell responses (middle), result of recurrent processing
utilizing long-range interaction (right)

Fig. 5. V1 model: Enhancement of activity distribution in model V1 and detection of
corner and junction features in a laboratory scene: Luminance distribution of input
image (left), initial complex cell responses (middle), V1 cell responses generated by
long-range interaction and recurrent processing (right). Locations of corners and junc-
tions are marked and indicate positions with significant responses in more that one
orientation channel

5 Summary and Discussion

5.1 Results

We propose a computational scheme for the recurrent interaction between two
cortical regions. In this basic scheme of two interacting regions, the “lower re-
gion” serves as a stage of signal measurement and feature detection, while the
“higher region” evaluates the local features within a broader context and selec-
tively enhances those features of the “lower region” which are consistent within
the context arrangement.

V1–V2 cortico-cortical interaction. The model of V1–V2 cortico-cortical
interaction links physiological and psychophysical findings. The model predicts
the generation of illusory contours both along (Kanizsa figures) and perpendic-
ular to line ends (Varin figures) in accordance with psychophysical results [25]
(see Fig. 3). Further successful predictions (see [29]) include responses to bar
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texture patterns [24,23], to abuting gratings, and to the suppression of figure
contour when placed in a dense texture of similar lines [21].

For the processing of noisy and fragmented shape outline, the model groups
coherent activity and completes contour gaps at the V2 stage (see Fig. 2, right)
and shapes both spatial and orientational tuning of initial responses at the V1
stage.

V1 intracortical interaction. The model of V1 intracortical interaction, like
the V1–V2 model, enhances consistent contours while suppressing noisy, incon-
sistent activity, both in space and orientation domain. Further, at locations of
inherent orientation variability, such as corners or junctions, the relevant orien-
tations remain. Such points of high orientational variance which “survive” the
recurrent consistency evaluation reliably mark corners or junctions. This mecha-
nism for junction detection emerges from the recurrent processing of distributed
contrast representations, thus questioning the need for explicit corner detectors.

5.2 Related Work

Among the first approaches that utilize recurrent processing for contour extrac-
tion is the Boundary Contour System, e.g., [15,13]. A slightly revised version
of the original BCS serves as the basic building block for a model of recurrent
intracortical contour processing at V1 and V2 [16]. A main difference to our
model is that V1 and V2 circuits are homologous and differ only in the size of
the receptive fields, proposing that V2 is basically V1 at larger scale. In contrast,
we propose that V1 and V2 have different and functional roles, such that, e.g.,
cells responding to illusory contours occur in V2 and corner selective cells occur
in V1.

Other models selectively integrate activity from end-stop responses [42,18,7,
8], while we use activity from initial contrast measurement which is sharpened
by feedback modulation.

A model architecture similar as our intracortical V1 model has been proposed
by Li [26] that focuses on the detection of texture boundaries. The models differ
in the feature compatibility used for contour integration: while we integrate
activity between edges of same orientation only, Li uses a contour template of
many orientations forming a smooth contour. Unlike in our model, feedback is
not modulatory in Li’s model.

5.3 Conclusion

We propose a computational framework, suggesting how feedback pathways are
used to modulate responses of earlier stages. We particularly focus on the recur-
rent contour processing in V1 and V2. The models are not intended to generate
biologically realistic responses, rather to elucidate the underlying computational
principles. For the future, we are planning to integrate the two models within
one framework. We claim that the proposed principles are not restricted to V1
and V2 but may be extended to recurrent interactions between other cortical
areas, like V4 or MT.
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9–47. Università degli studi, Triente, 1968.

22. G. Kanizsa. Subjective contours. Sci. Am., 234(4):48–52, 1976.



138 T. Hansen, W. Sepp, and H. Neumann

23. M. K. Kapadia, M. Ito, C. D. Gilbert, and G. Westheimer. Improvement in visual
sensitivity by changes in local context: Parallel studies in human observers and in
V1 of alert monkeys. Neuron, 15:843–856, Oct. 1995.

24. J. J. Knierim and D. C. Van Essen. Neuronal responses to static texture patterns
in area V1 of the alert macaque monkey. J. Neurophys., 67(4):961–980, 1992.

25. G. W. Lesher and E. Mingolla. The role of edges and line-ends in illusory contour
formation. Vision Res., 33(16):2253–2270, 1993.

26. Z. Li. Pre-attentive segmentation in the primary visual cortex. M.I.T. A.I. Lab.,
Memo No. 1640, 1998.

27. M. Livingstone and D. Hubel. Anatomy and physiology of a color system in the
primate visual cortex. J. Neurosci., 4(1):309–356, 1984.

28. D. Mumford. On the computational architecture of the neocortex II: The role of
cortico-cortical loops. Biol. Cybern., 65:241–251, 1991.

29. H. Neumann and W. Sepp. Recurrent V1–V2 interaction in early visual boundary
processing. Biol. Cybern., 81:425–444, 1999.

30. E. Peterhans and R. von der Heydt. Mechanisms of contour perception in monkey
visual cortex. II. Contours bridging gaps. J. Neurosci., 9(5):1749–1763, 1989.

31. E. Peterhans and R. von der Heydt. Subjective contours—bridging the gap between
psychophysics and physiology. TINS, 14(3):112–119, 1991.

32. U. Polat and D. Sagi. The arcitecture of perceptual spatial interactions. Vision
Res., 34:73–78, 1994.

33. K. Prazdny. Illusory contours are not caused by simultaneous brightness contrast.
Percept. Psychophys., 34(4):403–404, 1983.

34. K. Rockland and A. Virga. Terminal arbors of individual ”feedback” axons pro-
jecting from area V2 to V1 in the macaque monkey: A study using immunohis-
tochemistry of anterogradely transported Phaseolus vulgaris-lencoagglunitin. J.
Comp. Neurol., 285:54–72, 1989.

35. P.-A. Salin and J. Bullier. Corticocortical connections in the visual system: Struc-
ture and function. Physiol. Rev., 75(1):107–154, 1995.

36. J. Sandell and P. Schiller. Effect of cooling area 18 on striate cortex cells in the
squirrel monkey. J. Neurophys., 48(1):38 – 48, 1982.
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Abstract. Contours and surfaces are basic qualities which are processed
by the visual system to aid the successful behavior of autonomous beings
within the environment. There is increasing evidence that the two modal-
ities of contours and surfaces are processed in separate, but interacting
visual streams or sub-systems. Neurons at early stages in the visual sys-
tem show strong responses only at locations of high contrast, such as
edges, but only weak responses within homogeneous regions. Thus, for
the processing and representation of surfaces, the visual system has to in-
tegrate sparse local measurements into a dense, coherent representation.
We suggest a mechanism of confidence-based filling-in, where a confi-
dence measure ensures a robust selection of sparse contrast signals. The
new mechanism supports the generation of surface representations which
are invariant against size and shape transformation. The filling-in pro-
cess is controlled by contour or boundary signals which stop the filling-in
of contrast signals at region boundaries. Localized responses to contours
are most often noisy and fragmented. We suggest a recurrent processing
scheme for the extraction of contours that incorporates long-range con-
nections. The recurrent long-range processing enhances coaligned activ-
ity which is consistent within a more global context, while inconsistent
noisy activity is suppressed. The capability of the model is shown for
noisy synthesized and natural stimuli.

1 Introduction

Experimental studies indicate the existence of distinct perceptual subsystems
in human vision, one that is concerned with contour extraction and another
that assigns surface properties to bounded regions. The emerging picture from
the experimental investigations is one in which shape outlines are initially ex-
tracted, followed by the assignment of attributes such as texture, color, lightness,
brightness or transparency to regions [10,38,6,17]. Several perceptual completion
phenomena [35] suggest that, on a functional level, regions inherit local border
contrast information by means of “spreading mechanisms” or “filling-in” [32,7].
The assignment of surface properties would then be dependent on the determi-
nation of stimulus contrast in various feature dimensions, such as luminance,
motion direction and velocity, and depth, that would be used to fill-in bounded
regions.

S. Wermter et al. (Eds.): Emergent Neural Computational Architectures, LNAI 2036, pp. 139–153, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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2 Neural Mechanisms for Representing Surface Features

The problem of deriving a dense representation of surface quality, such as bright-
ness or color, from local estimates, such as luminance or chromatic border con-
trast, is inherently ill-posed: there exists no unique solution nor is the solution
guaranteed to be stable. Such an inverse problem needs to be regularized in
the sense that certain constraints have to be imposed on the space of possible
solutions. The constraint of generating a smooth surface, as formalized by mini-
mizing the first order derivatives, leads to a linear diffusion process with a simple
reaction term [30].

In filling-in theory, feature signals which provide the source term of the filling-
in process are modeled as cells with circular receptive fields (RFs) such as retinal
ganglion cells or LGN cells. In previous filling-in models, such cells are modeled
to exhibit strong responses even to homogeneous regions [8,18]. Physiological
studies however show that retinal ganglion cells respond strongly only at posi-
tions of luminance differences or contrasts [11]. Motivated by these results we use
sparse contrast signals with no response to homogeneous regions. The sparse na-
ture of signals necessitates additional confidence signals for the filling-in process.
Confidence signals indicate the positions of valid contrast response to be taken
as source for the filling-in process. Having established the link between mod-
els of perceptual data for biological vision and the mathematical frameworks of
regularization theory this lead to the proposal of confidence-based filling-in [30].

2.1 Evidence for Neural Filling-in

Filling-in models are based on the assumption of distributed, topographically
organized maps of boundaries and regions [25]. This assumption has been ques-
tioned in favor of a non-topographic or sparse coding of contrasts and bound-
aries using a compact symbolic code or a sparse localized code [37]. Regarding
filling-in, both visual scientists and philosophers have argued against the logical
need for a neural spreading of activity and against a continuous representation
of the brightness profiles (for review, see [35]). It has been suggested that in-
stead of filling-in, the brain could simply assign a symbolic brightness label to
a bounded region or could ignore the absence of direct neural support. In sup-
port of the filling-in hypothesis, there is ample empirical evidence, mostly from
psychophysics, that brightness perception indeed depends on a neural activity
spreading.

Evidence comes from a study where a visual masking paradigm is used to
investigate two issues [32]. First, the role of edge information in determining
the brightness of homogeneous regions, and second the temporal dynamics of
brightness perception. If brightness perception relies on some form of activity
spreading, it should be possible to interrupt this spreading process. In the ex-
periment, a target of a bright disk is followed by a mask (e.g., a smaller circle or
a C-shape), which is presented at variable time intervals. For an interstimulus
interval of about 50–100 ms, the brightness of the central area is highly depen-
dent on the shape of the mask. For example, for a C-shaped mask, a darkening
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of the middle region is observed, with the bright region “protruding” inside the
C. For a circular-shaped mask, an inner dark disk is perceived. Both these re-
sults are consistent with the hypothesis that brightness signals are generated at
the borders of their target stimuli and propagate inward. Furthermore, it has
been demonstrated that for larger stimuli maximal suppression occurs later. This
finding supports the view that filling-in is an active spreading of neural activity,
i.e., a process which takes time.

Recently, a similar masking paradigm has been used to investigate brightness
filling-in within texture patterns [7]. Again the spreading could be blocked by
the mask if the interstimulus interval is in accordance with the propagation rate
required to travel the distance between boundary and mask position. Results
of a study employing Craik-O’Brien-Cornsweet (COC) gratings point in the
same direction: For higher spatial frequencies of the grating (i.e., for smaller
distances) the effect was stronger and persisted to higher temporal frequencies
of COC contrast reversal [9,34].

In summary, these studies are suggestive of active neural filling-in processes
that are initiated at region edges. Using brightness filling-in, the brain generates
a spatially organized representation through a continuous propagation of signals,
a process that takes time [35,30].

2.2 Mathematical Models for Filling-in

To introduce concepts, we consider the task of generating a continuous represen-
tation of surface layout as one of painting or coloring an empty region [26]. The
task thus consists of generating an internal representation of surface properties
from given data. Individual surfaces occur at different sizes and with various
shapes. Therefore, any such mechanism has to be insensitive to such size and
shape variations.

Models of brightness perception were among the first to explore the di-
chotomy of boundary and surface subsystems. Based on stabilized image studies,
it has been proposed that the perception of brightness can be modeled by filling-
in processes. Filling-in models suggest that feature measures are used in the
determination of surface appearance through a process of lateral spreading, or
diffusion [12]. The basic ideas are formalized in a model of complementary bound-
ary and surface systems (Boundary Contour System/Feature Contour System,
BCS/FCS) [8,17]. In a nutshell, BCS/FCS processing occurs as follows: The BCS
extracts boundaries via a hierarchy of processing levels, defining a segmentation
of the initial input image into compartmental boundaries. Within the FCS, these
boundaries control the lateral spreading or diffusion of contrast-sensitive input
signals. This proposal qualitatively accounts for a white variety of brightness
phenomena, including, e.g., simultaneous contrast, brightness assimilation and
the COC effect [18]. An extension of the model accounts for trapezoidal and
triangular Mach bands, low- and high-contrast missing fundamental stimuli and
sinusoidal waves, among others [33].
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Standard Filling-in Equation. The filling-in equation that is used in several
models of early vision [8,18,14,33,16] is equivalent to a linear inhomogeneous dif-
fusion with reaction term [30]. The reaction term consists of contrast-sensitive
input signals K and a passive decay of activity (with rate α). The diffusion
term describes the nearest-neighbor coupling Ni of filling-in activities which is
locally controlled by permeability signals P (inhomogeneous diffusion). Perme-
ability signals are a monotonically decreasing function of boundary or contour
signals, i.e., high contour signals imply low permeability and vice versa. In all,
the discretized equation for filling-in activity U reads

∂tUi = − αUi + Ki

︸ ︷︷ ︸
reaction term

+
∑
j∈Ni

(Uj − Ui) Pij

︸ ︷︷ ︸
diffusion term

, (1)

where ∂t denotes partial differentiation with respect to t. Discrete spatial lo-
cations are denoted by i and j. The nearest neighbor coupling is given by
Ni = {i−1, i+1} for the 1D case and Nij = {(i−1, j), (i+1, j), (j−1, i), (j+1, i)}
for the 2D case.

Confidence-based Filling-in Equation. Previous models of filling-in use a
dense representation of contrast-sensitive feature signals as source for the filling-
in process. Cells at early stages of the visual system, such as retinal ganglion
cells, show strong responses only at luminance discontinuities. Given the sparse-
ness of contrast signals which are zero within homogeneous regions, the visual
system has to compute a dense brightness surface from local contrast estimates.
Such inverse problems are generally ill-posed in the sense of Hadamard [41,36,
2]. This means that the existence and uniqueness of a solution and its continu-
ous dependence on the data cannot be guaranteed since the measurements are
sparse and may be noisy. The solution to the problem has to be regularized such
that proper constraints are imposed on the function space of solutions. Such a
constraint is the smoothness of the solution, for example. Smoothness can be
characterized by minimizing the first order derivatives of the desired solution.
The goal is to minimize both the local differences between the measured data
and the reconstructed function values (data term) and the stabilizing functional
imposed on the function (smoothness term). Minimizing a quadratic functional
finally leads to the discretized version of a new filling-in equation, where an
additional confidence signal Z steers the contribution of the data term [30]:

∂tUi = (−αUi + Ki) Zi +
∑
j∈Ni

(Uj − Ui) Pij . (2)

Note that for constant unit-valued confidence signals Z = 1 confidence-based
filling-in (Eq. 2) is equivalent to standard filling-in (Eq. 1).

Confidence signals are in the range [0; 1]. Zero confidence signals indicate
positions where no data are available, while unit-valued confidence signals oc-
cur at region boundaries and signal positions of reliable contrast measurements.
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Consequently, we suggest that an intermediate representation in the processing
of contour signals, namely complex cell responses C, are involved in the compu-
tation of confidence signals. A candidate mechanism is

Zi = β Ci + ε , (3)

where β is a scaling parameter, and ε is a small tonic input to achieve well-
posedness of the filling-in process. It is suggested that the complex cell interac-
tion incorporates the self-normalizing properties of a shunting interaction [22],
to generate signals in a bounded range such as [0; 1].

For a detailed description of the model equations and the parameters used
the reader is referred to [30].

2.3 Simulation Results

In this section we present simulation result which show that the proposed scheme
of confidence-based filling-in exhibits basic properties which makes it suitable
for the computation of surface properties in early vision. Results are compared
for confidence-based filling-in and the corresponding standard filling-in by set-
ting Z = 1.

First, we demonstrate the independence of the brightness predictions of
confidence-based filling-in on the shape and size of the regions (Fig. 1 and 2).
The mechanism of confidence-based filling-in is then applied to psychophysical
stimuli (Fig. 3). In order to demonstrate the model’s capacity to deal with real
world data, we finally show results of processing real camera images (Fig. 4).

Invariance Properties. The first investigation focuses on the properties of
the filling-in mechanisms and their dependency on the parameter settings and
the size of the region to be filled-in. We start with a simple luminance pattern
that shows a light square on a dark background (Fig. 1). The brightness signals
generated by the standard filling-in mechanism tend to bow depending on the
strength of the permeability coefficient. An increase in the permeability helps

Fig. 1. Generation of brightness appearance for a rectangular test pattern utilizing
mechanisms of standard and confidence-based filling-in. Left to right: Luminance pro-
file, simulation results for standard filling-in and confidence-based filling-in under vari-
ations of the permeability parameter
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Fig. 2. Filled-in brightness signals for shapes of different size but same luminance level.
Signal representations are generated by the filling-in mechanisms using the parameter
settings that achieved proper results for the square test pattern in Fig. 1. Top row, left to
right: Input luminance pattern, brightness signal generated by standard filling-in and
by confidence-based filling-in. Bottom row: Corresponding profiles of the luminance
function and the brightness patterns taken along the 2D picture diagonals (from upper
left to lower right corner)

generating flat signals (Fig. 1, middle). The corresponding brightness patterns
generated by confidence-based filling-in remain invariant against these parameter
changes and are always flat (Fig. 1, right). Next, the same mechanisms have
been applied to another test image that contains shapes of different form and
size but the same luminance level. The results reveal the potential weaknesses
of standard filling-in: Depending on the size or diameter of a pattern, which
is unknown, the brightness signals appear at a different amplitude and show
different amounts of bowing (Fig. 2, middle). With the confidence-based filling-in
mechanism the brightness patterns appear homogeneous and of almost the same
brightness (Fig. 2, right). We conclude that confidence-based filling-in helps to
generate a brightness representation that is largely invariant against shape and
size transformations, thus improving the robustness of filling-in mechanisms.

Psychophysical Data on Brightness Perception. In this section we demon-
strate the ability of confidence-based filling-in to process classical luminance
patterns that have been investigated in brightness perception. We particularly
focus on remote border contrast effects and their creation of brightness differ-
ences. These cases provide examples of the crucial role of edges in determining
the brightness appearance. For example, two regions of equal uniform lumi-
nance separated by a “cusp edge” appear differently bright, the so-called Craik-
O’Brien-Cornsweet (COC) effect. These types of stimuli have been identified



Neural Mechanisms for Representing Surface and Contour Features 145

Fig. 3. Filled-in brightness signals for a standard COC stimulus and a COC grating
(bottom row) made of cusps of opposite contrast polarity. Left to right: Input luminance
pattern with corresponding profile, and the profile of the brightness pattern generated
by confidence-based filling-in

as the most challenging ones for alternative theories of brightness perception,
such as, for example, filter theories. In fact, yet, only filling-in models appear
to properly predict the brightness appearance for COC stimuli and their vari-
ants (compare [4]). The processing of a standard COC stimulus is shown in
Fig. 3 (top row). A COC stimulus consist of a cusp edge, separating two regions
of equal luminance. Both regions seem to be of different brightness, where the
region which is associated with the negative lobe of the cusp is perceived as a
uniformly darker region compared to the right region. Confidence-based filling-in
correctly predicts this effect (Fig. 3, top right), as do previous filling-in models.

A COC grating (Fig. 3, bottom row) consists of a sequence of cusp edges hav-
ing pairwise opposite contrast polarities. This stimulus is perceived as a series
of alternating dark and bright stripes similar to a square wave. The temporal
dynamics of brightness perception in such COC arrangement is consistent with
a filling-in mechanism. Confidence-based filling-in, at equilibrium, correctly pre-
dicts the appearance of the final brightness square wave pattern (Fig. 3, bottom
right).

Real World Application. In order to demonstrate the functional significance
of the proposed mechanism, we show the processing results for a camera image
of a real object. In order to exclude any possible influences from 3D effects, e.g.,
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Fig. 4. Processing the camera images of a flat 3D object acquired from different dis-
tances. The target object of low reflectance is attached on a lighter background surface
and illuminated by a primary light source that generates a visible illumination gradi-
ent. Top: Input intensity image of the object at a larger viewing distance and a profile
section (left pair) together with the corresponding filling-in result and a profile section
(right pair). Bottom: Corresponding input representations and processing results for
the object at a closer viewing distance

by shadowing or variations in surface orientations, we used a card-board that
has been attached to a flat background surface. This intrinsically flat scene was
directly illuminated by a point-like light source at a distance of approximately
2 m. This generates a significant intensity gradient in the original intensity im-
age. The target surface has been imaged from two different distances at about
2 and 1 m, respectively.

Simulation results show that the mechanism of confidence-based filling-in
is capable of generating a representation of homogeneous surface properties
(Fig. 4). The result is independent of the projected region size, thus showing
the property of size invariance. Also the illumination gradient is discounted and
the noise is successfully suppressed.

2.4 Outlook

The proper restoration of reference levels remains a deficit of filling-in functional-
ity. The use of DC-free contrast signals discounts the illuminant, but at the same
time destroys all information about the reference levels of contrast signals. Sev-
eral approaches have been advocated to solve this problem, such as directional
filling-in [1] or an extra luminance channel [18,28], but fail to discriminate, e.g.,
COC stairs from luminance stairs, or are flawed by missing physiological evi-
dence. We suggest that a multi-scale approach [40] together with the localized
coding of luminance information at contrast positions may solve the problem.
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3 Contour Processing

The generation of brightness representations by means of filling-in relies on the
proper computation of contour signals. For the filling-in process, robust, reliable
contour extraction is important, since contour signals are used to determine
permeability signals which control the lateral spreading of activities (cf. Eqns.
1 and 2). Contour signals must not suffer from high amplitude variations to allow
for a stable representation of brightness surfaces. Initial contrast measurements,
however, which define the first processing stage in the computation of contour
signals, are often noisy and fragmented. Therefore, an important task in early
visual processing is to determine the salient or prominent contours out of an
array of noisy, cluttered contrast responses.

How can this task be accomplished? We suggest a computational framework
involving long-range connections, feedback, and recurrent interactions. The task
of contour extraction cannot be solved solely on the basis on the incoming data
alone, but requests for additional constraints and assumptions on the shape of
frequently occurring contours. An important principle of salient contours is that
they obey the Gestalt law of good continuation. It has been suggested that hori-
zontal long-range connections found in the superficial layers of early visual areas
like V1 and V2 provide a neural implementation of the law of good continua-
tion [39]. The assumptions or a priori information such as expressed in the law
of good continuation have to be carefully matched against the incoming data.
We suggest that feedback plays a central role in this matching process by selec-
tively enhancing those feedforward input signal which are consistent with the
assumptions. The interaction between feedforward data and feedback assump-
tions requires certain time steps. In each step the result of the interactions is
recursively fed into the same matching process. Such a process of recurrent inter-
action might be used by the brain to determine the most stable and consistent
representation depending on both the assumptions and the given input data.

Motivated by empirical findings we present a model of recurrent long-range
interaction in the primary visual cortex for contour processing.

3.1 Computational Model

The computational model incorporates feedforward and feedback processing,
lateral competitive interaction and horizontal long-range integration, and local-
ized receptive fields for oriented contrast processing. The model architecture is
defined by a sequence of preprocessing stages and a recurrent loop based on
long-range interaction. The model realizes a simplified architecture of V1 [13]
and is outlined in Fig. 5. The computational role of the proposed circuit is to
enhance the salient contours and to suppress noisy activities. The circuit com-
pensates for variations of amplitude strength and orientation selectivity in the
initial contrast measurements along the contour. This property allows for the
robust computation of closed contours to be used in the filling-in process.

The model uses modulating feedback, i.e., initial bottom-up activity is nec-
essary to generate activity. The model of V1 thus does not allow for the creation
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simple cells long-range combinationLGN cells complex cellsinput image

Cθ Vθ Wθ

Fig. 5. Overview of the model stages together with a sketch of the sample receptive
fields of cells at each stage for 0◦ orientation. For the long-range stage, the spatial
weighting function of the bipole filter is shown

of illusory contours. Illusory contours evoke cell responses in V2 [42] and have
been investigated in a model of V1–V2 interactions [31].

We propose a functional architecture for recurrent processing. In this ar-
chitecture of two interacting regions, let them be cortical layers or areas, each
region has a distinctive purpose. The lower region serves as a stage of feature
measurement and signal detection. The higher region represents expectations
about visual structural entities and context information to be matched against
the incoming data carried by the feedforward pathway [31,21].

In the feedforward path, the initial luminance distribution is processed by
isotropic LGN-cells, orientation-selective simple and complex cells. The inter-
actions in the feedforward path are governed by basic linear equations to keep
the processing in the feedforward path relatively simple and to focus on the
contribution of the recurrent interaction. A more elaborated processing in the
feedforward path would make use of, e.g., nonlinear processing at the level of
LGN cells and simple cells [19,29]. The computation in the feedforward path is
detailed in [20]. In our model, complex cell responses Cθ as output of the feed-
forward path (cf. Fig. 5) provide an initial local estimate of contour strength,
position and orientation which is used as bottom-up input for the recurrent loop.
The recurrent loop has two stages, a combination stage where bottom-up and
top-down inputs are integrated, and a stage of long-range interaction. At the
combination stage, feedforward inputs Cθ and feedback inputs Wθ are added
and subject to shunting interaction

netθ = Cθ + δV Wθ , (4)

∂tVθ = −αV Vθ − βV Vθ netθ + netθ . (5)

The equation is solved at equilibrium, resulting in a normalization of activity

Vθ = βV
netθ

αV + netθ
. (6)

The weighting parameter δV = 2 is chosen so that dimensions of Cθ and Wθ are
approximately equal, the decay parameter αV = 0.2 is chosen small compared
to netθ and βV = 10 scales the activity to be sufficiently large for the subsequent
long-range interaction. For the first iteration step, feedback responses Wθ are set
to Cθ.
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At the long-range stage, the contextual influences on cell responses are mod-
eled. Directional sensitive long-range connections provide the excitatory input.
The inhibitory input is given by undirected interactions in both the spatial
and orientational domain. Long-range connections are modeled by a bipole fil-
ter [17]. The spatial weighting function of the bipole filter is narrowly tuned to
the preferred orientation, reflecting the highly significant anisotropies of long-
range fibers in visual cortex [39,5] (see Fig. 5, top right). The size of the bipole
is about twice the size of the RF of a complex cell.

Essentially, excitatory input is provided by correlation of the feedforward
input with the bipole filter Bθ. A cross-orientation inhibition prevents the in-
tegration of cells responses at positions where orthogonal responses also exists.
The excitatory input is governed by

net+θ =
[
Vθ − Vθ⊥

]+
? Bθ , (7)

where ? denotes spatial correlation and [x]+ = max{x, 0} denotes half-wave
rectification.

The profile of the bipole filter is defined by a directional term Dϕ and a
proximity term generated by an isotropically blurred circle Cr ? Gσ where r = 25,
σ = 3. The detailed equations read

Bθ,α,r,σ(x, y) = Dϕ · Cr ? Gσ (8)

Dϕ =

{
cos(π/2

α ϕ) if ϕ < α

0 otherwise ,
(9)

where ϕ is defined as atan2 (|yθ|, |xθ|) and (xθ, yθ)T denotes the vector (x, y)T ro-
tated by θ. The parameter α = 10◦ defines the opening angle of 2α of the bipole.
The factor π/2

α maps the angle ϕ in the range [−α; α] to the domain [−π/2; π/2]
of the cosine function with positive range.

Responses which are not salient in the sense that nearby cells of similar ori-
entation preference also show strong activity should be diminished. Thus an in-
hibitory term is introduced which samples activity from both orientational g̃σo,θ,
σo = 0.5, and spatial neighborhood Gσsur , σsur = 8,

net−
θ = net+θ ?© g̃σo,θ ? Gσsur , (10)

where ?© denotes correlation in the orientation domain. The orientational
weighting function g̃σo,θ is implemented by a 1D Gaussian gσo

, discretized on
a zero-centered grid of size omax, normalized, and circularly shifted so that the
maximum value is at the position corresponding to θ. The parameterization of
the spatial inhibitory neighborhood results in an effective spatial extension of
about half the size of the bipole filter.

Excitatory and inhibitory term combine through shunting interaction

∂tWθ = −αW Wθ − η− Wθ net−
θ + βW Vθ

(
1 + η+ net+θ

)
. (11)

The equation is solved at equilibrium, resulting in a divisive interaction

Wθ = βW

Vθ

(
1 + η+ net+θ

)
αW + η− net−

θ

. (12)
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where η+ = 5, η− = 2 and βW = 0.001 are scale factors and αW = 0.2 is a decay
parameter. The multiplicative contribution of Vθ ensures that long-range con-
nections have a modulating rather than generating effect on cell activities [23,
24]. The result of the long-range stage is fed back and combined with the feed-
forward complex cell responses, thus closing the recurrent loop. The shunting
interactions ensure a saturation of activities after a few recurrent cycles.

3.2 Simulation Results

In a first simulation a synthetic stimulus of a noisy square is employed. Figure 6
demonstrates the functionality of lateral long-range interaction for the enhance-
ment of coherent structure. Outline contrasts are detected and subsequently
enhanced such that the activities of salient contrast as well as orientation sig-
nificance is optimized. Figure 7 shows the results of processing an image of a
laboratory scene. Initial complex cell activations generated for localized high
contrast contours are further stabilized. Initially weak activations in coherent
spatial arrangements are enhanced. Spatial locations where high amplitude con-
trast responses exist in multiple orientation channels indicate the presence of
corners and junctions. The results demonstrate that noisy low contrast arrange-
ments can be significantly enhanced to form elementary items of smooth contour
segments. Beyond the enhancement of coherent contours, the proposed scheme is
able to enhance contour responses at corner and junction configurations. These
higher order features play a significant role in object recognition and depth seg-
regation (e.g., [3]).

4 Summary

We have presented a computational framework for the processing of discontinu-
ities and homogeneous surface properties.

Fig. 6. Processing of a square pattern with additive high amplitude noise. Left to right:
Input image and close-up of the upper left corner (white square inset in the input image)
for complex cell responses and long-range responses. In the close-ups, three important
properties of the long-range interaction can be seen: i) enhancement of the orientation
coaligned to the contour, ii) suppression of noisy activity in the background, and iii)
preservation of the significant orientations at corners



Neural Mechanisms for Representing Surface and Contour Features 151

Fig. 7. Enhancement of activity distribution and detection of corner and junction
features in a laboratory scene. Left to right: Input image, complex cell responses, and
long-range responses. Locations of corners and junctions are marked with circles and
indicate positions with significant responses in more than one orientation channel. At
the complex cell stage, many false responses are detected due to noisy variations of the
initial orientation measurement. Such variations have been reduced at the long-range
stage, and only the positions of significant variations at corners are signaled

Surface properties such as brightness can be computed from sparse contrast
data. Confidence signals are used to discriminate positions of reliable measure-
ments of contrast data from positions where no data is available. The sug-
gested mechanism of confidence-based filling-in allows to generate a size invariant
brightness representation even on the basis of sparse input data. Furthermore,
perceptual phenomena and real world applications are successfully processed.

For the filling-in process, the proper extraction of contours is important.
For the processing of discontinuities such as contours and junctions, we have
suggested a framework of recurrent interaction, using feature integration by
long-range connections to evaluate feedforward signals within a broader context.
Modulating feedback then selectively enhances those features which fit into the
context. The suggested circuit of long-range interactions is an instantiation in
the domain of early vision of this general scheme. We show that a single circuit
is sufficient to solve basic tasks in early vision, such as contour enhancement,
noise suppression and corner enhancement.

While the importance of contour signals for various tasks, such as object
recognition, is generally acknowledged, the need for an explicit and intrinsically
redundant representation of extended brightness regions is subject to intense
debate. Whether such a representation is crucially involved in conscious human
brightness perception or is helpful for behavioral tasks such as grasping or object
recognition of occluded objects [15,27] is a challenging question to be answered by
future research. Models of surface completion are helpful by integrating empirical
results into a precise computational and algorithmic description.
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Abstract. Construction of large scale simulations of neuronal circuits is
often limited by the intractability of implementing numerical solutions of
large numbers of differential equations describing the neuronal elements
of the circuit. To make modelling more tractable, simplified models are
often used. The relationship between these simplified models and real
neuronal circuits is often only qualitative. We demonstrate differential ge-
ometric techniques that allow the formal construction of neuronal models
in terms of their minimal realisation. A minimal model can be described
in terms of a rational series with an associated formal language.These
techniques preserve the fundamental behavior of the system. A Lie alge-
bra approach is used to produce approximations of arbitrary order and
of minimal dimension. It is shown that the dimension of the minimal
representation of a neuronal model is determined by the order of ap-
proximation and not the number of states in the original description. A
bilinear realisation of Hodgkin Huxley models shows that in the critical
region of behaviour below the threshold for firing an action potential,
the system should not be described as a leaky, linear, integrator, but as
a non-linear integrator.

1 Introduction

Following an elegant series of observations, Hodgkin and Huxley described the
flow of current across the squid axon membrane in terms of an equivalent electri-
cal circuit. This circuit was also describable as a set of four non-linear differential
equations [6]. These equations described the net current flow across the mem-
brane and the rate of change of state variables that governed the flow of current
through two ion selective channels. Since then many ion selective channels have
been identified and characterised. When these channels are included in realistic
neuronal models with many regions of active membrane then a large number
of non-linear differential equations are required for the model formulation. The
only practical way to explore the behaviour of such models is through extensive
numerical simulation. A further difficulty in examining the input-output char-
acteristics of a neurone is that many different combinations of the parameters
of the Hodgkin-Huxley equation produce similar qualitative behaviour[1][4].
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A tractable way of producing large scale models which are amenable to for-
mal analysis as well as easing the needs on computer resources is to use simpli-
fications of the Hodgkin-Huxley model. The simplest models treat the neurone
as a linear, leaky integrator that fires an action potential when the membrane
voltage passes a threshold. More sophisticated models use a wide range of poly-
nomial differential representations which have similar qualitative behaviour to
the Hodgkin-Huxley model (e.g. the Fitzhugh-Nagumo based models). However
comparison with real neuronal behaviour is difficult and requires the exami-
nation of the invariant defining features of a system. These features are the
coefficients or kernels that describe the local analytic solutions of the system. As
with many systems of non-linear differential equations the analytic solutions of
Hodgkin-Huxley equations are not found to have a simple closed form.

This paper is concerned with formal methods of finding the minimal realisa-
tion of Hodgkin-Huxley type models. It is shown that by examining the Lie series
solutions of the neuronal model, a basis set can be identified, with an associated
Lie algebra, which can be used to produce a minimal dimension realisation. A
bilinear approximation of the Hodgkin-Huxley model is also realised. Although
this representation is not necessarily minimal, it can be used to visualise the
input-output defining Volterra kernels. It is shown that the Hodgkin-Huxley
system of equations contain a large second order nonlinearity which means that
this neuronal model is not simply a linear, leaky integrator.

2 An Alternative Form of the Hodgkin-Huxley Equations

The standard form of the Hodgkin-Huxley equations is

− Cv̇ = ḡL(v − vL) + ḡKn4(v − vK) + ḡNam3h(v − vNa) + u (1)
ṅ = αn(1 − n) − βn (2)
ṁ = αm(1 − m) − βmm (3)
ḣ = αh(1 − h) − βhh (4)
y = v (5)

where v is the voltage across the membrane of capacity C, n, m, h are
state variable which determine the probability of ionic channels being open or
closed. vL, vK , vNa are the reversal potentials of the leakage, potassium and
sodium channels respectively. The maximal conductances of these channels are
gL, gK , gNa. αi and βi are the forward and backward rate constants of the first
order kinetics of the state variables n, m, h, In the original description it was
empirically assumed that these rate constants were non-linear functions of the
voltage v. An input current to the equivalent circuit enters linearly as u.

In most physiological situations there are many more currents than just the
leakage, potassium and sodium channels proposed by Hodgkin and Huxley. In
these cases the equivalent circuits require many more differential equation to
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model the system if it is assumed that the current flow has to satisfy the condi-
tions of independence.

However many channels are included, the general form of the Hodgkin-Huxley
equations are linear analytic such that the individual state equations can be
represented as

ẋi = fi(X) + giui

and the output
y(t) = h(X) (6)

where x is a state variable of the original system (either v, n, m, h in the original
Hodgkin-Huxley equations), f and h are analytic functions of the vector X of
the states xi and gi are constants such that in the original equations only g1 was
non-zero.

The advantage of making the equations more abstract is that they can also
be described in a coordinate free manner using a Lie derivative operator such
that

Ẋ = A0(X) + A1(X)u (7)

where A0 and A1 are the Lie derivatives

A0 =
m∑

i=1

fi(X)
∂

∂xi

A1 =
m∑

i=1

gi(X)
∂

∂xi

where m is the number of states.
If the Lie operators are applied to the original vector of states X then the

original Hodgkin-Huxley equations are retrieved. These operators can be used
to produce a local functional expansion of the relationship between the output
and the past history of the input, where the invariant features of the model
are clearly shown. This functional form can then be used to find the minimal
representation.

3 Generating Series Solutions

The Generating series solution of equations 6 and 7 is formed by Peano-Baker
iteration. It has been shown to be [3]

y(t) = S = h|X0 +
∑
v≥0

Aj1Aji
. . . Ajv

(h)|X0zjv
. . . zji

zj1

where S is the mapping between the free monoid Z∗ constructed from the
alphabet z0, z1 into < and the subscript |X0 means evaluated at the initial
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conditions of the state vector x. Each word z1zi . . . zv corresponds to the iterated
integral

∫ t

0
u1(τ1)

∫ τ1

0
ui(τi) . . .

∫ τv−1

0
uv(τv)dτv . . . dτidτ1

defined recursively on its length, (u0 is defined to be unity). The coefficient
of the word z1zi . . . zv is the iterated Lie derivative Av . . . AiA1 operating on the
output function h.

Two systems are locally equivalent, in state space and in time, if and only
if their Generating series match. The Fliess generating series has a closed re-
lationship with the popular Volterra series form of describing the input-output
behaviour of a non-linear dynamic system. For the Hodgkin-Huxley equations
the local analytic solutions, could, in principle, be found by using the Fliess or
Volterra series forms of the input-output behaviour. Inspection rapidly shows
that this is, in general, not a straightforward practical possibility. Except in
very specific situations the solutions, i.e. the series, are infinite and no closed
form can be easily found. This is because the successive use of the Lie derivative
operators for either the coefficients of the Fliess series or the Volterra kernels
results in a combinatorial explosion of terms. As the original formulation of the
Hodgkin-Huxley equations was empirical and designed to approximate real be-
haviour, an argument can be made that approximate solutions may be used to
examine the invariant features at different degrees of approximation from linear
up to an arbitrary choice of degree of approximation.

4 Minimal Realisations

Truncation of the Generating series produces an approximation of the local
input-output behaviour of the neuronal model. It is formally equivalent to the
specification of the Runge-Kutta method of integration of the model if the in-
put is piecewise constant. The truncated Generating series of arbitrary order k
can be expressed in terms of its Lie-Hankel matrix [7]. A Lie-Hankel matrix of
a Generating series is an array whose rows are indexed by a basis of the Lie
algebra of Z and the columns are indexed by the components of the monoid Z∗.
If this matrix if of finite rank then a minimal realisation exists and its rank then
governs the dimension of the realisation[2]. The Lyndon basis of the Lie alge-
bra of Z is chosen[9]. The Lie Hankel matrix of the Hodgkin-Huxley Generating
series truncated at order two is

ε z0 z1

z0 A0(h) A2
0(h) A1A0(h)

z1 A1(h) 0 0
[z0, z1] A1A0(h) 0 0

and its rank is maximally three. Similar analyses can be made for high order
truncations. Table 1 shows the rank of the Lie-Hankel matrix for the Hodgkin-
Huxley equations at different orders of truncation.
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Table 1.

Order of truncation Rank
1 1
2 3
3 5
4 8

The rank and therefore the dimension of the minimal realisation is not deter-
mined by the number of states (ion channels and compartments) or the Hodgkin-
Huxley model but just by the order of truncation.

5 Construction of the Minimal Realisation

The co-ordinates of the minimal realisation can be chosen as the Lyndon words
that make up the Lie polynomials that indexed the rows of the Lie-Hankel ma-
trix. This candidate basis set can then be used to reconstruct the Generating
series using an algorithm proposed by Jacob & Oussous [7]. The algorithm iter-
atively searches for and identifies proper left factors of the truncated series. The
minimal realisation of the 2nd order truncation of the Hodgkin-Huxley equation
is

q̇1 = 1
q̇2 = u

q̇3 = q1u

y = −A1A0(h)q3 +
1
2
A2

0(h)q2
2 + A1A0(h)q1q2 + A1(h)q2 + A0(h)q1

Higher order realisations have polynomial state equations.

6 Volterra Series Solutions

An alternative method for finding an approximate Generating series for
the Hodgkin-Huxley equations is to approximate the system by a bilinear
representation[8]. This form also has a finite rank Lie algebra which can be
used to reconstruct the approximating infinite series upto Volterra order k.This
approximation then consists of words from the free monoid that contain up to
k instances of z1 whose coefficients match those of the original Hodgkin-Huxley
Generating series. The Generating series of such approximations differ from those
studied in section 4. The minimal forms studied there match the Hodgkin-Huxley
Generating series upto a given length of the series but do not necessarily have
identical Volterra kernels up to a particular order. Bilinear approximations can



Representations of Neuronal Models Using Minimal and Bilinear Realisations 159

be constructed to produce the correct Volterra kernel up to order k. Several
algorithms exist for finding this representation but they are not necessarily min-
imal. Figure1 shows the second order Volterra kernel for the Hodgkin-Huxley
equations just below the threshold for an action potential. It should be noted
that there is a second order kernel and therefore the Hodgkin-Huxley equations
cannot be replaced, below threshold, by a simple leaky, linear, integrator.

0

5

10

15

20 0

5

10

15

20

−0.02

−0.01

0

0.01

0.02

0.03

delay t2 msdelay t1 ms

Fig. 1. 2nd Order kernel at 0mV - just before an Action Potential

7 Discussion

The formal links between minimal realisations and the Hodgkin-Huxley model of
neurones have been introduced. The major conclusion is that minimal approxi-
mations can be constructed whose dimension is independent of the original model
formulation. These approximations can be used to find the analytic solutions of
the Hodgkin-Huxley equations up to an arbitrary order. Bilinear representations
can be exploited to easily find the Volterra series solutions and demonstrate that
a large second order non-linearity is present just below the threshold for firing
an action potential. The two representations, the minimal realisations or bilin-
ear approximants, are closely related and may allow the construction of modular
forms of neuronal model and allow more extensive investigation of the behaviour
of real neural circuits.
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Abstract. The goal of this chapter is to propose a candidate for con-
sideration as a building block of cortical computation. The candidate
in question is the collaborative cell assembly (CCA), and I will make
the case in the rest of this chapter that the concept provides a unifying
framework for accounting for the mechanisms of perceptual ”binding” in
the sensory areas of the brain, as well as providing a mechanism for the
incremental construction of cognitive and language systems from simpler
components.

1 Computational Building Blocks

If one looks at how the brain processes sensory information or controls motor
activity, one is struck by a surprising design feature. Rather than there being
a single brain region involved in, say, object perception, a number of regions
collaborate, contributing a specialization to the achievement of the overall per-
ceptual goal. The cortex appears to function as a collection of collaborating
specialists, none of which can solve the problem alone, but can only do so when
each works together. Another feature of this pattern of specialization and mod-
ularity is a phenomenon of complementarity apparent in the organization of,
for example, sensory processing streams. Grossberg (in press) has argued that
pairs of complementary processing streams should be considered the basic cor-
tical functional unit. A frequently cited example of complementarity in vision is
the division of processing between the so–called ”what” and ”where” pathways.
Ungerleider and Mishkin (1982) have proposed that the two major output fiber
tracts from the occipital lobe, the inferior and superior longitudinal fasciculi,
are responsible for carrying information about the object identity and object
location, respectively. The inferior fasciculus travels into the temporal lobe, the
superior fasciculus into the posterior parietal region. Notwithstanding their sep-
arate trajectories, these pathways communicate extensively. Consequently it is
a good example of what Grossberg (in press) has identified as a complementary
pair of collaborative processing streams, with information from both streams
required to provide a coherent percept.
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At first glance, it may seem an inefficient way of constructing a perceiving–
acting system by fragmenting its operations along lines that often seem counter-
intuitive, and more importantly which apparently give rise to the computational
cost of integration further downstream. Of course, part of the counterintuitive
quality arises from the fact that we are conscious of the unity of our perceptual
experience of the world. It therefore seems anomalous that different brain re-
gions should be responsible for what appear to be intimately integrated aspects
of a percept (e.g., its color and form, in the case of vision). There is then the
further apparent challenge of integrating and coordinating the disparate outputs
from each of the specialist modules in order for the system to mount a coherent
response to a specific perceptual event. As I will argue later, the challenge may
be more apparent than real.

1.1 Cortical and Software Engineering

Some informative analogies can be made between cortical ”design” and ap-
proaches to the construction of large–scale and complex software systems. In the
last decade, with the demand for increasingly complex operating system and ap-
plication software, a monolithic approach to software development has no longer
proved feasible. The dominant approach to software engineering is now object–
oriented (OO) design and implementation. The advantage of object–oriented de-
sign is that it encourages the modularization and encapsulation of functionality,
with communication between modules being limited to messages in a mutually
agreed format. Flow of control in an object–oriented program is not centralized,
but distributed throughout the objects or modules comprising the system. A
key attraction of an object–oriented approach is that it facilitates, more readily
than earlier approaches, the addition of new functionality, without the need to
re–engineer the entire system. It also facilitates the re–use of already existing
functionality for new purposes. It should be emphasized that re–use does not in-
evitably follow from an OO design, rather re–usability requires as a foundation
the modularity that an OO approach provides. The price paid for the benefits of
OO is the need for an agreed interface between objects or modules. Furthermore,
if re–use is to be facilitated, this interface needs to be kept as simple as possible.

How does all of this relate to cortical design? In the domain of complex sys-
tem design, be it cortical engineering or software engineering, several common
constraints are at work: the need to manage the complexity of the problem,
coordination of the elements of the solution, the need for incremental modifica-
tion. In both the software and cortical cases, I will argue, complexity has been
managed by decomposition of the task into smaller components. Coordination
of these components has been achieved by means of a common interface, and
incremental modification by keeping the interface as simple as possible. In the
biological context, the issue of decomposition is uncontroversial. However, what
I mean by a ”common interface” will be the focus of a substantial part of this
chapter.
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1.2 Evolutionary Constraints

A number of additional factors constrain the space of possible solutions to de-
signing an organism with a large peceptuo–motor repertoire. The first is that
it must be constructed by the incremental tinkering of an evolutionary process
driven by natural selection. An incremental approach to system construction will
inevitably tend to favor the addition of small specialists modules rather than a
re–engineering of the entire system. As Simon (1969) has pointed out, complex
wholes will tend to be developed incrementally over evolutionary time. This is
because, within an evolutionary context, the progression from simple to complex
must entail viable intermediate stages.

Another, and not unrelated factor is that the hardware upon which any ad-
ditional functionality is built also acts as a source of constraint. Kaas (1987) has
shown that as the neocortex enlarges, there is a natural tendency for regions to
form, with a high–degree of local inter–connectivity within a region, and lim-
ited inter–regional connectivity via reciprocal cortico–cortical projections. This
phenomenon of regionalization arises from structural constraints imposed by the
two–dimensional nature of the cortical sheet, and the physical limits on cortical
connectivity. Although there is still considerable debate about the role played by
neocortical size in human cognitive capacity (Passingham, 1982), some neurosci-
entists now argue that human brain size is only marginally larger than that for
a primate scaled–up to human proportions (Roth, 2000). The uniqueness of the
human brain does not rely so much on quantities of neurons, but rather on the
increased structural complexity based on the formation and acquisition of addi-
tional cortical modules, specialized for a variety of evolutionarily advantageous
task.

There are, however, dangers in seeing the human brain as simply a scaled–up
primate brain, which in turn is a scaled–up mammalian. The view of evolution
as a ladder leading inexorably to a human pinnacle has long been abandoned
by evolutionary biologists, but seems still to have an inescapable hold on neu-
roscientists (Preuss, 1993). Contemporary evolutionary biologists prefer to use
a tree–metaphor when describing the progress of evolution. Branches of the tree
represent divergences from a common branch, leading to species–specific spe-
cializations. Therefore, while acknowledging that increased cortical complexity
is an important part of the story, a more interesting and more challenging ques-
tion is the nature of the species–specific specializations that took advantage of
neocortical enlargement and that led us down the hominid branch of the tree.

An additional aspect of evolution which should not be ignored, and to which
Clark (1997) very eloquently alerts us, is that it will often blur the boundary
between the individual and the environment. The solutions it arrives at are very
often distributed, not only across individuals, but also seamlessly across the in-
dividual and the environment. While this may seem self–evident to evolutionary
biologists, it is still seen as somewhat radical in the cognitive sciences. For ex-
ample, recent research in the area referred to as ”interactive” vision emphasizes
the need to take account of the informational content intrinsic in he variation
and stability of the environment, and the fact that vision is just one element
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in the perception–action behavioral loop (Churchland, Sejnowski, & Ramachan-
dran, 1997; O’Regan & Noe, in press; Ballard, Hayhoe, & Pook, 1998). Much of
this work harks back to Gibson’s pioneering theory of ecological optics (Gibson,
1966), but has been given a fresh impetus by attempts to build artificial vision
systems. What it tells us is that adaptation is pervasive and unpredictable in the
configuration of environment and organism that gets exploited to gain leverage
in the competition for survival.

1.3 Towards a Computational Building Block

So where does that leave us in our quest for a cortical computational building
block? Well, one element of the story must be the easy ability to put together
and interface different specialized modules – the common interface mentioned
earlier.

When I first read about the architecture of the human visual system as an
undergraduate, I was impressed by the computational complexity that I thought
must be involved to bind together the different sets of feature detectors active in
different regions of the visual area. Only latterly, did it occur to me that perhaps,
the so–called ”binding” problem, is not really a problem at all, but something
that is supported by an intrinsic property of the way the cortex computes. It is
something so intrinsic, that evolution has exploited it on many occasions. Take
for example the evolution of color vision in primates. It turns out that primates
are in a minority among mammals in having color vision. The rodent–like an-
cestor of mammals, which emerged during dinosaur period, was of necessity a
nocturnal creature. It took advantage of the nocturnal niche left by the dinosaurs
who had poorer control of their body temperatures and were consequently re-
stricted in their nighttime activities. As a nocturnal creature, there was a greater
requirement for rods than cones in their visual system, consequently monochro-
matic vision was favored by evolution in this context. When the dominance of
the dinosaurs waned, the daytime niches became occupied by these early mam-
mals. Nonetheless, it appeared that only in certain of these new environments
was color vision an advantage; one of these being he arboreal environment of
early primates.

What this story of the re–emergence of color vision in mammals tells us is
that the facility for adding new modules to the sensory system, and integrating
their outputs to complement the output from other modules, is one that is
supported by some intrinsic features of cortical computation. In the next section
I will discuss what this computational support might be.

2 Collaborative Cell Assemblies

There is general agreement that some form of population coding involving an
ensemble of neurons, along the lines first proposed by Hebb (1948), is implicated
in cortical representation of sensory and motor patterns.
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2.1 Representation

Before proceeding, however, it is important to clarify what I mean by the vexed
term ”representation.” According to Haugeland (1991), a system that uses in-
ternal (in our case, cortical) representations must: (a) be able to map unreliable
environmental inputs onto relevant representations; (b) use these representations
to ”stand in” for entities in the environment; and (c) manipulate the representa-
tions within a larger, systematic, framework. The main source of disagreement
among cognitive scientists centers on criterion (c), though there have been one
or two well–articulated proposals arguing against the need for representations of
the ”standing–in” variety altogether (e.g., Brooks, 1991).

For those committed to the concept of some form of representation, it is
possible to identify two extremes: at one end, there are those who argue for
representations with properties of context independence and compositionality of
the type associated with formal linguistic and logical representations (Chom-
sky, 1986; Fodor & Pylyshyn, 1988; Hadley, 1999). The newer and more radical
view is that the brain is ultimately a dynamical system, and that ”classical”
representations of the type just described are an entirely inadequate framework
within which to view its operation (Kelso, 1997; Port & vanGelder, 1995). Ac-
cording to these dynamicists, the differential rather than the predicate calculus
is a more appropriate tool for describing brain function. One finds, however, that
the two opposing camps often draw on different psychological and developmen-
tal phenomena to support their respective cases. The classicists tend to focus on
language and language–related reasoning tasks, whereas the dynamicists tend to
emphasize action–related activities in ecologically realistic contexts. The view
taken here will follow that of Clark (1997) in arguing that there is a role for
representation, not necessarily of the punctate compositional variety favored by
the classicists. These representations can be function specific, and particularly
come into play for what Clark has called ”representation–hungry” problems. In
other cases, more dynamical approaches to solving the problem can be used. To
paraphrase Clark (1997), we should (a) beware of putting too much into the
head – the brain, body and the environment are all candidates for providing
problem–solving support, and (b) beware of rigid assumptions about the nature
of internal representations – they can be, as the need arises, special purpose,
action related, or even classical.

There are a number of potential pitfalls in discussing representation in the
brain. Implicit in many theories of neural representation is the notion of a given
representation, or type of representation, being located or contained in some
specific brain region. This is partly motivated by evidence from lesions, which
suggest that localized damage to areas of the cortex (e.g., Broca’s) has clearly
defined behavioral consequences. However, there is a danger in going from these
lesion studies to the position that the relevant brain region ”contains” the rep-
resentations relevant to a particular behavior. A more plausible account, and
one in keeping with a more detailed analysis of the lesion evidence, has been
proposed by Damasio and Damasio (1994) in their theory of convergence zones.
They argue that complementing the observed parcellation of function is an in-
terdependency of representation. Within their view, representations in the brain
are dispositional; that is, regions of the brain implicated in a concept comprise
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its representation. Retrieval of information involves a process of reconstruction
through the activation of these interconnected and distributed representations.
Convergence zones serve to tie many of these distributed components together.
As Damasio et al. put it:

The essence of this framework, then, comprises reconstruction of entities
and scenes from component parts and integration of component parts by time
correlations. The requisite reactivation is mediated by excitatory projections.
(Damasio & Damasio, 1994; p.73)

Damasio et al. emphasize the dynamical nature of the retrieval process, and
the fact that a lesion serves not just to remove one or two components from
the distributed representation, but also to force a reconfiguration of the whole
retrieval process. Consequently, a lesion to Broca’s region can be viewed as not
destroying syntactic knowledge stored at the locus of the lesion, but disrupting
the coordination of widely distributed knowledge used in sentence construction.

It would appear from the foregoing that the brain employs highly distributed
form of representation. Pulvermüller (1999) has persuasively argued this case
for word representations. He has marshaled evidence to demonstrate that words
relating to a particular sensory modality or motor activity depend for their
representation on the brain regions responsible for that modality or activity.
Related to this view, O’Regan and Noe (in press), argue that representations of
the visual world are fundamentally sensorimotor. They reject the idea that seeing
derives from the activation of an internal replica of the outside world. Instead,
they propose that seeing is a way of acting, a particular way of exploring the
environment.

There is no internal representation whose activity generates the experience
of seeing. The outside world serves as its own, external, representation. The
experience of seeing occurs when the brain has mastery of the currently occurring
laws of sensorimotor contingency (O’Regan & Noe, 1999, p.1).

Their anti–representationalist argument has some echoes of Brooks’ (1991)
position. Nonetheless, I believe that their central message of action being an
integral part of visual perception is very much in keeping with the argument
being developed here.

To summarize, representation in the brain appears to involve the collabora-
tion of many different brain regions, where the collaborating regions are involved
both in the acquisition of the signal giving rise to the representation, and in ac-
tions resulting from the perception of the signal.

2.2 Collaboration

It is necessary to unpack what I mean by the term ”collaborative cell assem-
bly.” As has already been discussed, there is some agreement among cognitive
neuroscientists that cortical representations are realized as distributed patterns
of activity over an assembly of neurons. The concept of a cell assembly is due
originally to Hebb (1948) who defined an assembly as a set of neurons, either
adjacent to, or distant from, each other that have become associated through
the strengthening of their connections as a result of simultaneous activation.
Pulvermüller (1999), among others, have proposed an additional characteristic,
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namely that uncorrelated firing of connected neurons will lead to the weaken-
ing of the connections between them. Abeles (1991) has also argued that the
spatio–temporal pattern of firing in an assembly is a significant aspect of its
functionality.

What size can a cell assembly be? Calvin (1996) defines a minimal cell assem-
bly as a two–dimensional hexagonal arrangement of minicolumns about 0.5mm
across, where a minicolumn is about 0.03 mm in diameter comprising about
100 neurons. The cell assembly involves a spatio–temporal pattern of activation
within a hexagon. The motivation for the hexagon centers on the need for a
reliable representation of a word or concept in the cortex. Calvin invokes a cor-
tical selectional mechanism, which he refers to as a Darwin machine, for cloning
and selecting concept representations. Within his framework, multiple copies
ensure accurate transmission over noisy cortico–cortical connections. There is
an implicit commitment within Calvin’s work to a classical mode of representa-
tion, with the concomitant requirement that concept representations be discrete
and composable. Although, the individual concepts themselves have a spatio–
temporally distributed character, they are bounded and punctate when incorpo-
rated into larger sentence–like representations.

The cell assemblies envisaged by Pulvermüller (1999) involve both local clus-
ters of neurons, along the lines proposed by Calvin, as well as neuronal groups
at much larger distances, even involving traversal of the corpus callosum. The
thrust of Pulvermüller’s proposal is that cortical representations of words in-
volve neuronal groups in regions that relate to their meanings. So, for example,
cell assemblies representing words dealing with vision, will preferentially involve
neuronal groups in the visual area of the cortex.

The collaborative cell assemblies proposed here are envisaged to be along the
lines suggested by Pulvermüller; that is, involving neuronal groups encompassing
all areas of the cortex. What is new about the proposal to be outlined below is
that it focuses on the interaction between these types of cell assembly, and the
possible role that development may play in this interaction. Of specific interest,
are interacting cell assemblies in which there is an asymmetry in development,
and the implication that this might have for building a cognitive system. Fur-
thermore, we will not confine ourselves to assemblies representing words, but will
extend the concept to deal with more general aspects of cortical functioning.

An important distinction among cell assembly theorists is what type of ac-
tivity constitutes an active cell assembly. The simplest approach is to say that
an assembly is a set of reciprocally connected neuronal groups that are, within
some time window, above an excitation baseline. This is what is referred to as
a ”rate” code representational scheme. Problems arise when there is more than
one object being attended to, and consequently, more than one cell assembly
is active. There is a need to be able to distinguish among multiple objects. A
number of researchers have proposed that a temporal code is required in this
case (Gray, König, Engel, & Singer,1989; Crick & Koch, 1992; Singer, 1994).
Therefore a set of neurons can be considered to be participating in a given cell
assembly if its neurons are firing at a rate above some baseline, and have their
activities synchronized.
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Hebb’s original proposal concentrated on the conditions for establishing and
maintaining a single active cell assembly, which could in principle extend over
a number of spatially separated cortical regions (Hebb, 1948). Things get a
little complicated when we consider the collaboration of multiple cell assem-
blies. Clearly, given the scale of the human cortex, at any given time there are
many millions of CAs active, some of which will be related to the same percep-
tual/cognitive event. How these CAs interact and possibly combine is an issue
that needs to be addressed if we are to understand their functionality in more
complex situations.

I propose that the best place to start looking for the simplest forms of collab-
orative cell assembly is in the sensory areas of the brain. Furthermore, by taking
a ”collaboration” perspective, I hope to show that some current problems in
understanding the underlying neural mechanisms of perception may be cast in
a more informative light.

2.3 Binding as Collaboration

Following stimulation of the relevant sensory cortex, activation spreads collater-
erally and ”forward” to secondary and association areas of the cortex. In addition
reciprocal activation from these forward cortical areas feeds backwards to the
primary sensory areas. In the case of the primate visual system (Van Essen, et
al., 1990), there are converging and diverging feedforward and feedback routes
through a variety of specialized modules. This picture is also probably true of
other sensory modalities.

Singer (1994) describes the hypothetical interplay of activity between two
visual areas in this complex chain of processing, namely areas V1 and V5 of the
visual cortex. If we assume that a subject is viewing a moving geometric shape,
various features of the shape will cause neurons that are optimally responsive to
these features to start responding. Tangential connections in V1 will cause this
activity to spread to neighboring neurons responsive to the same features. This
spreading will be enhanced by continuous or contiguously positioned features in
the input. Meanwhile, in V5, where neurons are optimally responsive to direction
of motion, groups of neurons that are responding to the motion of coherent
contours will tend to synchronize their activity. By means of backprojections,
the synchronized activity in V5 will support and selectively reinforce the feature–
based activity in V1. As Singer (1994) puts it:

Responses to contour elements that are far apart and have different orien-
tations have a low probability of being synchronized by local interaction within
V1. However, if these contour elements move coherently, their coherence would
be detected by neurons in V5. Responses to these contours would synchronize
in V5, and through the backprojections increase synchronization probability for
the respective set of neurons in V1. (Singer, 1994; p235)

The scenario that Singer describes above is paradigmatic of interacting cell
assemblies. I will consider it to be the most fundamental form of interacting CA,
since it is evolutionarily ancient, having been around as long has there has been
sensory systems responsive to more than one stimulus dimension..
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Let us look a little more closely at the possible dynamical properties of this
basic form of CA interaction. The first question is how the separate assemblies
start off synchronized in the first place. The simplest explanation is that it arises
from the fact that the object that is the source of stimulation impinges on the
different parts of the sensory system at the same time. So, for example, V1 and
V5 receive input from the retina at the same time, and the cycle of synchronous
activity is simultaneously triggered in both regions. Once a disparate set of
sensory regions have become active, then through a network of reciprocal pro-
jections these regions influence each other. This interactive influence can serve
to sharpen a noisy signal or augment an incomplete one. So, for example, the
combination of information relating to motion, contour, color, can help uniquely
to specify an object in the visual field. Additional top–down influences, such as
activation of prior memories of the object will further reinforce and stabilize its
associated cell assembly.

When the process of perception is viewed as a collaborative one, both within
low–level areas of the visual cortex, and between lower and higher levels, it be-
comes clear that to characterize the task of integration of disparate features of
the input as a binding ”problem” (e.g., Crick & Koch, 1990) is perhaps to view
it from the wrong angle. What evolution has done in constructing our sensory
systems is to provide additional sources of constraint on the possible identity
of an object in the visual world by tapping into the information immanent in
the sensory signal. Relying on motion information, or contour information alone,
will get you only so far (if you are an insect, however, this may be far enough).
Each additional source of information combines multiplicatively to constrain the
identity of an object. The more sources of constraint in the sensory signal that
you can exploit to guide your actions, the greater your survival advantage. One
can think of evolution in this context as striving to maximize information trans-
mission, in the information theoretic sense, by enlarging an organism’s available
bandwidth.

2.4 From Symmetric to Asymmetric Collaboration

We can readily extend the mechanism described by Singer above from the do-
main of perceptual information integration to more system–wide collaboration.
For example, Iverson and Thelen (1999) argue for the interdependence of cogni-
tion and motor control systems in the brain. They view brain computation as a
dynamical as opposed to logical process. In their view, language, cognition, per-
ception, and action are cut from the same computational cloth. They summarize
their position as follows:

In sum, our argument for embodiment rests on the necessity for compatible
dynamics so that perception, action, and cognition can be mutually and flexibly
coupled. Such dynamic mutuality means that activity in any component of the
system can potentially entrain activity in any other... (Iverson & Thelen, 1999,
p. 37)

In my view, what they propose is functionally equivalent to the collaborative
cell assembly described by Singer, but this time potentially involving cortical
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regions at a remove from the sensory–motor ”surface”, and traversing sensory
modality boundaries.

In this broader view of collaboration, it is useful to make a distinction be-
tween collaborations involving cell assemblies that are equally well developed,
and those in which one partner in the collaboration is more developed than
the other. I will refer to the former as symmetric collaboration and the latter
as asymmetric. In the case of asymmetric collaboration, there is the possibil-
ity for the less well–developed cell assembly to exploit the functionality of the
more developed one. Elsewhere (Reilly, 1995), I have referred to this as cortical
software re–use. The term is inspired by the software engineering concept of re–
use (Bigerstaff & Perlis, 1989), and motivates the proposal that the developing
partner in a collaboration is able to re–use the repertoire of cell assemblies al-
ready established in the more developed cortical region. Within this view, the
sensory–motor systems, can be thought of as providing the basic computational
building blocks for higher–level language and cognitive functions, which are then
adapted and modified to fulfill their new role. The cortical connectivity provided
by reciprocal cortico–cortical projections between sensory, motor, and associa-
tion areas, and more frontal cortical areas is a key mechanism for providing
access to a repertoire of re–usable functions. The style of computation that this
connectivity supports is best viewed as a process of dynamical entrainment along
the lines proposed by Iverson and Thelen (1999) involving the synchronization
of firing patterns in reciprocally connected cortical areas. The selection of re–
usable modules from one domain for re–use in another is based on a structural
isomorphism, possibly supported by resonance, between the dynamical firing
patterns of the source and target domains. This might mean, for example, that
a motor plan for complex object–manipulation task gets re–used in the service
of syntax in language production (e.g., Greenfield, 1991; Reilly, in press). The
selection of relevant re–usable functions is domain or content independent, and
relies on relatedness at an abstract structural level. In the case of the previous
example, it might rely on the inherent hierarchical and recursive nature of both
motor plans and utterance plans. The key point here is that there may be, but
not necessarily, a ”semantic” connection between the re–used component and its
new application.

There is a wide variety of circumstantial evidence to support the re–use hy-
pothesis. For example, Greenfield (1991) observed parallels in the developmental
complexity of speech and object manipulation. In studying the object manipu-
lation of children aged 11–36 months, she noted that the increase in complexity
of their object combination abilities mirrored the phonological and syllabic com-
plexity of their speech production. There are two possible explanations for this
phenomenon: (1) It represents analogous and parallel development mediated by
separate neurological bases; or (2) the two processes are founded on a common
neurological substrate. Greenfield (1991) used evidence from neurology, neu-
ropsychology, and animal studies to support her view that the two processes
are indeed built upon an initially common neurological foundation, which then
divides into separate specialized areas as development progresses. If Greenfield
is correct in her analysis, this is good evidence of developmental re–use by the
language domain of functionality initially established in the motor domain.
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Another source of circumstantial evidence is Gerstmann’s Syndrome (Restum
& Sobota, 1983). This syndrome comprises the following cluster of co–occurring
symptoms arising from left parietal lesions: (a) finger agnosia, (b) acalculia, (c)
left–right disorientation, and (d) agraphia. What is particularly interesting from
the re–use point of view is the association between finger agnosia and acalculia.
The re–use interpretation of this association is that numerical abilities exploit the
functionality already established for dealing with spatial arrangements of fingers,
particularly the ability to individuate or recognize as separate and distinct each
finger. One of the features of finger agnosia is not being able to tell without
looking whether one or more fingers is being touched. Patients with this condition
have sense of their fingers being an undifferentiated mass.

While the evidence just outlined is suggestive, more compelling evidence
will come from direct testing of hypotheses derived from the CCA proposal, in
conjunction with computer simulation studies. Some preliminary hypotheses are
discussed in the next section.

3 Implications of the CCA Perspective

I will divide the implications into two broad categories: (a) those relating to CCA
as a cognitive science theory, and (b) those relating to the interaction between
artificial neural network research and neuroscience. From a cognitive science
perspective there are a number of testable hypotheses that can be derived from
the CCA proposal, particularly relating to its re–use aspect. A number of these
center on the issue of task interference. If language is constructed on a sensory–
motor foundation, and continues to draw upon that underlying functionality, one
should expect to find competing non–linguistic demands on this resource having
an impact on language performance. So, for example, we should find subjects’
language performance impaired when asked to produce syntactically complex
utterances while at the same time performing a motor task with, say, some
form of recursive structure. Contrariwise, we would not expect to find motor
performance impaired by the complexity of a language task. In a similar vein,
subjects’ performance on a mental arithmetic task should show some degradation
if they are asked simultaneously to carry out a motor task involving their fingers.
Obviously, considerable effort would have to be invested in designing appropriate
control conditions for these type of experiments.

The CCA perspective also has a number of implications for the construction
of computational artifacts to tackle difficult AI problems. One such implication
is that an approach involving the incremental construction of solutions start-
ing with simpler ones and using these as a foundation for more complex ones
might be a fruitful one to explore. To some degree the work on neural network
ensembles can be considered to be taking this approach, though motivated by
reasons of reliability and redundancy rather than the learning of complex tasks
(see Sharkey, 1999, for a comprehensive survey of this field). A marrying of
CCA and ensemble approaches would, I believe, provide a powerful tool for the
construction of large–scale neural network applications.
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4 Conclusions

In this chapter I have proposed a candidate building block for cortical compu-
tation, which I refer to as a collaborative cell assembly (CCA). I have argued
that CCAs arose originally from an evolutionary requirement for incremental
increases in the functionality and bandwidth of sensory systems. However, in
conjunction with the extended developmental period of the human cortex, they
have provided a framework for re–using perceptuomotor ”software” to construct
the cognitive and linguistic systems. The CCA proposal can be used to generate
a number of testable hypotheses relating primarily to resource competition in
the execution of cognitive tasks that utilize underlying sensory–motor functions.
Furthermore, implications are drawn regarding how best to construct artificial
neural networks to tackle large scale problems.
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Abstract. Orientation–selective neurons in monkeys and cats show con-
trast saturation and contrast–invariant orientation tuning (Albrecht and
Hamilton, 1982). Recently proposed models for orientation selectivity
predict contrast invariant orientation tuning but no contrast saturation
at high strength of recurrent intracortical coupling, whereas at lower cou-
pling strengths the contrast response saturates but the tuning widths are
contrast dependent (Hansel and Sompolinsky, 1997; Bartsch, Stetter and
Obermayer, 1997). In the present work we address the question, if and
under which conditions the incorporation of a stochastic distribution of
activation thresholds of cortical neurons leads to the saturation of the
contrast response curve as a network effect. We find that contrast satu-
ration occurs naturally if two different classes of inhibitory inter-neurons
are combined. Low threshold inhibition keeps the gain of the cortical
amplification finite, whereas high threshold inhibition causes contrast
saturation.

1 Introduction

One of the most prominent features of neurons in the primary visual cortex of
cats and monkeys is their preference for oriented stimuli within their classical
receptive field (Hubel and Wiesel, 1962). Their tuning widths are weakly de-
pendent or even independent of the contrast of the applied stimulus (Sclar and
Freeman, 1982). Also, for many but not all cells the contrast–response function
saturates well below 100% contrast (Albrecht and Hamilton, 1982). Saturation
of these neurons is stronger than for their geniculate input neurons. Different
models have been carried out to explain these results by intracortical circuitry
(Todorov, Siapas, Somers and Nelson., 1997), but it often remains unclear which
property of the underlying model assumptions is responsible for a given effect.
In this work we address the question, if and under which conditions the inclusion
of a variability of the activation thresholds can stabilize contrast saturation also
for high intracortical excitation. For this we consider a mean–field model which
describes activations of neurons with different activation threshold distributions.
We start with the derivation of a mean-field description for the dynamics of a
neuron population that, in the limit of low mean activation, describes a popula-
tion of spiking neurons.
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2 Model

2.1 Modelling the Dynamics of a Neuron Population

In this section we write down a simplified description of neuronal population
dynamics. We assume individual neurons as binary stochastic units, which can
flip forth and back between an active (spiking) and inactive (non-spiking) state.
The probability per unit time for an inactive neuron to be activated is denoted
by the activation rate γ and its inactivation rate by δ (1a). Below, we will relate γ
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g
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Fig. 1. (a) Principle of binary stochastic neurons: The neuron randomly toggles forth
and back between an active (right) and inactive (left) state. If the neuron is driven by
excitatory input, the probability for activation increases and inactivation probability
decreases resulting in a higher mean activity. (b) Semilinear activation function g(h).

and δ to the mean synaptic input of the population: A high excitatory input will
lead to a high activation rate and a low inactivation rate, which causes a higher
fraction of neurons to be active. Low input or inhibitory input, in contrast will
reduce the activation rate and the neurons settle down to the inactive state. If we
consider a population of N binary stochastic neurons with identical activation
and inactivation rates, the number of active neurons A changes within the small
time interval ∆t according to

∆A = γ∆t(N − A) − δ∆tA = (γN − (γ + δ)A) ∆t. (1)

In the limit ∆t → 0, this relation transforms to a rate equation for the fraction
of neurons m = A/N that are active at time t:

d

dt
m = γ − (γ + δ)m. (2)

Now we assume for simplicity, that the inactivation rate behaves inversely to the
activation rate. This is reasonable because neurons which are strongly driven by
input are less likely to stop firing spontaneously. If γmax denotes the maximum
possible activation rate, we arrive at δ = γmax − γ and

d

dt
m = γ − γmaxm. (3)



176 H. Bartsch, M. Stetter, and K. Obermayer

One possible interpretation of the maximum activation is related to the refrac-
tory period of biological neurons. For a neuron to undergo two subsequent ac-
tivations, it must at least fire a spike and wait for the refractory period τ until
it can be activated to fire the next spike. Hence, we can identify the maximum
activation rate with γmax = 1/τ . The rate equation for the population activity
becomes

τ
d

dt
m = −m + τγ =: −m + g, (4)

where 0 ≤ g = τγ ≤ 1 denotes the activation probability (relative to τ) for the
neuron population.

For realistic regimes of operation, eq (4) can be interpreted as the dynamics of
a pool of spiking neurons. This view can be motivated as follows: The (absolute)
refractory period τ is in the range of 1-2 ms, which means that electrically driven
neurons can reach spike rates of approximately 500 − 1000 Hz. In contrast, the
spike rates observed for visually stimulated cortical neurons range around 50
Hz. Hence, realistic activation rates are much smaller than the maximal rate,
γ � γmax, (g � 1), and consequently the inactivation rate is very fast: δ ≈
γmax = 1/τ . In this regime, each time a neuron becomes activated and fires a
spike, it immediately becomes inactivated again with a rate close to its refractory
period. In other words, a binary stochastic neuron which is activated fires an
individual spike and automatically inactivates again: In the limit of low mean
activation, our mean-field model describes a population of spiking (instead of
binary) neurons.

2.2 Mean–Field Model of an Orientation Hypercolumn

We take into account the fact that cortical tissue contains many different cell
types and combine each of these cell types to a separate population. In gen-
eral, an orientation column, indexed by its preferred orientation θ, contains Ne

populations with different excitatory neuron types and Ni different populations
of inhibitory neurons (figure 2b). The n-th excitatory population is indexed by
(e, n) and the n-th inhibitory population by (e, n). We henceforth refer to the
subpopulations as model neurons or simply “neurons”.

The strength of recurrent intracortical couplings is assumed to depend only
on the source and target orientation columns but not on the particular target
neuron. The mean connection strength from neuron (α, n) within column θ′ to
neuron β, m in column θ (α, β = e,i) is given by

Sm,n
β,α (θ, θ′) ≡ Sα(θ − θ′). (5)

We keep all properties of the neurons up to their activation functions identical
for the present considerations and assume that the neurons differ only in their
mean activation thresholds. The activity of neuron (α, n), α = e, i in response
to synaptic input h is given by a semi-linear activation function

gα,n(h) = max(βα(h − Tα,n), 0), (6)
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Fig. 2. (a) Setup of a mean-field hypercolumn with many different cell types. Recur-
rent couplings depend on the source and target orientations only. (b) Structure of a
single orientation column. It consists of populations of Ne excitatory and Ni inhibitory
cell types with in general different properties.

where βα denotes its slope and Tα,n its activation threshold (c.f. figure 1b). The
activities of neurons (e, n) and (i, n) in column θ, me,n(θ, t) and mi,n(θ, t), evolve
according to

d

dt
mα,n(θ, t) = −mα,n(θ, t) + gα,n

(
hlat(θ, t) + hLGN(θ, t)

)
(7)

hlat(θ, t) =
∑

β=e,i

∑
n

π/2∫

−π/2

dθ′Sα(θ − θ′)mβ,n(θ′, t) (8)

hLGN(θ − θ0) = c(1 − ε + ε cos(2(θ − θ0))). (9)

Note that hLGN and hlat are identical for all subpopulations.
Because intracortical couplings often connect cell populations with similar

orientation preference (Kisvarday, Kim, Eysel and Bonhoeffer, 1994) we describe
the connection patterns by Gaussian functions in orientation space,

Sα(θ − θ′) =
Sα

Cα
exp

(θ − θ′)2

2σ2
Sα

(10)

where Cα is a normalization constant, Sα is the integral over the coupling
strengths, and σSα is the variance of the coupling. Until further notice we assume
ε = 0.5 and a balanced excitation and inhibition, i.e., Sα = S, α = e, i.

3 Analytical Treatment of Contrast Saturation

We wish to understand how the contrast-response curve of the orientation col-
umn – or a representative subpopulation therein – depends on the distribution of
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activation thresholds. To keep the analysis tractable we analyze an isolated but
intrinsically coupled orientation column with Ne excitatory and Ni inhibitory
neurons (figure 2b). In the stationary state, the total synaptic input, H, which
is the same for all neurons in the orientation column, is given by

H = hLGN + Se

Ne∑
n=1

Me,n − Si

Ni∑
n=1

Mi,n, (11)

where, according to eq. (6), Mα,n = gα,n(H) ≡ Mα,n(Tα,n, H) are the steady
state activations of the model neurons and Sα ≡ Sα((θ − θ′) = 0) abbreviate
the identical intra-column connection strengths between the neurons. Now we
assume, that the activation thresholds Te and Ti are distributed over the orien-
tation column according to pdfs pe(Te) and pi(Ti), respectively. In the limit of
infinitely many neurons, we can replace the sums in eq. (11) by the ensemble
averages over the threshold distributions and obtain

H = hLGN + Se

∫ ∞

−∞
Me(Te, H)pe(Te) dTe − Si

∫ ∞

−∞
Mi(Ti, H)pi(Ti) dTi. (12)

Because of the definition of the semi-linear transfer function eq. (6), we know
that neurons with Tα ≥ H are silent and therefore do not contribute to the sums
or integrals in eqs. (11) and (12). Conversely, for Tα < H, the activation function
can be replaced by its linear part, Mα(Tα, H) = βα(H − Tα). Therefore we can
replace the upper limits of the integrals in equation 12 by H:

H = hLGN + βeSe

H∫

−∞
(H − Te)pe(Te) dTe − βiSi

H∫

−∞
(H − Ti)pi(Ti) dTi. (13)

Equation (13) represents a self-consistent relation between the total synaptic
input H and the afferent input hLGN. By solving this equation, we can write
down an analytical solution for the stationary activation

Me(Te, H) ≡ Me(Te, H(hLGN)) = Me(Te, h
LGN) (14)

as a function of the external instead of the total synaptic input, which is the
contrast-response function of the neurons. Carrying out the integrals in eq. (13)
yields

H = hLGN + SeβeGe(H) − SiβiGi(H) (15)

Gα(H) =
∫ H

−∞
dH ′

∫ H′

−∞
dTpα(T ),

d2

dT 2 Gα(T ) = pα(T ), α = e, i. (16)

By defining the function

F (H) = H − βeSeGe(H) + βiSiGi(H) (17)

equation 15 reduces to F (H) = hLGN and we can express the steady state
activations Mα by

Mα(Tα, hLGN) = βα (H − Tα) = βα

(
F−1 (

hLGN) − Tα

)
(18)
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threshold distributions. Top: The distributions and the resulting second integrals
Gα(H). Bottom: The function F (H) eq. (17) (thin line) and its inverse (thick line) as
resulting from the scenario in the top part. The thick line relative to the small coor-
dinate system schematically illustrates the behavior of the contrast response function.

Equation (18) provides an analytical relationship between geniculate input and
the response of the recurrent cortical circuit. Note that it only holds for one iso-
lated orientation column and if F is invertible. The latter condition corresponds
to the boundary condition for the linear phase.

Figure 3 illustrates the meaning of eq. (18) for the special case of only one
excitatory and one inhibitory neuron type and only two threshold values Te

and Ti. In this case, the two threshold distributions reduce to Kronecker delta
functions around the two thresholds, pe(T ) = δ(T − Te) and pi(T ) = δ(T − Ti)
and their second integrals become semilinear functions. Gα(H) = max(H−Tα, 0)
(figure 3 top). The function F (H) (Eq. 17) becomes

F (H) =




H H ≤ Te

H − βeSe(H − Te) Te < H ≤ Ti

H − βeSe(H − Te) + βiSi(H − Ti) H > Ti

(19)

In this scenario, the resulting contrast response function eq. (18) shows sat-
urating behavior. The gradients of F−1(hLGN) are a = (1 − βeSe)−1, where
aβe is the initial contrast gain of the contrast- response function, and b =
(1 − βeSe + βiSi)−1 for higher contrast levels.

3.1 Numerical Simulations of Contrast Response

For the following simulations we assumed threshold distributions, which for ex-
citatory neurons are Gaussian, pe(Te) = N (µe, δe), and for inhibitory neurons
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Fig. 4. Simulation for a set of 400 coupled model neurons (200 exc., 200 inh.) in the
marginal phase (Se = Si = 6). Solid lines: Contrast-response curves; dark gray:
Histograms of excitatory thresholds pe(Te) = N (1, 0.1); light gray: Histograms of
inhibitory thresholds pi(Ti). Top: pi(Ti) unimodal, small variance (N (2, 0.1)); Middle:
pi(Ti) = N (2, 1) unimodal, large variance. Bottom: A bimodal distribution of pi(Ti)
is used (µi,1 = 1, µi,2 = 2, δi,1 = δi,2 = 0.1). A bimodal distribution pi is necessary
and sufficient for graded contrast-response and contrast saturation also in the marginal
phase.

are either also Gaussian, pi(Ti) = N (µi, δi)) or bimodal according to two su-
perimposed Gaussian functions pi = 0.5(N (µi,1, δi,1) + N (µi,2, δi,2)). Inhibitory
mean activation thresholds are set to be higher (µi = 2) than excitatory mean
activation thresholds (µe = 1). Also, simulations will use βe = 0.5 and βi = 1,
but the special choice of parameters does not strongly influence the results.

Figure 5 compares the numerical solution of the differential equation eq. (7)
(solid line) with the analytical expression eq. (18) (circles) for two unimodal
and fairly narrow threshold distributions (histograms) in the linear phase. It
demonstrates that the analytical solution approximates the solution of the dif-
ferential equation very well. The dashed and dash-dotted lines plot Ge and Gi

for the distributions used. The behavior of this system can be understood as
follows: First, only excitatory neurons are active and, because we operate in the
linear phase, act as linear amplifiers. For higher contrast levels, more and more
inhibitors become active and reduce the contrast gain. Different from the case
of only two thresholds, the contrast-response curve gradually changes its gain
over contrast. A gradual contrast saturation can be qualitatively understood as
follows: With increasing afferent input hLGN, more and more inhibitory neuron
subpopulations are recruited (become active): The increase in number is pro-
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Fig. 5. Simulation of a contrast-response curve for a set of 400 coupled model neurons
(200 exc., 200 inh.) in the linear phase (Se = 1, Si = 1) and for unimodal Gaussian
threshold distributions pe(Te) = N (1, 0.1), pi(Ti) = N (2, 0.1) (cf. threshold histograms
in the diagram). Solid line: Numerical solution of the differential equation eq. (7).
Circles: Evaluation of the analytical expression (18). Both curves agree very well.
Dashed and dash-dotted lines show Ge and Gi, respectively.

portional to pi(F−1(hLGN)). The more neurons are recruited, the stronger the
decrease in contrast gain. In other words, we expect a relationship between the
second derivative of the contrast-response function at hLGN and the density of
neurons with activation thresholds Ti = F−1(hLGN).

This relationship can be quantified by by forming the 2nd derivative of the
steady state activation eq. (18) with respect to the LGN input. We arrive at the
following relationship between the curvature of the contrast-response function
and the distributions of activation thresholds pα(Tα):

d2

d(hLGN)2
Me = βe

Seβepe(H) − Siβipi(H)
(−1 + SeβeG′

e(H) − SiβiG′
i(H))3

, (20)

H = F−1(hLGN)

The denominator of eq. (20) is positive in the linear phase, because the gain
of F has to be finite (invertibility of F ). The contrast-response curve shows a
negative curvature or saturation, if more inhibitory than excitatory neurons are
recruited by a small increase in the input, i.e. if Seβepe(H) < Siβipi(H) holds.
Otherwise, the contrast-response function increases its gain.

Besides a quantitative understanding of the structural origin of contrast gain
in the linear phase, it might be even more important to see, whether a gradually
increasing and finally saturating contrast-response can also be stabilized in the
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Fig. 6. Top Orientation tuning curve and Bottom contrast-response curve of an ex-
citatory neuron with preferred orientation 0o for a hypercolumn with 21 orientation
columns (50 excitatory neurons and 100 inhibitory neurons each) in the marginal phase.
The system shows a graded and saturating contrast response, which is combined with
a contrast-invariant orientation tuning width. Parameters: Se = 6, Si = −6, σe = 34
deg, σi = ∞, δe = δi,1 = δi,2 = 0.1,µe = µi,1 = 1, µi,2 = 2.

marginal phase by some threshold distribution. If this could be achieved, we
would succeed in formulating necessary conditions for cortical circuitry to show
a constant orientation tuning and contrast saturation for a single parameter
setting.

Figure 4 shows the contrast-response curve of an excitatory neuron with
threshold Te = 1 for different cases of the inhibitory threshold distribution in
the marginal phase. If the threshold-distribution is small and unimodal (top), the
contrast-response shows a pseudo-binary switch-on behavior as observed in the
marginal phase with two neuron types. This behavior remains stable, as long as
the distribution is unimodal, even if it is very wide (figure 4, middle). However,
as soon as the threshold distribution becomes bimodal (figure 4, bottom), the
contrast-response first increases from zero and later saturates, as observed in
biology. This demonstrates that two inhibitory neuron populations, one with
low and the other with higher activation threshold, are necessary and sufficient
to stabilize contrast saturation in the marginal phase.
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Fig. 7. The behavior of the contrast gain at activation threshold (solid line) and the
orientation tuning width (crosses) as a function of the connection strength S ≡ E0 =
E2 = I0 (I2 = 0) for a hypercolumn with one excitatory and two inhibitory neuron
populations. Other parameters were: βe = 0.5, βi = 1, Te = 1, Ti1 = 1, Ti2 = 2, ε = 0.01,
contrast for the orientation tuning width: c = 2.0. Insets illustrate criteria used for
calculation of the curves. There is a wide range (4 ≤ S ≤ 180), over which the linear
and marginal phase coincide. Steps in the solid line are finite-size effect.

4 Orientation and Contrast Response with Three Neuron
Types

Now we are ready to combine many structured orientation columns as analyzed
previously to a full hypercolumn. The orientation columns are mutually coupled
by lateral connections with Gaussian profiles as specified in eq. (10), and are
driven by weakly orientation biased input (ε = 0.1).

Figure 6 shows orientation tuning curves of the me,1(θ) excitatory popula-
tions of 21 orientation columns (top) and the contrast-response curves of a sub-
set of 5 excitatory subpopulations of the θ = 0o column (bottom) for unimodal
pe(Te) and bimodal pi(Ti). Even though the system operates in the marginal
phase, where orientation tuning is independent of contrast, the contrast-response
curve shows expressed saturation at the same time. This behavior is independent
of the detailed shape of the threshold distributions, as long as it is bimodal.

A phase-diagram determined by the initial contrast gain and the orienta-
tion sharpening (cf. figure 8) for a hypercolumn with one excitatory and two
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for calculation of the curves. Both analytical and numerical results predict, that there
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inhibitory (low- and high-threshold) neuron types is plotted in Figure 7. Due
to low-threshold inhibition, the linear phase with finite initial contrast gain is
stabilized up to very strong recurrent excitation strengths (S ≈ 180 compared
to S = 2 for two-neuron hypercolumns), and there is a wide range of coupling
strengths, in which orientation tuning is invariant and the contrast-response sat-
urates. In summary, this finding predicts that the experimentally observed cor-
tical response properties require essentially two functionally distinct inhibitory
neuron types to be present: Inhibitors with a low activation threshold (or toni-
cally active inhibitors) stabilize the contrast gain at near the contrast threshold
to finite values, whereas inhibitors with high activation thresholds cause the
saturation of the contrast-response curves at higher contrast levels.

In figure 6, both types of inhibitors were assumed to distribute lateral inhi-
bition between different orientations. Possible candidates for such inhibitors are
basket cells with axonal arborizations up to 1200 µm (Lund, 1987). However,
it seems more reasonable to identify the two functionally different inhibitors
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Fig. 9. (a) Orientation tuning curves (top) and the contrast-response function of the
zero-deg. orientation column (bottom). (b) Schematic illustration of the corresponding
wiring scheme: low-threshold lateral inhibitors (e.g. basket neurons) and high-threshold
local inhibitors (e.g. chandelier cells). Parameters: Se = Si1 = Si2 = 50; (marginal
phase) (b) σe = 34 deg; (σi1, σi2) = (∞, 34) deg. Te = Ti1 = 1; Ti2 = 1.5. The
hypercolumn properly operates as in figure 6.

with two anatomically distinguishable biological neuron types. However, many
inhibitors apart from basket cells are local companions, which contact only post-
synaptic neurons within the same or closely adjacent orientation columns. One
important local inhibitor is the chandelier cell. Therefore, we may ask, under
which conditions a hypercolumn with pyramidal neurons as the excitatory pop-
ulation, basket cells as lateral inhibitors and chandelier cells as local inhibitors,
still show the behavior seen in figure 6.
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Fig. 10. (a) Orientation tuning curves (top) and the contrast-response function of the
zero-deg. orientation column (bottom) for reverse properties of the inhibitory neurons:
(b) low-threshold local inhibitors and high-threshold lateral inhibitors. Parameters:
Se = Si1 = Si2 = 50; (marginal phase) (b) σe = 34 deg; (σi1, σi2) = (34, ∞) deg.
Te = Ti1 = 1; Ti2 = 1.5.
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Orientation tuning and contrast response for a hypercolumn with three neu-
ron types are provided in figures 9 and 10 for two different combinations of wiring
profiles and activation thresholds of inhibitory neurons. If the low-threshold cells
mediate lateral inhibition and the high-threshold neurons local inhibition (figure
9b), orientation tuning is sharp and constant with saturating contrast response
function (figure 9a). However, if the properties are reversed (low-threshold chan-
delier cells and high-threshold basket cells, figure 10b), orientation sharpening
is weak, unstable and contrast-dependent (figure 10a). These simulations lead
to the following prediction: A hypercolumn needs two different inhibitors for the
generation of experimentally observed contrast and orientation representation.
At least one of the cell types must mediate lateral inhibition (e.g. basket cells),
and this cell type must have a low activation threshold. If local inhibitors (e.g.
chandelier cells) contribute to the recurrent circuit as modeled, they should have
a high activation threshold.

5 Conclusions

Because individual hypercolumns within the model show a very different behav-
ior depending on the parameter regime (either linear or marginal), it is important
to determine, which phase, if any, might be implemented in the primary visual
cortex. Unfortunately, this cannot be tested directly, because the phase bound-
aries provided above cannot be translated directly into biologically accessible
quantities, and also because the total strength between biological neuron popu-
lations cannot be easily measured. However, in both the linear and the marginal
phase there are model predictions which can help testing whether biological
brain states can be properly described by a mean-field model in one or the other
regime. Both regimes have some advantages and drawbacks.

In the marginal phase, salient features (e.g. high contrast oriented gratings)
are amplified and represented with a high signal-to-noise ratio, and the stimulus
quality is decoupled from the stimulus strength. However, less salient features
(e.g low-contrast oriented gratings) are suppressed, which may not always be
desirable. Also, for sufficiently strong recurrent connections, the cortex would
amplify even small random fluctuations in otherwise untuned input (as soon as
it exceeds the threshold) and would produce nonuniform activity blobs. Because
neural transmission is noisy, blobs in the marginal phase would be present all the
time and change their position on the cortical surface in response to orientation
biased input rather than being switched on and off due to input.

Conversely, if the cortex would operate in the linear phase, the strength of
cortical activation would be sensitive to changes in the afferent activities and
would establish a useful internal representation, which represents also the de-
tails of a visual scene. Simulations have shown, that a hypercolumn acting in
the linear phase (as opposed to the marginal phase) seems better capable of
representing more than one stimulus-orientation simultaneously and showing
cross-stimulation effects (Stetter, Bartsch and Obermayer, 2000). Recently, fast
synaptic depression of intracortical connections has been proposed as a mecha-
nism to combine the advantages of both phases. Immediately after a saccade, the
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synapses are strong, the cortex operates in the marginal phase and reliably ex-
tracts the most salient features from the highly noisy input, which consists only
of few spikes at that time. Later, as more and more afferent spikes are accumu-
lated, the synapses become weaker due to fast depression, the system approaches
the linear phase and represents the details of the visual scene (Adorján, Schwabe,
Piepenbrock and Obermayer, 2000).
This work was funded by the Wellcome Trust (grant no. 050080/Z/97).
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Abstract. The capability of creating artificial neural networks with
biologically-plausible characteristics, is becoming ever more attainable
through the greater understanding of biological neural systems and the
constant increases in available desktop computing power. Designing and
implementing such neural systems still however remains a complex and
challenging problem. This chapter introduces a design methodology, in-
spired by embryonic neural development, which is capable of creating 3
dimensional morphologies of both individual neurons and networks. Ex-
amples of such morphologies are given, which are created by evolving the
parameters of the developmental model using an evolutionary algorithm.

1 Designing Artificial Neural Systems

A major consideration when using artificial neural networks (ANNs) is the design
procedure. This includes the architectural decisions (e.g. number of neurons,
number of layers, connectivity) and the selection of a learning algorithm. A
number of approaches have been reported to automate the design process. In
classical ANNs there are examples of constructive algorithms whereby ANN
architectures are incrementally created [1], together with the opposite approach
of pruning networks which are initially too large (see [2] for a survey). Another
more fruitful approach has been to combine evolutionary computation and ANNs
(see [3]).

Although the above design algorithms have produced interesting results, they
are characterised amongst other things by producing ANNs with stereotyped
architectures. In order to approach the computational complexity of biological
neural systems, new design methods are needed to create ANNs with far greater
architectural and functional variations.

We have sought to widen the scope of potential design mechanisms by inves-
tigating how biological neural systems are created, namely embryonic develop-
ment. Why, however, should biological development be of interest to computer
scientists and engineers who design artificial neural networks? Development en-
compasses many powerful ideas including:
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– Development produces a huge variety of neural systems re-using a hierarchy
of compactly encoded programmes. Variety is also generated based on self-
organising interactions between neural components.

– Developmental programmes are robust to genetic errors and variations in
the developmental environment, allowing non-trivial ANNs to be produced
without the need for an exact codification.

– Complex developmental programmes involving multiple variables and rela-
tions can be controlled by only a few genes (or parameters).

The long-term aim of this work is to develop computational neural systems
that are more dynamic and adaptive. We would like a generic set of develop-
mental mechanisms capable of creating neural systems with a wide variety of
different architectures and functionalities, not limited to stereotypical features.

This chapter briefly reviews our work to date. It begins by introducing the
developmental environment which we have implemented, giving examples of the
variety of potential neuron morphologies that it can produce. By combining
the developmental simulator with an evolutionary algorithm, experiments to
evolve network connectivity and individual neuron morphologies have also been
investigated. These experiments are summarised before future work is discussed.

2 Developmental Modelling

The modelling of neural development can be approached in many different ways.
One approach, where the aim is to understand the principles of development,
requires highly detailed modelling of molecular and bio-physical processes [4,5].
Abstract simulations on the other hand seek to capture mechanisms of neural
development using compact mathematical descriptions [6, 7, 8]. The goal of the
simulation environment reported here is a combination of these 2 approaches,
namely to extend the minimal mathematical approaches with further develop-
mental mechanisms whilst retaining a model which is adaptable and robust.

We have been implementing a 3 dimensional simulation of biological devel-
opment, in which neuron-to-neuron connectivity is created through interactive
self-organisation [9, 10]. Development occurs in a number of overlapping stages,
which govern how neurons extend axons and dendrites (collectively termed neu-
rites). Neurons grow within an artificial, embryonic environment, into which
they and their neurites emit local chemical gradients. The growth of neurites is
influenced by these local gradients and the following sets of interacting, devel-
opmental rules [11]:

– Interactive growth rules enable growing neurites to branch in response
to gradient conditions within their local developmental environment.

– Interspersed with growth, spontaneous neural activity dynamically reg-
ulates the growth rate of neurites.

– The cumulative effects of activity are used by pruning rules to remove
ineffective neurons and synapses.
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Mathematical descriptions of the interactive growth rules can be found in the
Appendix. These selected descriptions illustrate how the developmental rules are
conceived and designed. The complete set of mathematical descriptions, includ-
ing the activity-driven and pruning rules, can be found in [11].

2.1 Examples of Neuron Morphologies

The developmental rules are controlled by parameters, in the same way as gene
expression levels can be thought of as parameters for biological development. By
varying these parameters, a variety of neuron and network morphologies can be
achieved. Example morphologies are illustrated in Figure 1.

(a) (b) (c)

(d) (e) (f)

Fig. 1. Examples of 3 dimensional neurons grown using the developmental simulator.
Somas are represented as spheres and synapses as smaller polygons. (a) to (c) are
examples of neurons grown in one single phase. The morphologies of (d) to (f) result
from combining multiple phases of growth.
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Figures 1(a) and (b) are examples of morphologies where the frequencies of
branching are different (rule 13). Neurite branching in (b) occurs with regular
frequency whilst in (a) the initial branch occurs approximately midway through
growth followed by increasingly frequent branching. An instance of multiple ini-
tial dendrites (rule 7) is further illustrated in Figure 1(b). Branching based on
selected directions (rule 14d) is demonstrated in Figure 1(c), which seeks to
mimic axon branching as observed in biological systems [12].

The creation of complex neural morphology does not, however, have to be
the result of a single phase of growth. Figures 1(d) to (f) demonstrate how
different phases of growth, subject to different developmental parameters, can
be combined to create neural morphologies. For example, (e) is the combination
of a lower phase of long-range neurite navigation followed by low frequency
branching, together with an upper phase of short-range navigation with high
frequency branching. The combination of 4 growth phases was used to create the
morphology in Figure 1(f), which mimics the process of navigation via guidepost
neurons [13].

2.2 Benefits of Developmental Self-Organisation

Developmental self-organisation provides the simulator with a number of at-
tributes beneficial for neural system design. These include:

– Self-Regulation. Neurons are able to self-regulate their levels of innerva-
tion by interacting with in-growing neurites. In this way neurons can adap-
tively determine both the number of neurons to which they connect and the
number of connections made. Self-regulating growth also enables neurons to
modify their growth rates without an external stopping criteria having to be
imposed.

– Robustness. Neurons and networks are robust to noise during development,
e.g. variations in the positions of neurons and parameter values. Networks
with the same connectivity patterns can be achieved using sets of similar
parameters. Network design therefore does not rely upon identifying a single,
specific set of parameters which works under only one set of initial conditions.

– Error Correction. Developing neurons can overgrow and make connections
with neurons that are ultimately of little significance. It is not always possible
to compensate for such eventualities in advance and thus pruning is able to
correct for these wiring errors. (Overgrowth can be viewed as a positive
feature since it enables systems to explore alternative configurations before
pruning determines more optimal arrangements.)

3 Developmental Evolution

Evolving the developmental simulator for a specific network then becomes equiv-
alent to the search for optimal sets of developmental parameters. A genetic al-
gorithm (GA) is used as the search tool in our approach.
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3.1 Evolution of Connectivity

Previously we have used a GA to evolve developmental programmes which lead
to the creation of edge-detecting retinas. Various approaches to guide the evolu-
tionary process have been used, such as specific target retina architectures [14,10]
and a desired functionality [15]. An example of this work is shown in Figure 2.

In the absence of any initial neuron placement noise, constrained or intrinsic
developmental rules alone can result in retina structures whose functional re-
sponse (Figure 2(e)) matches the desired response (Figure 2(b)). However, if the
positions of neurons are perturbed, representing real-world noise, the intrinsic
rules fail to produce adequate functionality as illustrated in Figure 2(f).

The developmental programme was made more robust to noise by incorpo-
rating rules that permit growing neurons to produce extra branches via inter-
actions with the local developmental environment. The addition of interactive
overgrowth rules, results in a significant improvement in structure and hence
functionality over intrinsic rules only (Figures 2(g) to (i)). The target response
is far more distinguishable in Figure 2(i) compared to Figure 2(f). However, black
and white pixels indicate that those particular bipolar neurons are saturated due
to having too many connections.

A further improvement in performance is achieved by incorporating pruning
rules with the intrinsic and overgrowth rules, to control the extent of overgrowth.
With the addition of the pruning parameters, the effects of noise on the func-
tionality of the retina are again reduced, as seen in Figure 2(l).

In these experiments evolution was carried out in stages, incorporating pa-
rameter values from previous stages and evolving them alongside new param-
eters. For example, the intrinsic rule parameters are evolved in the first stage
and the values obtained are used to seed the subsequent stages of development
including the interactive branching and pruning rules. In this way the evolution-
ary search space is increased in an orderly manner where evolution is channelled
through developmental constraints.

This contrasts with other models where all the developmental rules are co-
evolved. Presenting such large, global search spaces can cause evolution to stall
in the early generations [16]. If the search space is large then all the networks
in a population may have the same fitness value. Evolution is therefore given no
clear trajectory along which to progress. Other approaches to this problem have
incrementally increased the complexity of the fitness function [17] or subdivided
a fitness function into a series of sub-tasks [16]. However, we feel that this ap-
proach of staged developmental evolution is more easily generalised and more
biologically plausible.

3.2 Evolution of Multi-compartmental Neurons

Single biological neurons, let alone networks and systems, exhibit highly dy-
namic, adaptive computational capabilities [18]. One of the key determinants
of these capabilities is the relationship between a neuron’s morphology and its
function [19]. The form or geometry of a neuron directly influences how action
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(a) (b)

(c) (d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Fig. 2. Architectures and functionality of evolved retinas. (a) Input image. (b) Target
output image. (c) and (d) are side and top views respectively of a portion of the best
evolved retina using unperturbed, symmetric neuron placement and intrinsic rules only.
(e) and (f) are outputs from unperturbed and perturbed retinas respectively. (g) and
(h) are the side and top views respectively of a portion of the best evolved retina
using perturbed neuron placement, evolving intrinsic and interactive branching rules.
(i) Output image from the best evolved retina. (j) and (k) are the side and top views
respectively of a portion of the best evolved retina using perturbed neuron placement,
evolving intrinsic, interactive branching and pruning rules. (l) Output image from the
best evolved retina.
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potentials are propagated along its active membranes. Also the fact that neu-
rons exist within a 3-dimensional environment is functionally critical, since the
physical locations of synapses on dendrites have significant effects [13,18].

Only a handful of computer simulations have sought to exploit the rela-
tionship between function and form, e.g. [20, 21]. Inspired by [19] we are in-
vestigating the relationship between neural morphology and functionality using
multi-compartmental neuron models [22]. Using this approach we have used the
developmental simulator to evolve neurons with specific and complex target spike
train patterns as illustrated in Figure 3.

Although artificial neurons were observed that were functionally equivalent,
the morphologies of the artificial neurons differed from their biological targets.
To further explore the potential of higher order neural computation, we are now
investigating a method of evolving artificial neurons with biologically-plausible
morphologies [23].

(a) (b)

Fig. 3. Evolution of spike train patterns in a compartmental neuron model. (a) The
morphology of the best evolved neuron. (b) Output spike trains: target spike train -
dotted line, evolved spike train - solid line.

4 Discussion and Future Work

The focus of current work, the creation of neurons with biologically-defensible
morphologies, is of interest from 2 perspectives. Firstly, can abstract rules de-
velop neuron morphologies that can mimic the richness of neural form? Sec-
ondly, plausible neuron morphologies can be utilised on 2 levels of modelling
abstraction. One is at the artificial neural network level to investigate more
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biologically-inspired processing in neurons. The other lies in the domain of
computational neuroscience. Computational neuroscience uses highly-detailed
models of neuron morphology together with fully, dynamic membrane models
(such as GENESIS [24]) to simulate neural behaviour. These models are how-
ever computationally-intensive such that a methodology of providing synthetic
neurons with reduced computational requirements, would be of benefit.

Future work will explore the following topics:

– Neural Functionality. Combining 3 dimensional morphology from the sim-
ulator and multi-compartmental models will enable more neural models to
be investigated, beyond simple ‘integrate-and-fire’ models. Areas of poten-
tial interest include active dendrite models and the effects of the spatial
arrangement of synapses on the firing patterns of neurons [20].

– Libraries of Neurons. Evolving classes of neurons with specific geometries
and functionality will allow such classes to be simply called into the design
process of neural systems. The classes can provide basic neuron primitives
with which to instigate designs. Developmental self-organisation will enable
the basic classes of neurons to adapt and fine-tune themselves to their en-
vironment. This provides a stepping-off point to investigate the evolution of
modular neural systems where the morphology and connectivity of neurons
within separate modules can be different.

– Dynamic Architectures. The developmental rules may be arbitrarily com-
bined to build programmes of development with differing complexities. Rules
may be continuously active or be activated in particular sequences. This
permits the neural architectures on which the rules act to be dynamic and
adaptive. For example, architectures could self-repair through neurons re-
sprouting axons and dendrites to form new connections.
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Appendix: Developmental Growth Rules

Descriptions of the complete set of developmental rules - growth, activity-driven
events and pruning mechanisms - can be found in [11] 1.

Table A1. Initial developmental configuration rules.

1. Developmental environment

(x, y, z) ∈ Z
3

x

z
y

Discrete 3D cellular matrix.

2. Discrete directional vectors from one grid point to 26 neighbouring grid
points (3x3x3 cube)

−→vi ∈ 26 unit vectors =

V = {(a, b, c) :
a, b, c ∈ {−1, 0, +1},
(a, b, c) 6= (0, 0, 0)}

8vv6 v7

2

15 v

v
v

v

v

3
4

e.g. the 8 unit
vectors in the

xy-plane.

−→v1 (1, 0, 0)
−→v2 (1, 1, 0)
−→v3 (0, 1, 0)
−→v4 (-1, 1, 0)
−→v5 (-1, 0, 0)
−→v6 (-1,-1, 0)
−→v7 (0,-1, 0)
−→v8 (1,-1, 0)

3. Chemical concentration at a source

C(−→S ) is the concentration at −→
S ∈ Z

3

4. Chemical concentration at a point away from source −→
S

C =
C(s)
dω

where

d =
√

(x − xs)2 + (y − ys)2 + (z − zs)2

and ω = decay factor
d

C

Concentration slope ∝ ω

1 The authors thank Neil Davey of UH for improving the readability of the mathe-
matical descriptions of the growth rules.
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Table A2. Initial developmenal configuration rules (continued).

5. Grid resolved directional concentration gradients

Gradients in directions −→vi = ∇C · −→vi

6. Background concentration gradient

−→gb = (0, gb, 0)

Cb bg

y
−→gb = 0 along x and z, and

constant along y.

7. Number of initial dendrites

Nd = 2β where β ∈ {0, 1, 2, 3}

Table A3. Developmental rules that determine neurite navigation.

8. Growth cone location

−→
Λ = (x, y, z)

A single growth cone at the tip of
a growing neurite.

9. Chemical gradient sensed by a growth cone at −→
Λ

−→
Gr =

(
att∑

n=1,n6=r

∇Cn −
rep∑

m=1
∇Cm

)∣∣∣∣
Λ

where att is the number of attractant sources
and rep is the number of repulsive sources.

Each Cn(s), Cm(s) can be different.
Hence each attractor does not
necessarily have equal status.
Further, growth cones are not

necessarily sensitive to all chemical
concentration sources.
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Table A4. Developmental rules that determine neurite navigation (continued).

10. Growth cone gradient resolution

gm = max
i

{−→
Gr · −→vi }

for i = 1 to 26

11. Growth cone movement

−→
Λ (t + 1) = −→

Λ (t) + −→vj ∆l

where −→vj =




−→vm : (gm − gc) > Γ

−→vc : (gm − gc) ≤ Γ

−→vm = −→vi ∈ V s.t. −→
Gr · −→vi = gm,

gc is the concentration gradient in the
current direction,
−→vc is the unit vector in the current
direction,
Γ is a turning threshold and
∆l ∈ {1,

√
2,

√
3}

Growth cones hill-climb within the
gradient landscape.

Γ low: growth cone instantly
responds to gradient changes.

Γ high: growth cone responds only
when close to the concentration

source.

t t + ∆t

Neurites can extend at different
rates, implemented using time

delays.
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Table A5. Developmental rules that control neurite branching.

12. Interactive branching

Prob branch = P (−→Λ (t)) =
gm × gm′

τ + gm
2

where gm′ = max
i

{−→
Gr · −→vi ,

−→
Gr · −→vi 6= gm}

where gm and gm′ are the largest and second
largest gradients respectively, and τ is a

concentration gradient threshold.
t t + 1

13. Intrinsic branching

Branch times ⊂ Z
+

Growth cones branch at specific
times.

14. Branch direction selection:

−→vj and −→vk are potential branch directions

14a. Intrinsic

Any −→vj ,−→vk ∈ V Two arbitrary directions

14b. Randomly selected orthognal pairs

−→vj , −→vk ∈ V s.t. −→vj · −→vk = 0

14c. Interactive

−→vj = −→vm and −→vk = direction of gm′

if gm × gm′ > 0

14d. Along current direction of elongation and
other selected direction

−→vj = −→vc

−→vk ∈ V

t t + 1
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Table A6. Developmental rules that control neurite branching (continued).

15. Branch inhibition:
15a Branch delay

if (t − tl) ≤ Branchdelay

where tl = time of last branch
then branch allow := false
else branch allow := true

15b Environmental

if gm > Saturation

then branch allow := false
else branch allow := true

Inhibits branching when a
neurite is close to a

concentration source.

15c Branching angle

if −→vj · −→vk ≥ cosθ

then branch allow := false
else branch allow := true

16. Concentration reduction upon elongation

C(Λ(t + 1)) = ReC(Λ(t))

where 0 ≤ Re ≤ 1 The growth cone of a neurite may
produce a larger chemical gradient

than its trailing neurite.

17. Concentration reduction upon branching

C(Λi(t + 1)) = RbC(Λ(t))

where 0 ≤ Rb ≤ 1 and i = 1, 2

t t + 1
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Table A7. Developmental rules that control neurite branching physiology and synap-
togenesis.

18. Diameter change upon branching

Ω(t + 1) = RdΩ(t)

where 0 ≤ Rd ≤ 1 and Ω is the current
neurite diameter

19. Growth termination and synapse formation

if −→
Λ = −→Si

where i is an attractant then

growth := false
synapse := true

When axons and dendrites
encounter each other, or the

somas of neurons, their growth is
terminated.

20. New synapse value

ε = 1
where ε is synapse efficacy

Synapse

Pre-synaptic

Axon

Dendrite

Post-synaptic
neuron

neuron

21. Concentration reduction at source upon synaptogenesis

C(s′) := RsC(s)

where 0 ≤ Rs ≤ 1



The Complexity of the Brain: Structural,
Functional, and Dynamic Modules

Péter Érdi and Tamás Kiss

Department of Biophysics KFKI Research Institute for Particle and Nuclear Physics
of the Hungarian Academy of Sciences P.O.Box 49, H-1525 Budapest, Hungary;

erdi@rmki.kfki.hu

Abstract. The ’complexity of the’ brain is reviewed in terms of struc-
tural, functional and dynamic modules. Specifically, the modular concept
is supplemented by using statistical approach for the dynamic behavior
of large population of neurons. The relationship between anatomical cor-
tical connectivity and (over)synchronized spatiotemporal activity prop-
agation was studied by using large-scale brain simulation technique.

1 Introduction

Structural modular architectonics is an important concept of neural organiza-
tion. Neuronal connectivity in a typical neural center is sufficiently specific to
permit disassembly of the whole network into neuronal modules of characteristic
internal connectivity; and the larger structure can be reconstituted by repetition
of these modules.

Functional modules or schemas are behavioral units. Arbib [2] provided a
neural theory of functional modules (schemas). It is typically a top-down theory,
but it is time to talk about a partially new topic, what we call structure-based
modeling of schemas [7].

Can we talk also about dynamic modules? Networks of neurons organized by
excitatory and inhibitory synapses are structural units subject to time-dependent
inputs and they also emit output signals. From a dynamical point of view, a
single neural network may be considered sometimes as a pattern generating
and/or pattern recognizing device. More often it is not a single network but a
set of cooperating neural networks that forms the structural basis of pattern
generation and recognition. (Pattern generating devices are functional elements
of schemas.)

2 Complexity of the Brain: The Need of Integrative
Approach

It is often said in colloquial sense that the brain is a prototype of complex sys-
tems. A few different notions of complexity may have more formally related to
neural systems. First, structural complexity appears in the arborization of the
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nerve terminals at single neuron level, and in the complexity of the graph struc-
ture at network level. Second, functional complexity is associated to the set of
tasks performing by the neural system. Third, dynamic complexity can be identi-
fied with the different attractors of dynamic processes, such as point attractors,
closed curves related to periodic orbits, and strange attractors expressing the
presence of chaotic behaviour.

The understanding of neural organization requires the integration of struc-
tural, functional and dynamic approaches [3], [4]. Structural studies investigate
both the precise details of axonal and dendritic branching patterns of single neu-
rons, and also global neural circuits of large brain regions. Functional approaches
start from behavioural data and provide a (functional) decomposition of the
system. Neurodynamic system theory [6] offers a conceptual and mathematical
framework for formulating both structure-driven bottom-up and function-driven
top-down models.

3 Structural Modules

Experimental facts from anatomy, physiology, embryology, and psychophysics
give evidence of highly ordered structure composed of ’building blocks’ of repet-
itive structures in the vertebrate nervous system. The building block according
to the modular architectonic principle is rather common in the nervous sys-
tem. Modular architecture is a basic feature of the spinal cord, the brain stem
reticular formation, the hypothalamus, the subcortical relay nuclei, the cerebel-
lar and especially the cerebral cortex. After the anatomical demonstration of
the so-called cortico-cortical columns it was suggested by Szentágothai [15] that
the cerebral cortex might be considered on a large scale as a mosaic of vertical
columns interconnected according to a pattern strictly specific to the species.

Szentágothai applied the modular architectonics principle to the cerebral cor-
tex, linking observations of anatomical regularities to the observations of Mount-
castle on physiological ”columns” in somatosensory cortex and of Hubel and
Wiesel on visual cortex. Other important anatomical regularities are the quasi-
crystalline structure of the cerebellar cortex and the basic lamellar structure of
the hippocampus.

Vernon Mountcastle, one of the pioneers of the columnar organization of the
neocortex, states [13] that modules may vary in cell type and number, in internal
and external connectivity, and in mode of neuronal processing between differ-
ent large entities, but within any single large entity they have a basic similarity
of internal design and operation. A cortical area defined by the rules of clas-
sical cytoarchitectonics may belong to different systems. Therefore distributed
structures may serve as the anatomical bases of distributed function.

4 Functional Modules

Michael Arbib’s schema theory is a framework for the rigorous analysis of be-
havior which requires no prior commitment to hypotheses on the localization of
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each schema (unit of functional analysis), but which can be linked to a structural
analysis as and when this becomes appropriate.

Complex functions such as the control of eye movements, reaching and grasp-
ing, the use of a cognitive map for navigation, and the roles of vision in these
behaviors, by the use of schemas in the sense of units which provide a functional
decomposition of the overall skill or behavior.

5 Dynamic Modules

Neural systems can be studied at different levels, such as the molecular, mem-
brane, cellular, synaptic, network, and system levels. Two classes of the main
neurodynamical problems exist: (i) study of the dynamics of activity spread-
ing through a network with fixed wiring; (ii) the study of the dynamics of the
connectivity of networks with modifiable synapses - both in normal ontogenetic
development, and in learning as a network is tuned by experience. The key dy-
namical concept is the attractor, a pattern of activity which ”captures” nearby
states of an autonomous system. An attractor may be an equilibrium point,
a limit cycle (oscillation), or a strange attractor (chaotic behavior). We have
the structure-function problem: for what overall patterns of connectivity will a
network exhibit a particular temporal pattern of dynamic behavior?

5.1 Neural Networks and Dynamics

Depending on its structure, an autonomous NN may or may not exhibit differ-
ent qualitative dynamic behavior (convergence to equilibrium, oscillation, chaos).
Some architectures shows unconditional behavior, which means that the quali-
tative dynamics does not depend on the numerical values of synaptic strengths.
The behavior of other networks can be switched from one dynamic regime to
another by tuning the parameters of the network. One mechanism of tuning is
synaptic plasticity, which may help to switch the dynamics between the regimes
(e.g. between different oscillatory modes, or oscillation and chaos, etc. ...)

5.2 Computation with Attractors: Scope and Limits

”Computation with attractors” became a paradigm which suggests that dynamic
system theory is a proper conceptual framework for understanding computa-
tional mechanisms in self-organizing systems such as certain complex physical
structures, computing devices, and neural networks. Its standard form is charac-
terized by a few properties. Some of them are listed here: (i) the attractors are
fixed points; (ii) a separate learning stage precedes the recall process whereby
the former is described by a static ’one-shot’ rule; (ii) the time-dependent inputs
are neglected; (iv) the mathematical objects to be classified are the static initial
values: those of them which are allocated in the same basin evolve towards the
same attractor, and can recall the memory trace stored there. In its extended
form, not only fixed points, but also limit cycles and strange attractors can be
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involved; a continuous learning rule may be adopted but, in this case, the basins
of the attractors can be distorted which may even lead to qualitative changes in
the nature of the attractors. Realistic models, which take explicitly into account
the continuous interaction with the environment, however, are nonautonomus in
mathematical sense [8], [1]. Such systems do not have attractors in the general
case. Consequently, attractor neural network models cannot be considered as
general frameworks of cortical models.

5.3 Rhythmicity and Synchronization

The existence of single cell level oscillation does not imply the generation of
global oscillatory behaviour. To avoid ”averaging out” due to irregular phase
shifts, some synchronization mechanism should appear. Synchronization phe-
nomena in different neural centers have been the subject of many recent investi-
gations. The appearance of single cell oscillation is, however, not a necessary con-
dition for global oscillations, since the latter may arise as an emergent network
property. This was suggested based on combined physiological - pharmacological
experiments in the thalamus (3), and also on theoretical studies discovering the
connection between network structure and qualitative dynamic behaviour.

Specifically, following the work of Wang and Buzsáki [18] we studied the
emergence of different types of synchronized oscillations in the model of networks
of hippocampal inhibitory interneurons [11].

6 Population Models

As we have seen, structure-based bottom-up modeling has two extreme alter-
natives, namely multi-compartmental simulations, and simulation of networks
composed of simple elements. There is an obvious trade-off between these two
modeling strategies. The first method is appropriate to describe the activity
patterns of single cells, small and moderately large networks based on data on
detailed morphology and kinetics of voltage- and calcium-dependent ion chan-
nels. The second offers a computationally efficient method for simulating large
network of neurons where the details of single cell properties are neglected.

To make large-scale and long-term realistic neural simulations there is a need
to find a compromise between the biophysically detailed multicompartmental
modeling technique, and the sometimes oversimplified network models. Statisti-
cal population theories offer a good compromise. Ventriglia [16], [17] introduced
a kinetic theory for describing the interaction between a population of spatially
fixed neurons and a population of spikes traveling between the neurons. A scale-
invariant theory (and software tool) was developed, which gives the possibility to
simulate the statistical behavior of large neural populations, and synchronously
to monitor the behavior of an ”average” single cell [9], [10], [5]. There is a hope
that activity propagation among neural centers may be realistically simulated,
and schemas can be built from structure-based modeling.
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6.1 Incorporated Single Cell Models

Population models follow the conception of bottom up modeling incorporat-
ing basic realistic neuroanatomical and physiological evidences. However, whole
brain simulations are computationally rather expensive thus simplifications are
needed on different hierarchical levels.

The first idea is to simplify the single cell model constituting cortical ar-
eas. Large amount of experimental and simulational data are available about
morphology, physiology, channel kinetics and other aspects of numerous types
of neurons which are possible to take into consideration in models that do not
explicitly compute difficult single cell equations. Such single cell models are com-
plex enough to account for biologically realistic behavior but simple enough to
enable fast and accurate numerical computation.
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Fig. 1. Membrane potential–membrane
current graphs. Figure on the left shows
I(V ) curve of excitatory cells, while fig-
ure on the right the I(V ) characteristics
of inhibitory ones. Data are acquired us-
ing current-clamp simulations of Hodgkin-
Huxley neurons. Hard firing thresholds on
basis of these graphs for excitatory and in-
hibitory cells are about -57 mV and -56
mV, respectively.

Considering the notion that neural information is stored in the timing of
action potentials and not in the exact shape of spikes the important part of
the dynamics is the time between two firings, that is the sub-threshold regime.
This way the point of interest in single cell modeling is the description of inter-
spike dynamics. This is achieved by the following method. First, detailed simula-
tion of single cell models, acquiring the membrane potential–membrane current
(I (V (t))) characteristics (see figure 1.). Second, generating the return map of
the membrane potential for a given integration time using the

C
dV (t)

dt
= I (V (t)) (1)

Kirchoff-law. Here further modifications are required to corrigate for example
the loss of characteristic electrotonic length. Finally, single cells can be inte-
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grated into the model framework by adding these rather complex return maps
to the population model. Spike emission occurs with a certain membrane poten-
tial dependent probability. Action potentials which play critical role in defining
activity are represented simply by the refractory period.

In simulations of activity propagation in the cat cortex two types of neurons
are used. The prototype of the excitatory cell model is the Traub ’91 pyramidal
cell model of the hippocampal CA3 region. This is a multicompartmental model
in which the membrane potential is described by the Hodgkin-Huxley formal-
ism. Inhibitory cells were derived from Hodgkin-Huxley interneurons of the CA3
region using the above described method.

6.2 Cortical Areas

The cortex can be divided into several regions according to different view-points.
Scannell et al. [14] have compiled an extensive database including corticocorti-
cal and corticothalamic pathways from different species. Using this collection we
picked 65 cortical areas and the corresponding connection strength and delay val-
ues to construct the connection matrix of the dynamically described model of the
cat cortex. Areas are considered to be identical in respect of neuron density and
internal connection setup. In each area populations of excitatory and inhibitory
cells are present occasionally overlapping each other. Excitatory populations in-
nervate inhibitory ones and vice versa as shown on figure 2. Connection strength
here decrease exponentially with distance. Between the 65 areas connections are
described by data obtained form the above mentioned database.

Cortical area ,B’

Cortical area ,A’

Excitation

Excitation

Inhibitory
Population

Excitation

Inhibition

Inhibition

Excitatory
Population

Population
Excitatory

Inhibitory
Population

Fig. 2. Schematic description of corti-
cal areas. Each area consists of two
kinds of populations: an excitatory and
an inhibitory one. Intracortical connec-
tions are assumed in both directions,
from excitatory to inhibitory and from in-
hibitory to excitatory populations. Con-
nection strength is an exponentially de-
creasing function of distance between pop-
ulations. Intercortical connections are as-
sumed to be excitatory. Excitatory and
inhibitory populations mutually innervate
each other.



The Complexity of the Brain: Structural, Functional, and Dynamic Modules 209

6.3 Mathematical Description of the Model

Neural activity in the population model is described using statistical approach.
A probability density function (PDF) is introduced as the number of neurons in
a given membrane potential state. The membrane potential of each point in the
neural field – the cortex – is given by a PDF. This idea is adopted from earlier
works by [16,17]. The time-evolution equation of the PDF is given by the

∂gs(r, u, t)
∂t

+
∂

∂u
(εs(r, u, t) · gs(r, u, t)) +

−Du

2
· ∂

2gs(r, u, χ, t)
∂u2 =

= bs(r, u, t)− ns(r, u, t)

(2)

equation. The second term of the left hand side – which side gives the interspike
dynamics – is a drift term with ε velocity, while the third term describes a
diffusion process of the membrane potential due to random events influencing
the it. The drift velocity is

εs(r, u, t) = − 1
Cs

∑
i

I(i)
s (u)− 1

Cs

∑
s′

Isyn
s′s (r, u, t). (3)

Here Cs is the membrane capacitance of neurons in the postsynaptic population,
Isyn
s′s is the synaptic current between the s and s′ populations, I

(i)
s stands for all

other currents simulations take into consideration. The synaptic current satisfies
the

Isyn
s′s (r, u, t) = −γs′s(r, t) · (u− Es′s) (4)

equation. Es′s is the reversal potential of the synapse between populations s and
s′. γs′s(r, t), the postsynaptic conductance function is of the form

γs′s(r, t) =
∫

Rs′
Φs′(r′)

∫ ∞

0
as′(r′, t−t′−ds′s(r′, r))As′s(ks′s(r′, r), t′)dt′dr′. (5)

Φs(r) is the density in the given r point, Rs is the area and as (r, t) the activity
of neural population s. ds′s(r′, r) gives the axonal delay between the two inter-
connected population and As′s(x, t) is the change of postsynaptic conductance
of a synapse with strength x t seconds after the beginning of the synaptic action.
As′s(x, t) is usually given by the dual-exponential function, ds′s(r′, r) is taken
from database.

Activity in the model is defined as the number of firing cells:

as(r, t) =
∫ tref

0
dt′
∫ ∞

−∞
du′ (ns(r, u′, t− t′)− bs(r, u′, t− t′)), (6)

where ns(r, u, t) is a sink term giving the amount of neurons emitting a spike,
bs(r, u, t), the source term, the number of neurons returning into the interspike
dynamics.
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7 (Over)Synchronization in the Cerebral Cortex

Large-scale simulation is a proper tool for studying the relationship between
structural and functional connectivity. anatomical data for the connectivity in
the cat cerebral cortex was presented [14] and used by a simplified threshold
model [12]. Based on these anatomical data and estimated time delays between
regions the activity propagation as a spatiotemporal response for (even a local)
stimulus can be simulated. Specifically, the generation and propagation of epiletic
signals have been studied.

Epilepsy is a typical example of dynamical diseases. A dynamical disease is
defined that occurs in an intact physiological system yet leads to abnormal dy-
namics. Epilepsy itself is characterized by the occurrence of seizures (i.e. ictal
activities). During epileptic seizures oscillatory activities emerge, which usually
propagate through several distinct brain regions. The epileptic neural activities
generally displayed in the local field potentials measured by local electroen-
cephalogram (EEG). Epileptic activity occurs in a population of neurons when
the membrane potentials of the neurons are ”abnormally” synchronized.

Simulation of the generation and propagation of disinhibition induced epiletic
seizure is shown in Fig. 3

Fig. 3. Epileptiform activity pattern evolving on the cat’s cortex. Initial state is de-
picted on the left image: activity in most regions are low (blue color). Image on the right
shows typical epileptiform activity. Results represented are acquired by disinhibition
of the prefrontal cortex.
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Abstract. Does synchronization between action potentials from differ-
ent neurons in the visual system play a substantial role in solving the
binding problem? The binding problem can be studied quantitatively in
the broader framework of the information contained in neural spike trains
about some external correlate, which in this case is object configurations
in the visual field. We approach this problem by using a mathematical
formalism that quantifies the impact of correlated firing in short time
scales. Using a power series expansion, the mutual information an ensem-
ble of neurons conveys about external stimuli is broken down into firing
rate and correlation components. This leads to a new quantification pro-
cedure directly applicable to simultaneous multiple neuron recordings. It
theoretically constrains the neural code, showing that correlations con-
tribute less significantly than firing rates to rapid information processing.
By using this approach to study the limits upon the amount of informa-
tion that an ideal observer is able to extract from a synchrony code,
it may be possible to determine whether the available amount of infor-
mation is sufficient to support computational processes such as feature
binding.

1 Introduction

Does synchronization (or more generally temporal correlations) between action
potentials from different cells in the central visual system play a substantial role
in solving crucial computational problems, such as binding of visual features
or figure/ground segmentation? One theory suggests that synchrony between
members of neuronal assemblies is the mechanism used by the cerebral cortex
for associating the features of a coherent single object [1].

Although several groups have reported compelling experimental evidence
from the visual system in support of this theory (for a review see [2]), the role
played by synchronous firing in visual feature binding is still highly controversial
[3,4,5,6], and far from being understood. In our view, it is possible that one or
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more methodological factors contribute to the continuing uncertainty about this
issue. In fact, almost all the reported neurophysiological evidence in favor or
against the temporal binding hypothesis relies upon the assessment of the sig-
nificance of peaks in cross-correlograms (CCG, [7]) and of their modulation with
respect to stimulus configuration. While investigating stimulus modulation of
peaks (or of other features) of CCGs can clearly bear some evidence on the role
of synchrony in binding, it does not address the crucial issue of how much syn-
chrony tells the brain about the configuration of objects in the visual field. This
question is particularly important as it is well known that firing rates of individ-
ual cells are commonly related to features of the sensory world [8], and even to
perceptual judgements (see e.g. [9,10]). Firing rate modulations can potentially
contribute to association of features through the use of population codes, or also
in other ways[3]. Therefore the specific contribution of synchrony (or in general
of correlations between firing of cells) as a coding mechanism for binding should
be assessed against the contribution of independent firing rate modulation to
the encoding of object configurations in the visual field.

To address these issues, a pure analysis of CCG characteristics is insufficient.
In addition to CCG quantification, information theory can be used to address
the specific contribution of synchronized or correlated firing to visual feature
binding, and to compare the contribution of synchrony against that of firing
rates. In fact, Information theory [11] allows one to take the point of view of an
ideal observer trying to reconstruct the stimulus configuration just based on the
observation of the activity of neuronal population, and to determine how much
the presence of correlated firing helps in identifying the stimulus.

In this paper we present and develop a rigorous information theoretic frame-
work to investigate the role of temporal correlations between spikes. We first
discuss how information theory could overcome the limitations of the pure CCG
analysis. We then present a mathematical formalism that allows us to divide the
information into components which represent the information encoding mecha-
nisms used by neuronal populations – i.e. it determines how many bits of infor-
mation were present in the firing rates, how many in coincident firing by pairs
of neurons, etc., with all of these adding up to the overall available information.
The mathematical approach developed here is valid for timescales which are
shorter than or of the order of a typical interval between spike emissions, and it
makes use of a Taylor series approximation to the information, keeping terms up
to the second order in the time window length. This approximation is not merely
mathematically convenient; short timescales are likely to be of direct relevance to
information processing by the brain, as there is substantial evidence that much
sensory information is transmitted by neuronal activity in very short periods of
time [12,13,14]. Therefore the mathematical analysis is relevant to the study of
the computations underlying perceptual processes. In particular, it enables the
quantitative study of the rapidly appearing correlational assemblies that have
been suggested to underlie feature binding and figure/ground segmentation.
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2 Problems with Conventional Cross-Correlogram
Analysis

The CCG represents a histogram of the probability of a spike from one neu-
ron at a given time relative to a reference spike of a second neuron [7]. Whilst
cross-correlation is capable of identifying synchrony between neurons, several
aspects of the analysis of CCGs present problems or are incomplete. First, CCG
analysis itself does not provide a criterion to choose which periods of a response
epoch should be analysed. Since, in many cases, moving stimuli are employed,
the response varies with time and it may be that correlations are present or are
stimulus modulated for only a short part of the response [15]. This short period
is not necessarily related simply to the response peak, although some studies
have analysed only the period in which the peak of the response is made to a
moving stimulus [16]. Second, the width of the time window over which corre-
lations should be assessed is arbitrary. CCG analysis does not entirely address
over which time scales correlations contribute most information about object
configuration. Using long windows (e.g. much larger than the width of CCG
peaks) may “wash out” transient correlations. Narrow windows centered upon
the PSTH peak may ignore the part of the responses that contains most of
the information about the stimuli (e.g. in firing rate modulations). Third, if
the window length used to assess correlations is varied between stimulus condi-
tions (e.g [16]) then an undesirable extra source of variation is introduced when
the stimulus conditions are compared. Information theory can mitigate some of
these problems by providing a criterion for the selection of time windows, by
identifying the windows in which most information is actually transmitted.

Many previous studies also differ in the methods used to quantify the tempo-
ral structure in CCGs. Some studies rely on the fitting of a damped sine wave to
the CCG (e.g. [5,17]). Other methods quantify solely the likelihood that the peak
in the CCG did not arise by chance [18]. Analysis of the significance of a peak,
or of structure in the CCG must be made in relation to the flanks of the CCG.
What length of flank is chosen will affect the significance of peaks. However,
downstream neurons are unlikely to be able to compare the likelihoods of spikes
occurring at lags of tens of milliseconds against the likelihood of simultaneous
spikes.

The parameters of a CCG do not themselves quantify the informational con-
tribution of synchronous firing. Conventional CCG analysis techniques attempt
to assess correlation in a manner independent of the firing rate in order to dis-
ambiguate synchronous modulations from firing rate variations. It is unlikely,
though, that any downstream detector of the synchronous discharge of neurons
would be capable of assessing the significance of correlation independent of the
firing rate. It is more likely that it would make use of the actual number of coinci-
dent spikes available in its integration time window. Therefore cross-correlation
peaks and firing rate modulation are probably intrinsically linked in transmit-
ting information to downstream neurons, and an analysis of the functional role
of synchrony should be able to take this into account. Most studies that ap-
pear to show stimulus-dependent synchrony have employed relatively strongly
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stimulated cells. An important prediction of the temporal correlation hypothesis
is that synchrony should encompass the responses of sub-optimally stimulated
neurons [19]. A thorough test of this hypothesis requires the study of cells that
fire very few spikes. The number of spikes included in the calculation of a CCG
of course affects the precision with which correlations can be detected [20]. Vari-
ations in the number of evoked spikes, rather than a true change in correlation
between the neurons, could thus affect comparisons between optimal and sub-
optimal stimuli. While analysing cells firing at low rates may be a challenge for
CCG analysis, it is tractable for analyses developed from information theory, as
we shall see in Section 4.

3 Information Theory and Neuronal Responses

We believe that the methodological ambiguities that attend studies purely based
on quantification of spike train correlograms can be greatly reduced by employing
in addition methods based upon information theory [11], as we describe in this
Section.

Information theory [11] measures the statistical significance of how neuronal
responses co-vary with the different stimuli presented at the sensory periphery.
Therefore it determines how much information neuronal responses carry about
the particular set of stimuli presented during an experiment. Unlike other sim-
pler measures, like those of signal detection theory, which take into account only
the mean response and its standard deviation, information theory allows one to
consider the role of the entire probability distributions. A measure of information
thus requires sampling experimentally the probabilities P (r|s) of a neuronal pop-
ulation response r to all stimuli s in the set, as well as designing the experimental
frequencies of presentation P (s) of each stimulus. The information measure is
performed by computing the distance between the joint stimulus-response prob-
abilities P (r, s) = P (r|s)P (s) and the product of the two probabilities P (r)P (s),
(P (r) being the unconditional response probability) as follows:

I(S; R) =
∑

s

∑
r

P (s, r) log2
P (s, r)

P (s)P (r)
(1)

If there is a statistical relationship between stimuli and responses (i.e. if
P (r, s) is dissimilar from P (r)P (s)) , our knowledge about what stimulus was
presented increases after the observation of one neuronal spike train. Eq. (1)
quantifies this fact. The stronger the statistical relationship between stimuli and
responses, the higher is the information value. Eq. (1) thus quantifies how well an
ideal observer could discriminate between different stimulus conditions, based on
a single response trial. There are several advantages in using information theory
to quantify how reliably the activity of a set of neurons encodes the events in
the sensory periphery [21,22]. First, information theory puts the performance
of neuronal responses on a scale defined at the ratio level of measurement. For
example, an increase of 30% of on the peak height of a cross-correlogram does not
tell us how this relates to synchrony-based stimulus discrimination, but values of
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information carried by synchronous firing have a precise meaning. Information
theory measures the reduction of uncertainty about the stimulus following the
observation of a neuronal response on a logarithmic scale. One bit of information
corresponds to a reduction by a factor of two in the stimulus uncertainty. A
second advantage of information theory in this context is that it does not require
any specific assumption about the distance between responses or the stationarity
of the processes, and it can therefore lead to objective assessments of some of
the hypotheses.

In the above discussion we have mentioned that we are calculating informa-
tion ‘about a stimulus’. In fact, more generally it can be information ‘about’ any
quantifiable external correlate, but we shall continue to use the word stimulus
in an extended sense. If we were studying information about the orientation of
a grating, we would define our stimulus to be which of a number of different ori-
entations the grating appeared at on any given experimental trial. If we wish to
study problems such as binding or figure-ground segregation within this frame-
work, we have to specify our stimulus description accordingly. An illustration of
this is shown in the scene of Fig. 1, which contains two objects in front of a back-
ground. Also shown are a number of receptive fields, which are taken to be those
of cells from which we are simultaneously recording the activity (‘spike trains’).
We can define our stimulus, or external correlate, as a multidimensional variable
representing the object to which each receptive field is associated. The dimen-
sionality of our stimulus is in this case the number of cells from which we are
recording at once. By quantifying the information contained in the spike trains
about this variable, and breaking it down into individual components reflecting
firing rates and correlations (or synchronisation), we can determine the aspects
of the spike train which best encode the figure-ground (or object-object-ground)
segregation. Furthermore, by examining how this relationship scales with the
stimulus dimensionality (number of receptive fields recorded from), it may be
possible to determine whether enough information is present in correlations to
support binding in perceptually realistic environments.

It is worth noticing that information values are always relative to the stimu-
lus set used, and that testing a neuron with different stimuli may lead to rather
different information values. This has some interesting implications. On the one
hand, it allows us to characterise neuronal selectivity by searching for a stimulus
set that maximises the neuronal information transfer, a more rational charac-
terisation strategy than searching for stimuli eliciting sustained responses. On
the other hand, the intrinsic dependency of mutual information values on the
nature of stimulus set allows us to test whether different encoding strategies are
used by visual cortical neurons when dealing with external correlates of a dif-
ferent nature. The last property is of interest because one of the predictions of
the binding-by-synchrony hypothesis is that synchrony is particularly important
when stimulus configurations requiring some kind of associations are included,
and less important in other situations. Information theory thus provides a nat-
ural framework to test this theory.
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s
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Fig. 1. An illustrative segregation problem in which there are two objects in front of
a background. The background is labeled by s0, and the objects by s1 and s2 respec-
tively. The dashed ellipses represent the receptive fields of visual cortical cells which we
are recording the responses of simultaneously. This situation can be examined in the
framework of information theory by considering the ‘stimulus’ to be a multidimensional
variable indicating which object (s0, s1 or s2) is associated with each receptive field.
The problem is thus to determine which response characteristics are most informative
about the visual configuration.

4 Series Expansion of the Mutual Information

Although information theory is, as explained, a natural framework to address the
role of correlated firing on e.g. binding of visual features, some work is needed to
separate out of the total information contained in a population response r into
components, each reflecting the specific contribution of an encoding mechanism.
We perform this separation in the limit in which the relevant window for infor-
mation encoding is short enough that the population typically emits few action
potentials in response to a stimulus. As discussed in the introduction and in
[23], there is evidence that this is a relevant limit for studying the computations
underlying perception, as cortical areas in several cases perform their computa-
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tions within a time frame which is shorter than one typical interspike interval
[13,14].

We examine a period of time of duration t, in which a stimulus s is present.
The neuronal population response r during this time is taken to be described by
the number of spikes fired by each cell1 in the window t. We study the informa-
tion carried by the responses of a neuronal population about which stimulus is
presented. It can be approximated by a power series

I(t) = t It +
1
2
t2 Itt + O(t3). (2)

The problem is thus to compute the first two time derivatives of the information,
It and Itt, which are all that survive at short timescales.

Two kinds of correlations influence the information. These are the “signal”
(mean response to each stimulus) correlation and the “noise” (variability from
the mean across different trials with the same stimulus) correlation between cells.
In the short timescale limit the noise correlation can be quantified as

γij(s) =
ni(s)nj(s)

(ni(s)nj(s))
− 1, (i 6= j) γii(s) =

(ni(s)2 − ni(s))

ni(s)
2 − 1, (3)

where ni(s) is the number of spikes emitted by cell i in a given trial in response
to stimulus s, and the bar denotes an average across experimental trials to the
same stimulus. The signal correlation can be measured as

νij =
< ri(s)rj(s) >s

< ri(s) >s< rj(s) >s
− 1, (4)

where ri(s) is the mean firing rate of cell i to stimulus s, and < · · · >s denotes
an average across stimuli. These are scaled correlation densities ranging from -1
to infinity, which remain finite as t → 0. Positive values of the correlation coeffi-
cients indicate positive correlation, and negative values indicate anti-correlation.

Under the assumption that the probabilities of neuronal firing conditional
upon the firing of other neurons are non-divergent, the t expansion of response
probabilities becomes an expansion in the total number of spikes emitted by the
population in response to a stimulus. The probabilities of up to two spikes being
emitted are calculated and inserted into the expression for information. This
yields for the information derivatives

It =
C∑

i=1

〈
ri(s) log2

ri(s)
〈ri(s′)〉s′

〉
s

(5)

Itt =
1

ln 2

C∑
i=1

C∑
j=1

〈ri(s)〉s 〈rj(s)〉s

[
νij + (1 + νij) ln(

1
1 + νij

)
]

1 The additional temporal information contained in the spike times is studied in [24]
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+
C∑

i=1

C∑
j=1

[
〈ri(s)rj(s)γij(s)〉s

]
log2(

1
1 + νij

)

+
C∑

i=1

C∑
j=1

〈
ri(s)rj(s)(1 + γij(s)) log2

[
(1 + γij(s)) 〈ri(s′)rj(s′)〉s′

〈ri(s′)rj(s′)(1 + γij(s′))〉s′

]〉
s

. (6)

The first of these terms is all that survives if there is no noise correlation at all.
Thus the rate component of the information is given by the sum of It (which
is always greater than or equal to zero) and of the first term of Itt (which is
instead always less than or equal to zero). The second term is non-zero if there
is some correlation in the variance to a given stimulus, even if it is independent of
which stimulus is present; this term thus represents the contribution of stimulus-
independent noise correlation to the information. The third component of Itt

is non-negative, and it represents the contribution of stimulus-modulated noise
correlation, as it becomes non-zero only for stimulus-dependent correlations. We
refer to these last two terms of Itt together as the correlational components of
the information.

In any practical measurement of these formulae, estimates of finite sampling
bias must be subtracted from the individual components. Analytical expressions
for the bias of each component are derived in the online appendix of [23].

5 Correlations and Fast Information Processing

The results reported above for the information derivatives show that the in-
stantaneous rate of information transmission (related to the leading order con-
tribution to the information) depends only upon the firing rates. Correlations
contribute to information transmission, but they play only a second order role.
This has interesting implications for the neural code, that we develop further
here.

It was argued [25] that, since the response of cortical neurons is so variable,
rapid information transmission must imply redundancy (i.e. transmitting several
copies of the same message). In other words, it should necessary to average away
the large observed variability of individual interspike intervals s by replicating
the signal through many similar neurons in order to ensure reliability in short
times. Our result, eq. (6), shows that to have a high information rate, it is
enough that each cell conveys some information about the stimuli (because the
rate of the information transmitted by the population is the sum of all single cell
contributions); therefore we conclude that it is not necessary to transmit many
copies of the same signal to ensure rapidity.

Also, since firing rates convey the main component of information, corre-
lations are likely to play a minor role in timescales of the order of 20-50 ms,
in which much information is transmitted in the cortex. As an example, Fig.
2 shows the information conveyed by a population of simulated Integrate and
Fire neurons, which share a large proportion (30%) of their afferents (see [23]
for details of the neuronal model used). It can be seen that, despite the strong
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correlations between the cells in the ensemble correlations play only a minor role
with respect to firing rates.
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Fig. 2. (a) The short-timescale information components for a set of 5 simulated neu-
rons sharing 30% of their inputs. (b) A typical example of the cross-correlogram be-
tween two of the simulated neurons. Despite of the strong correlation between neurons,
the impact of the cross correlations on information transmission is minimal.

To model a situation where stimulus dependent correlations conveyed in-
formation, we generated simulated data using the Integrate-and-Fire model for
another quintuplet of cells which had a stimulus dependent fraction of common
input. This might correspond to a situation where transiently participate in dif-
ferent neuronal assemblies, depending on stimulus condition. This is therefore a
case that might be found if the binding-by-synchrony theory is correct. There
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were ten stimuli in the sample. The spike emission rate was constant (20 Hz)
across stimuli. One of the stimuli resulted in independent input to each of the
model cell, whereas each of the other nine stimuli resulted in an increase (to
90%) in the amount of shared input between one pair of cells. The pair was
chosen at random from the ensemble such that each stimulus resulted in a dif-
ferent pair being correlated The change in responses of one such pair of cells to
changes in the amount of common input is shown in Fig. 3a. The upper panel
of Fig. 3a shows the fraction of shared connections as a function of time; the
central and lower panel of Fig. 3a show the resulting membrane potentials and
spike trains from the pair of neurons. This cross-correlation is also evident in the
cross-correlograms shown in Fig. 3b. The results for the information are given
in Fig. 3c: all terms but the third of Itt are essentially zero, and information
transmission is in this case almost entirely due to stimulus-dependent correla-
tions. This shows that the short time window series expansion pursued here is
able to pick up the right encoding mechanisms used by the set of cells. Therefore
it is a reliable method for quantifying the information carried by the correlation
of firing of small populations of cells recorded from the central nervous system
in vivo. Another point that is worth observing is that Fig. 3c also shows that
the total amount of information that could be conveyed, even with this much
shared input, was modest in comparison to that conveyed by rates dependent on
the stimuli, at the same mean firing rate. This again illustrates that correlations
typically convey less information than what can be normally achieved by rate
modulations only. Therefore they are likely to be a secondary coding mecha-
nism when information is processed in time scales of the order of one interspike
interval.

6 Optimality of Correlational Encoding

In the preceding sections we have shown that the correlational component is
only second order in the short time limit, essentially because the probability of
emission of pairs of spikes, and the reliability of this process, are much smaller
than the corresponding quantities for single spikes. For this reason, one can
expect a correlational code to carry appreciable information only when it is
efficient, i.e. when each correlated spike pair carries as much information as
possible.

In this section we investigate the statistical conditions that have to be satis-
fied by a correlational code in order to be efficient in the short time limit. If the
population code is purely correlational (i.e. the firing rates are not modulated
at all by the stimuli), then it is possible to show that the mean information per
coincidence Ψ carried by a pair of cells (obtained dividing the total information
by the mean number of observed coincidences) is bounded only by the sparseness
of the distribution of coincident firing across stimuli α:

0 ≤ Ψ ≤ log2(1/α) (7)
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Fig. 3. A situation in which the stimulus dependent correlational component domi-
nates: with a fixed mean firing rate, two of the five simulated cells (chosen randomly
for that stimulus) increase their correlation by increasing the number of shared con-
nections while the other two remained randomly correlated. The effect of this on cell
spiking activity is shown in (a): upper panel shows the fraction of shared connections,
while central and lower panels of (a) show the membrane potential and spike emission
of the simulated cells. (b) shows the cross-correlograms corresponding to the low and
high correlation states. The result of this is seen in (c): information due to correlations,
although modest in magnitude, in this demonstration dominates the total information.
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The maximal (most efficient) value of information per coincidence Ψmax =
log2(1/α) is reached by a binary distribution of correlations across stimuli, with
a fraction of stimuli α eliciting positively correlated firing, and the other 1 − α
stimuli eliciting fully anti-correlated firing (i.e. coincident firing is never observed
when presenting one of the latter stimuli). Nearly uniform, or strongly unimodal
distributions of correlations across stimuli would give poor information, Ψ ∼ 0.

By analyzing Eq. (7), it is easy to realize that there are two statistical require-
ments that are necessary to achieve high values of information per coincidence.
The first one is that the correlational code should be em sparse (i.e. the frac-
tion of stimuli leading to a “high correlation state” should be low). The sparser
the code, the more information per coincidence can be transmitted. The second
important factor for fast and efficient transmission of correlational information,
is that the low correlational state must be strongly anti-correlated in order to
achieve an information per coincidence close to its maximum log2(1/α). In fact
correlations in short times have fluctuations that may be big compared with their
mean value, and therefore for any observer it is difficult to understand in less
than one ISI if an observed coincidence is due to chance or neuronal interaction.
This is why low correlational states with no coincidences are so helpful in trans-
mitting information. We note here that states of nearly complete anticorrelation
have never been observed in the brain. Therefore the “low state correlational
state” of a realistic correlational assembly should be the “random correlation
state” (i.e. the state in which the number of coincident spikes is on average that
expected by chance).

We have quantified the reduction in the information per coincidence, com-
pared to its maximum Ψmax, that arises as a consequence of the presence of
the random correlation state. Fig. 4 plots the ratio between the information per
coincidence carried when the “low correlation state” is random and the optimal
amount of information per coincidence log2(1/α) obtained when the low correla-
tion state is totally anticorrelated. The plot is shown as a function of the fraction
α of stimuli eliciting a “highly correlated state”. Fig. 4 shows clearly that, if the
“low correlation state” of the assembly elicits uncorrelated firing, then the in-
formation per coincidence is far from its maximum, unless the correlation in the
“high state” is extremely high and the correlational code is not sparse at all.
However, in which case the information per coincidence is very low anyway (see
eq. (7)).

Therefore correlational assemblies in the brain, if any, are likely to be ineffi-
cient in the short time limit. This consideration further limits the possible role
played by correlations in fast information encoding.

7 Discussion

If cells participate in context-dependent correlational assemblies [2], then a signif-
icant amount of information should be found in the third component of Itt when
analysing data obtained from the appropriate experiments. The series expansion
approach thus enables the testing of hypotheses about the role of correlations in
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Fig. 4. The ratio between the information per coincidence carried by a binary correla-
tional encoder with a fraction of stimuli eliciting positive correlation γ and the other
stimuli eliciting no correlation, and the optimal information per coincidence carried in
the same situation, but with full anticorrelation in the “low correlation state”. This
ratio is plotted, for different values of the strength γ of the “high correlation state”, as
a function of the fraction of stimuli eliciting positive correlation.

solving the binding problem, as opposed to other solutions, and about informa-
tion coding in general. Data analyses based on the time-expansion approach have
the potential to elucidate the role of correlations in the encoding of information
by cortical neurons.

It is worth noticing that the formalism presented here evaluates the the
information contained in the neuronal responses themselves, it does not make
about the system that is going to read the code. For this reason, the information
computed “directly” from neuronal responses is an upper bound to what any
type of decoder can extract from the responses themselves. Therefore it is termed
the information that an “ideal observer” can extract [22]. Of course, the relative
contribution of rate and synchrony modulations to information transmission will
depend on the specific read-out mechanism used by a downstream neural system
that listens to the neuronal code. However, if the information that an ideal
observer is able to extract from the synchrony code is small, as the mathematical
analysis indicates for the fast information processing limit, one can be sure that
any decoding device cannot extract more information in the synchrony than that
small amount evaluated from the responses.

Whether this small amount is sufficient to support computational processes
such as figure-ground segregation remains to be seen, and depends upon how
it scales empirically with the number of receptive fields examined. Ultimately,
as suggested by [3], the only way we will achieve any degree of confidence in
a proposed solution to the binding problem will be to study recordings made



Synchronisation, Binding, and the Role of Correlated Firing 225

from a monkey trained to make behavioural responses according to whether
individual features are bound to particular objects. The information theoretic
approach described here would be a natural way to analyse such data.

In conclusion, the methodology presented here can provide interesting and
reliable bounds on the role of synchrony on cortical information encoding, and
we believe that its application to neurophysiological experiments will advance
our understanding of the functional interpretation of synchronous activity in the
cerebral cortex.
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Abstract. Temporal synchrony of activation spikes has been proposed
as the representational code by which the brain segments perceptual
patterns into multiple visual objects or multiple auditory sources. In
this chapter we look at the implications of this neuroscientific proposal
for learning and computation in artificial neural networks. Previous work
has defined an artificial neural network model which uses temporal syn-
chrony to represent and learn about multiple entities (Simple Synchrony
Networks). These networks can store arbitrary amounts of information
in their internal state by segmenting their representation of state into
arbitrarily many entities. They can also generalize what they learn to
larger internal states by learning generalizations about individual enti-
ties. These claims are empirical demonstrated through results on training
a Simple Synchrony Network to do syntactic parsing of real natural lan-
guage sentences.

1 Sequences, Structures, and Segmenting with Synchrony

Neural Network models have been successful at pattern analysis using just a
holistic representation of the input pattern. There is not usually any need to
partition the problem or impose strong prior assumptions. This approach has
been extended to processing sequences and to processing structures, but with
much less success. The storage capacity of a network which is appropriate for
short sequences or shallow structures is soon overwhelmed when faced with long
sequences or deep structures, leading to much relevant information being lost
from the network’s representation of state. The solution advocated here is to
segment the representation of state into multiple components. The number of
components can grow with the length of the sequence or the size of the structure,
thereby allowing the capacity required for each component to remain constant.
Given this approach, the questions are how to represent these components, on
what basis to segment the state information, and what are the implications for
learning and computation.

In cognitive neuroscience one proposal for pattern segmentation is that the
brain does this segmentation and represents the result using the temporal syn-
chrony of neuron activation spikes [18]. Any two features of the input which
are associated with the same entity are represented using synchronous (or more
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generally, correlated) activation spikes, and any two features which are associ-
ated with different entities are represented with non-synchronous (uncorrelated)
activation spikes [17,1,4,15,16]. This approach has been applied to visual object
recognition [20] and auditory source recognition [19]. In both domains there are
multiple entities in the world which are together producing the sensory input,
and the brain needs to segment the sensory input according to which entity is
responsible for which aspects of it.

This neuroscientific proposal suggests answers to two of our questions. First,
that the synchrony of spiking neurons can be used to represent the components
of the segmented state. Second, that this segmentation should be done on the
basis of the entities in the domain. The work discussed in the remainder of this
abstract looks at our third question, the implications of these two proposals for
learning and computation. We argue that these two proposals are intimately
related because of their implications for learning.

2 Temporal Synchrony for Artificial Neural Networks

To investigate the implications of using temporal synchrony to segment state into
entities we have developed an artificial neural network model of computation and
learning with temporal synchrony, called Simple Synchrony Networks [12,9]. This
architecture extends Simple Recurrent Networks [2] with an abstract model of
temporal synchrony.

2.1 An Abstract Model of Temporal Synchrony

To apply the idea of using the synchrony of neuron activation spikes to a compu-
tational architecture, we first need to define an abstraction of the neurobiology
which captures only those properties which are relevant to our computational
investigation. For this work we use the following abstract model of temporal
synchrony:

1. Time is divided into discrete periods, and each period is divided into discrete
phases.

2. The ordering between phases within a period cannot be used to represent
information.

3. Units are divided into two types, those which process each phase indepen-
dently (called pulsing units) and those which output the same activation to
all phases (called nonpulsing units).

4. There is no bound on the number of periods and no bound on the number
of phases in a period.

A computational abstraction of temporal synchrony was first defined in the
SHRUTI model of reflexive reasoning [15,14]. The SHRUTI model was hand
built to do resource-constrained logical inference, although it has been extended
to include some trainable weights [13]. The above model of temporal synchrony
is based on the model used in SHRUTI. In SHRUTI the periods correspond to
the steps of the logical inference and the phases correspond to instantiations
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of the variables in the logical rules. As in SHRUTI, we abstract away from the
problem of creating and maintaining synchrony between neurons by assuming
discrete phases. Two unit activation pulses are either synchronous and firing in
the same phase, or not synchronous and firing in different phases. There is no
problem with noise when propagating this synchrony from one period to the next.
However by organizing activation pulses into discrete phases we have introduced
the potential for representing information in the ordering between the phases
within a period. This organization is not present in the biological system, so in
the second feature above we explicitly exclude exploiting this ordering within
the computational model. In the third feature above, the two types of units
correspond to those which utilize temporal synchrony to represent information
(pulsing units) and those which do not (nonpulsing units). Thus the pulsing units
represent information about individual entities, and nonpulsing units represent
information about the situation as a whole.

The last feature listed in the above model of temporal synchrony is a depar-
ture from that used in SHRUTI. Based on biological constraints, SHRUTI places
a bound on the number of phases per period. We remove this bound in order to
more easily demonstrate the computational advantages of segmenting state into
multiple entities.1 We also do not address the problem of multiple instantiations
of predicates, which requires single pulsing units to be active in multiple phases
during the same period.2 As is commonly done, a unit is intended to correspond
to a collection of neurons. We assume that these neurons are able to allocate
themselves to as many phases as are necessary.

2.2 Simple Synchrony Networks

The artificial neural network architecture which we use to investigate temporal
synchrony differs significantly from the SHRUTI model in that it is primarily
designed to support learning. For this reason Simple Synchrony Networks (SSNs)
[12,9] are an extension of Simple Recurrent Networks (SRNs) [2]. SRNs have been
demonstrated to be effective at learning about sequences. A sequence of inputs
are fed into the network one at a time, and a sequence of outputs are produced
by the network after each input. The outputs are computed on the basis of both
the current input and the SRN’s internal state, which records information about
the previous sequence of inputs. At each position in the sequence this state
information is represented as a fixed-length vector of unit activations, known as
a holistic representation because of its unstructured nature. SSNs use this same
form of representation in their nonpulsing units. The positions in an SRN’s
input/output sequence correspond to the periods in an SSN’s temporal pattern
of activation, and during each period the state of the nonpulsing units can be
represented as a fixed-length vector.

1 But see [11] for a discussion of reintroducing this bound.
2 Although we don’t explicitly introduce a constraint, the nature of temporal syn-

chrony imposes a form of multiple instantiation constraint on predicates with two
or more arguments. See [7] for a discussion of this constraint and its linguistic im-
plications.
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The difference between SRNs and SSNs is in SSN’s use of pulsing units.
During each period, pulsing units have a different activation value for each phase
within the period. Thus the state of the pulsing units must be represented with
a set of fixed-length vectors, where there is no fixed bound on the number of
vectors in the set. This allows an SSN to segment the representation of its internal
state into an unbounded number of components. Each component is one of the
vectors of activation values. Because the segmentation is done on the basis of
entities, each of these vectors is a representation of the state of an entity, which
records information about the previous sequence of inputs which is relevant to
that entity.

Entity
State

OutputInput
Entity

Input
Holistic

Memory
Entity

Entity

Fig. 1. An example of an SSN network. Nonpulsing units are shown as circles, pulsing
units as stacks of circles, and links as solid arrows. The dashed arrows represent the
copying of activation from the previous period.

By combining the SRN’s ability to learn about sequences with temporal syn-
chrony’s ability to represent entities, SSNs can learn about sequences of entities.
As illustrated in Figure 1, the pattern of links in an SSN is the same as that
for an SRN. The pattern of activation in the state layer is computed from the
pattern of activation from the previous state plus the input pattern. The output
activation is computed from the state. The difference is in the inclusion of pulsing
units in the layers.3 The pattern of activation for each entity’s state is computed
from the entity’s previous state, the current input about that entity, and the
input about the situation as a whole (the holistic input). The output activation
for an entity is computed from the state of that entity. The links which perform
these computations can be trained using a simple extension of Backpropagation
Through Time [12].

3 Some versions of the SSN architecture have nonpulsing units in their state and mem-
ory layers as well as the pulsing units shown in Figure 1. Without loss of generality,
we will restrict attention to this simpler architecture, called type A in [12].
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3 Generalization with Temporal Synchrony

The motivation for segmenting state information into components was that this
would allow us to vary the number of components, and thus the capacity of
the state, without having to vary the capacity requirements of each individual
component. This requirement is met by using temporal synchrony for segment-
ing state information because the number of phases can vary without requiring
additional training. These additional phases are simply processed with the same
link weights as all the other phases, as is done in SSNs. This processing strategy
has significant implications for learning. Anything learned about a computation
performed in one phase will have to be applied to computations in all other
phases. This generalization of learned information across phases is an inherent
property of using temporal synchrony, because link weights do not change at the
time scale of phases.

Now we can see the relationship between using temporal synchrony to seg-
ment state and segmenting state on the basis of entities. If we use temporal
synchrony to segment state then learned info will be generalized across the seg-
mented components. But if the segmented components correspond to entities in
the domain, then that is exactly the kind of generalization which we want. For
example, if we learn to recognize that one snake is poisonous, then we want to
generalize that knowledge to other examples of snakes. And if we encounter a
situation with several snakes, then we want to generalize that knowledge to each
snake individually (rather than generalizing it to the situation as a whole). In
language processing, if we learn that a noun phrase can begin with “the”, then
we want to generalize that to all noun phrases, even in sentences with several
noun phrases.

Generalizing learned information over entities is crucial for many domains.
Hadley [5] argues, in the context on natural language constituents, that this kind
of generalization is required for a neural network to demonstrate “systematicity”,
a property closely related to compositionality of representations [3]. Given this
definition of systematicity, the above arguments can be used to show that neural
networks which use temporal synchrony to represent entities have systematicity
as an inherent property [6]. Even beyond natural language and compositional
structures, it is hard to imagine any domain where we would want to say that
particular entities exist in the domain but would not want to say that there
are regularities across those entities. If such regularities are a part of what we
mean by “entity”, then temporal synchrony is applicable to representing any set
of entities. Perhaps even the presence of entities in our higher level cognitive
representations is a result of the evolution of temporal synchrony as a neurolog-
ical mechanism for segmenting the representation of state. But that question is
beyond the scope of this chapter!

4 An Application to Language Processing

Parsing natural language is an application which imposes widely varying capacity
requirements on a network’s representation of state. There is wide variation in
the length of sentences and in the size of their syntactic structures. As the length
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of a sentence grows so does the size of its syntactic structure, and so does the
amount of information about that structure which might be relevant to each
parsing decision. In order for a parser to store all this information in its state,
its representation of state must have sufficient storage capacity. In theory the
capacity required can be arbitrarily high, but in practice it is sufficient to argue
that there is wide variation between the capacity required for small structures
and that required for large structures.

Many attempts have been made to apply holistic neural network represen-
tations to parsing, but in one way or another they all run into the problem of
a network’s limited storage capacity [10]. As advocated above, this limitation
has been overcome using Simple Synchrony Networks [11]. The SSN’s phases are
used to store the information about syntactic constituents,4 thereby segmenting
the parser’s state into an arbitrarily large set of constituents and allowing each
constituent’s representation to be of constant size. It also means the network has
the linguistically desirable property of generalizing over constituents, as well as
simplifying the parser’s output representation [9].

Recent experiments demonstrate that an SSN parser can handle varying sen-
tence lengths and generalize appropriately, even with the complexities of real
natural language. Henderson [8] compares the performance of an SSN parser to
a simple version of the standard statistical parsing technique of Probabilistic
Context Free Grammars (PCFGs). Both models were trained on the same set of
sentences from a corpus of naturally occurring text, and then tested on a previ-
ously unseen set. The results of this testing are shown in Table 1. Constituent
recall (percentage of correct constituents which are output) and precision (per-
centage of output constituents which are correct) are the standard measures for
parser performance, and F1 is a compromise between these two.

Table 1. Testing results.

Sentences Constituents
Parsed Correct Recall Precision F1

SSN 100% 14.4% 64% 65% 65%
PCFG 51% 3.3% 29% 54% 38%

The biggest difference between the SSN parser and the PCFG is in its ro-
bustness. For about half the sentences the PCFG did not find any non-zero
probability parses. The SSN is always able to find a parse, and that parse is ex-
actly correct more than four times as often as the PCFG. Because the PCFG’s
lack of robustness makes it difficult to make a meaningful comparison with the
SSN parser on the other performance measures, we also calculated their perfor-

4 By “syntactic constituent” we mean the substrings of the sentence which are the
leaves of some subtree in the syntactic structure of the sentence. These substrings
are labeled with the label of the root of their subtree. For example, the sentence
“The dog ran” with the structure [S [NP the dog] ran] would have two constituents,
a noun phrase [NP the dog] and a sentence [S the dog ran].
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mance on the subset of sentences which the PCFG was able to parse, shown in
Table 2. Even on these sentences the SSN parser outperforms the PCFG on the
standard parsing measures by about 10%.

Table 2. Testing results on the sentences parsed by the PCFG.

Sentences Constituents
Correct Recall Precision F1

SSN 16.3% 65% 67% 66%
PCFG 6.5% 57% 54% 56%

These results show that an SSN is able to learn effectively despite the fact
that parsing real text places widely varying capacity requirements on the SSN’s
representation of state. The test set contained sentences ranging from 2 words to
59 words in length, and sentence structures ranging from 2 levels to 16 levels in
depth. The SSN parser processes a sentence incrementally, one word at a time,
so by the time the SSN parser reaches the end of the sentence, all the words
and all the constituents in the sentence could possibly be relevant to the final
parsing decision.

To show that the SSN parser indeed achieves this performance by generalizing
what it learns to more complex representations, we analyzed the performance
of the SSN parser on constituents of varying length and depth. Figure 2 plots
the performance of the SSN and the PCFG as a function of the length of the
constituent, and Figure 3 plots their performance as a function of the depth of
the constituent. The points on each plot are the F1 performance on the subset of
constituents which include that many words, or that many levels, respectively.
These results are all for the sentences which the PCFG can parse, and only
results for subsets that include at least 10 constituents are shown. By comparing
the performance of the SSN to that of the PCFG we can see whether the SSN
has the same ability to generalize to more complex representations as statistical
methods based on compositional symbolic representations.

Figure 2 shows that the SSN is generalizing successfully across constituent
length. The difference in performance between the SSN and the PCFG stays
consistently high up to length 17, at which point the results become more noisy
due to the small number of constituents involved. Figure 3 shows that the SSN
also generalizes successfully across constituent depth.5 The difference in perfor-
mance between the SSN and the PCFG stays consistently high up to depth 7,
at which point the results become more variable.

5 To be correct in this measure a constituent must have the correct words and label,
but the structure of the subtrees associated with the output and target constituents
can be different. For these results recall was calculated on the basis of the depth of
the target constituent structure, precision was calculated on the basis of the depth
of the output constituent structure, and F1 was calculated from these values.
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Fig. 2. F1 results of the network and the PCFG on the PCFG’s parsed sentences, plot-
ted by constituent length. The lower curve shows the percentage of target constituents
at each length.

5 Conclusions

These empirical results on parsing natural language show that segmenting state
information on the basis of entities is an effective way to allow neural networks
to handle wide variations in state capacity requirements. They also show that us-
ing temporal synchrony to represent this segmentation results in learning which
generalizes appropriately to these larger states. This generalization is achieved
because temporal synchrony results in learning generalizations about individual
entities, which is appropriate for complex domains such as language processing.
Thus the neuroscientific proposal of using the synchrony of activation spikes to
segment patterns according to entities has been shown to have significant compu-
tational implications for artificial neural networks. Simple Synchrony Networks
are an artificial neural network architecture which demonstrates the promise of
this proposal.
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Abstract. The paper considers computational models of spatio-temporal
patterns of neural activity to check hypotheses about the role of
synchronisation, temporal and phase relations in information processing. Three
sections of the paper are devoted, respectively, to the neuronal coding; to the
study of phase relations of oscillatory activity in neural assemblies; and to
synchronisation based models of attention.

1   Introduction

The theoretical study of the temporal structure of neural activity is very important.
Despite the great complexity and variability of electrical activity in the brain,
constantly increasing experimental data reveal consistent temporal relations in the
activities of single neurons, neural assemblies and brain structures. Without a proper
theoretical background, it is very difficult to guess how these relations can appear and
what their role could be in information processing. This is especially important in the
situation when detailed knowledge of the mechanisms of neural activity and neural
interactions have not led to a significant progress in understanding how the
information in the brain is coded, processed, and stored. What are the general
principles of information processing in the brain? How can they be discovered
through the analyses of electrical activity of neural structures? Which part of available
experimental data reflects these general principles and which is related to the
peculiarities of biological implementation of these principles in different brain
structures? Are the observed temporal relations in neural activity related to
information coding or they are the artefacts generated by special experimental
conditions? These questions still wait their answer in future theoretical studies.

Computational neuroscience is one of the promising directions in developing the
brain theory. The mathematical and computer models provide the possibility: to form
general concepts and to apply them to the analysis of experimental data; to extract
essential variables and parameters of neural systems which determine their
information processing capabilities; to analyse the role of different mechanisms
(biophysical, biochemical, etc.) in neural system functioning; to propose new
hypotheses and to check their validity by comparing the modelling results with
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experimental data, to make suggestions about the further progress of neuroscience, to
formulate the main ideas of new experiments and possible drawbacks.

In this paper, we consider several hypotheses that have been put forward to explain
the role of temporal structure of neural activity in information processing. We
describe neural networks that have been developed in support of these hypotheses and
whose analysis reveals what kind of model neurons or neural assemblies are suitable
and how their interaction should be organised to implement different types of
information coding and processing.

2   Neuronal Coding

Traditionally, a neuron is considered as a device that transforms a changing sequence
of input spikes into discrete action potentials that are transmitted through the axon to
the synapses of other neurons. What are the properties of the neural spike trains that
provide the possibility to carry the information or take part in information processing?
Until recently, the most popular hypothesis has stated that this property is the rate of
spikes in the train. Rate coding explains how the presentation and intensity of the
stimulus can influence neural activity but this coding neglects the temporal
organisation of spike trains.

Experiments show that temporal patterns of neural activity can be very complex,
and it is natural to admit that there should be some information encoded by the
moments of spike generation. For example, different stimuli or tasks can elicit
different patterns of activity that have the same firing rate. Experimental data obtained
in the last years show that in the slowly changing surrounding the rate code might be
useful, but its efficiency drops abruptly if stimulation conditions change quickly. In
the latter1. case, the fine temporal structure of spike trains should play a much more
important role [1].

If we agree that the temporal pattern of activity carries the information about the
stimulus, which features of this pattern are important? The popular hypothesis is that
the stimulus-driven oscillatory activity of a neuron is a code of a significant stimulus
[2] (more recent discussion of this problem can be found in [3]). The essence of
oscillatory coding can be reduced to two basic ideas:

� place coding (the stimulus is coded by the location of a neuron that shows the
oscillatory activity) and

� binding (the integration of local stimulus representations that can be realised
through impulse synchrony).

The other approach takes into account the fine temporal structure of spike trains.
The approach is based on the evidence that under some conditions of multiple
stimulus presentation a neuron can reply, reproducing the moments of spikes with
precision of 1 msec [1]. Note that the general pattern of activity is far from being
regular in these experiments. Hence, the temporal structure of neural activity might be
irregular and very complex. Therefore, the understanding of neural coding requires a
very detailed study of temporal relations in multi-dimensional sets of spike trains. A
powerful approach in describing the complex neural activity is based on the
synchronisation principle [4]. The experimental evidence shows synchronous neural
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activity in the form of very precise and coherent spiking of many neurons relating to
some specific stimulation [5].

Neural information coding can be implemented not only at the level of individual
neurons but also at the level of the activity of neural assemblies. The ideas about
information coding by neural populations: are similar to those of individual neurons:
1) rate coding, where the rate/activity at time t is determined as the average number of
firing neurons in the given population per a time unit (or as the average membrane
potential of neurons at the moment t); 2) spatio-temporal coding, where some
characteristics of spatio-temporal patterns of neural activity are determined.

Thus, a general theoretical approach to neural coding systems can be formulated in
the following way. A coding system is a network of dynamically interacting elements
supplied by a set of inputs (which deliver the information about a stimulus to the
network) and a set of outputs (which transmit the results of coding to other
information processing systems). Depending on the type of coding, the elements of
the network simulate in different detail the functioning of individual neurons, neural
populations (excitatory and inhibitory), or neural structures. As the input signals, both
constant and changing continuous signals can be used, as well as stochastic or
deterministic sequences of spikes. The signals at different inputs can be identical to
each other or not. The output signals are spike trains or the average activity of the
coding elements (in these two cases, the adequate mathematical descriptions .of
coding system dynamics are multidimensional stochastic processes and ordinary
differential equations, respectively). Typically, the coding system has the capability to
learn by experience, that is the parameters of the system elements and the strength of
connections are modified, which may leads to the change of dynamics of the system
while different stimuli are supplied to it.

The above definition emphasizes the importance of studying the dynamics of
activity of encoding networks that arises as a result of the presentation of different
stimuli. Not only the final state of the system after stimulation but its whole dynamics
properly reflects what kind of coding is done [6,7]. Many investigations confirm that
oscillatory dynamics of neural activity and its synchronisation should play a key role
in the models of information processing in the brain (see, e.g., [5]). The
synchronisation mechanism can be considered as a basis for modelling associative
memory [8], feature binding [5], and attention [5, 9]. An oscillatory neural network
formed by interacting neural oscillators is a powerful paradigm in the description of
the dynamics and synchronisation of neural activity [10-12]. Different synchronous
patterns that can appear in oscillatory neural network models include regular
oscillations, chaotic oscillations, and quasiperiodic (envelope) oscillations with
multiple frequencies. In the paper [13] we described how multifrequency oscillations
could be used for information coding. In the case of two-frequency oscillations, we
consider the synchronisation at a high frequency and lack of synchronisation at a low
frequency as a specific code that is different from the one when synchronisation is
spread to both high and low frequencies. Note that multi-frequency oscillations
drastically improve the encoding capabilities of the system because different
frequencies play the role of independent coordinates. Another fruitful approach to
modelling the dynamics of neural activity in different brain structures is represented
by stimulus-dependent persistent (metastable) states [6].

An interesting example of complex dynamics in an oscillatory neural network is
represented by the chain of locally coupled oscillators with different connection types.
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Such chain-like architecture is important for different applications including artificial
neural networks and computational neuroscience (e.g., the chain-like architecture is
natural for the sensory-motor cortex [14], also the 3D structure of the hippocampus
may be considered as a chain of oscillators allocated along the septo-temporal axis
[15-16]).

Figure 1a shows the wave propagation in a chain of 101 locally coupled Wilson-
Cowan oscillators (see Appendix 1 for model description). To start the wave
propagation, we choose a low value of external input to all oscillators, which
corresponds to the low level background activity of a single oscillator [17]. Only the
external input of the 51st oscillator is capable to induce oscillations. Thus, the 51st

oscillator becomes the source of the propagating wave. Figure 1a shows the pattern of
neural activity with propagating waves for a moderate value of the connection
strength. The wave propagation is very limited for weak coupling because after
propagating for a short distance the wave decays and disappears. A greater value of
the connection strength allows the wave propagation along the chain. As a result,
some spatio-temporal pattern of neural activity arises.

Computational experiments with wave propagation are related to the study of
stimulus dependent neural activity. The source of a propagating wave appears as a
result of constant simulation of an oscillator. Another possibility would be to present a
stimulus during some limited time and to study the resulting stimulus-dependent
pattern of neural activity. Figure 1b shows the result of stimulations with the
formation of the stimulus-dependent activity pattern. In this computational experiment
we chose the parameter value of the external input equal to 8.0=P  (this value
corresponds to the low level background activity of a single oscillator) for all
oscillators of the chain except one oscillator in the middle of the chain whose external
input is 5.151 =P  (the oscillatory mode of an isolated oscillator). We present the

stimulus for five time units (keeping the values of external input parameters fixed),
after that we stop the stimulation making 8.051 =P  (all oscillators receive the same

external input). Despite the termination of stimulation, a complex pattern of neural
activity arises and exists for a long time. Figure 1b shows a spatio-temporal pattern
related to the parameter values 6.0,6.1 == ab that determine the coupling strength

of an oscillator with its neighbours of the first and second order, respectively. These
parameter values are minimal in the sense that coupling is strong enough to support
the propagation of the wave but the wave rapidly decays for any smaller coupling
strength.

3   Phase Relations of Neural Activity

In this section we consider the oscillatory dynamics of neural activity. This case is
important for modelling since many EEG recordings show various rhythms (alpha,
beta, gamma, etc.) during background activity (without presentation of an external
stimulus) and in some functional states. While spectral analysis has been a dominating
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Fig. 1. Wave propagation in a chain-like neural network for the case of local excitatory-to-
inhibitory connections. (A) Spatio-temporal pattern of neural activity for the permanent source
of wave propagation. (B) Spatio-temporal pattern of neural activity for the case of a short
stimulus application. The activity of 101 oscillators is shown in grades of grey, changing from
black (low) to white (high).
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method of experimental data processing under one-channel recordings, the multi-
channel recordings can give the information about phase relations of neural activity in
different regions of the brain. As an example of the important role of phase relations
for information processing we refer to the paper [18], where a specific relation
between the activity of place cells and the phase of the theta rhythm in the
hippocampus has been shown. The key observation is that as the rat moves through a
place cell’s receptive field, the cell fires with progressively earlier phase on
successive theta cycles (the so-called “phase-advance”).

To study phase relations in oscillatory dynamics, networks of neural oscillators are
helpful. A neural oscillator can be formed by two interacting populations of excitatory
and inhibitory neurons. For simplicity, a population is approximated by a single
excitatory or inhibitory element, which represents the average activity of a neural
population (the term ’’neuron’’ is kept to denote this element as well). A typical
example of a neural oscillator is the Wilson-Cowan oscillator [19], its modifications
are most frequently used in oscillatory neural networks.

Complete bifurcation analysis of the system of two coupled neural oscillators of a
Wilson-Cowan type is given in [13]. The results obtained show how the type and the
strength of connections affect the dynamics of the network. In the case of weak
connections, the connections from excitatory to inhibitory neurons and from
inhibitory to excitatory neurons (synchronizing connections) lead to periodic in-phase
oscillations, while the connections between neurons of the same type (from excitatory
to excitatory and from inhibitory to inhibitory) lead to periodic anti-phase oscillations
(desynchronising connections). For intermediate connection strengths, the network
can enter quasiperiodic or chaotic regimes; it can also exhibit multistability, that is co-
existence of several types of oscillatory dynamics. In the case of excitatory-to-
excitatory connections, the oscillators can run with the same frequency but with some
phase shift (out-of-phase oscillations). The phase shift varies in a broad range
depending on the coupling strength and other parameters of oscillators. Thus, the
analysis highlights the great diversity of neural network dynamics resulting from
network connection architecture and strengths.

There is no general theory of oscillatory neural networks in the case of more than
two interacting oscillators and an arbitrary architecture of connections. Most results
are related to the following important types of architectures: all-to-all (global)
connections and local connections. In both cases non-trivial relations between
oscillation phases can appear. For example, in a network of identical oscillators with
global connections, a so-called splay-phase state can exist, when there is a constant
time lag in the phase dynamics of oscillators (see, [20]). Another example, which
shows that phase relations between oscillators is a key parameter defining the spatio-
temporal structure of neural activity, is described in [15]. In this paper, the set of
models of hippocampal oscillatory activity is presented that takes into account some
important features of the three-dimensional structure of the hippocampus. Two
external periodic inputs are considered, one from the entorhinal cortex and another
from the septum. Both inputs are engaged in slow theta-rhythm oscillations with some
phase shift between them. It is shown that the phase shift is a crucial parameter that
determines the spatio-temporal pattern of hippocampal neural activity.

Let us illustrate this phenomenon using an oscillatory neural network composed of
integrate-and-fire units. The mathematical description of activity of integrate-and-fire
neuron is given in Appendix 2. Each oscillator is formed by two units: an excitatory
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pyramidal neuron and an inhibitory inter-neuron. Oscillators are located at the nodes
of the three-dimensional grid of size NxMxM. Here the first coordinate represents a
position along the septotemporal axis of the hippocampus and N squares of size MxM
are located on the planes orthogonal to the septotemporal axis (Fig 2A). We consider
each plane as a hippocampal segment (“lamella”). Thus, the model consists of N
segments allocated along the septo-temporal axis. The total activity of pyramidal
neurons of a segment is an important characteristic corresponding to the hippocampal
theta rhythm. Another important feature of the hippocampal activity is the level of
synchrony (coherency) between different segments. The integrate-and-fire model
allows one to study both spike trains of neurons and the average activity of each
segment.

-

+

-

A B

C

D

+

Fig. 2. Architecture of interconnections in the hippocampal model. (A) 3D structure of the
model. (B) Each node contains an excitatory pyramidal neuron and an inhibitory inter-neuron.
(C) Excitatory connections incoming to the pyramidal neuron. (D) Inhibitory connections
incoming to the pyramidal neuron and inter-neuron.

The connections between neurons are shown in Fig. 2B-D. Each pyramidal neuron
receives 6 excitatory connections from nearest pyramidal neurons and 7 inhibitory
connections from nearest inter-neurons (6 from the nearest nodes and one from the
inter-neuron at the same node). Each inter-neuron receives only one excitatory
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connection from the pyramidal neuron at the same node and 6 inhibitory connections
from nearest inter-neurons. The input IC from the entorhinal cortex is distributed along
the septotemporal axis so that all neurons in the same segment (a transverse plane)
have got the same input value

).)1(sin()( 0 CCC tntanI fw +D-+= (1)

Here n is the segment number ),...,1( Nn = .
The input IS from the septum is also distributed along the septotemporal axis but it

propagates from the opposite side. All neurons in the segment n have got the same
input value

).)(sin()( 0 SSS tnNtanI fw +D-+= (2)

We have studied the dynamics of neural activity under the variation of the phase
deviation SC fff -=D . Fig. 3 shows the spatio-temporal activity of N segments

(N=10, M=10) for two different values of fD . Each frame of Fig. 3A corresponds to

one segment. The frame shows 100 spike trains of pyramidal neurons (lower part of
each frame) and 100 inter-neuron spike trains (upper part of the frame), as well as the
average potential of pyramidal neurons of the segment (similar to macro electrode
recording of EEG).

Fig. 3A and Fig. 3B differ by the value of the phase deviation fD  ( ms30=D f  for

Fig. 3A and 130=D f ms for Fig. 3B, the period of theta oscillations is 200ms). Fig.

3A demonstrates the case when all 10 segments obviously generate theta-rhythm
activity. Both spike trains and average activity show regular periodic theta oscillations
with large amplitude of average activity. This is interesting to note that there is a
phase shift of oscillatory activity of neighbouring segments and the value of this
phase shift is about o120 . Fig. 3B demonstrates another case when three segments
from one side of the chain and three segments from the opposite side generate regular
theta-rhythm oscillations. The average activity of four segments in the middle of the
chain is rather flat with small amplitude of regular activity. Thus, the phase deviation

fD  between two external inputs to the hippocampus is a key parameter that controls

the distribution of partial activity along the hippocampal segments.

4   Synchronisation Based Models of Attention

A model of attention has been formulated in terms of an oscillatory neural network in
[21]. According to this model, the network is composed of the so-called central
oscillator (CO), which is coupled with a number of other oscillators, the so-called
peripheral oscillators (PO), by feedforward and feedback connections. Such network
architecture facilitates the analysis of network dynamics and interpretation of network
elements  in  terms  of  brain  structures.  For example,  it  is presumed  that the septo-
hippocampal system plays the role of the CO, while POs are represented by cortical
columns which are sensitive to particular features. This concept is in line with
Damasio’s hypotheses that the hippocampus is the vertex of a convergent zones
pyramid [22] and the ideas of Miller [23], who formulated the theory of representation
of information in the brain based on cortico-hippocampal interplay.
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Fig. 3. Spatio-temporal pattern of neural activity for different values of the phase deviation.
Each frame shows the activity of hippocampal segment: 100 spike trains of pyramidal neurons
(bottom) and 100 spike trains of interneurons as well as the total potential of pyramidal neurons
belonging to the segment versus time. (A) Phase deviation equals 30 ms. (B) Phase deviation
equals 130 ms.

Attention is realised in the network in the form of synchronisation of the CO with
some POs. Those POs that work synchronously with the CO are supposed to be
included in the attention focus (here the synchronisation implies nearly equal current
frequencies of corresponding oscillators). The parameters of the network that control
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attention focus formation are coupling strengths between oscillators and natural
frequencies of oscillators (the frequency of an oscillator becomes natural if all
connections of this oscillator are cut off).

Let the set of POs be divided into two groups, each being activated by one of two
stimuli simultaneously presented to the attention system. Different oscillators of a
group are interpreted as coding different features of a stimulus. We suppose that the
natural frequencies of oscillators of group k (k = 1, 2) are distributed in an interval

kD . The intervals kD  are supposed to be non-overlapping and separated by some

empty space on the frequency axis. The following types of dynamics of the network
are of interest for attention modelling: (a) global synchronisation of the network
(this mode is attributed to the case when the attention focus includes both stimuli); (b)
partial synchronisation of the CO and a group of POs (this mode is attributed to the
case when the attention focus includes one of two competing stimuli); (c) no-
synchronisation mode (this mode is attributed to the case when the attention focus is
not formed).

The results of the study give complete information about conditions when each of
the above-mentioned types of dynamics takes place and describe possible scenarios of
transition from one mode to another under the variation of some parameters [9,24]. In
particular, the model shows that when the focus of attention is switched from one
stimulus to the other an intermediate state of attention focusing must appear. In this
state the focus of attention is either absent or both stimuli are included in the attention
focus. Another result of modelling is the formulation of conditions, when decreasing
the interaction of the CO with the oscillators representing one of two stimuli included
in the attention focus may lead not to focusing attention on the other stimulus but to
destruction of the attention focus.

An important type of attention focus formation in experimental and natural
conditions is a spontaneous attention shift between several stimuli simultaneously
presented at the sensory input. There is some evidence that spontaneous attention
switching between several complex stimuli (a complex stimulus is the one described
by more than one feature) may be a general way of item-by-item examination during
pop-out experiment [25]. Let us describe how spontaneous switching of attention can
be implemented in an oscillatory network with a central element.

Note that the results on attention modelling presented above were obtained under
fixed values of network parameters, such as natural frequencies of oscillators and
coupling strengths. The current frequency of the CO during partial synchronisation
depends on these parameters and determines the set of POs included in partial
synchronisation. It may happen that this set is empty, or includes only a small part of
oscillators of a given group or even combine some number of POs from different
groups (in the latter case the focus of attention will contain a “monster” formed from
incomplete sets of features of different stimuli). Such effects may appear in the model
due to improper location of the attention focus in the frequency range. To overcome
this difficulty, we consider a simple algorithm of adaptation of the natural frequency
of the CO. By computer simulation we show that this adaptation results in automatic
movement of the attention focus to an optimal position, where a maximal number of
oscillators of one group corresponding to one stimulus are synchronised.

The fact that oscillators in the brain may tune their frequency to the frequency of
the input stimulus is well known from the works of Ukhtomsky and his colleagues
[26] and Thatcher & John [27]. Ukhtomsky suggested that frequency adaptation is
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one of general mechanisms of information processing in the brain and that it is used
for forming stable excitation of neural assemblies (the so-called dominanta). A neural
network implementation of frequency adaptation mechanism has been worked out in
[28]. The idea that the central executive of the attention system is an oscillator and
that it may change its natural frequency during attention focus formation belongs to
Kryukov [21]. This assumption is in compliance with significant variation of theta-
frequency activity observed in the hippocampus in the experiments on orienting
response.

A mathematical formulation of the model of attention is presented in Appendix 3.
Equation (A3.1) describes the dynamics of the CO and equation (A3.2) describes the
dynamics of POs. The elements of the network are the so-called phase oscillators and
the synchronisation is described in terms of a phase locking procedure. (Phase
oscillator networks are under intensive investigation in the last years as a powerful
instrument in neurophysiological modelling, see, e.g., [10,29,30,31]). The main new
feature of the model is that the natural frequency of the CO changes according to
equation (A3.3), which implies that the natural frequency of the CO tends to its
current frequency. To avoid abrupt jumps of CO’s natural frequency during
transitional stages of synchronisation, the dynamics of this frequency is made slow
relative to the rate of phase locking.

We suppose that r stimuli are presented simultaneously to the attention system. The
stimulus k is coded by the activity of a group of POs with q oscillators in each group

whose natural frequencies are randomly distributed in an interval kD  on the

frequency axis. The intervals are supposed to be non-overlapping. For simplicity, all
intervals have the same size 1 and are separated by empty spaces of length 1. Thus,
the range ),( maxmin ww  of distribution of the frequencies of all POs has the size 2r – 1.

In computation experiments we put

.,...,2,1),2,12( rkkkk =-=D (3)

(Note that a shift of all values of natural frequencies in the equations for phase
dynamics is equivalent to a change of phase variables, therefore, without loss of
generality, one can choose any value for minw ).

Let the period (0, T) of stimulation be divided into equal intervals t1, t2, …, ts. The
procedure of spontaneous attention focusing and switching works in the following
way. At the initial moment, all oscillators start with phases randomly distributed in
the range )2,0( p . The initial value of the natural frequency 0w  of the CO is 0. At the

initial moment of each time interval tj (j = 1,…,s) the natural frequency 0w  of the CO

is set to be equal to a randomly chosen value in the range )1,1( maxmin +- ww . During

all other moments the dynamics of network variables is determined by equations
(A3.1-A3.3).

We fix the value w = 0.5 of coupling strength between oscillators. This value is

large enough to synchronise oscillators of one group under a proper value of 0w
(near the middle of an interval kD ) but it is too small to synchronise all oscillators of

more than one group, because the range of phase locking of a PO is not more than
wdtd –/0w . During different time intervals tj, different groups of POs will be
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synchronised by the CO. Which group will be synchronised depends on the random

value of 0w  at the initial moment of tk. Starting from this value, the natural frequency

of the CO will move in the direction of natural frequencies of the nearest group of
POs (the word “near” is used in the sense of the distance on the frequency axis). The
final location of 0w  will be around the average value of natural frequencies of POs in

the synchronised group.

5   Conclusions

The following parameters of the network have been used in computation experiments:
the number of groups r = 5, the number of oscillators in each group q = 20, duration
of all tj is 500 units of time. The period of stimulation is T = 10000.

A typical result of computation experiments is presented in Fig. 4. The graphics
show time evolution of the current frequencies of POs and of the natural frequency of
the CO. During the whole period of stimulation, the groups of oscillators were
synchronised in the following order: group1, group 2, group 5, group 1, group 1, etc.
As can be seen from the figure, during each time segment tj similar behaviour of
oscillators is observed. The natural frequency of the CO tends to some value, which is
more or less optimal for the synchronisation of oscillators of one group. The current
frequencies of oscillators of this group tend to the natural frequency of the CO. As a
result, after some transitional period nearly all oscillators of one group are
synchronised by the CO. Exceptions can be observed for those POs whose natural
frequencies are at the edges of their frequency range kD . The synchronisation of such
oscillators is most difficult and sometimes they may be out of synchronisation with
the CO. Such situation can be observed, for example, during time segments t4=(1500,
2000), t5=(2000, 2500), t7=(3000, 3500), when one or two oscillators of a group do not
work synchronously with the CO.
The results described above can be generalised to the case when the attention focus
includes several stimuli. In this case one should assume that w is not constant but for
each tk the value of w is randomly chosen from some range (w1, w2), where w1 is large
enough to synchronise oscillators of one group and w2 is large enough to synchronise
oscillators of, say, two groups. (Such changes of coupling strength may be attributed
to random changes of synchronising activity of the CO in different time periods). The
result of synchronisation during time interval tj will depend on the position of 0w  at
the  initial  moment  of  tj  and  also  on  the value of w during tj.  Depending  on  these
values, 0w  may float to the average of natural frequencies of POs of one group (in

this case one group of POs will be synchronised by the CO) or to the average of
natural frequencies of POs in two neighbouring groups (in this case two groups of
POs will be synchronised by the CO and the focus of attention will consist of two
stimuli).

The model of attention considered above is based on synchronisation of regular
oscillations. The following example shows that regularity is not an obligatory
condition to obtain synchronous oscillations of neural activity, also synchronised
chaotic oscillations can be generated by the networks of integrate-and-fire neurons.
This gives the possibility to use chaotic oscillations in binding and attention models.
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Fig. 4. Above: time evolution of current frequencies of POs and of the natural frequency of the
CO. Period of stimulation is T = 10000. Below: zoomed fragment of synchronisation of
oscillators in group 2 (the range of natural frequencies in the group is between 3 and 4). The
thick trajectory shows the natural frequency of the CO, thin trajectories show the current
frequencies of POs.

An example of a neural network that combines chaotic dynamics with
synchronisation is presented in [4]. The authors have developed a neural network of
excitatory and inhibitory integrate-and-fire neurons with global connections that can
show spatially coherent chaotic oscillations. A specific property of this regime is that
the periods of neuron bursting activity alternate with irregular periods of silence.
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Moreover, the number of spikes in burst and interburst intervals varies in a broad
range. Despite of the irregular, chaotic dynamics of a single neuron, the global
activity of the network looks very coherent. Almost all neurons of the network fire
nearly simultaneously in some short time intervals.

The purpose of this paper was twofold. First, we were going to show that temporal
structures appearing in dynamical activity of neural network models are rich enough
to properly reflect the basic neurophysiological data. Second, we aimed to show that
dynamical models are helpful for checking the validity of hypotheses about the
principles of information processing in the brain. In particular, the models can be used
to elucidate the possible significance of temporal relations in neural activity. We
demonstrated that these models are compatible with experimental data and are
promising for parallel implementation of information processing.

In comparison with traditional connectionist theories, the theory of oscillatory
neural networks has its own advantages and disadvantages. This theory tries to reach a
better agreement with neurophysiological evidence, but this results in more
complicated analysis of the models.

In addition to the theory of information processing in the brain, there is another
important field of applications of oscillatory neural networks. We mean the theory of
artificial neural networks. After a period of intensive development, this theory seems
to suffer from the reduction of the flow of new ideas. Neuroscience is a reliable and
never exhausted source of such ideas. In the near future we can expect a significant
progress in neurocomputing in relation to better understanding of the principles of
information processing in the brain.

The dream of many researchers involved in neurobiological modelling is that some
day their findings will result in development of artificial neural systems with a broad
spectrum of intellectual capabilities competitive with those of the living systems. This
dream may soon come true. An important step in this direction would be to develop a
computer system for a combined solution of the problems of binding, attention,
recognition and memorisation. This project is quite real now. All necessary
components are known already. The current task is just to scan through the set of
existing models in order to choose those that are most efficient and most compatible
with the modern concepts of neuroscience and then to find a proper interaction of
these models in a unified system. Many details of this interaction are known already,
further experimental investigations and relative mathematical and computer modelling
should discover others.
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Appendix 1:   A Chain-Like Network of Neural Oscillators with
Local Connections

We consider a Wilson-Cowan neural oscillator consisting of an excitatory neural
population )(tEn  and an inhibitory neural population )(tI n  [8]. Let us suggest that
identical oscillators are arranged in a chain with local connections between nearest
oscillators. The dynamics of the network is described by the equations:
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Here 4321 ,,, cccc  are the coupling strengths between the populations constituting an
oscillator; Pn is the value of the external input to the excitatory population;
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where )(xS p  is a monotonically increasing sigmoid-type function given by the

formula

.)exp(1/(1)))(exp(1/(1)( ppppp bxbxS qq +---+= (A1.3)

For indexes n outside the range [1,N] we use the reflection symmetry relative to the
ends of the chain.

The parameter values are:
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Coupling between oscillators is described by the terms Vn and Wn. We consider four
different connection types and study the dynamical behaviour of the chain of
oscillators in four different cases corresponding to different connection types. Each
oscillator (with the index n) receives four connections: two connections with the
connection strength b  from the nearest oscillators (n-1) and (n+1) and the other two
connections with the connection strength a  from the oscillators (n-2) and (n+2).
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Appendix 2:   Dynamics of Integrate-and-Fire Units

The dynamics of an integrate-and-fire neuron is governed by the following equations:
1. Threshold:

¥¥ +---=+ rttrrtr spth ))(exp()()1( max a , (A2.1)

where maxr  is the maximum value of the threshold; ¥r  is the asymptotic threshold

value when ¥fit ; tha  is the threshold decay rate; spt  is the last spike moment

before t.
2. Post-synaptic potential for the input of the neuron:
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where jw is the connection strength, positive for the excitatory connection and

negative for the inhibitory one ; jt  is the time delay; j

PSP
a  is the jth neuron PSP

decay rate; spt  is the last spike moment of the jth neuron before t.

3. Noise:
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where Na  is the noise decay rate; x  is a random variable with the normal

distribution.
4. Somatic membrane potential:

)(exp()1( spVAHP ttVtV --=+ a (A2.4)

where AHPV  is the value of after spike hyperpolarisation; Na  is the somatic

membrane potential decay rate; spt  is the last spike moment before t.

5. Total potential:

,)1()1()1()1()1( +++++++=+ å tItVtNt
j

PSPtP ext
j (A2.5)

where extI  is the value of the external input.

6. Spike generation:

.1  then,)1()1( if +=+>+ tttrtP sp
(A2.6)
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Appendix 3: Phase Oscillator Model of Attention

The model of attention is formulated in terms of a network of phase oscillators. It is
described by the following equations:
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where 0q  is the phase of the CO, iq  is the phase of a PO, 0w  is the natural frequency

of the CO, iw  is the natural frequency of a PO, n is the number of POs, w is the

coupling strength between oscillators, 
dt

d 0q
 is the current frequency of the CO, 

dt

d iq

is the current frequency of a PO.
The adaptation of the natural frequency of the CO is described by the equation
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where the parameter g controls the rate of natural frequency adaptation to the value of
its current frequency.
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Abstract. The Brain is a slow computer yet humans can skillfully play games
such as tennis where very fast reactions are required. Of particular interest is the
evidence for strategic thinking despite planning time being denied by the speed
of the game. A review of data on motor and cognitive effects of cerebellar
lesions leads to propose that the brain minimizes reaction time during skilled
behaviour by eliminating on-line planning. Planning of the next action is
concurrent with the execution of the current action. The cerebellum plays a role
in preparing fast visuo-motor pathways to produce goal-specific responses to
sensory stimuli.. Anatomically, the cerebellum projects to all extra-striate
components of the fast sensory-motor route: Posterior parietal cortex (PPC),
Premotor cortex (PM) and Motor Cortex (M1). Indirect evidences suggest that
the cerebellum sets up stimulus-reaction (S-R)  sets at the level of  the PPC.
Among unresolved issues is the question of how S-R mappings are selected in
PPC, how planning is performed and how the cerebellum is informed of plans.
Computationally, the proposed principle of off-line planning of S-R
associations poses interesting problems: i) planning must now define both the
stimulus and the action that it will trigger. ii) There is uncertainty on the
stimulus that will appear at the time of execution. Hence the planning process
needs to produce not a single optimal solution but a field of solutions. It is
proposed here that problem i) can be solved if only learned S-R associations are
involved. Problem ii) can be solved if the neural network for S-R mapping has
appropriate generalization properties. This is demonstrated with an artificial
neural network example using normalized radial basis functions (NRBF).
Planning a single optimal trajectory enables to generate appropriate motor
command event for initial states outside of the optimal trajectory. Current
implementations include a simulated robot arm and the control of a real
autonomous wheelchair. In terms of control theory, the principles proposed in
this paper unify purely behaviour-based approaches and approaches based on
planning using internal representations. On one hand sensory-motor
associations enable fast reactions and on the other hand, being products of
planning, these associations enable flexible goal adaptation.
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1   Introduction

In the game of tennis, the time for the ball to cross the court is almost exactly equal to
the reaction time of the player added to its displacement time1. There does not seem to
be time for planning and it is unclear how players manage to produce strategic shots
under these conditions. The cerebellum is known to be involved in the co-ordination
of action and its lesion results in slower reactions [1,2]. Can we learn something from
studying the cerebellum that may shed some light on the computational strategies used
by tennis players? Can we learn something that may help design faster robots despite
limitations in computational resources? These are the questions underlying this paper.

How can the cerebellum accelerate reactions? The answer is not
straightforward, because the cerebellum does not initiate actions, its inputs arriving
usually to the motor cortex around the time when the action starts [3]. Several
experiments will be described in section 2 that suggest that the cerebellum helps
selecting actions to be executed in response to sensory stimuli. In section 3, a possible
biological substrate is suggested. In section 4, a conceptual model based on these
observations is proposed that combines planning and reactive behaviour. In section 5,
a neural network implementation is described to illustrate the principle. The
conclusion follows in section 6.

2   Role of the Cerebellum in Planning

Several experiments show that the cerebellum is involved in planning. A more precise
view on its role in that respect emerges from an analysis of the following experiments.

- In one experiment, human subjects are asked to walk a path of irregularly placed
stepping stones as fast as possible [4]. Subjects usually fixate the next stone just
before starting to lift the foot that will be placed on the stone. To assess the role of
visual sampling, tests were also performed in the dark, with stone positions indicated
by LED’s turned off at different times. Visual deprivation had no effect when the goal
was not illuminated during fixation time and swing phase of the movement. However,
deprivation towards the end of the swing affected sometimes the accuracy of the next
step. This indicated that subjects were planning the move to the next stepping stone,
while fixating the current stone an executing the current stepping action. Interestingly,
shift of fixation from the current to the next stone took also place in the dark,
indicating that the fixation was more a reflection of a pre-existing plan than a source
of information needed for its execution. The intermittent effect of visual deprivation

                                                          
1 The length of the court is approximately 24 m and its width 8m. A ball flying at 100 km/h

takes 860ms to travel 24m. Choice reaction time is approximately 270ms and the
displacement time, to reach a corner of the court starting from the middle (at half the speed
of a 100m world record, i.e. 5m/sec, and moving only 3m due to arm-length of 1m), is
estimated at 600ms. Planning normally takes several seconds [5]. The problem is that the
approach run is dependent on the intended type of hit. Therefore, the decision must be made
almost a the start of the run.
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could be due to compensation by spatial memory of the layout, which, in another
experiment, has be shown to persist for several seconds in the dark [6]. The stepping-
stone experiment done with cerebellar patients showed a reduced accuracy and
intermittent delays (prolonged stance) correlated with inaccurate fixating saccades to
the next stone [7]. Other experiments described below may allow narrowing down the
numerous possible reasons for these effects.

- In another experiment, subjects were told to touch, upon hearing a GO sound, one
of the elements of a display that is indicated by a light lit for a few seconds before the
GO signal [8]. The reaching movements of healthy subjects had the same
characteristics in the dark or in the light, indicating the execution of a pre-planned
movement, or as noted above, the existence of an internal spatial memory (world
model) that is replacing actual visual input. In contrast, cerebellar patients showed
increased variability in initial movement direction and, for the final portion,
performed worse in the dark, indicating their reliance on visual feedback. However,
the overall correct initial direction suggests that the problem was not one of spatial
memory (not remembering the position of the target), but one of precise planning or
plan execution.

- In another experiment, a monkey was trained to touch in the correct order the two
elements lit simultaneously in a succession of displays [9]. In such experiments, a
trained animal shows anticipatory saccades to the next element, indicating knowledge
of the sequence, and as suggested above, the existence of a plan as for which element
to touch next. Lesions in the dorsolateral dentate nucleus, that relays cerebellar
outputs to the cortex, reduced the number of anticipatory saccades and caused more
errors. This could indicate a loss of sequence memory, or errors in translating
sequence knowledge into a correct plan or action. The next experiment shows that the
latter is more likely.

- A patient with cerebellar lesions showed spatial dysgraphia characterised by a
large number of stroke omissions or stroke repetitions when writing in upper case,
even when copying a word [10]. Errors occurred despite a memory of the sequence of
strokes not being required. The authors suggested that this was a case of neglected
visual feedback (e.g. informing that all strokes of a letter have been produced), but as
the performance worsened in darkness, visual feedback was being used. Somehow,
cerebellar lesions prevented available knowledge (visible example or memory of
sequence) to be correctly converted into a motor plan. If the patient was unfamiliar
with writing in upper cases, his task becomes similar to the stepping stone experiment
where, while writing one letter, he has to decide which one to write next. Here the
problem is clearly one of programming this next action.

- Patients with cerebellar lesions tended to do more illegal moves in a Tower of
Hanoi test which is a test of planning capability [11]. This effect was neither due to
not understanding the instructions nor to some error in motor control. It was more like
an inadequate plan was being selected and executed from start to end.

- In a target detection task, patients with cerebellar lesions have difficulties in
setting up rapidely a response program, as shown by longer response times when the
target appears shortly (50ms) after the start of the experiment. It takes approximately
800ms before evidence for readiness to respond is seen [2].
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In summary, healthy subjects or animals animals plan ahead while acting, which is
revealed by anticipatory saccades and short reaction times. The symptoms of
cerebellar patients can be described as resulting from an inappropriate and late setup
of a response rule or action program. The role of the cerebellum in fast responses is
seen here as one of preparing the sensory-motor system for producing a task-specific
response to a subsequent sensory stimulus.

A similar although less specific hypothesis was formulated in [12] to explain the
participation of the cerebellum in attention orienting. However, the view put forward
here differs from earlier suggestions that the cerebellum may be directly involved in
action generation via learned stimulus-response (S-R) mappings, or so-called
"context-response linkage" [13,14,15]. In a later extension to these ideas, it was
suggested [16] that the cerebellum may also learn context-plan linkages, i.e. inform
areas of the cortex involved in planning of a plan - that may or may not be executed -
evoked by a context. Specification of an action plan, as proposed in [16], or enabling
given S-R sets as proposed here are probably similar concepts (see section 4).

Applying these ideas to the problem of fast yet strategic responses by a tennis
player, it can be assumed that the tennis player plans his or her next shot during the
flight of the ball towards the other side of the court and during his own shot. The
notion of concurrent planning is supported by the stepping stone experiment described
above showing that planning and action can be performed in parallel. The cerebellum
would then setup a S-R set that triggers a response as soon as the ball is returned. The
stimulus S could be defined as a view of the court when the ball is fixated. One
problem with that approach is that the response of the opponent is unpredictable.
Therefore a series of responses needs actually preparing. We refer to that as a
"response field". In the next section, we will examine briefly the network connecting
the cerebellum to other brain areas that may support the preparatory role of the
cerebellum. The question of response field will be addressed in section 5.

3   Anatomical Basis for the Role of the Cerebellum in Response
       Pre-selection

In this section the neural network supporting the preparatory role of the cerebellum
are  analysed. First, the fastest paths from primary visual areas to the motor output are
identified. Then the most likely target areas for cerebellar control signals are
discussed.

Several paths with very short latencies link visual input to motor output (figure 1A,
B). A series of paths devoted to the control of eye movements comprise areas V1, PO,
LIP, FEF and SC [17]. Another group of paths is devoted to reaching movements and
comprises V1, PO, MIP, PM and M1 [18,19,20, 21].

Average visual response latencies in FEF are only 75ms [19] and are close to
100ms in PM [22]. Total eye saccade reaction time (from stimulus onset to movement
onset) is approximately 120 ms [23]. Simple arm reaching reaction time is 250ms for
a single fixed visual target, and 270 ms for a target that can appear in one of two
positions [24]. This includes a 50-100 ms delay between the issue of the motor
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command in M1 and the initiation of movement [25,20]. When action selection
depends on stimulus properties evaluated in the ventral visual path, reaction times are
clos to 360 ms [26].

 

Fig. 1. A. Fastest path from visual input to motor output for arm movements. B. Fatst paths for
eye movements. C. Cerebello-cortical connections. V1: Primary visual area, PO : Parieto
Occipital Cortex, MIP and LIP are the medial and lateral intraparietal areas, parts of Posterior
Parietal Cortex (PPC). The frontal eye field (FEF) is a pre-motor area for eye movements, M1:
Primary motor cortex. SC: Superior Colliculus, PFC: Prefrontal cortex.

The main outputs2 of the cerebellum target areas M1, PM and PPC in the fast paths
[27,28,29,30]. There is also a projection to the prefrontal cortex (figure 1C). These
connections are reciprocal. Other inputs to the cerebellum  include higher visual areas
devoted to the peripheral visual field, SC, and the cingulate gyrus [31,32].

The cerebellum is thus in position to influence information processing along fast
sensori-motor routes. The more likely targets for an action on stimulus-response
mapping are areas PPC and PM. Area M1 is activated by the cerebellum after motor
commands have been issued [3]. Therefore the projections to M1 are more likely to be
involved in controlling ongoing movements [33] than initiating or preparing them.
Areas PO and V1 have no documented cerebellar inputs.

The posterior parietal cortex (PPC) contains maps of intended movements relative
to objects in the field of view. When given hand, arm or eye movements are intended,
specific subgroups of neurones become active [34]. It has been proposed that area
PPC rather represents "potential motor responses" that are communicated to the PM
where the "intended response" would be selected in a task dependent way [35]. Finally
the PM would activate neurons in M1 which initiate the "actual response" [36].

Electrophysiological data give a more complex image of these three processing
stages  [37,38]. Neurons coding for "potential responses" have been observed in PM
[39] and even in M1 [26]. It has been suggested that visuo-motor transformations are
a gradual rather than a clear-cut multistage process [21].

In an experiment by [26], a monkey was presented with two colored LED placed on
either side of a fixation point. Its task was to point either in the direction of the lit led,
or in the opposite direction, depending on the color of the LED. It was found that the
activity in a population of cells in M1 reflects initially the cue location (latency after
stimulus onset 80-200 ms), then the S-R rule (LED color) (latency 180-240ms) then
the response direction (latency 236-286 ms). On the one hand, such observations are
consistent with a multistage sequential process whereby fast position information from
                                                          
2 Different sub-areas in the cerebellum are linked to different cortical areas (see. e.g. [12, 27].
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the PPC is combined with slower color information from the ventral visual stream to
finally determine the response. On the other hand, the fact that area M1 has access to
information from intermediate processing stages indicates a distributed rather than
hierarchical network organization.

In this experiment [26], the position of the stimulus does not provide complete
information on the action to perform and combination of ventral and dorsal visual
information is required. The PFC and PM are the more likely areas where multimodal
information is combined. Brain imaging experiments confirm the involvement of the
dorsal PM in response selection based on non-spatial visual information [40].
However, these experiments also suggest an involvement of the PPC. Clinical studies
show that PPC lesions disable voluntary or memory-guided saccades to the side
contralateral to the lesion [23]. There is no clear reason for the involvement of the
PPC in these tasks, as there are direct connections between prefrontal memory areas
and pre-motor areas. Similarly it is unclear why the PFC and PPC are coactive when a
response needs to be memorized in a delayed response task [41]. These data suggest
that the PPC rather than the PM could be last stage before the motor cortex. However,
transmagnetic stimulation of the PPC impairs the accuracy of memory guided
saccades only if applied in the first 50ms after visual cue offset [42]. This suggests
that PPC only provides movement specifications that are then memorised and
executed in further stages.

These contradictions indicate that further research is needed. However whatever
the interpretation, the PPC stands out as a crucial element of the fast sensori-motor
path. It is therefore an ideal target for modulation by the cerebellum. [43] suggest that
the cerebellum initiates actions commands in M1 via the PPC relay. Imaging
experiments show that the PPC and Cerebellum are more active when the S-R
mapping rule is frequently changed (e.g. detect a color or a shape in the stimulus)[44].
The same is observed during motor learning of finger flexion sequences by trial and
error [45].  In this experiment, a new finger has to be selected for execution at each
pacing tone. Thus trial-and-error learning may involve frequent setting of new S-R
rules.

Other issues also need to be resolved before a complete picture of the preparatory
role of the cerebellum can be drawn. For instance, it is not known how planning is
performed in the brain. It is known that planning requires PFC, anterior cingulate and
caudate areas but also the PM, an areas in common with fast sensory-motor paths [46].
This complicates further the question of how planning can occur concurrently with
action execution. It is also unclear by which route the cerebellum is informed of which
plan to implement in the form of S-R sets. Finally, is unclear how a S-R rule can be
projected to the PPC. Projections from the cerebellum to PPC terminate in superficial
layers [47] and could be better placed for a modulatory role than for a driving role. It
is therefore plausible that the cerebellum operates by pre-selecting previously learnt S-
R rules rather than by projecting new rules. This would restrict fast responses to learnt
movements, highlighting the importance of training.

In summary, there is still some way to go before we will be able to produce a
definitive biological model of the role of the cerebellum in fast responses. However in
designing artificial systems, anatomical details do not need copying. Only the
computational principle needs to be reproduced.
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4   Conceptual Model of the Role of the Cerebellum

The review of behavioural and neurophysiological data in sections 2 and 3 lead to
propose following model of response generation (figure 2).

1. The context C elicits a plan P, via a mapping C-P that could be located
in the cerebellum [16] but possibly also elsewhere, e.g. in PFC.

2. The plan P is communicated to the cerebellum that implements a
mapping between plan P and stimulus response set S-R.

3. The S-R set corresponding to the plan is pre-selected in the PPC via
cerebellar projections.

4. The stimulus S activates the response R.

Fig. 2. Timing of the processes leading to the pre-selection of a S-R set in PPC and response
selection. The delay �W��LV�WKH�WLPH�IRU�LQIRUPDWLRQ�IURP�FRUWH[�WR�UHDFK�WKH�FHUHEHOOXP�DQG�IURP
there the PPC (estimated 100-200ms). The delay �W��LV�WKH�WLPH�IRU�YLVXDO�LQIRUPDWLRQ�WR�UHDFK�WKH
PPC (approx. 70-100ms). The delay �W�� LV� WKH� UHDFWLRQ� WLPH� �DSSUR[�� ���PV��� &�� &RQWH[WXDO
information, P: Plan, S: Stimulus, R: Response. The C-P map links context to plan. Possibly
located in Cerebellum. The P to S-R map converts a plan into a stimulus-response (S-R) selection.
This map is possibly located in the cerebellum. The S-R selection is conveyed to the S-R map that
will compute the response upon arrival of the stimulus. This map is probably located in the PPC.

Observing the diagram in figure 2, one may wonder if the mapping from context C to
S-R set needs to be a two-stage process. It may be possible that the cerebellum
realizes the mapping directly from context C to S-R set. In that case, the cerebellum
would need accessing contextual information which comprise sensory and
motivational information. It remains to be verified if the necessary projections exist.

In the proposed system, the S-R set can be adapted dynamically to changes of the
context. Hence the response R is appropriate for a context not more than Dt=Dt1-
Dt2+Dt3 old. This may be not more than 200-300 ms, depending on the circuits
involved and the nature of the relevant contextual information. In the tennis example
described above, it would be the game situation 30-130ms before the opponent hits the
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return that determines the selection of a shot. This time window contains the last
moments of the opponent’s swing.

From a control perspective, the key notion in the hypothesis is that actions are
selected. This suggest that time can be saved if, instead of planning on the basis of
current sensory information, pre-calculated sets of sensori-motor responses (a “plan”)
were available and appropriate responses were selected on the basis of current sensory
information.

A B

Fig. 3. A. Serial model of action selection: Sensory information is used for planning and the
resulting plan is executed. B. Proposed model: Planning precedes the stimulus and sets up a
stimulus-response (S-R) map. The stimulus selects the response in the S-R map.

Figure 3 illustrates the difference between the classical serial approach to goal-
directed action generation and the proposed pre-planning model. In the serial
approach, the response needs to be predictive to compensate for computational delays
in planning. In the proposed approach, the stimulus must be predicted. An important
characteristic of a controller implementing such a principle is that a plan must be
reflected in a variety of response being set up, to account for the variability of ones
action execution and the unpredictability of the of the environment. Choosing a plan
therefore corresponds to the selection of a large set of possible sensory-motor
associations. Another solution would be a representation of the S-R mapping that
generalizes over variants of S and produces variants of R that compensate for
deviations from expectations. In the next section an artificial neural network with this
property is outlined.

5   Neural Network Implementation

The neural network architecture described bellow was initially proposed in [48]. The
principle of the implementation is: i) Use the output of a planner to train a sensory-
motor (SM) association network; ii) Let the SM network control the sequence of
actions.

As a planner, a neuro-resistive grid was used [49] that approximates Laplacian
planning. In principle, any other techniques could be used, directed graphs, etc. For
encoding sensory-motor associations, a network of Normalized Radial Basis
Functions (NRBF) was used.

This section focuses on the details the operation of the NRBF network and its
generalization properties. This will be illustrated with S-R maps coding for the
trajectory of a 2-jointed robot arm.
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5.1   The Robot-Arm Planning Problem

The task that the planner had to solve was to find a sequence of arm configurations
allowing the gripper to reach the object marked by the black circle in figure 4A. The
result obtained using a resistive grid planner is a trajectory in configuration space
shown in figure 4B [48].

A B C

Fig. 4. A. Robot arm in its initial configuration in the workspace. B. Trajectory in configuration
space. The x-axis is the shoulder joint angle. The y-axis is the elbow joint angle. The initial
configuration is at the top left. C. Sequence of arm positions corresponding to the trajectory in B.

The main advantage of the resistive-grid method is that it guarantees finding a solution
to the planning problem, if there is one. However, it has also the limitations of grid-
based methods: a limited resolution. Underlying figure 4B is a 25 x 25 grid that
represent all possible combinations of the two joint angles. As the joints can rotate by
a full 360 degree, there is a 14.4 degree angular step change from one node to the
next. This has two consequences, i) the planned movement is very saccadic (Figure
4C), ii) the goal is not reached (Figure 4C) because its exact location does not
necessarily correspond to the centre of a node in the grid. It is possible to solve that
problem [48] by using a variant of the neural network described in the next section.
However, this will not be detailed here.

5.2   A Normalized RBF Network Representing Sensory-Motor Associations

A normalized RBF net has the same architecture as a standard RBF net (fig 5). The
only difference is the normalized sum done in the output nodes. The input nodes code
for the stimulus and the output nodes code for the desired response. Any number of
outputs can be used. Each node in the hidden layer (S-R Map) encodes one
association between a stimulus and a response.

In this simplified example, sensory inputs are measurements of the joint angles a1,
a2 and motor outputs are desired joint angles a’1, a’2. This input corresponds to
proprioceptive information rather than visual input, but the network could operate in
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the same way with appropriately encoded visual information3. A complete trajectory
of the robot arm is encoded here rather than a single response. Inputs and outputs are
defined by the trajectory (fig 4B) produced by the planner. Each point in the trajectory
is successively used as input (corresponding to the current values a1, a2 of joint
angles) and the next point is used as desired output (corresponding to the next set of
values a’1, a’2 ). One new node in the hidden layer is recruited for each S-R
association. When the arm reaches a given point in configuration space, the most
active hidden node in the sensory-motor association network will indicate the next
configuration to be reached.

Fig. 5. Neural network for Sensory Motor Association.

The sensory motor association network has two active layers, as depicted in Figure
5. Nodes in the hidden layer have a Gaussian radial basis transfer function. Their
output fj is given by
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Hidden layer nodes respond maximally when the input angles ai are equal to the
prefered input values a1j and a2j set during learning. These define the centre of the
node’s "receptive field" in the configuration space. The value of sj sets the width of
the tuning curve (or size of the receptive field).  Hidden layer nodes project to the
output “Response” layer with weights Wj1 and Wj1. The output layer comprises here
two nodes with outputs a’1 and a’2. These outputs are calculated as follows:

                                                          
3 The representation of visual information needs to generalises in such a way that the activity at

each input of the net diminuishes gradually as the image is transformed. This is satisfied by
brain cells, but is difficult to achieve with artificial vision systems.
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This is a weighted average over the input weights, where the input activities fj play
the role of weights. The weights Wji are actually the desired output angles. This can be
checked by assuming that only one hidden node is active (e.g. because the current
input falls into its receptive field). In that case the output is equal to Wj. Interestingly,
the actual value fj does not influence the output value. This is the basis of the
generalisation property described in the next section.

It may be possible to approximate the normalization function with biological
neurones, e.g. assuming feedforward inhibition.

Training the network consists of setting the weights from hidden to output layer to
the desired values of the next angles. This is a fast one-shot learning procedure.

During replay of the learned sequence, the output of is used to control the arm
movement, i.e. modify it towards the desired configuration. The actual values of joint
angles are used as input. As soon as one configuration has been reached, the network
provides the next values of joint angles. As NRBFs have overlapping receptive fields,
a small number of nodes in the hidden layer are simultaneously active which may each
point to different future configurations. However, the function (2) of the output nodes
allows the most active of the inputs to have the largest weight in the decision.

A B

Fig. 6. A. Trajectory in configuration space produced by the Sensory Motor Association network
trained on data from figure 4B. B. Example of generalization: Trajectories in configuration space
generated by the sensory-motor association network for various initial arm configurations. It
should be noted that the network was trained solely with the trajectory data shown in figure 4B.

Figure 6A shows the trajectory in configuration space produced by a movement
controlled by the sensori-motor association network. The sequence is not replayed
with the same number of steps or speed as the sequence used for the training (Figure
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4B). The steps in the replay depend on the size of the receptive fields. If these are
large, many hidden nodes respond for any given position, and the next value of the
angles is an average over the values set for each of the active hidden nodes. This
average can be close to the current angle and only a small displacement occurs. If the
receptive fields are too small, the smoothness of the trajectory is lost, but the original
sequence of steps is reproduced. For the results shown here s = 2p/25 was used.

5.3   Generalisation

NRBFs nets behave as nearest neighbor classifier [50]. This has the consequence that
inputs far from any input value used during training produce the response (“next
position”) corresponding to the nearest input in the training set. Figure 6B illustrates
the trajectories in configuration space generated by the sensory-motor association
network for various initial positions.

The particular type of sensory-motor association network used here needs to be
trained only on one trajectory produced by the planner, and can lead an arm to the
goal from any initial configuration. Hence, the need for planning a field of sensory-
motor associations that is mentioned in section 4 might not be a practical problem.
This property was used for a robust control of the trajectories of an autonomous
wheelchair [51]. In that application, additional context input was used to select among
several subsequences.

6   Conclusions

Observations of deficits caused by cerebellar lesions have suggested that one of the
roles of the cerebellum is to prepare fast sensory-motor paths to express pre-planned
or learned S-R associations. Such a model enables fast skilled behaviour by
eliminating the planning time from the perception-to-action cycle. Yet, contextual
input or off-line planning can dynamically modify the active S-R association and
enable strategic thinking to influence fast responses.

As for the underlying circuit, it is proposed that input from the cerebellum to the
PPC may pre-select responses that are then triggered by sensory inputs. This is
speculative but not inconsistent with available data.

An artificial network has been described that implements the S-R map component
of the proposed model. The S-R map design using NRBF networks may solve one of
the conceptual problems with the model, i.e. the need to predict a wide range of
possible sensory stimuli S and calculate the corresponding responses R. Thus,
implementation of the complete model with artificial neural networks may not be of
overwhelming complexity.

From a control theory perspective, the proposed model unifies i) behaviour-
based control [52] that is fast but with limited flexibility in terms of goals  and ii)
classical plan-based control which is flexible but slow due to the computational
overhead.
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Further work is needed to evaluate the relative contributions of Basal Ganglia and
Cerebellum in setting up S-R sets and the potential of the model for encoding complex
schemas and their management [53].
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Abstract. During odour recognition, excitatory and inhibitory groups
of neurons in the second stage of the locust olfactory system, the anten-
nal lobe (AL), fire alternately. There is little spread in the firing times
within each group. Locust anatomy and physiology help to pin down all
parameters apart from the weights in a coarse spiking neuron model of
the AL. The time period and phase of the group oscillations do however
constrain the weights; this paper investigates how.
I generalise the spiking neuron locking theorem [3] to derive conditions
that allow stable synchronous firing within multiple groups. I then apply
the general result to the AL model. The most important result is that for
a general form of postsynaptic potential (PSP) function the excitatory
and inhibitory neuronal populations cannot fire alternately at certain
time periods and phases, regardless of the size of the weights between
and within groups.

The dynamics of groups of spiking neurons connected by purely excitatory
or purely inhibitory synapses and pulsatile connections have been well studied
(for example [3,7,8,9]). The Wilson-Cowan oscillator [11] has inspired a number
of models of the dynamics of the mass activity of reciprocally connected groups
of inhibitory and excitatory neurons. However, the dynamics of reciprocally con-
nected groups of excitatory and inhibitory spiking neurons do not appear to have
been studied, perhaps due to lack of biological motivation.

A system that provides some motivation is the peripheral olfactory system
of the locust Schistocerca americana, which has been studied by Laurent and
co-workers [4]. Its anatomy and mass activity is summarised in Fig. 1. Each
antenna contains about 50 000 excitatory primary olfactory sensory neurons,
called receptor neurons (RNs), which project into the ipsilateral AL. The AL
contains ∼830 excitatory projection neurons (PNs) and ∼300 inhibitory local
neurons (LNs). There appear to be connections from RNs to PNs and LNs and
reciprocally within and between the PN and LN groups. The connections are
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Fig. 1. The basic anatomy and activity of the locust AL. The left hand part of the
figure shows the anatomy as described in the text and the symbols used later on in
the paper. Open arrowheads denote excitatory connections and filled ones indicate
inhibitory ones. The right hand part shows the group activity of the PNs (top) and
LNs (bottom).

organised in 1000 groups of synapses called glomeruli, and the mean number of
each type of neuron projecting into a glomerulus is known.

When no odour reaches the antenna, the RNs fire spontaneously at a low
rate. When odour is present, their firing rate either increases, decreases or re-
mains the same, depending on the identity of the RN and the odour. The PNs
are conventionally spiking neurons, whereas the LNs are axon-less neurons that
produce graded action potentials. With odour present at the antenna, subsets of
the PNs and LNs fire; otherwise they are mainly quiescent. The overall activity
of the both sets of neurons oscillates at about 20 Hz and the excitatory PNs lead
the inhibitory LNs by quarter of a cycle [5]. This frequency and phase seem to
be fairly independent of the concentration of the odour. Furthermore, it appears
that there is usually only one spike per PN per cycle [6].

Experimental evidence suggests that the spatiotemporal pattern of activation
of the PNs over a period of about 1 s encodes the identity of odours presented
to the system [4,5]. The oscillations seem to be important for refining the repre-
sentation of the odour, as when they are pharmaceutically abolished honeybees
find it harder to discriminate between similar odours.

In order to understand the mechanism of the oscillations and spatiotempo-
ral patterns I have been modelling the RNs and AL. Although the LNs are not
true spiking neurons, one way of modelling them is as spiking neurons since
it appears that their effect is similar to inhibitory postsynaptic potentials (IP-
SPs) from synchronously-firing inhibitory neurons [5]. As there is not enough
data to produce a biophysical model of each type of neuron, I used the spike
response model (SRM) [2] and fitted the PSPs, refractory curves, axonal delays
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and thresholds to experimental data. From the glomerular structure I estimated
the connectivity, but there is no data that directly constrains the weights.

However, the (mean) weights clearly affect the time period and phase of
oscillation. The first question this paper sets out to answer is how we can use
time period and phase of oscillation to reduce the degrees of freedom in the
model by constraining the weights.

To answer this question we need to solve a generalised version of the locking
problem [3]. The problem concerns a network comprising homogeneous groups
of neurons. They are homogeneous in the sense that the parameters of all neu-
rons in a group are the same and there is a certain kind of homogeneity in the
connections between different groups, which will be defined more precisely later.
What conditions are required to achieve a network state where the neurons of
each group fire synchronously with one another and each group fires in turn? The
problem has been solved for one infinitely-large group [3] using SRM neurons.

A second question is how the time period and phase of oscillation depend on
the input strength to the system.

In Sect. 1, I briefly introduce the SRM. In Sect. 2, I give the mathematical
form of the constraints for multiple groups and confirm that the locking theorem
can be extended. In Sect. 3, I present the implications of the constraints for the
excitatory-inhibitory oscillator. In Sect. 4, a network simulation with one set of
parameters is consistent with most of the analytical and numerical predictions
but shows some differences, possibly due to the simulation method. Finally, in
Sect. 5, I discuss the conclusions and suggest some further work.

1 The Spike Response Model

The SRM [2] provides a framework for describing and analysing networks of spik-
ing neurons. It comes in two forms, both of which can be derived by integrating
the integrate-and-fire (IF) neuron equations. I use the simpler SRM model as it
can describe adaptation.

In a network of N neurons, the membrane potential hi(t) at time t of each
neuron i is given by

hi(t) = hsyn
i (t) + href

i (t) + hext
i (t) (1)

where hsyn
i (t) is the postsynaptic potential of neuron i, href

i (t) is the refractory
potential and hext

i (t) is the external (input) potential. When the membrane
potential reaches a threshold θi the neuron fires.

The postsynaptic potential comprises PSPs caused by spikes from the neu-
rons in the network:

N∑
i=1

F∑
f=1

hsyn
i (t) = Jijεij

(
t − t

(f)
j

)
, (2)

where Jij is the weight from neuron j to neuron i, εij(s) is the PSP function
from neuron j to neuron i, t

(f)
i represents the fth last firing time of neuron i and
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Fig. 2. An example of the synaptic potentials (lower traces) and effective threshold
θ−hext(t)−href(t) (upper traces) of neurons in the excitatory (solid line) and inhibitory
(dashed line) groups. Each neuron fires when its membrane potential crosses the ef-
fective threshold. The parameters are: τE =10ms, τI =15ms, ∆ = 2ms, JEE = 0.5,
JEI = 0.5, JIE = 1, JII = 1, F = 3, θ = 0, hext

E = 0.3 and hext
I = −0.6. The result-

ing time period and phase are T = 51.3ms and φ = 0.200. For the meaning of the
parameters see Sect. 3.

F is the number of spikes remembered. A common form for the PSP function is
the alpha function εij(s) = (s − ∆ij)/τe−(t−∆ij)/τ where ∆ij is the delay from
neuron j to neuron i.

The refractory potential depends on the firing time of the neuron:

href
i (t) =

F∑
f=1

ηi

(
t − t

(f)
i

)
. (3)

Here the refractory function η(s) derives from the reset of an IF neuron without
an absolute refractory period, but can be used to simulate absolute refractory
periods and after-potentials. When derived from the IF model its derivative is
always positive (dηi/ds > 0). This property is important for the locking proper-
ties later on, and is called the standard dynamics [3]. In this paper I will use an
exponential function derived from recordings from locust AL PNs [10]:

η(s) =
{

0 s ≤ 0
exp(1.5 − s/12) s > 0 . (4)

Figure 2 shows an example of the synaptic potential and effective threshold
of an excitatory and inhibitory neuron in a model of the AL.

2 Constraints on Stable Synchronous Oscillations

Suppose we have a network comprising N neurons organised into M groups
defined by the connectivity, delays, thresholds, and PSP and refractory functions.
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I denote the set of neurons in the lth group by Gl. The connectivity is such that
the total presynaptic connection strength from each group is the same for all
neurons in a group. We can express this mathematically by

∑
j∈Gm

Jij = J̃lm , (5)

where J̃lm denotes the total weight from the neurons of group m onto a neuron
in group l. We further demand that the PSP functions and the weights are the
same (εij(s) = ε̃lm(s) and ∆ij = ∆̃lm) for all neurons i ∈ Gl and j ∈ Gm. Finally,
we require that the thresholds and refractory functions for neurons in a group
be equal: θi = θ̃l and ηi(s) = η̃l(s) for i ∈ Gl.

In a multi-group locked state the neurons of each group fire synchronously
and periodically with a time period T . We assume that group l fires at (k+φl)T
for integer k where φl is a phase variable in the range [0,1). It is convenient to
arrange the phases in ascending order and set φ1 = 0 so that 0 = φ1 < φ2 <
. . . < φM .

Now assume that the l − 1th group has fired and that we are waiting for the
lth group to fire (or that the Mth group has fired and we are waiting for the
first group to fire). Although time is arbitrary, we will assume that we are in the
first cycle after t = 0, that is that φl−1 < t < φl (or φl < t < T if we are waiting
for the first group). For any neuron i ∈ Gl the expected synaptic and refractory
potentials are

hsyn
i (t) =

m−1∑
l=1

J̃lm

1−F∑
k=0

ε̃lm(t−(k+φm)T )+
M∑

l=m

J̃lm

−F∑
k=−1

ε̃lm(t−(k+φm)T ) (6)

and

href
i (t) =

−F∑
k=−1

η̃m(t − (k + φl)T ) . (7)

Group l should next fire when the membrane potential reaches the threshold
θl. If the threshold has been set correctly this will be at t = φlT , leading to the
self-consistency or threshold condition:

θ̃l = hi(φlT ) . (8)

A more precise requirement for the existence of coherent solutions is that for all
i ∈ Gl,

φlT = inf(t > (φl−1)T |hi(t) = θ̃l) . (9)

As hi(t) reaches θ̃l from below, this implies that a necessary condition for sta-
bility is

ḣi(φlT ) > 0 . (10)

I refer to this as the rising potential condition.
Although these conditions show that synchronised solutions exist, they do

not show that they are stable. In order to show this, we have to show that a
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small perturbation to the firing time of a neuron from the group firing in a cycle
time will decrease in the next cycle. This linear perturbation analysis applied to
a homogeneous network of neurons with standard dynamics yields the locking
theorem [3]:

Theorem 1. In a spatially homogeneous network of spiking neurons with stan-
dard dynamics, a necessary and, in the limit of a large number n of presynap-
tic neurons (n → ∞), also sufficient condition for a coherent oscillation to be
asymptotically stable is that firing occurs when the postsynaptic potential arising
from all previous spikes is increasing in time.

In a system with standard dynamics this is a stricter condition than the rising
potential condition since the positive refractory derivative contributes to making
the derivative of the membrane potential positive.

This result does not apply to more than one group of simultaneously firing
neurons. However, it is straightforward to extend the proof to prove part of the
the infinite-limit extended locking theorem:

Theorem 2. In a network of spiking neurons with standard dynamics with M
homogeneous groups of neurons such that all neurons in group l receive the same
total postsynaptic weight from a large number of presynaptic neurons Nm in
each group m a necessary and sufficient condition for constant phase, periodic,
coherent oscillation to be asymptotically stable is that firing occurs when the
postsynaptic potential arising from all previous spikes is increasing in time.

Appendix A contains the proof. The mathematical expression of the extended
locking theorem is that

ḣsyn
i (φlT ) > 0 for i ∈ Gl . (11)

3 Applying the Constraints to Excitatory and Inhibitory
Groups

It is now a straightforward task to apply the extended locking theorem to one
excitatory and one inhibitory group of neurons, a system that approximates the
AL.

To make the notation clearer, I will refer to the excitatory group as E and
the inhibitory one as I. Later it will be convenient to work with positive weights,
so I refer to the group connection weights which should be called J̃EE, J̃EI and
so on as JEE,−JEI, JIE and −JII. (I drop the tildes from here on as there is
no further need to refer to the weights between individual neurons.) I take the
delays to be uniformly ∆. I assume that PSP functions do not depend on the
postsynaptic neurons and denote the excitatory postsynaptic potential (EPSP)
function by εE(t) and the IPSP function by εI(t). I will assume that they are
zero until t = ∆, rise monotonically to a maximum at time t = τE or t = τI and
then fall monotonically back to zero. The refractory functions, denoted ηE(t)
and ηI(t), both have positive derivatives so the network has standard dynamics.

To simplify the analysis I will assume that neurons only remember their last
firing times, that is F = 1. This is reasonable if the membrane potential due to
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a second spike is much smaller than the membrane potential due to the first,
which is true when the time period is long compared to the PSP time constant.
In any case, it is straightforward to generalise to longer spike memories. I will
also assume that the refractory function complies with the formal version of the
threshold condition (9). This means the absolute refractory period is less than
the desired period T and that it prevents multiple firing during a cycle.

Since with the standard dynamics the stability condition is stronger than the
rising potential condition, we can ignore the rising potential condition. Of the
two remaining conditions, the stability condition is the more fundamental, since
it constrains only the weights, whereas the threshold condition also constrains
the input levels. I therefore explore the consequences of the stability condition
first, in Sect. 3.1, before moving onto the consequences of the threshold condition
in Sect. 3.2.

3.1 Consequences of the Stability Constraint

In the alternating state, network activity oscillates with a time period of T
and the excitatory group leads the inhibitory group by φT , where φ is a phase
variable with the range [0,1). Applying the stability constraint (11) yields

JEEε̇E(T ) − JEIε̇I ((1 − φ)T ) > 0 (12)

for the excitatory group and

JIEε̇E(φT ) − JIIε̇I(T ) > 0 . (13)

for the inhibitory group.
The consequence of these inequalities is that there are combinations of time

periods and phase for which there can be no stable firing, regardless of the size of
the weights. This is because either inequality is not satisfied when the excitatory
derivative is less than or equal to zero and the inhibitory derivative is greater
than or equal to zero. For the condition on the excitatory group (12) this happens
when T < ∆ or T ≥ τE + ∆ and 0 ≤ (1 − φ)T ≤ τI + ∆. The condition on the
inhibitory group (13) is violated when T ≤ τI +∆ and φT ≥ τE +∆ or φT < ∆.
As it is enough for one group to become unstable to plunge the whole system
into instability, the forbidden combinations of T and φ are given by the union
of the regions defined by the above inequalities. They can be displayed in a plot
of φ versus T (referred to as T -φ space from now on) as in Fig. 3.

The second consequence of the inequalities (12) and (13) is that for those
combinations of T and φ for which activity is not inherently unstable, stability
depends on appropriate weights. Thus for any possible pair of T and φ there will
be a region of the four-dimensional weight space that allows stable firing. We can
make a major simplification by noting that the inequalities concern the ratios
ĴEE := JEE/JEI and ĴIE := JIE/JII and finding the regions of a two-dimensional
weight-ratio space that allow stable firing. Since the weights are by definition
positive, the weight ratios are always greater than or equal to zero.

The stability condition (12) imposes different constraints on T , φ and the
weight ratio ĴEE depending on the sign of ε̇E(T ), and hence on the size of T
compared to ∆ and τE + ∆.
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Fig. 3. Forbidden regions of the T -φ plane for two sets of parameters. The light regions
are unstable due to the excitatory group becoming unstable, medium-grey areas un-
stable due to the inhibitory group and the darkest areas unstable due to both groups.
Dashed lines pertain to the excitatory group, dotted lines to the inhibitory group and
dash-dotted lines to both. Plus signs indicate where condition (14) and its inhibitory
counterpart become true. Crosses indicate zeros in the denominators and circles zeros
in the numerators of equations (15) and (16) and their inhibitory counterparts. Left:
∆ = 2ms, τE = 20ms and τI = 10ms. Right: ∆ = 2ms, τE = 10ms and τI = 15ms
(estimated locust parameters).

1. For T < ∆ or T = τE + ∆, ε̇E(T ) = 0 and from (12) we can deduce that

ε̇I((1 − φ)T ) = 0 , (14)

so that stability condition is not satisfied. This is the region T < ∆ where
both conditions are violated (see Fig. 3).

2. If ∆ < T < τE + ∆, ε̇E(T ) > 0 and

ĴEE >
ε̇I((1 − φ)T )

ε̇E(T )
. (15)

When ε̇I((1 − φ)T ) ≤ 0 (for (1 − φ)T ≤ 0 or T ≥ τI + ∆) this equation is
satisfied for any weight ratio ĴEE (and thus any weights JEE and JEI) since
weight ratios are always positive.

3. When T > τE + ∆, ε̇E(T ) < 0 and equation (15) does not hold, since we
have to reverse the sign of the inequality when rearranging (12). Instead,

ĴEE <
ε̇I((1 − φ)T )

ε̇E(T )
. (16)

When εI ≥ 0 (for 0 < (1 − φ)T ≤ τI + ∆) the inequality cannot be satisfied
for positive weight ratios. This corresponds to the forbidden region where
T > τE + ∆.

We can derive similar inequalities for the inhibitory group from (13).
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Fig. 4. Unstable regions of T -φ space and mapping from hext
E -hext

I space onto T -φ space
for a pair of weight ratios. The shaded regions are unstable, with the shade representing
the groups whose stability conditions are violated: the light region corresponds to the
excitatory group, the intermediate region to the inhibitory group, and the darkest
region to both groups. The unshaded regions with lines plotted in them are stable
given the correct input. The lines represent the levels of external excitation required
to produce the values of T and φ. Lighter shaded lines correspond to higher values.
The solid lines represent constant hext

E and the dashed lines represent constant hext
I .

The circles represent simulation values obtained by setting the input levels to those
of the lines. They agree well with the theoretical results, although they appear in
the theoretically unstable area too. Parameters: τE =10ms, τI =15ms, ∆ = 2ms,
JEE = 0.5, JEI = 0.5, JIE = 1, JII = 1 and F = 3.

The third consequence of the inequalities (12) and (13) complements the sec-
ond. Any pair of weight ratios limits the stable combinations of T and φ even
more than the inherent stability. This follows from setting ĴEE in the inequali-
ties (14), (15) and (16) and solving for T and φ. By contrast to the inherently
unstable areas, the solution does depend on the exact form of the PSP functions;
we cannot simply consider the signs of the PSP gradients.

With alpha function PSPs (defined in Sect. 1) there appears to be no analyt-
ical solution to the inequalities (14), (15) and (16) and their inhibitory counter-
parts. We must solve both sets of inequalities numerically to find the regions each
allow. The intersection of these regions is the allowable region. Figure 4 shows
the regions of stability and instability for a particular pair of weight ratios.
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Fig. 5. The mapping from T -φ space into hext
E -hext

I space for two sets of parameters.
Solid lines correspond to constant T and dashed lines to constant φ; numbers between 0
and 1 label some of the constant-T lines with the phase and multiples of 10 label some
of the constant=φ lines. Left: τE =10ms, τI =15ms, ∆ = 2ms, JEE = 0.5, JEI = 1,
JIE = 0.5, JII = 1, F = 3. Right: τE =20ms, τI =10ms, ∆ = 3ms, JEE = 1, JEI = 0.5,
JIE = 1, JII = 0.5, F = 3.

3.2 Consequences of the Threshold Constraint

The threshold condition (8) means that

θE = JEEεE(T ) − JEIεI((1 − φ)T ) + ηE(T ) + hext
E (17)

holds for the excitatory group and that

θI = JIEεE(φT ) − JIIεI(T ) + ηI(T ) + hext
I (18)

holds for the inhibitory group.
These equations tell us directly how much activation is required to sustain

activity in a stable region of T -φ space. Figure 5 shows the mapping of a grid
in T -φ space into hext

E -hext
I space for a particular set of weights and thresholds.

There are a few points to notice here.

1. As the excitatory or inhibitory external potential is increased, the time pe-
riod decreases. It seems intuitive that more excitatory input should speed
up the oscillations, but not that more inhibitory input should. The reason
is this happens is that more excitatory input makes the inhibitory neurons
fire earlier, which in turn release the excitatory neurons from their inhibition
earlier.

2. More input to the excitatory neurons means they increase their lead over
the inhibitory neurons. We would expect more excitatory input to make
the excitatory neurons fire earlier, but without doing calculations we would
not know whether it brings forward the inhibitory neurons’ firing by more or
less. By contrast, more input to the inhibitory neurons reduces the excitatory
neurons’ lead.
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3. The input to both groups can be above or below threshold. It is somewhat
surprising that the excitatory group can have below-threshold input as it
requires above-threshold external input to start firing. However, once it is
firing the self-excitation is sufficient to keep it firing and the external in-
put can be reduced. So below-threshold input to the excitatory group is a
hysteresis state.

To find the amount of external input required to obtain a particular time
period and phase we must solve (17) and (18) numerically. The lines in Fig. 4
show a grid in hext

E -hext
I space mapped into allowed regions of T -φ space. We can

see that changes to either hext
E or hext

I change both T and φ.

4 Simulations

To test whether the analysis is correct, I simulated a network with 100 excitatory
and 100 inhibitory neurons and the parameters in the caption of Fig. 4 for varying
values of external input. I analysed the results to find whether there was stable
firing, and if so, the time period and phase of oscillations. In order to make sure
that the network did not stay in a stable state by chance, I added some noise to
the firing times by making the firing probabilistic [2]. The simulation results are
shown in Fig. 4, along with the theoretical results.

In the allowed regions they fit well with the theoretical predictions. However,
the network appears to fire stably even when it should not according to the
theory. It is not clear why this happens, though it is possible that the noise may
stabilise the network in these areas.

5 Discussion

This paper started with a model of the first stage of olfactory processing in the
locust, the AL. This model raised the problem of choosing weights in a network
of excitatory and inhibitory spiking neurons that produce the right time period
and phase of oscillation. In order to do this I had to extend the locking theorem
[3] slightly. By applying the extended locking theorem to a network comprising
excitatory and inhibitory homogeneous groups I showed:

– that the excitatory and inhibitory neurons can only fire synchronously and
alternately for certain time periods and phases of oscillation;

– how to find weights that produce a certain, allowed, time period and phase
of oscillation;

– that oscillations are possible for below-threshold input to inhibitory neurons
and, when the network is in a hysteresis state, for below-threshold input to
excitatory neurons; and

– how the time period and phase depend on the input and vice versa.

Simulations confirm most of these results, but, puzzlingly, seem to be stable when
the theory predicts they should not. This may be due to the symmetry-breaking
noise included in the simulations.
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I am not aware of any model of the locust AL at a similar level to mine, nor
am I aware of the problem of the time period and phase of networks of spiking
excitatory and inhibitory spiking neurons having been posed or analysed before.
Although there is a sizable literature on the dynamics of networks of spiking
neurons, none of them appear to deal with networks comprising excitatory and
inhibitory neurons [7,9]. While there has been much work on excitatory and in-
hibitory oscillators based on the population model of [11], this does not relate to
spiking neurons, which allow different dynamics to continuous-valued population
models [1]. By contrast, my extension to the locking theorem is trivial — indeed
it has been hinted at [3]. Nevertheless, I believe that it has been a worthwhile
accomplishment to have put it on a firmer footing.

Perhaps the most surprising result is the forbidden values of time period
and phase, independent of the values of the weights. These regions possibly
act to limit the time periods at which neural systems can work, and so are
perhaps responsible for the time periods observed in the locust. The results
also indicate that it should be rather difficult for the locust to maintain the
experimentally-observed constant oscillation time period, even if the excitatory
and inhibitory inputs are proportional to each other. This implies that either
the input is relatively constant or that the oscillation time period does actually
change in the locust, perhaps as a function of odour concentration. It may be
possible that there are parameter regimes that do give the desired characteristics,
however. It may also be possible that a more complex neuron model with active
channels is required to achieve a fairly constant oscillation time period.

In deriving the results I have assumed that the refractory potential is strong
enough to prevent PNs firing before they are inhibited. If this is not true, fir-
ing may not be “correct” as neurons may fire more than once on each cycle.
Another, more limiting assumption is that of the homogeneity of the groups, a
condition unlikely to be found in the nervous system. Less homogeneous groups
will introduce differences in the firing times of units of a group, thus making
the locking less precise. However, an extension of the one-group locking theorem
to noisy neurons suggests that moderate amounts of noise still allow reasonably
precise, stable locking and there are arguments as to why noisy neurons might
be equivalent to inhomogeneous connections [1].

Several questions remain. In particular the effect of noise and inhomogeneity
on the locking is not well understood. There may be ways of setting parameters
to make large stable regions or to minimise the dependence of the time period
on the inputs. The behaviour as the external inputs are increased in proportion
to each other is relevant to the locust and should be studied.

In conclusion, this simple model of excitatory and inhibitory spiking neurons
is a useful tool in predicting and understanding the activity of real neural systems
without going to complex simulations. It may have application beyond the locust
in some of the many excitatory-inhibitory subnetworks of nervous systems that
show oscillatory activity.
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A Proof of the Extended Locking Theorem

To show whether the group firing times are stable to small perturbations, we can
perform a linear stability analysis. Suppose that the firing times before φlT are
perturbed by small times δ

(k)
i � T minl φl. The firing times are now (k +φl)T +

δ
(k)
i for k = 0,−1,−2, . . . for a neuron in group m < l and (k + φl)T + δ

(k)
i for

k = −1,−2, . . . for a neuron in group m ≥ l.
The slight changes in firing times will change the membrane potential slightly.

An increase in membrane potential when it is near the threshold makes a neuron
fire earlier. The change in firing time is greater when the rate of change of the
membrane potential is small. Mathematically,

δ
(0)
i = −δhi(φlT )

ḣ(φlT )
(19)

where δhi(φlT ) is the change in membrane potential due to the perturbations
in the previous firing times.

We can linearise so that:

ηl(φlT − (k + φl)T − δ
(k)
i ) ≈ ηl(−kT ) − η̇l,kδ

(k)
i (20)

and

εlm(φlT − (k + φm)T − δ
(k)
i ) ≈ εlm((φl − φm − k)T ) − ε̇lm,kδ

(k)
i (21)

where
η̇l,k = η̇l(−kT ) and ε̇lm,k = ε̇lm((φl − φm − k)T ) .

To find the small change in membrane potential δhi(φlT ), we substitute
the perturbed times for the unperturbed times in (6) and (7) and substitute
the linearised expressions for the refractory, synaptic and membrane potential
terms. Substituting the result in a rearranged version of (19) yields

ḣi(φlT )δ(0)
i = (22)

−F∑
k=−1

η̇l,kδ
(k)
i +

l−1∑
m=1

∑
j∈Gm

Jij

1−F∑
k=0

ε̇lm,kδ
(k)
j +

M∑
m=l

∑
j∈Gm

Jij

−F∑
k=−1

ε̇lm,kδ
(k)
j .

By the law of large numbers it is reasonable to assume that mean time shifts
vanish, that is (1/N)

∑
i δ

(k)
i ≈ 0. In order to simplify the problem to make it

tractable we must further assume that
∑

j∈Gm

Jijδ
(k)
j ≈ 0 . (23)

Note that this is a stricter condition than (5) as it implies that the weights and
perturbations are uncorrelated and that the weights sample the perturbations
fairly well. For example, Jij = J0δij (where δ is here the Dirac delta) satisfies (5)
but does not necessarily lead to (23).
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The assumption (23) allows us to neglect the last two summations in (22) so
that the only delays influencing the 0th delay of neuron i ∈ Gl are the previous
delays of neuron i itself:

δ
(0)
i =

−F∑
k=−1

A
(k)
l δ

(k)
i where A

(k)
l =

η̇l,k∑−F
k=−1 η̇l,k + ḣsyn

i (φlT )
. (24)

We can recast (24) in matrix form:




δ
(0)
i
...

δ
(1−F )
i


 = Fl




δ
(−1)
i
...

δ
(−F )
i


 where Fl =




A
(−1)
l A

(−2)
l A

(−3)
l · · · A

(−F )
l

1 0 0 · · · 0
0 1 0 · · · 0
...

...
...

. . .
...

0 0 0 · · · 0




.

The condition for stability is that as t → ∞, δ
(k)
i → 0. In the matrix nota-

tion, this is equivalent to limn→∞ Fn
l (δ) = 0 for an arbitrary delay vector δ. A

sufficient condition for this to happen is that the eigenvalues of Fl all lie within
the unit circle. [3] use various matrix theorems to prove that

∑
k A

(k)
l < 1 is a

necessary and sufficient condition for the modulus of the maximum eigenvalue
to be less than one. Substituting (24) into this condition yields

∑−F
k=−1 η̇l,k∑−F

k=−1 η̇l,k + ḣsyn
i (φlT )

< 1 . (25)

As, in the standard dynamics, η̇l,k > 0, the second part of the denominator must
be positive, yielding the stability condition (11).
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Abstract. Time delays are a ubiquitous feature of neuronal systems. Synaptic
integration between spiking neurones is subject to time delays at the axonal and
dendritic level. Recent evidence suggests that temporal coding on a millisecond
time scale may be an important functional mechanism for synaptic integration.
This study uses biophysical neurone models to examine the influence of
dendritic and axonal conduction time delays on the sensitivity of a neurone to
temporal coding in populations of synaptic inputs. The results suggest that these
delays do not affect the sensitivity of a neurone to the presence of temporal
correlation amongst input spike trains, and point to a mechanism other than
electrotonic conduction of EPSPs to describe neural integration under
conditions of large scale synaptic input. The results also suggest that it is the
common modulation rather than the synchronous aspect of temporal coding in
the input spike trains which neurones are sensitive to.

1.   Introduction

Recent experimental evidence has emerged that temporal coding on a millisecond
time scale may underlie the representation and transmission of information between
neurones within the central nervous system [1,2,3]. Modelling studies have
highlighted both rate coding and temporal coding as candidate mechanisms which
may subserve neural integration between populations of spiking neurones [4-10].

An important aspect of neuronal systems is the presence of both axonal and
dendritic conduction time delays. This study investigates whether these delays  impact
on temporal coding in neurones, by determining if they alter the ability of a neurone
to respond to temporal coding in pre-synaptic inputs.  In this study, temporal coding is
carried as temporal correlation amongst a population of input spike trains. We
consider a realistic correlation structure amongst the spike trains in the population.
This correlation is both weak and stochastic, and is based on common rhythmic
modulation of spike trains, which induces a tendency for synchronised firing. The
resultant temporal correlation is manifest as a rhythmic modulation of inter spike
intervals in individual spike trains and a tendency for synchronised firing between
sample pairs of spike trains [11].

This paper addresses the question of propagation of temporal coding within
neurones under conditions of large scale synaptic input, and in particular how
temporal coding on a millisecond time scale can be achieved in the presence of

mailto:dh20@ohm.york.ac.uk
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dendritic and axonal conduction delays of a similar order of magnitude. We use
simulations of biophysical neurone models, based on a compartmental model to study
how the spatial and temporal aspects of large scale synaptic input interact and shape
the output discharge. The simulations are based on a class of neurones which have
been extensively studied and possess dendritic trees which have electrotonic
conduction time delays of the order of several milliseconds, spinal motoneurones. The
simulations capture the large degree of convergence present in neural systems, where
each neurone is acted on by a large number of inputs which are distributed over the
surface area of the dendritic tree and cell body.

The results of the simulations show that, under conditions of large scale synaptic
input, temporal coding can be preserved in the output discharge when the temporal
code is carried by a subset of the total synaptic input in the form of temporally
correlated spike trains. Dendritic conduction time delays do not affect this process,
similar results are obtained with temporally correlated inputs which have a high
degree of spatial correlation (clustered) or a low degree of spatial correlation
(distributed). The inclusion of random axonal conduction delays similarly does not
alter the results. This suggests that a mechanism other than electrotonic conduction of
EPSPs is responsible for synaptic integration and the propagation of temporal coding
under conditions of large scale synaptic input.

2.   Model Neurone

The model motoneurone is based on morphological studies of cat spinal a
motoneurones [12] and consists of a spherical soma from which radiate 12 tapered
dendrites of different lengths. These 12 dendrites consist of three types, which we call
short, medium and long, each cell contains four of each type. The membrane
parameters are based on complementary electophysiological studies of the same
motoneurones [13,14], these are a membrane resistivity, Rm, of 11,000 W¼cm2, a
ctyoplasmic resistivity, Ri, of 70 W¼cm, and a membrane capacitance, Cm, of 1.0
mF/cm2. The initial diameters at the soma of the three dendrite types are 5.0 mm
(short), 7.5 mm (medium) and 10.0 mm (long). The taper used to estimate dendritic
diameters is 0.5 mm reduction per 100 mm length. The physical lengths of the three
dendrite types are 766 mm (short), 1258 mm (medium) and 1904 mm (long), the
equivalent passive electrotonic lengths are L=0.7, 1.0 and 1.5, respectively. The
dendritic tree and soma are modelled using a compartmental model [15], with the
dendrites represented as a sequence of connected cylinders, each of electrotonic
length L=0.1, with an additional compartment for the soma. Thus a total of 129
compartments are used to model each motoneurone. The total membrane areas
represented in the compartmental model for each dendrite type are 8100 mm2 (short),
18500 mm2 (medium) and 33500 mm2 (long). The compartmental model for the
complete cell represents a total membrane area of 248300 mm2, 97% of this area is
taken up by the 12 dendrites. The model has a steady state input resistance of 4.92
MW, and a time constant of 9.7 ms, estimated from the response to hyperpolarizing
current injected at the soma.



Temporal Coding in Neuronal Populations         287

Individual excitatory synaptic inputs use a time dependent conductance change,
specified by an alpha function: gsyn(t)=Gs t/t exp(-t/t) [16,17], where t is the time
constant, and Gs a scaling factor which defines the peak conductance change. In the
present study we use values of t=0.2 ms, and Gs=1.19�10-8 S, this results in a peak
conductance change of 4.38 nS at t=0.2 ms [17]. A value of –70 mV is used for the
membrane resting potential, and the reversal potential for excitatory post synaptic
potentials (EPSPs) is –10 mV. This conductance change, when activated from the
resting potential at the soma, results in an EPSP with a peak magnitude at the soma of
100 mV at t=0.525 ms, and a rise time (10% to 90%) and half-width of 0.275 ms,
2.475 ms [18]. The time course of this EPSP is illustrated in Fig. 1 (top trace), as is
the time course of the EPSP which is generated at the soma when the same
conductance change is activated in the most distal compartments of each of the three
dendrite types. The magnitudes of these EPSPs are 52.8 mV (short dendrite), 40.4 mV
(medium) and 27.1 mV (long). The delays to the peak of voltage response are 2.0 ms,
3.08 ms and 4.75 ms, the rise times are 0.90 ms, 1.35 ms and 2.08 ms, and the half
widths are 7.05 ms, 9.35 ms and 11.38 ms, respectively. Comparison of the four
traces in Fig. 1 illustrates the reduction in magnitude and increased conduction times
associated with electrotonic conduction of localised voltage changes in passive
dendrites. The resultant EPSPs generated at the soma are reduced in magnitude and
spread out in time, reflecting the low pass filtering characteristics of dendrites [19].
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Fig. 1.  Voltage response at soma to individual synaptic events activated at the soma (top trace)
and in the most distal compartments of the short, medium and long (bottom trace) dendrite.
These responses show a decreasing magnitude and increased time to peak voltage, effects due
to electrotonic conduction in passive dendrites.

The threshold parameters and afterhyperpolarization (AHP) conductances
associated with repetitive firing are based on the work of [20]. The firing threshold is
–55 mV, 15 mV above resting potential, [20] proposes a three term model for a time
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dependent potassium conductance, gK(t). In the present study, we incorporate only the
dominant F2 term (see [20]) in the AHP conductance model, gK(t)= GK exp(-t/tK), with
GK =6.0�10-7 S, and tK=14 ms. The reversal potential for this potassium conductance
is –75 mV. The other fast acting terms in the AHP conductance model [20] have no
influence at the low firing rates in the present study, and are omitted. The AHP
trajectory during repetitive firing at 12 spikes/sec, induced by constant current input
to the soma, has a peak depression of 12 mV. An action potential is taken to occur
when the somatic membrane potential exceeds the threshold, and gK(t) is activated in
the somatic compartment to simulate the AHP.

The results in figure 1 illustrate the dendritic conductions delays present in the
model, these can be up to several milliseconds for more distal inputs to the dendritic
tree. Thus, the spatial dimension converts to a temporal delay before the effects of
synaptic input arrive at the soma by electrotonic conduction. The traces in Fig. 1
suggest that electrotonic conduction of EPSPs is the underlying mechanism by which
sparse synaptic input to a dendritic tree acts to modulate the output discharge. The
objective of this study is to assess if these time delays impact on the sensitivity of the
neurone to temporal patterns in the timing of synaptic inputs under conditions of large
scale synaptic input.

3.   Assessing Temporal Coding in Neuronal Discharges

The approach we use to assess the presence of temporal coding in the output
discharge of the neurone is the common input model [21]. In this approach, the total
synaptic input to each cell is divided into common and independent components. The
common component is shared by the two cells, and the inputs have identical input
locations on both cells. A correlation analysis of the output discharge of two identical
neurones models is used to infer what characteristics of the common input to the two
cells have been preserved in the two output discharges. This analysis can detect the
presence of temporal correlation between the output discharges, which is induced
entirely by the common synaptic inputs. Such temporal correlation between the two
output discharges indicates that the temporal code in the common inputs has been
transmitted to the output discharge of the two neurones. The reasons for adopting this
approach are twofold. The method is independent of the number of common inputs.
This is in contrast to an input/output analysis for a single neurone which would
depend on the number of inputs considered, and is not practical for the numbers of
common inputs used in the present study (around 200). Experimentally the analysis of
synchronised activity in ensembles of neurones is often based around detecting
synchronized activity in macroscopic measures such as local field potential
recordings. The common input simulation approach is closer to the experimental
situation, where access to input signals are rarely possible in vivo.

We use the frequency domain analogue of time domain correlation, coherence
functions [22, 23], to assess the temporal correlation between the output discharges of
the paired neurone model. This has some advantages over a time domain approach, in
particular the estimated coherence between the two output discharges can be used to
directly infer the frequency content of the common inputs to the two cells [24], and
thus indicates what frequency components in the temporal code are transmitted to the
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output discharge of the neurones. Details of the derivation, estimation and
interpretation of coherence functions can be found in the above references. Briefly,
coherence functions provide a normative measure of linear association between two
stationary stochastic signals (spike trains or time series data) on a scale from 0 to 1.
Zero (more correctly values below a confidence limit) indicates no correlation
between the signals, one indicates a perfect linear association. A coherence value is
estimated for each frequency of interest over a range of frequencies, usually the
Fourier frequencies resulting from the use of an FFT algorithm to calculate the
discrete Fourier transform of the data. A confidence limit can be set based on the null
hypothesis of independent signals, values of coherence below this can be taken as
evidence of uncorrelated signals at a particular frequency. The model for interpreting
coherence estimates between the output discharge of two neurones acted on by
common synaptic input is described in [24]. The estimated coherence can be shown to
be proportional to the spectrum of the common input signal for a single common
input. We use this interpretation as the basis to interpret the result from the present
simulations. Coherence is used to infer which frequency components in the common
synaptic inputs are effective in modulating the output discharge of the two cells,
providing an indication of preserved temporal coding in the two output discharges.

4.   Results

The aim of this study is to investigate spatial temporal interactions in a dendritic
structure, in other words how spatial and temporal correlations amongst a subset to
the total synaptic input interact to shape the output discharge of the neurone. Spatial
correlation refers to clustering of inputs about a particular location on the dendritic
tree, measured as the passive electrotonic length from the soma. Temporal correlation
refers to the correlation structure present in the population of input spike trains,
measured as correlation between two sample input spike trains. The pre-synaptic
inputs are distributed over the soma and all dendrites uniformly by surface area. The
number of pre-synaptic inputs and the mean firing rate of each input spike train are
adjusted such that each compartment receives the same average number of
EPSP’s/sec in all simulations. In the basic configuration each cell has a total of 996
inputs, 32 at the soma and 33, 74 and 134 inputs to each short, medium and long
dendrite, with inputs distributed over all dendritic cylinders. The desired output rate
for repetitive firing was chosen as 12 spikes/sec, to achieve this requires a total
synaptic input of 31,872 EPSPs/sec, this can be achieved with each of the 996 inputs
activated by a random (Poisson) spike train firing at 32 spikes/sec. During repetitive
firing the membrane potential is dominated by the large AHP, approximately 12 mV
in amplitude, following each output spike. Smaller fluctuations, approximately 1 mV
peak-to-peak amplitude, are superimposed on top of this trajectory. These fluctuations
are a result of spatial temporal interactions amongst the synaptic inputs, and are larger
in magnitude than individual EPSPs [25]. It is these fluctuations and the process by
which they modulate the output discharge which this study is concerned with.

Only the common subset of the total synaptic carries the temporal coding which is
considered to provide the input “signal” to the two cells. In this study, the temporal
coding is carried by two sets of synaptic inputs, each of which consist of 5% of the
total synaptic input, measured as EPSPs/sec input to each neurone. These two
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populations consist of 160 spike trains firing at 10 spikes/s and 64 spike trains firing
at 25 spikes/s. These inputs are periodic and have a coefficient of variation (c.o.v.) of
0.1. Each population of spike trains has a weak stochastic correlation structure. The
spike timings are generated by a population of integrate-and-fire encoders, with  mean
rates of 10 spikes/s or 25 spikes/s, respectively, within each population. Correlated
spike times are generated by applying common pulse inputs to each population of
encoders, these pulses are derived from a single spike train of rate 10 or 25 spikes/sec
and a c.o.v. of 0.1. This approach generates spike trains which have a weak stochastic
correlation structure between pairs of discharges, the aim is to model accurately the
pattern of correlation found in mammalian central nervous systems. The strength of
correlation within the two populations can be quantified using coherence analysis, for
the present study the coherence between sample pairs of spike trains from each
population is 0.015 at 10 Hz or 25 Hz, respectively. For details see [11]. This weak
stochastic correlation links the timing of individual spikes across the two population
of discharges to a single “parent” discharge of 10 spikes/s or 25 spike/s which is the
source of the temporal coding in each population. The time course of the temporal
correlation between inputs is a few ms (not shown). Thus, temporal coding is carried
by a tendency for synchronized spikes occurring within a few ms.

The coherence results in this study are based on analysis of simulated output spike
trains of duration 100 seconds with spike timings defined to an accuracy of 1 ms. The
Fourier frequencies have a spacing of 0.977 Hz, this results from using a discrete
Fourier transform length of 1024 points to construct spectra and coherence estimates.

Fig. 2 shows coherence estimates between the output discharges of the two model
neurones with the two populations of common inputs applied in different input
locations. The numbers of independent inputs and their activation rate are adjusted in
each simulation so that each compartment receives the same average number of
EPSPs/sec as the control configuration above. A Poisson discharge is used to activate
all independent inputs to the two cells. Fig. 2a is a control case, when two populations
of uncorrelated spike trains are applied as common input. These have the same firing
rate and c.o.v. as the correlated spike trains, except there is no temporal correlation
between the spike times within each population, and thus no temporal code. Figures
2b, 2c and 2d show the effects of applying the correlated spike train inputs with a high
degree of spatial correlation (clustering) at different electrotonic lengths from the
soma, concentrated around L=0.0 to 0.1 (Fig. 2b), L=0.5 to 0.6 (Fig. 2c) and L=0.8 to
1.1 (Fig. 2d). This last case has no common inputs to the 4 short dendrites, which
have a passive electrotonic length of 0.7. Fig. 3a shows the estimated coherence
between the two output discharges with the common correlated inputs uniformly
distributed over the entire dendritic tree, this represents the smallest spatial correlation
amongst input locations.

The coherence estimates in Fig. 2b, 2c, 2d and 3a are similar in form. Both have
distinct peaks at 10 Hz and 25 Hz, indicating that the output discharges of the two
model neurones are correlated only at the frequencies at which the two populations of
common inputs are correlated. This correlation does not reflect the firing rates of the
two populations of input spike times, since the coherence estimate for the simulation
with uncorrelated periodic inputs at 10 and 25 spikes/sec is not significant (Fig. 2a).
The strength of correlation between the two output discharges is an order of
magnitude larger than the strength of correlation amongst the two populations of
correlated inputs (see above). We interpret the coherence between the two output
discharges to indicate that the temporal coding in each population of correlated input
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spike trains is preserved in the output discharges of the two neurones. These results
suggest that the location of the synaptic inputs on the dendritic tree does not influence
the sensitivity of the neurone to the presence of temporal coding in the common
synaptic inputs.
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Fig. 2. Coherence estimate between the output discharges of the two cell model with (a) two
populations of uncorrelated spike train input applied to L=0.0, 0.1, and two populations of
weakly correlated spike trains applied to (b) L=0.0, 0.1, (c) L=0.5, 06 and (d) L=0.8 to 1.1.  For
both the correlated and uncorrelated inputs, each population constitutes 5% of the total synaptic
input (160 inputs at 10 spikes/sec and 64 inputs at 25 spikes/sec). The dashed horizontal lines
are upper 95% confidence limits based on the assumption of independence. Coherence
estimates constructed from 100 seconds of simulated data.

We next consider the effect of adding an axonal conduction delay to the
configuration with uniformly distributed common inputs (Fig. 3a). In Fig. 3b is a
coherence estimate between the two output discharges with the addition of a fixed,
randomly chosen, delay to both branches of each common synaptic input. The delay
was normally distributed with a value of 2.5 � 2.3 ms (mean � 2 SD). This coherence
estimate still has distinct peaks at 10 Hz and 25 Hz, indicating that the random axonal
delay also has a minimal effect on the sensitivity of the neurones to the temporal
correlation amongst the populations of common input spike trains.
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Fig. 3. Coherence estimate with two populations of weakly correlated spike trains applied
uniformly by membrane surface area over the dendritic tree, (a) without any axonal conduction
delay, and (b) including a fixed, randomly chosen, axonal conduction delay to each synaptic
input. Each population of inputs constitutes 5% of the total synaptic input (160 inputs at 10
spikes/sec and 64 inputs at 25 spikes/sec). The dashed horizontal lines are upper 95%
confidence limits based on the assumption of independence. Coherence estimates constructed
from 100 seconds of simulated data.

5.   Discussion

The above results suggest that synaptic input location has little effect on the ability of
the neurone to detect the presence of temporal correlation in populations of synaptic
inputs (Fig. 2b, 2c, 2d, 3). In contrast, populations of synaptic input with the same
rhythmic components, but which are uncorrelated, have no significant effect on the
output discharge (Fig. 2a). The results are obtained despite the considerable
electrotonic conduction time delay present for the effects of individual synaptic inputs
to propagate to the somatic spike generation site, which are the order of several ms
(Fig. 1). This time delay is similar to the time course of the temporal correlation
amongst inputs. In light of these results it seems reasonable to suggest that a
mechanism other than electrotonic conduction of EPSPs is the dominant mechanism
whereby temporal coding amongst input spike trains modulates the output discharge
of each neurone.

The temporal code in this study is carried by rhythmic components which result in
weak stochastic temporal correlation between pairs of spike trains within the
population of inputs. In the temporal domain this is manifest as a tendency for
synchronous discharge. An interesting question is whether it is the tendency for
synchronous discharge within a time scale of a few ms, or the presence of common
rhythmic modulation which the neurone is sensitive to. The inclusion of a random
axonal conduction delay prior to the activation of synaptic events has little effect on
the results (Fig. 3b). These delays results in post synaptic events which are separated
in time by a fixed (random) amount between 0 and 5 ms. This suggests that it is the
common rhythmic modulation which the neurone is sensitive to rather than the
tendency for synchronous inputs. The effect on the output discharge of the paired
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neuron model is, however, to restore the tendency for synchronous spikes which have
the same common rhythmic modulation as the population of inputs. Thus, although
the tendency for synchronous events does not appear to be necessary for the neurone
to respond to temporal correlation, the effect within a population of post synaptic
neurones is to preserve both aspects of the temporal code. In addition, the strength of
correlation within the post synaptic discharges appears to be enhanced, although this
may be a feature of the specific parameters in the present simulations.  A recent study
using a random walk model of cortical neurones found that weakly synchronized
inputs did not cause any increase in synchronization in output neurones [7].
Experimental evidence has been presented that input synchrony is an important
variable in determining the characteristics of the output discharge of cortical neurones
[26].

Similar simulation studies have demonstrated that the presence of weak stochastic
correlation can control the bandwidth of the neurone, defined as the frequency
components transmitted from pre-to post synaptic discharges, and led to the concept
of dynamic modulation of neuronal bandwidth [27]. The present results suggest that
this process can also preserve the temporal coding in the correlated spike trains, and
further, that the mechanism does not depend on dendritic input location.

The present simulations are designed to model accurately the large degree of
convergence in central and peripheral mammalian neural systems [28, 29]. Under
conditions of large scale synaptic integration many hundreds of synaptic events
contribute to the excitation which generates each output spike [30,31]. In the above
simulations there are, on average, 2666 input spikes for each output spike, where each
input spike contributes a small increment of excitation to the somatic membrane
potential. Studies on the mechanisms underlying neural integration in neurones have
proposed that temporal coding in input spike trains will not be preserved under
conditions of temporal integration (defined as a large ratio of input to output spikes)
[5, 7, 10]. However, as the above simulations demonstrate, the temporal coding
carried by each population of 5% of the total synaptic input is transferred to the output
discharge of the neurone.

The study of the mechanisms by which spiking neurones encode information in
their output discharge, relates to the fundamental questions of how information is
represented and processed in the central nervous system [32]. There is currently
considerable interest and debate about the underlying mechanisms. Rate coding,
coincidence detection and temporal integration have been considered as fundamental
mechanisms underlying neural coding [4-10]. Despite the considerable research effort
in this area, as yet the basic mechanisms which underlie neural coding are poorly
understood [33]. Simulation studies, such as those reported above, are useful tools
with which to investigate neural integration. The present simulations have
demonstrated that temporal coding, in the form of weak stochastic temporal
correlation, can be preserved by spatial temporal integration in passive dendrites. This
may be an important mechanism in large scale synaptic integration across different
classes of neurone.
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The Role of Brain Chaos
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Department of Psychology, Ridley Building, University of Newcastle upon Tyne,
Newcastle upon Tyne, NE1 7RU, United Kingdom

Abstract. A new interpretation of the brain chaos is proposed in this
paper. The fundamental ideas are grounded in approximation theory. We
show how the chaotic brain activity can lead to the emergence of highly
precise behavior. To provide a simple example we use the Sierpinski
triangles and we introduce the Sierpinski brain. We analyze the learning
processes of brains working with chaotic neural objects. We discuss the
general implications of the presented work, with special emphasis on
messages for AI research.

1 Introduction

There is growing evidence of chaotic dynamics within biological neural activity. It
is known that individual neurons produce chaotic firing in certain conditions [17].
Other experimental results show that chaotic dynamics is characteristic of some
simple biological neural networks, like those, which form the stomato-gastric nu-
cleus of crustaceans [12][20] or the central pattern generators in the breath con-
trolling nuclei of mammals [14]. Freeman and his colleagues have shown chaotic
activity in large scale biological neural networks in the olfactory bulb [7] and
primary visual areas of small mammals [7]. Other researchers found chaotic dy-
namics in short-term behavioral transitions (e.g., change of gait) [13] and in the
eye movement patterns [2] of mammals.

Research results suggest that the observed chaotic dynamics has functional
roles in the biological neural systems. Schiff and his co-workers found that the
change in the dynamic nature of the EEG can be used to predict the occur-
rence of epileptic seizures [22]. The results of Freeman suggest that the chaotic
dynamics within the olfactory bulb is crucial for the emergence of olfactive sen-
sation [7]. Recent experimental findings indicate that neurons in various visual
areas are specifically active during involuntary eye movements [16], which are
characterized by chaotic dynamics [2].

There were several attempts to give an interpretation and explanation for
the role of chaotic dynamics in the context of biological brains. Two recent
reviews are provided by Tsuda [25] and Érdi [6]. Freeman proposed that the high-
dimensional chaotic attractors characterizing the activity of the olfactory bulb
in the absence of olfactive stimuli, contain low-dimensional embedded attractors,
which may code the distinguishable olfactive sensations [7]. Rabinovich, Tsuda
and others proposed that the role of chaotic activity is mainly to provide a kind
of efficient random search over the space of meaningful encodings [18][20]. This
pathway of search is called chaotic itinerancy [18][25]. Tsuda [25] merged the
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these proposals by suggesting that the high-dimensional attractor is formed by a
chaotic itinerancy pathway over so-called ’attractor ruins’ [25], which correspond
to the concept of embedded attractors of Freeman. Schiff formulated a similar
proposal, in which the role of ’attractor ruins’ is played by the quasi-periodic
orbits [22].

Two main critical points can be raised against the mentioned explanations
and interpretations. The first is that although the proposed chaotic systems
have the ability to encode many meaningful sensorial or behavioral objects and
to search efficiently over their space, this can be done by other, less complicated
systems too, like fixed-point attractor neural networks [11]. The second point
is that these proposals cannot account for the link between the observed brain
chaos and the high precision of behavioral actions (e.g., gaze direction, reaching
to an object). In our view the above mentioned proposals explain only partially
the role of the brain chaos.

A new interpretation and explanation of the brain chaos is proposed in this
paper. This proposal is grounded in nonlinear approximation theory. The gen-
eral role of biological brains is to classify the incoming stimuli and / or to make
predictions based on these. Both tasks can be understood as approximation of
discrete or continuous valued functions [10]. Multiple-goal, high precision ap-
proximation can be performed efficiently by the right choice of basis functions
from an appropriate pool of such functions [10]. Traditionally it is supposed that
individual neurons in the brain represent these basis functions (e.g., Gabor func-
tions in the primary visual cortex) [24]. The key element of the present proposal
about the role of brain chaos is that such basis functions can be formed by com-
binations of chaotic attractors, which emerge in the behavioral space (i.e., the
space of spatio-temporal firing patterns) of neural assemblies [8]. We call chaotic
neural objects the chaotic attractors emerging in neural assemblies. We suggest
that the inputs to the brain are encoded as chaotic neural objects and such
objects are combined at the pre-actuator level (e.g., motor neurons controlling
directly the muscles) to provide the right selection of basis functions necessary
for high precision behavior. The argument in favor of coding with chaotic neural
objects is that they share the stability properties of other dynamically stable
configurations (e.g., fix-point attractors) and at the same time they have supe-
rior information encoding capacity [15]. The paper describes specifically, the use
of chaotic attractors to generate classes of basis functions, the interpretation of
these chaotic attractors in neural context and the learning in such neural sys-
tems. The presented proposal for the role of chaotic neural activity explains the
advantages of using chaos in neural computations and the link between chaotic
neural activity and high precision behavior. At the same time it suggests new
directions for neural coding related artificial intelligence (AI) research.

The structure of the paper is as follows. Section 2 describes the way of using
chaotic attractors for the generation of classes of basis functions. In Section 3
a neural interpretation is given for the previously presented method of basis
function generation. Section 4 discusses the issues of learning in neural systems
working with chaotic neural objects. In Section 5 we discuss some implications
of our proposal. Section 6 contains the conclusions of the paper.
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2 Computation with Chaos

In this section we discuss first the main properties of chaotic objects (e.g., chaotic
attractors), and next we use the Sierpinski triangles to show how to generate
pools of basis functions by interaction of chaotic objects.

2.1 Chaotic Objects

We call chaotic objects all those static or dynamic systems, patterns, configu-
rations, which can be described in terms of mathematical chaos. Examples of
such terms of mathematical chaos are the various non-integer chaotic dimensions
(e.g., Hausdorff dimension [3]) or the positive Lyapunov exponents [3]. A critical
evaluation of such mathematical chaos measures in neural context can be found
in [9].

The chaotic objects usually can be described as invariant sets of some non-
linear transformations of the mathematical space where these objects exist. The
invariant sets are stable under these transformations in the sense that a member
point of the invariant set is transformed into a member point of the same invari-
ant set. In general the invariant sets may have simple (e.g., point) or complex
(e.g., chaotic attractor, for example see Figure 1) shapes.

The stability of chaotic attractors is the same as that of the other simpler
attractors, like the fix-point attractors. This means that a system that works
with fix-point attractors (e.g., the Hopfield neural networks [11]) can work with
chaotic attractors, too, by implementing the necessary modifications in the dy-
namics of the system [18]. Although this is not an argument in favor of chaotic
attractors, it neutralizes the critique, which suggests that the apparently dis-
organised nature of these attractors may imply reduced stability in comparison
with simpler attractors (e.g., fix-point attractors).

A dramatic feature of chaotic objects is their enormous variability in their
details. To give an impression we present two images (see Figure 1) of the border
of a famous chaotic object, the Mandelbrot set [3]. This high variability can be
used for information encoding. It is known that a very simple chaotic dynamical
system, the one driven by the logistic map:

xn+1 = λxn(1 − xn) (1)

for appropriate λ (e.g., λ = 4), can be used to generate all non-periodic binary
sequences (i.e., the binary sequences, which correspond to irrational numbers)
[3]. By means of symbolic dynamics [15] we can systematically evaluate the
information encoding capacity of various dynamical systems. In general it is
true that chaotic dynamical systems have a very large information encoding
capacity, due to their variability [15]. With respect to the dynamical systems
characterized by simpler non-chaotic attractors, we note that their information
encoding capacity is reduced, due to the limited variability of their attractors.

Summarizing, the chaotic objects have similar stability properties as their
non-chaotic counterparts, while the information encoding capacity of chaotic
objects is much higher than the same ability of the non-chaotic objects. A simple
way to use these properties of chaotic objects is to encode members of a basis
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Fig. 1. The border of the Mandelbrot set, B) is the refined view of the inset in A).

function family, which is suitable for approximation of large classes of functions.
An example is given to this task in the next sub-section.

2.2 Sierpinski Basis Functions

We use the Sierpinski triangle, a simple chaotic object, for demonstration pur-
poses. The Sierpinski triangle is defined in the following way. Let S0 be a triangle.
Construct the geometric object S1 by adding the three midlines of S0 to the S0

triangle. Construct S2 by adding the midlines of the three corner triangles of S1

to S1. Continue this procedure, by adding to Sn the midlines of the corner tri-
angles of Sn. Figure 2 shows S6 for an example triangle. The Sierpinski triangle
is the limit of this procedure, i.e., it is S = lim

n→∞ Sn. A different way of obtaining
the Sierpinski triangle is the stochastic generation method. Start with the three
corners of the triangle S0, denoted by a, b, and c, and a random point p0 in the
plane of the triangle. Consider three functions fa(p) = 1

2 (p+a), fb(p) = 1
2 (p+b),

fc(p) = 1
2 (p + c). Randomly apply the three functions and generate the series of

points pt, pt = fx(pt−1), where x randomly takes one of the values from {a, b, c}.
The geometric object made by the union of the pt points, when t → ∞, converges
to the Sierpinski triangle S = lim

n→∞ Sn.

In order to generate the Sierpinski basis functions we impose some restrictions
over our Sierpinski triangles. We denote by Sw the Sierpinski triangle generated
from the triangle, which has as vertices the points (0, 0), (0, 1) and (w, 1). We
denote by Tx the Sierpinski triangle generated from the triangle, which has
as vertices the points (1, 0), (1, 1) and (x, 0). Let c(w, x, n) be the number of
intersections between the n-th levels of the two triangle, i.e. between Sn

w and
Tn

x . We associate a Sierpinski basis function to the triangle Sw, denoted by sw.
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Fig. 2. The S6 stage of a Sierpinski triangle.

The values of the basis function sw are calculated as the weighted sum of the
c(w, x, n) values, i.e.,

sw(x) =
∞∑

n=0

γn · c(w, x, n) (2)

Practically we use the weight set γ0 = . . . = γ6 = 1, γn = 0 for n > 6. Two
typical examples of the Sierpinski basis functions are shown in Figure 3

As we can note in Figure 3, the first type (case A in the figure) resembles
the combination of a sigmoidal function with two radially symmetric functions,
while the second type of the basis functions (case B in the figure) resembles a
sigmoidal function. By more accurate analysis the Sierpinski basis functions can
be decomposed into a combination of nine functions which have similar struc-

tural characteristics as the Gaussian functions, e.g., e− x2

2r2 , their complementary

functions, e.g., r
x (1 − e− x2

2r2 ), and the sigmoidal functions, e.g., 1
1+e−ax . It is

known from neural network approximation theory [1][5][10] that these families
of functions have the universal approximation property with respect to contin-
uous and smooth functions (i.e., linear combinations of them can approximate
with arbitrary precision the latter functions). Based on these results and on the
fact that the Sierpinski basis functions can be considered as linear combination
of such functions we conjecture that the family of Sierpinski basis functions has
the universal approximation property. To prove this formally we would need to
have the analytical form of the Sierpinski basis functions, which is unavailable,
due to their complex nature.

Based on our conjecture we conclude that it is possible to use simple chaotic
objects to generate basis functions, which can approximate a large range of
functions and can be used efficiently to perform complex predictions and classi-
fications.
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Fig. 3. Two typical Sierpinski basis functions. The values are normalized to be in the
interval [0, 1].

3 The Sierpinski Brain

In this section we give a neural interpretation for the Sierpinski triangles and we
design the Sierpinski brain, which is able to control simple actions. We emphasize
that we do not propose that Sierpinski triangles exist in the brains of animals,
but we intend to give a suggestive example of how the brain might work by using
chaotic neural objects.

We use the stochastic generation method of the Sierpinski triangles in order to
build simple neural networks, which exhibit a behavior that can be described in
terms of such chaotic objects. The Sierpinski brain has two key neural structures.
The first is responsible for the generation of Sierpinski triangle behavior and the
second is responsible for the calculation of the interaction of such behaviors.

The Sierpinski generator network consists of eleven neurons. These neurons
are organized as shown in Figure 4. The neurons in the upper row have a sta-
ble periodic firing frequency, which corresponds to the coordinates of the three
vertices of a triangle. The role of the inhibitory neurons, shown as black filled
circles, is to select one of the three pairs of the periodically firing neurons. Due to
the competition mediated by the inhibitory neurons, only one of the ax, bx, cx,
respectively ay, by, cy neurons fire. They are grouped in such a way that the
member neurons of the groups (ax, ay), (bx, by), (cx, cy) fire in the same time
periods. The zx and zy neurons integrate the incoming firing frequencies for a
longer time period. Due to the use of the synapses this integration process is a
weighted integration, i.e., the later the incoming signal, the smaller its contri-
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Fig. 4. The Sierpinski generator network.

bution to the final sum. The integration process is formulated mathematically
as

fzx =
N∑

n=1

λn · fn (3)

where λn > λn+1, a good choice being λn = 1
2n . The fn-s randomly take the

values fax, fbx, fcx, due to the competition mediated by the inhibitory neurons.
The formula is similar for the zy neuron, with the difference that fn randomly
takes the values fay, fby, fcy. The Sierpinski generator network produces the
Sierpinski triangle through the firing rates of the zx and zy neurons. Figure 5
shows the distribution in the plane of the points with coordinates (zx, zy) for
5000 integration periods at the level of zx and zy neurons. Each integration
period consisted of the integration of ten consecutive incoming firing rates (i.e.,
fn-s, for n = 1, . . . , 10).

The Sierpinski brain uses the Sierpinski basis functions for the computation of
its actions. Each basis function is represented by a Sierpinski generator network.

The input to the Sierpinski brain comes from sensory cells and is represented
in the form of partially variable Sierpinski network. In this case one of the pairs
of neurons with fixed firing rate changes its firing rate depending on the input.
The input is quantified as a real number u and this is represented by the gen-
eration of the Sierpinski triangle Tu through a Sierpinski network. The single
input dependent component of the input representing network is the cx neuron,
which adjusts its firing rate to represent the value u. The other components have
genetically fixed values, namely ax = 0, bx = 1, ay = 1, by = 1, cy = 0.

The second main structural component of the Sierpinski brain is the inter-
action calculation network. This network is shown in Figure 6. The C neuron
receives excitatory input from two Sierpinski generator networks, i.e., the zx,
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Fig. 5. The output of a Sierpinski generator network: the points with the coordinates
(zx, zy).

Fig. 6. The interaction calculation network.

zy, respectively zx′, zy′ neurons are the output neurons of these networks. The
C neuron detects the coincident firing of the zx and zx′, respectively zy and
zy′ neurons. If both pairs fire coincidentally they signal an intersection point of
the two Sierpinski triangles. The C neuron integrates the incoming signals, by
counting the simultaneous coincident firings of the (zx, zx′) and (zy, zy′) neuron
pairs for a time period. The output of the C neuron represents the normalized
result of this counting (i.e., the number of counts is divided by an upper limit
number). In this way the output of the C neuron gives the value of a Sierpinski
basis function, which has as its parameter w the cx value of the (zx, zy) network
and as its argument the u value of the (zx′, zy′) network.

The integrated output of several interaction calculation networks gives the
right answer to the input. The Sierpinski brain consisting of many Sierpinski
generator and interaction calculation networks can perform classification and
prediction tasks, due to the above mentioned approximation properties of the
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Sierpinski basis functions. A graphical description of the Sierpinski brain is given
in Figure 7.

Fig. 7. The Sierpinski brain.

The Sierpinski brain described in this section gives an example of how a
brain having realistic neurons can function by using chaotic neural objects. This
example shows how the neural network level chaos is used to produce a very
precise response to incoming stimuli.

4 Fast and Slow Learning

In this section we discuss the learning processes of Sierpinski brains. The case of
the Sierpinski brain provides an example of how a real brain that uses chaotic
neural objects might work during learning.

First we consider five populations of neurons at the level of Sierpinski gen-
erator networks. These populations are the following: P0 consisting of neurons
with fix genetic specification that represent the value 0 and have regular peri-
odic firing, P1 a similar population of neurons representing the value 1, Px that
consists of neurons which have modifiable regular periodic firing (i.e., these rep-
resent the non-0, 1 coordinate values for the various Sierpinski triangles), Pinh

consisting of inhibitory neurons participating in the generator networks, and Pz

the population of neurons that give the output value of generator networks. In
this context, the input to the Sierpinski brain is represented by neurons from the
Px population and the learning process affects the distribution of the represented
non-0, 1 values in the Px population.

The individual learning is performed by the Sierpinski brain through a trial-
and-error process. The objective of this learning is to optimize the weights of
the basis functions such that the output of the Sierpinski brain matches closely
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the ideal input-output relationship (i.e., this can be a classification of the input
or a continuous functional relationship between the input and output). The
weight of a basis function is given by the number of generator networks, which
encodes the corresponding Sierpinski triangle. Thus, by learning the number of
Sierpinski networks encoding a certain basis function is changed. We term the
individual learning fast learning, because it happens fast, during the lifetime of
an individual.

The learning in the Sierpinski brain is governed by two principles, these are
the energy minimization principle and the principle of the replication of the
fittest.

The energy minimization principle means that the activity of the Sierpin-
ski brain during functioning is minimized. This is equivalent to minimizing the
number of activity at the level of interaction calculation networks, because the
activity in the Sierpinski generator networks is fixed. Thus, we minimize the
number of intersections between all possible combination of Sierpinski triangles
represented by using neurons of population Px.

Let us formally note the number of interactions as

K(x, y) = sx(y) = sy(x) (4)
where sx and sy are the Sierpinski basis functions with parameter x, respectively
y. The minimization of interactions is formulated as

min
a

1
2

N∑
i=1

N∑
j=1

aiajK(xi, xj) (5)

where N is the number of represented different Sierpinski triangles, xt, t =
1, . . . , N , are the parameters of these Sierpinski triangles (i.e., they are the value
of the x-coordinate of the third vertex), at is the number of representations of
the Sierpinski triangles with parameter xt, and a = (a1, . . . , aN ).

The replication of the fittest is an evolutionary optimization principle and
its interpretation in neural systems context is rooted in the work of Edelman [4].
The fundamental idea behind this principle is that the neurons and assemblies
of neurons participate in a competition for resources within the living brain.
The competition selects those assembly structures which are the most active
and which use most of the resources. The individual neurons tend to participate
in the winning assembly structures. This happens by changing synaptic weights
and redirecting axonal and dendritic connections (i.e., making new connections
and retracting from existing connections) [4][24]. In our case this optimization
principle means that the existing neural networks (i.e., the Sierpinski generating
networks) support the recruiting of neurons in similar neural networks. In other
words, if the Sierpinski brain has a network that represents the Sierpinski basis
function sx than the existence and functioning of this network supports the
formation of other similar networks that represent the same basis function sx.
Formally we write the effect of this replication pressure as

max
a

N∑
i=1

ai (6)
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The two counteracting optimization principles are joined as follows

min
a

1
2

N∑
i=1

N∑
j=1

aiajK(xi, xj) −
N∑

i=1

ai (7)

where we turned the maximization into minimization by applying the minus sign
in the front of the sum.

The optimization process is activated only when the output of the Sierpinski
brain is not adequate. The failure in providing the right response triggers the
learning process that is formulated by the equation (7).

The optimization in equation (7) corresponds to finding a support vector
machine [23], which solves a classification problem. By taking into account more
information about the actual and desired output, the equation (7) can be trans-
formed into optimization corresponding to support vector machines that solve
more sophisticated problems (e.g., prediction by function approximation).

As we know from the theory of support vector machines, these represent the
minimal complexity faithful model of the given data. Consequently, our Sieprin-
ski brain is able to obtain a minimal complexity good model of the observed
reality. This model is robust (i.e., has little sensitivity to noise) and provides
good decisions on the basis of input information. This indicates that a neural
system working with chaotic neural objects and subject to the above mentioned
natural optimality principles is able to build high precision input-output models
of its environment similar to real animals.

The individual learning happens truly fast if the initial pool of basis function
given by the Px population is good enough to allow fast optimization of the
representational strength of basis functions. Otherwise, if the initial pool of basis
functions is far from the optimal the individual learning is slowed down. Good
initial pools of basis functions can be achieved by evolution within a population
of Sierpinski brains. We name this process the slow learning.

During slow learning the individual Sierpinski brains compete in terms of
their classification and/or prediction tasks. New populations of Sierpinski brains
are generated by evolutionary selection. The effect of this evolutionary selection
is that the initial basis function pools of the individual Sierpinski brains will be
sufficiently close to the optimal. As the task set of Sierpinski brains may contain
several different tasks, the unilateral focusing of the initial basis function pool
on performing only one or some of these tasks may have negative effects on the
overall performance of such Sierpinski brains. Consequently, by slow learning we
obtain Sierpinski brains that are specialized enough, but not over specialized.
The presence in small number of generalist Sierpinski brains (i.e., with little
specialization) in the population allows the turn of adaptational directions to
new targets as new tasks appear. On the other hand highly specialized Sierpinski
brains may perform very well in their task specific niches.

The combined process of slow and fast learning shows how neural systems
working with chaotic neural objects may evolve and learn individually in order
to adapt to their environmental challenges.
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5 Discussion

In this section we discuss two issues related to the presented work. First we
discuss the how brain may work in our view. Second we discuss how the presented
work can give useful hints for artificial intelligence implementations.

5.1 How the Brain May Work ?

The presented work leads to interesting ideas about how the brain may work.
It suggests that the inputs to the brain are encoded as ensembles of dynamic
neural activities that form chaotic neural objects. These neural objects interact
with already existing neural objects. The interactions lead to the creation and
transformation of the processed objects. After several such transformations the
active neural objects encode the right basis functions. These are used to generate
precise motor actions, which are at the basis of behaviors. The high information
encoding capacity of chaotic neural objects allows for efficient multi-purpose
coding of the same information in a compact way. Every line of processing uses
that part of the chaotic object code, which matches its particular informational
requirements. The result is the complex pattern of behaviors executed in parallel
by the animal, in response to multi-channel inputs coming from the environment.

As we indicated, the chaotic neural objects have the same stability properties
as the non-chaotic stable dynamic configurations and they have superior infor-
mation encoding capabilities than the latter. Still, the question remains, how
such connective structures, which give rise to chaotic neural objects could form.
A hint in this respect is provided by studies on the formation of patterns during
morphogenesis [4]. These studies show that the so called ‘Turing patterns’ [4] are
very frequent during morphogenesis, a typical example being the spot and stripe
pattern of various animals [4]. Such patterns are the result of chaotic reaction
- diffusion processes, where the individual characteristics of the cells are deter-
mined by various biochemical gradients. These observations suggest that similar
mechanisms may guide the formation of the connective structure between the
neurons. Recent results about axonal growth [19] and neuron migration [21]
support these ideas about the role of chemical gradients in the neural system
development. Thus the development of the connective structure that supports
the emergence of chaotic neural objects may be very natural and expectable.

5.2 Messages for AI Research

The AI research besides intending to copy how the natural brain works, is di-
rected towards successful practical applications of ’intelligent’ technologies. From
the point of view of the latter, this work offers guidelines for new research direc-
tions.

The natural chaotic neural objects are coded by the genes through the system
of protein interactions and morphological development of the brain. Similary to
this, we may code the artificial chaotic neural objects by short sequences of
artificial genes that determine mathematically the encoded chaotic objects (e.g.,
simple fractals encoded in the form of L-systems [3]). Having an efficient coding
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mechanism for our artificial brain, we can evolve it using the ideas of slow and
fast learning described above. Thus we can evolve simulated artificial brains that
can solve many problems and can live successfully in an environment made by
various tasks.

The presented work indicates a new way of finding the right choice of basis
function family for the solution of prediction and classification problems. As
we pointed out above, the family of optimal basis functions can be obtained
through the evolution of artificial brains working with chaotic neural objects. In
this way we may even obtain natural combinations of independent families of
basis functions that arise by applying the constraints of the task environment to
the population of simple artificial brains.

The thinking about neural coding in terms of chaotic objects reveals a possi-
ble new direction in the realization of hardware systems with high computational
power. Chaotic objects, like those described in this paper, can be obtained as
natural forms of organization of various substances (e.g., chaotic diffusion pat-
terns [4]). Realizing such objects at the nanometer scale can lead to the building
of high efficiency, reconfigurable, molecular level computation machines that can
be used in intelligent appliances (e.g., set-top box, wearable computer).

Besides the noted practical application lines, an interesting theoretical issue
is to investigate the approximation properties of the various basis function fam-
ilies that are generated by classes of artificial chaotic neural objects. Having a
priori knowledge about the specific advantages and disadvantages of classes of
chaotic objects in certain task environments, the evolutionary process can be
speeded up by directed evolution (i.e., by imposing additional restrictions on
the evolutionary process to avoid the undesired gene sequences).

6 Conclusions

A new interpretation of brain chaos is introduced in this paper. This is based
on the idea that chaotic objects can be used for generation of families of basis
functions with general approximation capabilities. The use of chaotic neural
objects in information processing within the brain is favored by the stability and
information encoding properties of such objects. We also indicated the possible
developmental background for the formation of chaotic neural objects.

We have shown through a simple example, how to use chaotic objects to
generate a family of basis functions. We introduced the Sierpinski basis functions
that are generated by the Sierpinski triangles. We presented the Sierpinski brain
that uses these basis functions to generate responses to inputs. The Sierpinski
brain shows how simple chaotic objects can emerge in realistic neural networks
and how they are used to perform input-output mapping.

We analyzed the learning processes in Sierpinski brains. We have shown that
the fast, individual learning leads to a robust optimal model of the input-output
map. We discussed the role of the slow, population level learning, which provides
the right pool of basis functions for the fast learning.

Our interpretation of brain chaos leads to a new view of how the brain may
work. According to this the inputs to the brain are represented as chaotic neural
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objects, which interact with other similar objects, and at the end these interac-
tions lead to the formation of combinations of basis functions that are used for
the control of movements and other actions of the organism.

With respect to AI implications we noted four future research directions.
These are: the evolution of multi-purpose intelligent agents (i.e., simulated
brains) using chaotic objects, fast and slow learning; the generation of new classes
of basis functions using the presented methods; the hardware implementation of
the described artificial brains at the nano scale; and the theoretical analyses of
the approximation properties of the basis functions that are generated by chaotic
objects.
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Abstract. The brain-physiological signatures of words are modulated by their
psycholinguistic and physical properties. The fine-grained differences in
complex spatio-temporal patterns of a single word induced brain response may,
nevertheless, be detected using unsupervised neuronal networks. Objective of
this study was to motivate and explore an architecture of a Kohonen net and its
performance, even when physical stimulus properties are kept constant over the
classes.
We investigated 16 words from four lexico-semantic classes. The items from
the four classes were matched for word length and frequency.
A Kohonen net was trained on the data recorded from a single subject. After
learning, the network performed above chance on new testing data: In the
recognition of the neuromagnetic signal from individual words its recognition
rate was 28% above chance (Chi-square = 16.3, p<0.0001) and its accuracy was
44% above chance (Chi-square = 40.8, p<0.0001). The classification of brain
responses into lexico-semantic classes was also unexpectedly high (recognition
rate 16% above chance, Chi-square = 27.2, p<0.0001, accuracy 20% above
chance, Chi-square = 42.0, p<0.0001).
Our results suggest that research on single trial recognition of brain responses is
feasible and a rich field to explore.

1   Introduction

Physiological data from psycholinguistic research suggests that words are
distinguishable by some of their properties such as word length, frequency and
meaning. Assumed that word evoked fields are modulated by these properties and the
corresponding MEG signals reflect these distinctions, it might be possible to classify
neuromagnetic brain responses to single words automatically.

Recognition of single carefully chosen words seems feasible when some well
studied properties of words are taken into account:
� The representation of a word is neurobiologically realised in mostly cortical

networks having a topology that depends on the modalities correlating with
external aspects of the meaning (Pulvermüller 1999, 1995): the representation of
action verbs for example would include neurons from the primary motor cortex in
addition to the neurons involved in the phonetic representation located in the
persylvian cortex

� Word length and frequency modulate the brain response to words (Osterhout et
al. 1997, Rugg 1990) in respect of latency and/or amplitude of certain ERP
components: the presentation of short high frequency words leads to smaller

S. Wermter et al. (Eds.): Emergent Neural Computational Architectures, LNAI 2036, pp. 311−319, 2001.
Ó Springer-Verlag Berlin Heidelberg 2001c©



amplitudes or short latencies whereas long low frequency words are often
reported to induce larger amplitudes or longer latencies.

In Suppes et al. (1997, 1998) test samples and single trials of auditory evoked
potentials and fields were analysed. Under investigation were whole sentences and as
well single words. It was not reported whether physical properties of stimuli were
matched, e.g. for word length or root mean square of the acoustic signal. The studies
were performed with several subjects that were analysed as single subjects. Whole
samples consisting of averages of ten trials were analysed. Optimising the parameters
of a bandpass that was applied to the data before classification improved the
recognition performance.

There are two problems in interpreting the results of these studies: First,
psycholinguistic research has demonstrated the influence of word length on brain
responses (e.g. Osterhout et al 1998). Word length is a physical property of words and
modulates the brain response as such. Second, since the response of the auditory
cortex to certain phonetic properties of the auditory signal is very prominent (e.g.
plosives) the mere absence in one stimulus or the other might lead to strong brain
responses that are easily detectable. In sum, mere physical properties of the stimuli
may have been the critical factor for word recognition performance. These influences
must be ruled out by carefully matching stimulus words for physical parameters and,
where possible, for other psychologically relevant parameters as well (e.g. word
frequency).

The objective of our study was to investigate physical properties of words but
mainly their psycholinguistic features. We therefore varied word length (physical
factor) over the two other factors word frequency and word class (cognitive factors).
To surpass problems arising from different RMSs and other acoustic word properties
we preferred to present the stimuli visually.

In order to explore the cognitive aspects of word processing semantically distinct
words from three different lexical categories were chosen, nouns, verbs and
grammatical function words.  A questionnaire study was performed on 12 subjects to
determine association strength for the words.

No semantic associations for words were reported for function words (e.g., "this").
For other words, there was evidence of strong associations in only one modality, for
example only visual or motor associations. This was found for action verbs and for
visually related nouns ("get", "sheep"). Finally, there were words with strong
multimodal associations, typically nouns referring to entities that can be visually
perceived and can also be manipulated with the hands (e.g., "boat" or "newspaper").
Thus we had four stimulus groups in our experiment, (1) function words with no
associations, (2) action verbs with motor associations (3) nouns with strong visual
associations, and (4) nouns with strong multimodal associations.

When processing the representations of words it is assumed that their phonetic
representation in the perisylvian fissure will be activated. The activation of function
words might be confined to this cortex area. The representation of the other words
should include additionally the visual cortex and/or motor cortex.

Since cortical representations of the word classes in our stimulus set have brain
areas in common (e.g. the visual cortex for visual nouns and multimodal nouns), their
neuromagnetic brain responses should have partially similar topologies. Other aspects
of similarity in the brain response include the influence of word length and frequency
that are not specific to the meaning. For construction of an automated recognition, it

312 R. Assadollahi and F. Pulvermüller



is therefore well motivated to implement a type of neuronal networks that can model
similarities and employ them for recognising new samples:
• In Kohonen’s model the development of cell responses is organised in an

unsupervised and self-organising fashion. Neurons automatically develop
stimulus specific properties and the network self-organises such that
neighbouring cells are tuned to similar stimuli. (Kohonen 1982, 1999)

• Kohonen networks can reduce dimensionality of the input data while preserving
the  topography of the data in the high dimensional space.

In his classic work Kohonen (1984) introduced a two-dimensional map for Finish
phonemes. Digitised acoustic speech signals were submitted to a Fourier-
transformation subdivided into 15 bands. The energy of the frequency bands served as
15 dimensional feature vector. Feature vectors were generated for windows of 25.6ms
length and were shifted by 10ms over the signal. The overlap in the signal guaranteed
the similarity of subsequent features. The feature vectors were fed to a 2D Kohonen
map resulting in spatial clusters of the 21 Finnish phonemes. The phonemes in the
map were automatically ordered in a way that acoustically similar phonemes were
situated in neighbourhood. The network thus collapsed the 15 dimensional feature
space as well as temporal information of the phonemes’ signals into one
representational space while preserving similarity. The network was unable to
distinguish stop-phones. Stops are distinguished by the length of silence between two
features. Since the net only gets time slices, the number of time frames containing
silence is not represented. This leads to the architecture inherent inability to
distinguish plosives.

In the present study of neuromagnetic responses to words we chose to use the
energy (RMS) of up to eight sites over the cortex in order to provide spatial
information to the net. In correspondence to Kohonen (1984) we chose to model the
signal representation through time windows that are moved over the signal instead of
whole samples. Thus parts of signals that are common across word classes are stored
together in some parts of the map whereas signal parts that are typical for a certain
word class should occupy larger coherent areas in the network.

Following Suppes et al. (1997), we chose to generate and analyse data from a single
subject for the following reasons: (1) The latency of word evoked brain responses
related to cognitive processing varies substantially as a function of stimulus
familiarity and, consequently, between experiment participants (Osterhout et al.
1997). (2) Structural and functional brain organisation differ considerably between
individuals (Damasio 1995), thus causing devastating between-subject variance in
both topography and timing of evoked fields.

2   Materials and Methods

2.1  MEG-Experiment

Subject

The participant was a 21 year old right handed monolingual female student with 15
years of formal education. She had normal eyesight and no history of neurological
disease or drug abuse. She was paid for her participation.
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Stimuli

Words from four word classes were presented frequently in the experiment (recurrent
words): (1) function words, (2) action verbs, (3) nouns with strong visual associations
and (4) nouns eliciting both visual and action associations.

Words were 1 and 2 syllables long (4 to 7 letters). Half of the words had high
(range: 123-329 average: 210.375) and low (range: 10-15 average: 12.875) frequency.
Word length and frequency were exactly matched between lexico-semantic
categories. Each word category included two long (6-7 letters, two syllables) and two
short (4-5 letters, one syllable) words. Before the experiment, ratings from 12 subjects
confirmed the classification of these words into the four lexico-semantic categories
(amodal, visual unimodal, action unimodal, multimodal). Association ratings for
function words (1) were low. Strong associations of actions were only reported for the
stimuli in classes (2) and (4), whereas strong visual associations were reported for
classes (3) and (4). Semantic association scores were computed as the sum of action
and visual ratings. Additional ratings confirmed that arousal and valence ratings did
not significantly differ between categories.

Additional words were only presented once or twice (new words). These were
generated by exchanging one letter of one of the 16 recurrent words forming a correct
word.

Procedure

In each block, the 16 recurrent words and two of the set of new words were presented
in random order. Before the experiment, the subject was familiarised with the
recurrent stimuli and she was told to memorise these words. She was instructed to
respond to those stimuli that were not in the memorised set (new words) by pressing a
button with her left index finger. No response was required after the recurrent words.
The task was applied to assure sustained attention to the stimuli, and to force the
participant to keep the set of recurrent words in active memory. One run consisted of
20 of such blocks and 3 runs made one session. Thus, each of the repeated words was
presented 60 times in each session. The subject was allowed to pause freely between
blocks and between runs. 11 sessions took place within 4 weeks, with a minimum
pause of 2 days between subsequent sessions.

All stimuli were presented for 100 ms in white upper case letters (maximum word
size 7x3 cm) on a black background 1.4m away from the participant’s eyes. A
fixation cross appeared in the middle of the screen whenever no word was visible.
The asynchrony of stimulus onset was varied randomly between 1.4 and 2.0 sec. An
LCD-projector outside the MEG chamber was used to project the stimuli onto the
screen inside.

MEG Data Recording

Neuromagnetic signals were recorded continuously with a 148 channel whole head
magnetometer (4D NeuroImaging WH2500) using a 0.1-100 Hz band-pass filter and
sampled at a rate of 508 Hz. Along with the magnetic signals the vertical and the
horizontal EOG together with the ECG were recorded.
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Data Preprocessing

MEG data were submitted to a global noise filter subtracting the external, non-
biological noise obtained by the MEG reference channels. The data was then split into
epochs while discarding all epochs where the button had been pushed by the subject.
Epochs with an EOG level > 100 m V or MEG level > 5 pT between minimum and
maximum on one or more MEG channels were automatically excluded from further
analysis. 11 sessions delivered a maximum of 660 MEG-traces for single word. The
epochs were  baseline corrected (100ms). Data was split by the ratio of 3 to 7 into
testing and training data.

2.2  Neural Net Design and Evaluation

In order to reduce data size foci were defined located over anterio-central (Broca and
Wernicke), parietal and occipital sites in both hemispheres and two additional foci
over centro-occipital and centro-central sites. Each of these 8 foci comprised 5
adjacent MEG-channels. RMS of these channels was computed resulting in a higher
signal-to-noise-ratio and further data reduction to the detriment of spatial resolution.
Input-data for the neuronal network was generated for windows of 50ms length with a
shift of 30ms.

Thus an 8 dimensional feature vector containing the RMS of several sites on the
cortex was mapped into a two dimensional Kohonen-map (Kohonen 1982, 1984). The
size of the Kohonen networks was one subject of investigation. Large networks
usually adapt very well to training data due to greater storage capacity. Small
networks tend to reduce the necessary information which at a particular size leads to
worse performance. Other subjects of investigation were the foci (different focus
combinations were tested) and the length of the presented data (i.e. number of
windows per trial).

Training Procedure

Data windows for a particular word were presented to net, the best matching neuron
learned most and its neighbours in the typical Kohonen fashion (Gaussian
distribution). Learning in this context means the reduction of the Euclidean Distance
between the presented vector in the 8D feature space and the stored vector in the
neuron in the network.

For later classification every neuron stored a score table for all words and another
one for all word classes. When a best match occurred the score for the presented word
and its word class was incremented. Thus every neuron had a score table that
represented the order of the words/word classes it represented best. After training a
map of the best represented word classes could be rendered (see Results).

Recognition Procedure

In the recognition phase, again, a word was presented window by window and the
best matching neuron per window was chosen. The scores for the best matching
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neurons of all windows were then summed up which resulted in a table containing a
score for every word and every word class over all presented windows. The
word/word class with the highest score was considered as most probable word and
was put out as ‘recognised’.

Statistical Testing

First, we defined recognition rate as the number of correctly recognised words/word
classes divided by the over all number of presentations for this word / word class:

recognition rate = hits / (hits + misses)
(expectation values: 4 word classes 25%, 16 words 6,25%)

The accuracy was defined  as number of correctly recognised words / word classes
divided by all outputs of this word irrespective of correct or incorrect classification:

accuracy = hits / (hits + false positives)
(expectation values: 4 word classes 25%, 16 words 6,25%)

Chi-Square-Tests (Pearson) were performed to evaluate the statistical significance of
the recognition rate and its accuracy.

3   Results

The performance was best for a time range form 490ms-790ms post stimulus onset.
The word classes diverged most in this time range (see figure 1).

Fig. 1. Plot of all sixteen words over left central channel. The greatest divergence of the words
is observable from ~400 to 800 ms.
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The best configuration of the network (60x60, timing 490ms-790ms post stimulus
onset, all foci except left parietal and centro-occipital)  performed as given in tables 1
and 2:

Table 1. The recognition performance on training data (accuracy is given in brackets).

Rates for single words:
F A B V

1L 78%(52%) 51%(88%) 83%(61%) 68%(78%)
1H 68%(79%) 84%(55%) 77%(67%) 62%(47%)
2L 60%(91%) 54%(85%) 58%(93%) 78%(67%)
2H 63%(81%) 69%(77%) 56%(91%) 74%(58%)

Average over all words: 67%(73%)

Rates for word classes:
F A B V

69%(52%) 58%(67%) 67%(56%) 43%(82%)
Average over all word classes: 59%(61%)

Table 2. The recognition performance on new testing data (accuracy is given in brackets).

Rates for single words:
F A B V

1L 13%(7%) 2%(9%) 10%(6%) 3%(5%)
1H 4%(5%) 15%(4%) 10%(16%) 27%(16%)
2L 8%(12%) 1%(3%) 6%(16%) 10%(10%)
2H 0%(0%) 8%(10%) 4%(20%) 7%(5%)

Average over all words:  8% ( 9%)

Rates for word classes:
F A B V

38%(30%) 32%(30%) 38%(29%) 9%(30%)
Average over all word classes: 29% (30%)

Overall word class recognition rate 29% (c 2 = 27.2, p<0.0001) and accuracy 30% (c 2
= 42.0, p<0.0001) as well as recognition rate over all single words 8% (c 2 = 16.3,
p<0.0001) and accuracy 9% (c 2 = 40.8, p<0.0001). Therefore results were above
chance: individual words the recognition rate was 28% above chance and its accuracy
was 44% above chance. The classification into word classes revealed a recognition
rate of 16% above chance and an accuracy of 20% above chance.
An example for a net is given in figure 2.

4   Discussion

It seems that a feature based self-organising Kohonen network can classify word
evoked brain potentials, although similarity (and thus topographic ordering) is only
given for signal parts that distinguish word classes.
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The performance of the single word recogniser is higher than the performance of
the word class recogniser. This may be due to a high interclass variance, which means
that members of one class are often recognised as members of another class. One
reason for this may be the gross property of word length that has a great impact on
signal amplitudes. Thus it appears reasonable that 2 syllable words of different classes
are mixed up.
There are still several improvements to make: (1) Improvements on the input feature
generation for the net and (2) improvements on the architecture of the net.

Having in mind that a simple technique (RMS of foci) was employed to obtain the
features for the network input, it is surprising that a classification occurred at all. To
improve recognition rates it is crucial to further investigate methods how to generate
better features, e.g. through PCA. A second way to reduce data complexity and to
improve the signal-to-noise-ratio would be to find an optimal bandpass filter for the
data as was done by Suppes et al. in 1998. Here the EEG gamma band is promising
(Lutzenberger et al. 1994).
The current architecture collapses features of different time windows to one
representation. If there are different latencies for a component in a given topography
of a brain response that depend on a word property and all time windows around this
latency shift are presented to the net the latency information would be lost because the
same neuron would respond which is maybe one reason for non homogeneous fields
in the map (figure 2).  The problem is similar to the distinction of plosives discussed
in the introduction. Even temporal Kohonen networks using contexts may not be able
to address this problem because the context of this component (i.e. the time windows
preceding this component) may be the same. Further research on the latency of such
components could result in determining the number of context windows necessary to
model the signal properly.

Fig. 2. Example for the Kohonen map representing word classes. (‘A’ action words, ‘B’
multimodal words, ‘V’ visually related words, ‘F’ function words, ‘-‘ no hit by a word class,
‘+’ equally representing more than on word class).
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Another solution might be an internal clock that simply counts the number of
windows presented so far could be employed as an additional input feature. This
feature would have to be weighted according to the amplitude and number of the foci.

Two factors may determine the optimal size of a net: the number of time slices and
the number of foci. A larger number of either of the factors might result in the need of
a larger network. On the other hand redundancies over time or over foci might reduce
the additional complexity of the data and hence the needed storage capacity. Further
research on these dependencies is necessary.

Another general architectural issue is the spreading activity in the subject’s brain.
An incoming visual stimulus causes a wave of activity cortically starting at occipital
sites and progressing to more anterior sites like the perisylvian cortex and the central
sulcus. Presenting data from all foci for each time window implies that brain activity
on some foci is not related to word processing because the spreading activity has not
reached the brain area at that time. Data from such foci would not contain any
significant information for the net and would deteriorate the overall signal-to-noise-
ratio. An architecture that is able model changing foci over time could be a solution to
this.

We conclude that automated recognition of single word evoked brain responses is
promising and further research on both, input-generation and architectural issues, will
increase the performance significantly.
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Abstract. The speed of processing in the cortex can be fast. For exam-
ple, the latency of neuronal responses in the visual system increases by
only approximately 10-20 ms per area in the ventral pathway sequence
V1 to V2 to V4 to Inferior Temporal visual cortex. Since individual neu-
rons can be regarded as relatively slow computing elements, this may
imply that such rapid processing can only be based on the feedforward
connections across cortical areas. In this paper, we study this problem
by using computer simulations of networks of spiking neurons. We eval-
uate the speed with which different architectures, namely feed-forward
and recurrent architectures, retrieve information stored in the synaptic
efficacy. Through the implementation of continuous dynamics, we found
that recurrent processing can take as little as 10-15 ms per layer. This
is much faster than obtained with simpler models of cortical processing
that are based on simultaneous updating of the firing rate of the indi-
vidual units. These findings suggest that cortical information processing
can be very fast even when local recurrent circuits are critically involved.

1 Introduction

The speed of processing is a fundamental constraint that must be incorporated
into computational models of cortical function. For example, there is evidence
that the visual system can operate very fast. An analysis of response latencies
indicates that there is sufficient time for only 10-20 ms per processing stage in
the visual cortex. In the primate cortical ventral visual system, the difference in
latencies between each stage is in the range of 10 to 20 ms [1,2,3]. In the dorsal
visual system the difference in latencies between successive stages is even faster
when flashed stimuli are used [2]. Information theoretic analysis of responses
of single visual cortical cells in primates reveals that much of the information
that can be extracted from neuronal spike trains is often found to be present in
periods as short as 20-30ms [4,5,6]. Event-related potential studies in humans
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provide strong evidence that the visual system is able to complete some analyses
of complex scenes in less than 150 ms [7]. There is also evidence that the speed
of processing may be as fast in other sensory system (e.g. [8]).

The speed of information processing observed in the nervous system is some-
how surprising given that individual cortical neurons may be regarded as rela-
tively slow computing elements. The time constant of the neuronal membrane
(an indication of the time needed to charge the neuronal membrane to the thresh-
old level for action potential emission) is often estimated to be in the order of
10-30 ms [9]. These observations have led several authors to conclude that such
rapid cortical processing may be based, at least in vision, almost entirely on the
simplest computational architecture, namely a purely feedforward mechanism
[10,11,12,7,13]). In their view, under such a tight time frame there is simply not
enough time for more sophisticated computations like recurrent processing.

However, the intuition that recurrent processing is too slow is mainly fostered
by results obtained with early models of autoassociative attractor networks.
These networks use associative learning in the recurrent collateral connections
between the neurons to store information, and to retrieve it through feedback
processing [14,15,16]. In these early models the dynamics of retrieval was usually
simulated with discrete time steps, with one time-step for each feedback cycle
and simultaneous update of the outputs of the neurons, each of which represented
some short time average of the neuron’s firing rate. With these simulations of
associative networks, typically several processing time-steps are needed for the
network to perform pattern retrieval through the recurrent processing, and to
begin to settle into a dynamical attractor corresponding to a correct memory re-
trieval state [17]. Discrete time step recurrent processing of this type is therefore
far too slow to contribute to rapid visual cognition, given that any meaningful
biophysical estimate of the discrete time step of the artificial model should be
of the order of the neuronal membrane time constant or the typical inter-spike
interval (both of which are in the 10-30 ms range [9]).

More recent studies have shown that such simple models of recurrent process-
ing with discrete dynamics may give rise to artificially slow retrieval dynamics.
In fact, more realistic models of recurrent networks of spiking neurons incorpo-
rating the dynamics of membrane potential and of synaptic conductance changes
in continuous time can process information much faster than the discrete time
step models. In particular, networks of leaky Integrate-and-Fire neurons with
recurrent connections can respond very quickly to a change in the input current
[18,19]. In this paper we want to take this studies a step further, and characterize
the dynamics of retrieval of information about patterns that are stored in the
associative synapses, in the case when recurrent collaterals are endowed with
associative learning. Previous work on this subject has concentrated on purely
recurrent architectures representing a single cortical module [20,21]. A full un-
derstanding of the contribution of recurrent collaterals to fast cortical processing
would also require a study of the dynamics of hierarchically organized networks,
in which the signal is transmitted between areas by feedforward connections, and
is at the same time processed inside each area by recurrent projections. We there-
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fore present in this paper a simulation study of the dynamics of a multiple-layer
network of Integrate-and-Fire neurons, with associative feedforward connections
between each layer and the next, and with excitatory recurrent collateral con-
nections in each layer, as well as local inhibition. The main result that we found
was that the information latencies in cases where local recurrent processing was
important were much smaller than what expected from simultaneous updating
of the firing rate of the units. This suggests that the recurrent circuitry may play
some role under conditions of fast cortical processing.

2 Methods

2.1 Network Structure and Single Neuron Models

The model consisted of three layers of excitatory and inhibitory populations.
Excitatory neurons within each layer were connected by excitatory recurrent
collateral synaptic connections, implementing local feedback and denoted as RC
in the following. The RC synapses were set up by associative (Hebbian) learning.
The excitatory populations within one layer were connected to the excitatory
cells in the next layer by Hebbian feedforward (FF in the following) projections.
Non-associative inhibition within each layer was also provided. Each layer was
composed of NE = 800 excitatory units, and of 400 inhibitory units, divided
into NS = 200 “shunting” inhibitory units and NH = 200 “hyperpolarizing”
inhibitory units. Each unit was modeled as a leaky Integrate-and-Fire device,
and it represented a neuron as a single branch, compartmented, dendrite, and a
point-like soma where spikes were generated. The compartmental model was used
in order to implement shunting inhibition, which is necessary for stable pattern
retrieval in a recurrent system [21]. The current flowing from each compartment
to the external medium was expressed as:

I(t) = gleak(V (t) − V 0) +
∑

j

gj(t)(V (t) − Vj), (1)

where gleak is a constant passive leakage conductance, V 0 the membrane resting
potential, gj(t) the value of the j-th synapse conductance at time t, and Vj the
reversal potential of the j-th synapse. V (t) is the potential in the compartment
at time t. A list of all the parameter values used is reported in [22]. We just note
here that the RC integration time constant of the membrane of excitatory cells
was 20 ms long for the simulation presented. Synaptic conductances decayed
exponentially in time, obeying the equation

dgj

dt
= −gj

τj
+ ∆gj

∑
k

δ(t − tjk), (2)

where τj is the synaptic decay time constant, and ∆gj is the amount the conduc-
tance is increased when the presynaptic unit fires a spike. ∆gj thus represented
the (unidirectional) coupling strength between the pre-synaptic and the post-
synaptic cell. tjk is the time at which the pre-synaptic unit fires its k-th spike.
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(The value of the inactivation time constant τj was changed across simulations,
in order to test its effect on the speed of retrieval). The inhibitory system was
set to work faster than the excitatory one, as this was helpful for preventing
destabilization of the attractor retrieval dynamics due to neuronal synchroniza-
tion (see [23] for detailed studies of regimes of inhibitory couplings leading to
synchronization).

For each time step of 1 ms, the cable equation for the dendrite was integrated
[9] with a finer time resolution of 0.1 ms, and the somatic potential was com-
pared with the spiking threshold V thr. When this was exceeded, post-synaptic
conductances were updated and the somatic potential was reset to the after-
hyperpolarization value V ahp throughout the neuron.

The intralayer connections from excitatory to inhibitory, from inhibitory to
excitatory, and between inhibitory units were taken to be homogeneous, that
is, all of the same strength. The intralayer connectivity was 0.25 between ex-
citatory and inhibitory populations, and 0.5 within each inhibitory population.
There were no connections between shunting and hyperpolarizing cells. To build
the connections, each cell was connected to a fraction of the cells of the receiving
population chosen at random according to level of connectivity. In contrast, the
excitatory units within a layer were all connected to each other. This high con-
nectivity was necessary to produce sufficient statistical averaging in the synaptic
input to each unit because of the small size of the simulated network. The con-
nectivity of the FF excitatory connection between excitatory units of successive
layers was set to 0.5. This was to take into account the fact that cortical cells
receive more excitatory inputs from neurons in the same region than from axons
coming from more distant parts of the cortex.

Both RC and FF excitatory to excitatory connections encoded in their
strength p memorized patterns of activity ηL;µ

i , consisting of binary words (with
elements 0 or 1), the fraction of active units in the pattern being a = 0.1. The p

patterns (indexed by µ = 1, · · · , p) ηL;µ
i to be stored in each layer were chosen at

random independently for each layer L. Encoding was implemented through a
Hebb rule as follows, with a procedure ensuring that the synaptic weights (con-
ductances g in the model) are always positive. All conductances were initially
set to zero and then, for each pattern, the synapse from the i-th to the j-th unit
was modified by a covariance term, which is reported below for the RC and FF
case (see [22] for the values of the parameters):

∆gRC =
gEE

pNE

(
ηL;µ

i

a
− 1

)(
ηL;µ

j

a
− 1

)
, (3)

∆gFF =
gFF

pNE

[(
ηL;µ

i

a
− 1

)(
ηL+1;µ

j

a
− 1

)]
, (4)

If, after summing each pattern, the conductance became negative, it was
reset to zero. Memories were therefore stored through a “random walk with one
reflecting barrier” procedure. The barrier acted as a “forgetting” mechanism [24,
21], as whenever the conductance value bumped into the barrier, it lost memory
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about the previously presented patterns. For computational reasons, the network
was tested at low memory loading (p = 10). The excitatory synapses impinged
on the distal end compartment of the post-synaptic dendrite, and they had a
positive reversal potential (with respect to the resting membrane potential).
Inhibitory synapses of the shunting type were distributed uniformly along the
dendritic body, and they had a reversal potential equal to the resting membrane
potential. Inhibition of this type leads to a mainly divisive effect on the post-
synaptic firing rate [25]. Inhibitory synapses of the hyperpolarizing type were
instead located at the distal end of the dendritic tree, colocalized with excitatory
inputs, and had a reversal potential lower than the resting membrane potential.
This last type of inhibition is predominantly subtractive in nature.

2.2 Simulation Protocol

First, the connection matrix was constructed during the training phase. Then, a
test of the retrieval dynamics was performed according to the following protocol:

Layer 1. Layer 1 was a recurrent network responding to a cue current, and was
used to set the stage for retrieval in successive layers. L1 provided a pattern-
specific cue signal, which initiated retrieval in the successive layers. The structure
of L1 was essentially identical to the autoassociative network studied in [21], to
which we refer for full details. In brief, in the first 100 ms (for −100 ≤ t < 0, t
being the simulation time), a current was injected into a random fraction a = 0.1
of the units of all types. This generated spontaneous, non-specific activity. At
simulation time t = 0 ms, the retrieval process was started by replacing the
random current with a cue current, injected in a fraction a + %(1 − a) of the
layer 1 units active in the pattern being tested and in a fraction a(1 − %) of the
units inactive in the pattern. % was the average correlation between pattern and
cue. It was set to 0.3 for all the simulations presented. The cue current lasted
for another 300 ms.

Successive layers. Each of the successive layers (layer 2 and layer 3) was
activated by the incoming spikes, received by the previous layers through FF
excitatory projections. As for L1, spontaneous activity was generated initially
(only for −100 ≤ t < 0) by injecting a current in a random fraction a = 0.1
of the units. Then another 300 ms of simulation followed, in which the network
processed the pattern specific cue received by the previous layer.

2.3 Quantification of the Performance of Retrieval

The time course of processing and of retrieval of the stored patterns was quan-
tified by using the mutual information about which pattern was presented in
L1, carried at different times by the responses of small populations of excita-
tory neurons in each layer. There are several advantages in using an information
theoretic measure. First, mutual information is the only measure of correlation
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that is consistent with simple and plausible requirements [26]. Second, mutual
information naturally quantifies how significant the differences in the responses
to different stimuli are with respect to variability or spontaneous activity. Third,
unlike simpler measures like pattern overlap, the same information measure can
be applied to neurophysiological recordings of small neuronal populations [27,
28], thereby facilitating the comparison between theory and experiment. The
mutual information was computed as follows. The retrieval simulation protocol
was repeated for 25 “trials” for each stored memory. A population of 30 ran-
domly selected excitatory units was sampled for the number of spikes they fired
in a 30 ms long time window. This time window length was chosen because it
is of the order of the integration time constant of a downstream neuron reading
the population output. The window was moved across the entire simulated time
course with steps of 5 ms. The population firing rate vector was constructed at
any time step of each trial and was decoded. Decoding consisted in [27] predicting
the pattern presented in each trial from the average response and its distribu-
tion across all the patterns. The predicted memory pattern sp was the one whose
mean response was closest (using an “Euclidean Distance” [28] measure in the
response space) to the response on the particular trial. The result of decoding
all the trials was a probability table Q(sp|s) containing the fraction of times in
which an actual memory s elicited a response leading to the prediction of sp.
The mutual information I between the actual and decoded pattern, given by

I(s, sp) =
∑

s

1
p

∑
sp

Q(sp|s) log2
Q(sp|s)
Q(sp)

(5)

was calculated and then corrected for limited sampling [29]. To reduce fluctu-
ations, results were averaged, at each time step, over a number of randomly
selected populations of 30 excitatory units from the same run. Note that, for the
time window examined, the information computed through the decoding pro-
cedure is a very close approximation to the total information contained in the
population responses about the memory patterns [28]. The additional interest in
using such a decoding step to compute the information is that the same decoding
procedure can in principle be performed also by a downstream neuron receiv-
ing the population responses through appropriate synaptic weights [28]. All the
information extracted in this way is thus likely to be readable by downstream
cells.

3 Results

The aim of this study is to understand the dynamics of information processing in
multiple layer networks with both feedforward and local recurrent connections,
and in particular to investigate the speed of the specific RC contribution. For
this purpose, it is useful to begin the analysis by looking first at the purely recur-
rent situation. Hence, we concentrate first on the speed of information retrieval
of layer 1 neurons. Layer 1 operated as a recurrent autoassociative network re-
sponding to a cue current injected at t = 0 ms. The time course of the information
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transmitted by populations of excitatory neurons in layer 1 is reported in Figure
1. It is evident that the network activity gradually moves from a spontaneous
activity state, to a state highly correlated to the activity pattern stored into
the synapses that is more similar to the noisy cue injected. This happens also
with discrete dynamics based on simultaneous updating [14,15,16,17]. However,
Figure 1 shows that the processing is very fast when considering dynamics in
continuous time of the neuronal membrane potential. When a synaptic time in-
activation constant of 10 ms is used for excitatory synapses, the information
about which pattern was presented as the cue becomes very significant within
a few tens of ms from cue injection. When the synaptic time constant of 10 ms
was used, and an information value of I = 0.5 bits was arbitrarily chosen1, 0.5
bits of useful information about which pattern was presented can be read off
from the firing of the neurons within only 25 ms of cue injection.
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Fig. 1. The speed of pure recurrent processing. The time course of information retrieval
in layer 1 is plotted for different values of the inactivation time constant of excitatory
associative synapses. A value of 20 ms is used for the membrane time constant.

1 The value of 0.5 bits of information about which stimulus was presented is a useful
point at which to measure the latency of retrieval because 0.5 bits is a much higher
amount than random fluctuations of information values, which corresponded to the
amount of information computed in the pre-cue time and were in the range of 0-0.05
bits. Also, 0.5 bits was still far from the log 2(10) = 3.3 bits necessary to discriminate
perfectly the 10 patterns, and therefore latency measures were not distorted by
“ceiling” effects.
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We wanted to investigate which biophysical time constants have the main
influence on the recurrent dynamics. We therefore varied the time constant of
synaptic inactivation in the range 10 to 40 ms, keeping the time constant of the
neuronal membrane fixed to a value of 20 ms. The results are plotted in Figure 1.
When the synaptic time constant is made slower, the time course of information
retrieval becomes much slower as well. This shows that the inactivation time
constant of the excitatory synapses is an important factor in determining the
speed of recurrent information retrieval, as predicted by mathematical mean-field
analyses [20].

Another biophysical parameter that, according to simple intuition, may be
an important factor in determining the speed of recurrent processing is the mem-
brane time constant of the neuron. This is in fact the biophysical parameter that
determines the time needed to charge the neuronal membrane to the threshold
voltage for firing. We varied the membrane time constant in the range 10 ms
to 20 ms, and we measured the information latencies for different values of the
membrane time constant. We found that the information latency remained un-
changed (25 ms) in the interval considered for the membrane time constant,
showing that this parameter is less important for the dynamics of information
retrieval. How is this possible? Why is the recurrent dynamics not dominated
by the (slow) membrane time constant, but it is shaped by the (faster) synaptic
dynamics? In the view of some investigators [20,17,30], this is due to the pres-
ence of spontaneous activity and of roughly balanced inhibitory and excitatory
inputs. These two properties are not only properties of our simplified network
models, but are likely to be present in the cortex during normal operations [31].
The spontaneous activity in the network ensures that the neuronal membrane
potentials at the time of cue presentation are not all at the resting level. This
makes possible a fast neuronal response for some of the neurons in the network.
If the balance of inhibitory and excitatory inputs keeps the average of the distri-
bution of membrane potentials not too far from the firing threshold, then many
of the neurons may be able to emit an action potential soon after the cue pre-
sentation. Further, since in this case the difference between the typical potential
level of the neuron is close to threshold, the dynamics of firing may be driven by
fluctuations in the numbers of presynaptic events. Therefore the synaptic time
constant is expected to play a major role in this case, as found in our simula-
tions. More details on the dynamics of a single module of recurrent processing
can be found in [21].

The analysis of layer 1 (pure autoassociator) has shown that the pattern com-
pletion is achieved by the network of spiking neurons with continuous dynamics
in a few tens of ms. In particular, 25 ms were necessary to reach an information
value of 0.5 bits. However, when considering a sequence of recurrent networks
connected by Hebbian excitatory synapses, the dynamics of retrieval in each in-
dividual associative module can be even faster. The reason is that one layer, due
to the continuous dynamics implemented, can start completing the cue provided
by the previous associative layer even before the previous layer has completed
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retrieval. In this way the signal could be processed and refined by each recurrent
layer in the sequence in less than 25 ms per stage.

We have tested this idea in our model consisting of a sequence of three
recurrent layers connected by feedforward associative synapses. The resulting
information dynamics in each of the three layers is plotted in Figure 2. (Note that
a value of 10 ms was used for the inactivation time constant of all the excitatory
synapses2.) The information latencies in layer 1, 2 and 3 respectively are 25, 30
and 45 ms. It is evident that, as predicted above, although the first recurrent
layer provides 0.5 bits within 25 ms, the two successive layers need much less
time to retrieve the same amount of information. The difference between the
information latency of layer 1 and the information latency of layer 3 is 20 ms, with
two recurrent layers in-between. Therefore, in conditions of mixed feedforward
and recurrent processing, some 10-15 ms per layer may be enough for completing
useful computations.
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Fig. 2. The speed of mixed feedforward and recurrent processing in a network composed
of three layers. The time course of information retrieval in layers one, two and three
is plotted. A synaptic time constant of 10 ms and a membrane time constant of 20 ms
were used in this simulation.

2 The inactivation time constant of AMPA channels is mainly reported to be in the
range 5-8 ms [32]. We used a longer value of 10 ms because we did not include
axonal transmission delays. Therefore we chose a time constant value which gave
rise to slower retrieval, in order to make sure that the time course reproduced by
the model was not artificially fast.
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4 Discussion

We simulated the dynamics in continuous time of a multi-layer network of
Integrate-and-Fire neurons when it is retrieving the information stored in both
the feedforward and within-layer recurrent synaptic pathway.

Given that we used inactivation time constants of 10 ms for the excitatory
synapses, and an integration time constant of 20 ms for the membrane of exci-
tatory neurons, the FF processing speed in continuous time is much faster than
that predicted by a discrete time-step model. In this latter case at least one
time-step would be required for each layer.

We found that when the within-layer excitation involves feedback through
Hebbian synapses, it can contribute to substantial information retrieval within
some 15 ms per layer. An intuitive explanation of how processing in continuous
time can be so fast is that spontaneous activity ensures that some of the neurons
are close to threshold when the retrieval cue signal is received. They will, within a
fraction of the membrane time constant, start to influence other neurons through
their synapses, in which the information is stored. Neuronal ensembles thus
achieve fast recurrent processing even with relatively slow computing elements.

Our results indicate that associative recurrent processing may be fast enough
to contribute to some particularly fast cortical operations. This possibility has
been suggested before [20,33,21]. In this paper we have addressed much more
directly the time scale of the RC contribution along a FF multilayer pathway.
Note that in our abstract model we did not specify a functional role for the
RC, which could be involved in many functions e.g. orientation tuning [34]. Our
results indicate that, whatever information is stored in the recurrent synapses,
it can influence the propagation of the signal within 15 ms. Also note that we
addressed just the speed of local (within area) feedback processing, and not
the speed of top-down processing, involving back projections from higher areas.
However, by the very same principles of continuous dynamics involved here,
one might expect that top-down effects can arise in a much shorter time than
expected from discrete time-step dynamics.

We now examine the robustness of the conclusion that the RC can contribute
to fast cortical processing in the context of the simplifications of the model. One
possible source of overestimation of the speed of recurrent processing might
come from the inaccuracy of the neuronal model. Although the Integrate-and-
Fire model with a linear dendritic cable used contains the most basic elements
of neuronal dynamics, of course several properties of real neurons are missing.
One simplification that will have an impact on the dynamics is the lack of ax-
onal conductance delays and synaptic delays in our model. However, they are
generally short. Thus the estimates obtained for the information latencies should
be realistic enough, especially taking into account that a slightly slow value of
10 ms was used for the inactivation time constant of the excitatory (AMPA)
synapses. This is confirmed by the results reported in [22], where we found that
a more detailed model taking explicitly into account conduction delays gave very
similar results. Other important issues, such as the change of speed in recurrent
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or feedforward processing in the presence of strong noise, are extensively covered
in [22].

If we want to use our model to constrain the functional architecture of the
visual system under fast visual processing conditions, we have to keep in mind
that, in our abstract and general model, a strictly sequential architecture is
used to model successive stages of the system. Naturally, the architecture of the
primate visual system presents aspects of further complexity. Although analysis
of the anatomical connectivity suggests unequivocally that the primate visual
system is organized hierarchically [35,36], there are also direct connections from
V1 to several non-primary areas at different level of the visual hierarchy [35].
For this reason, a fraction of the visual processing in each stream might be done
in parallel. Indeed, although response latencies in the ventral stream present a
precise hierarchical organization, response latencies along the dorsal pathway are
largely overlapping and consistent with a more parallel processing [1,2]. We note
that, if part of the visual processing is done in parallel, there is more time for each
area to process the signal within the 150 ms needed for fast visual cognition [7],
and therefore the constraints that the speed of recurrent processing has to satisfy
would be much less stringent. Therefore the time scales for recurrent processing
met by our sequential model might be taken as a “worst-case” scenario for the
case of visual processing.

It is of interest that part of the capability studied in some connectionist net-
works is obtained by virtue of the discrete time step approach. One example
is the connectionist type of recurrent network, which can produce a particular
sequence of outputs by virtue of counting through its time-steps (see e.g. [37]).
Here we have shown that the continuous time dynamics of networks of spiking
neurons seem to be rather different from that of discrete-time models, with no
discrete states in ’time-steps’ on the way. Hence the issue of how sequences of dis-
crete states are produced becomes more complicated. The way proposed in [37],
though interesting, is thus not plausible in biophysical and neurophysiological
terms.

Finally, we note that attractor network processes operating by feedback using
for example recurrent collateral connections or associatively modifiable forward
and back-projections between cortical areas may operate in many brain areas.
These areas may include the cerebral cortex, for example to implement short
term memories, and the CA3 cells of the hippocampus to store and later retrieve
information rapidly [17].
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Abstract. In the biological neural network, synaptic connections and their
modification by Hebbian forms of associative learning have been shown in
recent years to have quite complex dynamic characteristics. As yet, these
dynamic forms of connection and learning have had little impact on the design
of computational neural networks. It is clear however that for the processing of
various forms of information, in which the temporal nature of the data is
important, eg in temporal sequence learning and in contextual learning, such
dynamic characteristics may play an important role. In this paper we review the
neuroscientific evidence for the dynamic characteristics of learning and
memory, and propose a novel computational associative learning rule which
takes account of this evidence. We show that the application of this learning
rule allows us to mimic in a computationally simple way certain characteristics
of the biological learning process. In particular we show that the learning rule
displays similar temporal asymmetry effects which result in either long term
potentiation or depression in the biological synapse.

1  Introduction

Learning and memory are fundamental concepts of computation with neural
networks. The representation of these concepts in neural computing architectures is
almost universal. Memories are represented by patterns of activation of the active
elements, or nodes, in the network. These patterns are determined by the stored
magnitudes of the weighted connections between the nodes. The learning process, the
formation of memories, is represented by the manipulation of these weighted
connections in response to the presentation to the network of selected relevant training
events. The memory retrieval process is represented by the computational process of
allowing the nodes in the network to acquire particular levels of activation (the
representation of the memory). This is often in response to exogenous stimulus
applied to the network during the retrieval process, in which case what is retrieved is
an internal representation (a memory) associated with the stimulus.

It is likely that, in the biological brain, memories are also represented by patterns
of activation in ensembles, or populations, of neurons. How these memories are
formed, retrieved and reach conscious awareness are unsolved problems. However it
is also likely that the patterns of activity which represent memories are determined by,
amongst other things, the strength of the connections which exist between the neurons
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which are involved in the relevant neuronal ensemble. But it is clear that the
biological connection between neurons is a much more complex entity than that
which is implemented in most neural computing architectures. In particular they
display temporal and spatial characteristics which are strongly determined by the
intricate and complex biophysical and biochemical mechanisms which underlie the
connection. These characteristics are also heavily modulated by a variety of processes
which depend on, for example, our emotional state. Thus a neuronal ensemble,
viewed over a period of time, is likely to display a complex set of dynamical
behaviours, resulting in an equally complex spatio-temporal pattern of activity. It is
therefore unlikely that memories in the brain are represented by static levels of
activation. Rather, it is likely that a memory is represented by a complex, dynamically
changing pattern of activation, in which there is as much information coded in the
time course of activations of the neuronal ensemble as in the pattern of activation
across the ensemble at a single instant in time.

If we consider only a single neuron in such an ensemble, this may have 10,000 or
more synapses on its dendritic tree, which allow it to participate in the activity of the
ensemble. Each of these synapses receives inputs from other cells in the ensemble in
the form of sequences of presynaptic action potentials (APs). Any one of these 10,000
or more inputs may be active, ie receiving a sequence of APs, within a given time
window. The individual effect on the postsynaptic neuron of each input depends on
the level and time course of the resultant excitation or inhibition of the post-synaptic
membrane at each synapse, generated by the sequence of presynaptic APs. The nature
and form of the postsynaptic response is determined by a highly complex set of
biochemical and biophysical mechanisms at work in both the pre- and postsynaptic
cells at the synaptic site.

In addition, both the instantaneous level and the time course of the postsynaptic
excitation is also determined by the presence in the dendritic tree, at the synaptic site,
of a back-propagating action potential. This impulse of electrical activity is generated
at the axon hillock of the cell, and propagates backwards through the dendritic tree,
with changes in amplitude and time course as it progresses through the various branch
points of the dendritic tree. Considerable control can be applied to this back-
propagating action potential, during its progress through the dendritic tree, by
modifying local membrane current flows. This is likely to be a major mechanism for
selectively controlling the effects of each of the 10,000 or more inputs to the neuron
from other cells to which it is connected. It can thus effectively control both the
degree and time course of the participation of the neuron in any given neuronal
ensemble. It can also very effectively control the level of synaptic modification which
may take place at each synapse, and in different portions/layers of the tree, in
particular the dynamic switching of such modifications between long term
potentiation (LTP), depotentiation, and long term depression (LTP) of the synaptic
strength.

If we are to achieve with neural computing architectures, the levels of
performance, robustness, etc which are manifest in biological networks, one possible
approach is to incorporate into these architectures at least some of the more complex
characteristics of the biological network, as outlined above. This has already been
done to a limited extent in the case of network architectures which employ pulse
trains as the mode of communication between neurons, so-called "pulse-coupled
networks". This approximates the biological situation in which trains of action
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potentials ("spikes") provide the means by which neurons communicate with each
other [1]. An obvious further extension is to increase the complexity of neuronal
connections, from a non-spatial array of simple multiplicative weights to a form
which includes some of the temporal and spatial characteristics of biological synapses
and their distribution on the dendritic tree, as described above. This is particularly
appropriate in the case of pulse-coupled networks, or their more abstract formulation
as computational models of networks of "spiking", or "integrate-and-fire" neurons, in
which the dynamic and spatial behaviour of neuronal connections can be precisely
modelled, and the detailed temporal and spatial structure of the trains of action
potentials which form the inputs to a given neuron can be precisely specified.

In this paper, I will review the recent knowledge which has been gained in the field
of experimental neuroscience concerning the dynamic (both temporal and spatial)
characteristics of biological connections between neurons, and their modification
under "pairing", the experimental equivalent of Hebbian learning. I will restrict my
remarks to the case of chemical synapses, although it is clear that other connections,
eg electrical gap junctions, are also extensive and important in information processing
in the biological neural network. I will describe a computational model of the
dynamic characteristics of the synapse which has been used in a number of theoretical
models of neural network behaviour. I will then describe a novel computational
associative learning rule which takes account of the evidence for the manner in which
local interactions between pre- and postsynaptically generated signals interact at the
synapse to cause modifications to synaptic efficacy.  We show that the application of
this learning rule allows us to mimic in a computationally simple way certain
characteristics of this biological learning process. In particular we show that the
learning rule displays similar temporal asymmetry effects which result in either long
term potentiation or depression in the biological synapse.

A greater understanding of how to represent and exploit computationally the
important features of these biological phenomena is likely to be crucial for
understanding how neural computing architectures might achieve the high levels of
information processing performance apparent in biological neural networks.

2  The Dynamic Behaviour of Synapses

In several experimental studies of the characteristics of synaptic transmission it has
been observed that the efficacy of this transmission can undergo transient variations
according to the recent time history of the activity of the presynaptic neuron . This can
take the form of either a short-term and short timescale increase (facilitation) or
decrease (depression) of synaptic efficacy [2], [3], [4], [5]. Synaptic depression has
been particularly widely observed in  synapses in the developing brain, and may
undergo a switch to facilitation in cortical synapses in adult brains [6] .

A model of the dynamics of synaptic depression was described recently by
Tsodyks and Markram [7].  In fact, this model of the postulated presynaptic dynamics
of neurotransmitter release had been proposed some years before by Grossberg [8],
[9] and used subsequently by him and his colleagues in more recent years, for
example to explain a number of important perceptual features involving the visual
cortex.
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An alternative form of the model was described recently by Abbott et al [4]. This
can be derived from the differential equation form originally proposed by Grossberg
[8], [9] and later employed by Tsodyks and Markram [7]. Abbott et al [4] show that
their equations can be used to model many aspects of their own experimental data
relating to synaptic depression, in particular the sensitivity of the synaptic response to
abrupt changes in firing rate of the presynaptic cells. A number of similar models of
synaptic facilitation and depression, based on the generic synaptic decoding method
of Sen et al [10] have been discussed recently by Varela et al [11].

The dynamic synapse model characterises the synapse by defining a “resource”, eg
the amount of neurotransmitter in the synapse, a proportion of which can be in one of
three states: available, effective, inactive. The dynamical behaviour of the proportions
of the resource that are in each of these states is determined by a system of three
coupled differential equations (1)-(3) below. In these we use notation similar to that in
[9, see equations (58)-(63)]:

 
)(

)()()(
x

tx
tItytg

dt

dx

t
-××=

(1)

)()()(
)(

tItytg
tw

dt

dy

w

××-=
t

(2)

 
)()(

wx

twtx

dt

dw

tt
-=

(3)

where x(t) is the amount of effective resource, eg activated neurotransmitter within the
synaptic cleft, as a proportion of the total resource, y(t) is the amount of  available
resource, eg free neurotransmitter in the synapse, and w(t) is the amount of inactive
resource, eg neurotransmitter being reprocessed.

The input signal I (t) represents the occurrence of a presynaptic AP and is set equal
to one at the time of arrival of the AP and for a small period of time dt thereafter, and
otherwise is set equal to 0. The instantaneous efficacy of the synapse is determined by
the variable g(t), which can be interpreted as the fraction of available resource
released as a result of the occurrence of the presynaptic AP. It takes a value in the
range zero to one.

The key idea behind the model is that there is a fixed amount K = x(t)+y(t)+w(t) of
total resource available at the synapse, a proportion g(t) . y(t) (0<g(t)<1) of which is
activated in response to presynaptic activity, rapidly becomes inactive (at a rate a),
and is then subsequently made available again through reprocessing (at a rate b) .
Thus, if the synapse is very active, ie it is bombarded by a large number of
presynaptic APs occurring over a short period of time, the amount of available
resource y(t) is rapidly reduced. There must then follow a period during which the
synapse must recover in order to respond fully once more. This process appears to
replicate the experimentally observed characteristics of synaptic depression, for
example as reported in [3] and [7].
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Markram and Tsodyks [3] showed that pairing of the action potential generation in
both the pre- and postsynaptic neurons, experimentally equivalent to the condition of
Hebbian or associative learning, appears to result in a dynamic change in synaptic
efficacy, rather than a simple increase in gain. After pairing, the shape of the EPSP
resulting from a high-frequency train of presynaptic APs altered substantially, in that
the amplitude of the initial transient part of the EPSP was significantly increased, and
the rate of depression of the EPSP to subsequent APs was also greater, whilst the
steady state value of the EPSP, on average, remained unchanged, for sufficiently high
frequency stimuli (>20 Hz), and increased by up to 70% for low frequency stimuli
(<20 Hz).

As Markram and Tsodyks [3] point out, in most observations of biological neural
networks during information processing, neurons are firing irregularly and at a wide
range of frequencies. The kind of changes in the dynamics of synaptic connections
resulting from Hebbian-type pairing that they observed will therefore result in
significant modification of the temporal structure of EPSPs generated by such
irregular presynaptic spike trains, rather than that which a simple synaptic gain
change would elicit.

3  The Dynamics of the Learning Process

As we have seen, the changes which occur in synaptic efficacy as the result of
Hebbian pairing of pre- and postsynaptic activity can substantially alter the dynamic
characteristics of the synaptic connection. In addition it has been observed that the
induction of long-term changes in synaptic efficacy, ie either long-term potentiation
(LTP) or depression (LTD), by such pairing depends strongly on the relative timing of
the onset of  the EPSP generated by the pre-synaptic AP, and the post-synaptic AP
[12], [13], [14], [15], [16].

The precise cellular mechanisms which are responsible for the induction of LTP
and LTD are not known. However the process seems to involve the initiation in the
neuron’s axon of an AP which actively and rapidly propagates back into the dendritic
tree of the cell. The pairing of this backpropagating AP with a subthreshold EPSP
results in a amplification of the dendritic AP and a localised influx of Ca2+ near the
site of the synaptic input. This also induces significant LTP of the synapse and
corresponding increases in the average amplitude of unitary EPSPs [17].

Back-propagating APs reduce in amplitude with their distance from the cell body,
although pairing with synaptic activity increases AP amplitude, and this increase is
greater with increasing distance of the synapse from the cell body. APs are also
attenuated or their back-propagation blocked by dendritic hyperpolarisation. Thus the
occurrence of synaptic input to the dendritic tree can have the effect of closely
controlling the back-propagation of the APs to more distal parts of the tree, thus
introducing a complex spatio-temporal dynamics into the synaptic modification
process. In particular, synapses are only modified in those parts of the tree which
back-propagating APs are allowed to access, which depends on the precise timing and
location of EPSPs and IPSPs at the inputs to the tree, relative to the APs.

Markram et al [14] are amongst the most recent researchers (others are cited above)
to observe that this relative timing of EPSPs and APs can either result in LTP or LTD
of the synapse. They observed, in pairing experiments between pyramidal cells in rat
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neocortex, that: if the onset of the EPSP occurs around 10 ms before the AP then LTP
is induced; if the AP precedes the onset of the EPSP by the same amount of time,
LTD occurs. Relative timings of 100 ms either way resulted in no change to the
synaptic strength. Guo-qiang Bi & Mu-ming Poo [16] showed a similar effect,
although in their experiments the critical time window for a change in efficacy
extended from -40 ms to +40 ms [16, Figure 7].

Several authors have suggested different forms of simple Hebbian learning rule
which attempt to capture computationally this temporal asymmetry [9], [18], [19],
[20]. Most recently Migliore et al [21] have simulated this effect, together with the
modulation of the amplitude of the back-propagating AP, in a computational model of
a hippocampal CA1 pyramidal neuron, modelled using a total of 202 compartments
for the cell’s axon., soma and dendrites. They show how the modulation and timing
effects may depend on the properties of a transient A-type K+ conductance that is
strongly expressed in hippocampal dendrites.

4 Back-Propagating Action Potentials, Dendritic Calcium
Transients and the Role of K+ Channels

As described above, action potentials which are initiated in the initial segment of the
axon propagate rapidly into the soma and dendrites, causing large membrane
depolarisations and substantial increases in dendritic intracellular Ca2+ concentration
[22], [23], [24], [25] . Back-propagation is dependent on the presence of Na+ channels
in the dendrites. The APs decline in amplitude with distance from the cell body and
fail to propagate beyond certain distal branch points during repetitive firing [22].
Pairing of axonally initiated APs with sub-threshold EPSPs increases dendritic AP
amplitude and Ca2+ influx [17]. In Magee and Johnston’s experiments [17], a
subthreshold EPSP train alone produced a small and highly localised increase in Ca2+

(~2%). The unpaired AP train produced a more widespread but also small increase in
Ca2+ (~5%). Pairing of the EPSP and APs resulted in a nonlinear increase (~10%). The
amount of pairing-induced increase in Ca2+ influx and AP amplitude increased with
distance from the cell body. The increase resulting from pairing was particularly great
where the AP amplitude had attenuated to a level almost too small to gate dendritic
Ca2+ channels (2-fold increase in AP amplitude; 3- to 4-fold increase in Ca2+ influx)
[17].

As the AP back-propagates into the dendritic tree, as far back as 500mm, its
amplitude decreases (~10% per 100mm) and its duration increases (~20% per 100mm)
[23]. Markram et al [26] performed whole cell voltage recordings from the soma and
apical dendrites of neocortical layer V pyramidal neurons in the rat in order to study
the determinants and time course of dendritic Ca2+ influx, evoked by a single back-
propagating AP. They found that a single back-propagating AP evokes a discrete Ca2+

transient which rises to a peak within 2-3 milliseconds of the AP and then decays
back to a resting level with a time constant of around 80 ms at 35-37oC. Since the
voltage-gated calcium channels will have opened and closed within a few
milliseconds of the AP [27], the relatively slow decay of the transient may be due to
dendritic Ca2+ clearance mechanisms. The Ca2+-induced release of Ca2+ from
intracellular stores appears to be negligible [26]. The AP evoked transients begin to
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merge at an impulse frequency of 5 APs per second. Above this rate, trains of APs
cause a concerted and maintained elevation of dendritic Ca2+. The rise time of Ca2+

influx is consistent with most of the influx occurring during the depolarisation phase
of the AP [27].

The peak of the Ca2+ influx is dependent on the opening of at least four voltage-
gated calcium channels in the dendritic membrane. Three of them are high voltage-
activated (HVA) Ca2+ channels (L-, N-, and P-type). It appears that L-type channels
are located predominantly in the soma and proximal dendrites and N-type channels
are located mostly in the distal dendrites [28]. HVA Ca2+ channels are  not likely to be
activated significantly at membrane potentials reached during subthreshold
summation of EPSPs (below -40mV). One function of the HVA channels may
therefore be to convert the signal conveyed by the back-propagating AP into dendritic
Ca2+ transients. On the other hand, low voltage activated (LVA) Ca2+ channels in
dendrites may be activated at membrane potentials of around -50 mV, ie during
subthreshold EPSPs [29] and following strong hyperpolarisation [30], [31]. Multiple
Ca2+ channel subtypes may therefore act to convert both EPSPs and APs into dendritic
Ca2+ transients depending on the level of sub- or supra-threshold activity [32].

Hoffman et al [33] have shown that the dendrites of CA1 pyramidal neurons have a
high density of transient A-type K+ channels and that this density increases with
distance from the soma. The presence of these channels causes the amplitude of back-
propagating APs to decrease with distance from the soma, inhibits the ability of
dendrites to initiate APs and alters the shape of EPSPs. Also the voltage-dependent
properties of these channels regulates dendritic excitability by subthreshold synaptic
activity. The A-type K+ channels therefore play the dominant role in determining the
electrical properties of CA1 dendrites.

CA1 and neocortical pyramidal neurons contain voltage-gated Na+ and Ca2+

channels at densities which are uniform over the soma and dendrites. The density of
dendritic A-type K+ channels increases with distance from the soma, thus providing a
possible reason why the amplitude of backpropagating APs decreases with distance
from the soma, why action potentials do not initiate in the dendrites, and why
dendritic Na+ and Ca2+ channels only have a small effect on subthreshold EPSPs.
Hoffman et al [33] assessed the effect of this increasing density of A-type K+

channels, and found that this acts to reduce AP amplitude and limit the back
propagation of full amplitude APs to proximal dendrites. It also allows single
axonally generated APs to induce bursts or repetitive firing in the dendrites. Dendritic
A-type K+ channels also act to counter additional inward current induced by
subthreshold Na+ channel activation, thus preventing any boosting of EPSPs by Na+

channels. Moderate membrane depolarisation, as provided by subthreshold EPSPs,
can rapidly inactivate A-type K+ channels, thus allowing the pairing of such EPSPs
with back-propagating APs to boost the amplitude of the APs locally, together with
the associated Ca2+ influx via voltage activated calcium channels. This may also
provide a mechanism whereby synaptic activation can control the spread of
backpropagating APs into specific, synaptically active, parts of the dendritic tree.
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5  A Theoretical Basis for the Learning Process

The above evidence suggests a simple theoretical explanation for the experimental
pairing experiments reported by Markram et al [14]. As described above, it was
observed in these and other experiments that the induction of long-term changes in
synaptic efficacy, ie either long-term potentiation (LTP) or depression (LTD), by
pairing of a backpropagating AP and a presynaptically generated EPSP depends
strongly on the relative timing of the onset of  the EPSP and the post-synaptic AP
[12], [13], [14], [15], [16]. In particular Markram et al [14] observed, in pairing
experiments between pyramidal cells in rat neocortex, that: if the onset of the EPSP
occurs around 10 ms before the AP then LTP is induced; but, if the onset of the EPSP
occurs after the AP by the same amount of time, LTD occurs. Relative timings of 100
ms either way resulted in no change to the synaptic strength. They also considered the
effect of varying the frequency of the EPSP/ AP pairing, between 2 and 40 Hz. They
showed that the amount of LTP was zero at 2 Hz, showed a small increase at 5Hz,
followed by a sharp (~30%) increase at 10 Hz. The amount of LTP induced then
increased almost linearly, achieving a further 20% increase at 40 Hz [14].

It is now a widely held view, first proposed by Lisman [34], that the bidirectional
control of synaptic strength, ie  LTP and LTD, is  mediated by the influx of Ca2+ ions.
In particular, it has been proposed that the magnitude and temporal structure of the
Ca2+ signal might completely determine the sign of the change in efficacy of a synapse
in response to stimulation  [35], [36], [37].

Now consider first the case that the backpropagating AP occurs alone, ie the EPSP
is absent. In this case, the backpropagating AP is likely to have a low amplitude and
duration, due to the action of the A-type K+ channels. Although the resultant
membrane depolarisation may be sufficient to release the Mg- block on the NMDA
channel and thus to allow influx of Ca2+, the level of influx is presumably insufficient
to reach that necessary for either LTD or LTP induction. Similarly, if the EPSP occurs
alone, any influx in Ca2+ thereby induced is also likely to be insufficient to induce
either LTD or LTP.

Assume now that the AP and the EPSP are both present, and that the onset time of
the pre-synaptically generated EPSP precedes the peak of the backpropagating AP by
around 5 to 10 ms. The effect of the arrival of the EPSP is to inactivate the A-type K+

channels. These inactivate with a time constant of ~15 ms for a step to +10 mV. This
inactivation of the A-type K+ channels will allow the backpropagating AP’s amplitude
and duration to increase and cause a correspondingly large influx of Ca2+ via voltage
activated calcium channels, closely temporally correlated with the AP. The time to
peak Ca2+ influx is about 2 ms, with a decay time constant of about 80 ms. We might
therefore postulate that the influx of Ca2+ under these conditions is sufficiently large
for the induction of LTP.

An increase in the frequency of the presynaptic AP train will cause synaptic
depression of the amplitude of the EPSPs generated. This will result in less
inactivation of the A-type K+ channels and a corresponding limitation in the amplitude
of the backpropagating APs and the associated Ca2+ influx. Also an increase in the
frequency of the presynaptic AP train causes temporal summation of the Ca2+ influx
above about 5 Hz [26, Figure 11], showing a sharp increase in dendritic calcium
influx at around 10 Hz. As a result of the above, we would expect the induction of



The Dynamics of Learning and Memory: Lessons from Neuroscience         341

LTP to depend on the AP input frequency in the following way: first, an initial
induction of LTP at an AP input frequency of about 5Hz, followed by a sharp increase
in the amount of LTP induced at an input frequency around 10 Hz,  followed again by
a more gradual, linear increase as the frequency increases beyond 10 Hz. This is
precisely the relationship between LTP induction and the AP input frequency which
was observed in the pairing experiments of Markram et al [14, Figure 2C].

Now consider the case when the backpropagating AP precedes the EPSP, by about
5 to 10 ms. Initially the presence of the AP cause sufficient depolarisation to allow
influx of Ca2+ , but due to the action of the A-type K+ channels, the backpropagating
AP will have a low amplitude and duration and the level of calcium influx is
presumably insufficient to reach that necessary for LTP induction. However the decay
time of this Ca2+ transient is of the order of 80 ms, so an EPSP arriving within around
30 ms of the AP will cause a further calcium influx which will summate with the AP
induced influx. The resultant influx, it is proposed, may be insufficient to reach the
level necessary to induce LTP, but sufficient to reach the level necessary to induce
LTD.

As mentioned already, it has been proposed that the magnitude and temporal
structure of the Ca2+ signal might completely determine the sign of the change in
efficacy of a synapse in response to stimulation  [35], [36], [37]. Physiologically, it
appears that an additional influx is the trigger for the postulated post-synaptic
mechanism for LTP, based on activation of Ca2+-calmodulin-dependent protein kinase
II (CaMKII) and a resultant increase in the responsiveness to glutamate of AMPA and
other receptors and their associated channels. Reduced influx is the trigger for LTD,
based on the preferential activation, at low CA2+ ion levels, of calcineurin (protein
phosphatase 2B (PP2B), and the resultant postulated effect on CaMKII or AMPA
receptors.

6  A Computational Model of the Learning Process

The above physiological account of the LTP/ LTD process can be captured in a
simple computational model, which nevertheless has similar behaviour, in respect of
the temporal asymmetry of the learning process, to the experimental observations, in
particular those experiments described in [14] and [16]. The model requires the
computation of the EPSP at the synapse, e(t), and the backpropagating action potential
a(t). We then construct a learning rule which depends on the integration over time of
the product of these two signals, ie their cross-correlation with zero time shift. This
product we equate to the instantaneous calcium influx at any time, and in the learning
rule we modify the efficacy of the synapse, g(t), in equations (1) and (2), in a positive
or negative direction dependent on the level of this instantaneous influx. The efficacy
g(t) is increased differentially if the influx level is above that required for LTP, it is
decreased differentially if the influx level is below that for LTP, but above that
required for LTD. If the influx level is below that required for LTD, the synaptic
efficacy is unchanged. The resultant change in efficacy of the synapse over time is
thus the integrated effect of these differential changes at each instant of time.

The EPSP at the synapse, e(t),  can be computed from the effective synaptic current
x(t) in equation (1) using the following equation for the passive membrane mechanism
[7]:
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The backpropagating AP, a(t),  is computed from a simple, single compartment
neuron model, which is a modified version of the model described in [38]:
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where E(t) is the variation of the somatic membrane potential of the cell, relative to its
resting potential; IS(t) is the stimulating current injected into the soma of the cell in
order to elicit firing, as in the experiments of Markram et al [14];  GK (t) is the
membrane potassium conductance, normalised by the sum of all the voltage-
dependent ionic membrane conductances; EK is the potassium equilibrium potential of
the membrane, relative to the membrane resting potential, typically –10 mV; a(t) is
the backpropagating action potential; and s(t) is the variable which denotes firing of
the cell, defined by:

otherwise   ,0       

)( if   , 1)(

=
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where q  is the somatic membrane potential threshold for firing of the cell. Finally, tE

, ta, and tGK are time constants, and h, m and n are constant parameters.

The typical behaviour of the cell model to a train of stimulating current pulses is
shown in Figure 1.

The learning rule is modelled as a function of the instantaneous level of calcium
influx, l(t), where:

)()()( tetat ×=l (9)

The differential change in synaptic efficacy, g(t), is then computed as:
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where lLTP  and lLTD are the calcium influx levels necessary for initiating the induction
of LTP and LTD respectively.
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Fig. 1. Behaviour of the dynamic synapse model equations (1)-(4) and the neuron model
equations (5)-(7), for a regular presynaptic AP train at 10Hz.

In the simulation experiments shown in Figure 2, the neuron model was stimulated
by a random train of current spikes IS of mean frequency equal to 10 Hz. The resultant
backpropagating AP, a(t), generated by equations (5) - (8), was paired in the learning
rule (equations (9) and (10)) with the EPSP, e(t). The latter was generated by applying
the same train of current spikes IS to the dynamic model of the synapse (equations (1)
- (4)). The effect on the synaptic efficacy, g(t), of introducing a set of time differences
of -40 ms, -10 ms, +10 ms, and +40 ms between the onset of the EPSP and the AP is
illustrated in Figure 2. Here a positive time difference indicates the onset of the EPSP
occurring before the AP. As can be seen, the +10 ms difference resulted in a positive
increase in synaptic efficacy (LTP), whereas the -10 ms difference resulted in a
correspondingly large decrease in efficacy. Both the -40 ms and the +40 ms time
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differences resulted in almost zero change in efficacy. This result closely mimics the
characteristic changes in synaptic efficacy with respect to temporal differences in the
onset of the EPSP and the occurrence of the backpropagating AP observed by several
experimenters [12], [13], [14], [15], [16]. The values of the constant parameters used
in the models described above, for the simulations in Figures 1 and 2, are given in
Table 1.
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0.46

0.47

0.48

0.49

0.5

0.51

0.52

0.53

0.54

Time (s)

g

Fig. 2. Behaviour of the learning rule equations (9) and (10) for different relative timings of the
onset of the EPSP and the backpropagating AP. Top trace: +10ms; middle traces: +40 ms and -
40 ms; bottom trace: -10 ms. Positive relative timing corresponds to the onset of the EPSP
preceding the AP.

Note that the learning rule described here directly modifies the synaptic efficacy
parameter g(t), which in the dynamic synapse model is interpreted as the proportion of
available neurotransmitter released in response to a presynaptic AP. This can be
justified physiologically, since postsynaptic Ca2+ ion influx, in addition to initiating
and regulating postsynaptic LTP/LTD processes, as described above, also induces the
synthesis of retrograde messengers, such as arachidonic acid, platelet-activating
factor, carbon monoxide (CO) and nitric oxide (NO). These chemicals act by
diffusing back to the presynaptic terminal where they are able, in cells which
demonstrate LTP or LTD, to modify magnitude of the release of neurotransmitter in
response to subsequent stimuli [39], [40]. The synthesis of NO is induced by Ca2+-
calmodulin-dependent protein kinase II (CaMKII), which also plays a role in the post-
synaptic mechanism for LTP. The learning rule implies however that the differential
activation of retrograde messengers can produce both LTP and LTD presynaptically,



The Dynamics of Learning and Memory: Lessons from Neuroscience         345

and that this is directly related to the level of postsynaptic Ca2+ influx, in the same
manner as the postsynaptic mechanisms for LTP and LTD. In fact, it is likely that
several pre- and postsynaptic factors, including different intracellular Ca2+ levels and
the activities of different second messenger cascades, are involved in integrating the
pre- and postsynaptic activities which result in LTP or LTD, as discussed by [36].

Table 1. Values for the constant parameters used in the model simulations

Constant
parameter

Value Constant
parameter

Value

tx 0.003 tEPSP
0.007

tw 0.45 tE
0.005

g 4.0 tGK
0.015

h 25 ta
0.01

m 10 EK -10

v 1000 q 0.4
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Abstract. Biological networks are capable of gradual learning based on
observing a large number of exemplars over time as well as of rapidly
memorizing specific events as a result of a single exposure. The focus
of research in neural networks has been on gradual learning, and the
modeling of one-shot memorization has received relatively little atten-
tion. Nevertheless, the development of biologically plausible computa-
tional models of rapid memorization is of considerable value, since such
models would enhance our understanding of the neural processes un-
derlying episodic memory formation. A few researchers have attempted
the computational modeling of rapid (one-shot) learning within a frame-
work described variably as recruitment learning and vicinal algorithms.
Here it is shown that recruitment learning and vicinal algorithms can
be grounded in the biological phenomena of long-term potentiation and
long-term depression. Toward this end, a computational abstraction of
LTP and LTD is presented, and an “algorithm” for the recruitment of
binding-detector (or coincidence-detector) cells is described and evaluated
using biologically realistic data.

1 Introduction

Biological neural networks are capable of slow gradual learning as well as rapid
one-shot memorization. The former involves an exposure to a large number of
exemplars and leads to the acquisition of perceptual-motor skills, category for-
mation, language skills, and certain types of semantic knowledge. In contrast,
one-shot memorization can result from a single exposure to an example, and un-
derlies, among other things, the acquisition of “episodic memories” of everyday
events, and memories of faces.

The primary focus of research in neural network models has been on slow
gradual learning, and the modeling of one-shot memorization has received rel-
atively little attention. Nevertheless, the development of biologically plausible
computational models of rapid memorization is of considerable value, since such
models would enhance our understanding of the neural processes underlying
memory formation and retrieval, and could lead to the design of robust episodic
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memory modules for autonomous agents, and perhaps, to the development of
memory prosthesis for brain injured humans.

A few researchers have attempted the computational modeling of rapid one-
shot learning within a framework described variably as recruitment learning [10,
22,8,24,11,20] and vicinal algorithms [37]. In simple terms, recruitment learning
can be described as follows: Learning occurs within a network of randomly con-
nected nodes. Recruited nodes are those nodes in the network that have acquired
a distinct “meaning” (or functionality) by virtue of their strong interconnections
to other recruited nodes and/or other sensorimotor (i.e., input/output) nodes.
Nodes that are not yet recruited can be viewed as “free” nodes. Such nodes are
connected via weak links to a large number of free, recruited, and/or sensori-
motor nodes. These free nodes form a primordial network from which suitably
connected nodes may be recruited for representing new items. For example, a
novel concept y which can be expressed as a conjunct of existing concepts x1
and x2 can be memorized by (i) identifying free nodes that receive links from
nodes representing x1 as well as nodes representing x2 and (ii) “recruiting” one
or more such free nodes by strengthening the weights of links incident on such
nodes from x1 and x2 nodes.

Feldman [10] showed that conjunctive concepts can be recruited with a high
probability if one makes suitable assumptions about network connectivity. He
presented a probabilistic analysis of recruitment learning based on the degree of
connectivity and the number of intermediate layers in random interconnection
networks. Shastri [22] extended the notion of recruitment learning to relational
concepts. He treated a concept as a collection of attribute-value bindings and
suggested a two-stage memorization process. In the first stage, binder nodes
are recruited for each attribute-value binding in a concept. In the second stage,
these binder nodes are joined together by the recruitment of another conjunctive
node. Diederich [8] showed how this form of structured recruitment learning can
be used to learn new concepts expressed as modifications of existing concepts.
Valiant [37] proposed a formal “neuroidal model” and described several algo-
rithms for the recruitment learning of conjunctive and relational concepts. He
also presented a quantitative analysis of these algorithms using plausible assump-
tions about connectivity in the neocortex. Valiant referred to these algorithms
as “vicinal algorithms.”

While general arguments in support of the neural plausibility of recruitment
learning and vicinal algorithms have been presented in the past (see [10,37]), a
specific neural correlate of such learning has not been proposed. In this paper
it is shown that recruitment learning can be firmly grounded in the biological
phenomena of long-term potentiation (LTP) and long-term depression (LTD)
that involve rapid, long-lasting, and highly specific changes in synaptic strength.
Toward this end, a computational abstraction of LTP and LTD is proposed, and
an “algorithm” for the recruitment of binding-detector (or coincidence detector)
cells is described and evaluated using biologically realistic data about region
sizes and cell connectivity. In the proposed grounding, the specification of a
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vicinal algorithm amounts to choosing a suitable network architecture and a set
of appropriate parameter values for the induction of LTP and LTD.

The rest of the paper is organized as follows: Section 2 briefly reviews the
phenomena of LTP and LTD. Section 3 describes a computational abstraction
of cells, synapses, LTP, and LTD. Section 4 describes how a transient pattern
of activity can lead to the recruitment of binding-detector cells as a result of
LTP (and optionally, LTD) within quasi-random network structures. Finally,
section 6 presents some concluding remarks.

2 Long-Term Potentiation and Depression

Long-term potentiation (LTP) refers to a long-term increase in synaptic
strength1 resulting from the pairing of presynaptic activity with postsynaptic
depolarization [5,14] LTP was first observed in the rabbit hippocampal forma-
tion, and has since been observed in synapses along many excitatory pathways
in the mammalian brain. Recent evidence strongly suggests that LTP plays a
direct causal role in learning and memory formation (e.g., [33,21].

The most extensively studied form of LTP involves the unusual receptor
NMDA2 (N-methyl-D-aspartate) which is activated by the excitatory neuro-
transmitter glutamate, but only if the postsynaptic membrane is sufficiently
depolarized. In the absence of adequate depolarization, NMDA receptor-gated
channels remain blocked by magnesium ions in spite of glutamate being bound to
the receptor. Adequate depolarization of the postsynaptic membrane, however,
expels the magnesium ions and unblocks the channels. Once the channels are
unblocked, calcium ions flood into the dendritic spine of the postsynaptic cell
and trigger a complex series of biochemical changes that result in the induction
of LTP.

The two conditions required for the activation of NMDA receptor, namely,
presynaptic activity and strong postsynaptic depolarization, together entail that
the LTP requires the concurrent arrival of activity at several synapses of the
postsynaptic cell. This is referred to as the cooperativity property of LTP.

1 A synapse is the site of communication between two cells. Typically, a synapse is
formed when an axonal (output) fiber emanating from a “presynaptic” cell makes
contact with the dendrites (input structure) of a “postsynaptic” cell.

A synapse can be excitatory or inhibitory. The arrival of activity at an excitatory
synapse from its presynaptic cell leads to a depolarization of the local membrane
potential of its postsynaptic cell and makes the postsynaptic cell more prone to
firing. In contrast, the arrival of activity at an inhibitory synapse leads to a hyper-
polarization of the local membrane potential of the postsynaptic cell and makes the
postsynaptic cell less prone to firing. The strength of an excitatory (or inhibitory)
synapse determines the degree of depolarization (or hyperpolarization) that will re-
sult from a given presynaptic activity. The greater the synaptic strength, the greater
the depolarization (hyperpolarization).

2 Not all forms of LTP are NMDA receptor-dependent. The LTP of synapses formed
by mossy-fibers on CA3 pyramidal cells is a case in point [18].
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Several properties of LTP make it suitable for serving as the basis for one-
shot recruitment learning. First, it is induced rapidly — within a few seconds,
and is fully present within 20-30 seconds. Second it is long lasting. Third, the
cooperativity property of LTP makes it an ideal mechanism for transforming a
transient expression of a relationship between two items or more (encoded as
the coherent activity of the ensembles representing these items) into a persistent
expression of this relationship (encoded via long-term changes in the efficacy of
synapses linking the ensembles representing these items). Finally, LTP is synapse
specific, and hence, it can express highly specific bindings and correlations.

LTP resulting from the arrival of coincident activity along afferent fibers
belonging to a single pathway is referred to as homosynaptic LTP. If the arrival
of coincident activity along two independent pathways, A and B, leads to the
LTP of synapses formed by fibers of A, but the arrival of activity along fibers of
A alone does not, then the LTP of synapses formed by fibers of A is referred to
as associative LTP [12,6]. We will, however, distinguish between associative and
homosynaptic LTP based on the representational distinctiveness of the afferent
sources whose cooperative activity leads to LTP. Thus we will use the qualifier
“homosynaptic” to refer to LTP resulting from the arrival of coincident activity
along afferents fibers emanating from cells representing the same item, and we
will use the qualifier “associative” to refer to LTP resulting from the arrival of
coincident activity along two sets of afferent fibers, with each set emanating from
cells representing a distinct item.

In addition to LTP, synapses along key excitatory pathways in the mam-
malian hippocampal formation have been shown to undergo long-term depres-
sion (LTD) [3,13]. A synapse receiving no presynaptic activity can undergo het-
erosynaptic LTD if other synapses of the same postsynaptic cell receive strong
presynaptic activity. In other words, the absence of presynaptic activity in the
presence of strong postsynaptic activity can lead to heterosynaptic LTD of a
synapse. A synapse may undergo associative LTD upon receiving presynaptic
activity that is out of phase with strong rhythmic activity converging on other
synapses of the postsynaptic cell [34]. Finally, prolonged low frequency stimula-
tion of a synapse can lead to its homosynaptic LTD [9].

3 A Computational Abstraction of LTP and LTD

The computational abstraction of LTP and LTD proposed here is an highly sim-
plified idealization of the complex biophysical processes underlying the induction
and expression of LTP and LTD. This abstraction is guided by two considera-
tions. First, the abstraction should be rich enough to capture temporal aspects
critical for modeling LTP and LTD. Second, the abstraction should be discrete
and minimal so as to facilitate quantitative analyses and efficient computer sim-
ulations of large-scale neuronal networks.
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3.1 Cells

A cell is modeled as an idealized integrate-and-fire neuron (e.g., see [16]), and the
spatio-temporal integration of activity arriving at a cell is modeled as follows:

Let ai(t) be a measure of presynaptic activity occurring at synapse si of the
cell at time t. In biophysical terms, ai(t) may correspond to the number of spikes
arriving at si within a unit time interval anchored at t. Thus the arrival of a
high-frequency spike-burst at si would correspond to a high value of ai(t). Let
wi(t) refer to the weight of synapse si at time t.

The postsynaptic potential, pspi(t |ai(t0)), resulting from the presynaptic
activity at si at time t0 is modeled as a piecewise linear function consisting
of a rising (ramp-up) segment, a flat (plateau) segment, and a falling (decay)
segment. That is:

pspi(t |ai(t0)) =




mr ∗ (t − t0) t0 ≤ t < (t0 + ∆Tr)

mr ∗ ∆Tr (t0 + ∆Tr) ≤ t < (t0 + ∆Trs)

mr ∗ ∆Tr + (t − ∆Trs) ∗ mf (t0 + ∆Trs) ≤ t < (t0 + ωint)

0 otherwise
(1)

where mr is the slope of the rising segment and is given by (ai(t0)∗wi(t0))/∆Tr,
∆Tr is the duration of the rising segment, ∆Ts is the duration of the flat segment,
∆Trs equals (∆Tr +∆Ts), mf is the slope of the falling segment, and ωint is the
window of temporal integration denoting the maximum amount by which two
incident activities may lead/lag and still be summated by the postsynaptic cell.
Note that

ωint = ∆Trs + (mr ∗ ∆Tr)/mf (2)

The postsynaptic potential at time t attributable to si, pspi(t), can be ob-
tained by summing the effect of all the activity arriving at si during the past
ωint time units. Thus

pspi(t) =
∑

(0≤τ<ωint)

pspi(t |ai(t − τ)) (3)

and pot(t), the cell’s potential at time t resulting from the combined effect of
presynaptic activity at all its synapses equals:

pot(t) =
∑

i

pspi(t) (4)

where i ranges over all synapses of the cell.
A cell has a firing threshold, threshf (t), with a resting value of θf . A cell fires
at time t if pot(t) ≥ threshf (t), and produces an action potential (spike). This
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spike arrives at synapses downstream from the cell at time t + d, where d is the
propagation delay.

After a cell fires, it enters a refractory state for a duration ωref . During this
interval, the cell does not fire irrespective of its inputs. That is,

threshf (t) =
{

+∞ if cell has fired during the interval [t − ωref , t − 1]
θf otherwise (5)

Some cell-types can have two firing modes: supra-active and normal. These
modes are associated with firing thresholds θsf and θf , respectively, (θsf > θf ),
and output levels O2 and O1, respectively, (O2 > O1). Neurally, the supra-active
mode corresponds to a high-frequency burst response such as the complex spike
burst response generated by hippocampal pyramidal cells, and the normal mode
corresponds to a simple spike response consisting of isolated spikes. The pro-
posed abstraction of the distinction between a complex spike burst response and
a simple spike response based on firing thresholds and output levels is a gross
simplification. But for suitable choices of parameter values, this simple abstrac-
tion offers a computationally inexpensive, yet functionally adequate, means of
modeling the two distinct response modes of certain cells.

3.2 Projection

A projection refers to the set of links emanating from cells in a source region and
impinging on cells in a target region. It is assumed that all the synapses formed
by a projection are of the same type and have similar attributes.

3.3 Synapses

A synapse can be in any one of following three states: naive, potentiated, or
depressed. The state of a synapse signifies its strength (weight). For a given
synaptic type, the weights of all synapses in a given state lie within a restricted
band. The weight bands associated with different states are disjoint. The weight
bands associated with a synaptic state may differ from one synaptic type to
another.

3.4 Computational Modeling of LTP

The induction of LTP is governed by the following parameters: the potentia-
tion threshold θp, the weight increment ∆wltp, the repetition factor κ, and the
maximum inter-activity interval τiai.

Consider a set of neighboring synapses s1, . . . , sn sharing the same postsy-
naptic cell. Convergent presynaptic activity at s1, . . . , sn can lead to LTP of
naive si’s and increase their weights by ∆wltp if the following conditions hold:
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1.
∑

1≤i≤n pspi(t) ≥ θp

Note that in order to summate, the presynaptic activity arriving at s1, . . . , sn

must be “synchronous”, that is, the maximum lead/lag in incident activity
at any pair of synapses should be no more than ωint.

2. Such synchronous presynaptic activity recurs (repeats) at least κ times.
3. The interval between two successive arrivals of presynaptic activity at a

synapse during the above repetition is at most τiai time units. In other
words, successive volleys of synchronous activity should not be more than
τiai apart.

Note that associative and homosynaptic LTP are modeled in an analogous
manner. The difference between homosynaptic and associative LTP is simply
this: In the case of homosynaptic LTP, the activity leading to LTP emanates
from a cell ensemble representing a single item. In the case of associative LTP
such activity emanates from multiple cell ensembles representing more than one
item.

3.5 Computational Modeling of LTD

Heterosynaptic LTD is also modeled similarly using five parameters. These are:
the potentiation threshold θp, the weight decrement ∆wltd, the repetition factor
κ, the maximum inter-activity interval τiai, and the propensity of LTD ζ 0 ≤ ζ ≤
0. When naive or potentiated synapses of a postsynaptic cell receive convergent
presynaptic activity, neighboring inactive naive synapses of the postsynaptic
cell undergo heterosynaptic LTD and their weights decrease by ∆wltd. As in
the case of LTP, θp dictates the minimum weighted sum of synchronous activity
that neighboring synapses of the postsynaptic cell must receive, and κ specifies
the number of times such presynaptic activity must recur in order to induce
heterosynaptic LTD of naive inactive synapses. Also as before, τiai specifies the
maximum permissible gap between the successive arrival of presynaptic activity.
The parameter ζ specifies the fraction of inactive naive synapse that undergo
LTD when the above conditions are met. Thus ζ provides a simple computational
mechanism for controlling the prevalence of heterosynaptic LTD. A value of ζ = 0
means that there is no heterosynaptic LTD and a value of ζ = 1 means that a
single occurrence of LTP can lead to the heterosynaptic LTD of all inactive naive
synapses of the postsynaptic cell.

3.6 Modeling Neuromodulation

The effect of neuromodulators on the response of a cell and on the induction
of LTP at a synapse is a complex phenomena. In the present proposal, these
effects are modeled by positing an additional input (or bias) that modifies the
firing thresholds (θf and θsf ) of a cell and the potentiation threshold (θp) of a
synapse.
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3.7 Emergence of Cells and Circuits Responsive to Specific
Functionalities

LTP and LTD can transform random networks into structures consisting of cells
tuned to specific functionalities. Typically, a cell receives a large number of inputs
(afferents), and hence, can potentially participate in a large number of functional
circuits. If, however, the weights of selected synapses on the cell increase via LTP
(and, optionally, the weights of other synapses decrease via LTD) the cell can
become more selective and participate in a limited number of functional circuits.
Thus LTP and LTD provide a promising neural mechanism for the recruitment
of structures with specific functionalities within quasi-random networks.

+

-

-

B

LTP
A*

heterosynaptic
LTD

homosynaptic

heterosynaptic
LTD

Fig. 1. Cell B becomes linked to ensemble A. The label A* attached to one of the
afferents of B indicates that (i) the source of this afferent is a cell in ensemble A and
(ii) this source cell is firing. Only a single afferent from ensemble A to B is shown.
In general, B may have to receive several afferents from cells in A in order to become
linked to A.

Let us consider the simplest of all cases where a cell B (see Fig. 1) becomes
linked to a cell ensemble A as a result of LTP (cell B is linked to a cell ensemble
A if the firing of a significant number of cells in A leads to the firing of B). Under
appropriate conditions, the firing of cells in A would lead to the homosynaptic
LTP of synapses formed by afferents from A impinging on B and (optionally) to
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the heterosynaptic LTD of some of the inactive synapses formed by the afferents
from other cells impinging on B. The strengthening of synapses from A to B
would increase the likelihood that B fires whenever cells in A fire. This would
result in cell B becoming linked to cell ensemble A. Additionally, the weakening
of B’s synapses formed by cells not in A would lower the likelihood that B fires
in circumstances when cells in A do not fire.

In the following section we illustrate how transient activity propagating
through neural circuits can automatically lead to the recruitment of binding-
detector (coincidence detector) cells.

4 Recruitment of Binding-Detector Cells

Our ability to remember events in our daily life demonstrates our capacity to
rapidly acquire new memories. Typically, such memories record who did what
to whom where and when, or describe states of affairs wherein multiple entities
occur in particular configurations. This form of memory is often referred to as
episodic memory [36], and there is a broad consensus that the hippocampal
formation and neighboring areas in the medial temporal lobes serve a critical
role in its formation [19,32,7,35].

The persistent encoding of an event must be capable of encoding role-entity
bindings. Consider the event described by “John gave Mary a book in the library
on Tuesday”. This event cannot be encoded by simply forming a conjunctive as-
sociation between “John”, “Mary”, “a book”, “Library”, “Tuesday” and “give”
since such an encoding would be indistinguishable from that of the event de-
scribed by “Mary gave John a book in the library on Tuesday”. In order to
make the necessary distinctions, the encoding of an event should specify the
bindings between the entities participating in the event and the roles they play
in the event. For example, the encoding of the event in question should spec-
ify the following role-entity bindings: (〈giver=John〉, 〈recipient=Mary〉, 〈give-
object=a-Book〉, 〈temporal-location=Tuesday〉, 〈location=Library〉).

As explained in [27], it is possible to evoke a fleshed out representation of
an event by “retrieving” the bindings pertaining to the event and activating the
web of semantic and procedural knowledge with these bindings. Thus cortical
circuits encoding generic “knowledge” about actions such as give and entities
such as persons, books, libraries, and Tuesday can recreate the necessary gestalt
and details about the event “John gave Mary a book on Tuesday in the library”
upon being activated with the above bindings. This view is supported by work
on “reflexive reasoning” [28,25,30] and “executing schemas” [4,29].

In view of the above, the recruitment of binding-detectors is expected to be
a critical step in the memorization of episodic memory. The following describes
how such binding-detector cells can arise spontaneously and rapidly within a
biologically motivated network structure as a result of LTP (and optionally,
LTD).
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Fig. 2. (a) A structure for the formation of binding-detector cells. Arcs indicate pro-
jections and the number on an arc indicates the projective field size. These projections
are assumed to be uniformly distributed over the bind region. Each role and entity
is encoded by a small ensemble of cells in the role and entity regions, respectively.
Cells in role and entity ensembles are also assumed to be distributed uniformly within
regions role and entity, respectively. Binding-detector cells are recruited in region
bind. It is assumed that the role and entity regions lie in the entorhinal cortex and
the region bind corresponds to the dentate gyrus (a part of the hippocampus). The
projective field and region sizes are based on [2,40]. (b) A schematic depiction of the
ensembles of roles r1 and r2 and entities f1 and f2. Only links from cells in r1 and
f1 ensembles to cells in bind are shown. Cells marked with an “X” are candidates for
recruitment as binder cells for the binding 〈r1 = f1〉.



358 L. Shastri

4.1 A Structure for the Encoding of Binding-Detector Cells

A structure for the rapid formation of cells responsive to binding matches con-
sists of three regions: role, entity, and bind (see Fig. 2(a)). Regions role
and entity are assumed to have 750,000 primary (excitatory) cells each, while
region bind is assumed to have 15 million cells. Regions role and entity have
dense projections to region bind, with each cell in role and entity regions
making 17,000 connections with cells in region bind. In other words, the pro-
jective field (PF) size3 of the role to bind projection as well as the entity
to bind projection is 17,000. It is assumed that these projections are uniformly
distributed over bind.

Each role and entity is encoded by a small ensemble of cells in the role and
entity regions, respectively. Cells in role and entity ensembles are also assumed
to be distributed uniformly within regions role and entity, respectively. Note
that a cell in role may belong to multiple role ensembles, and a cell in entity
may belong to multiple entity ensembles.

4.2 A Neural Correlate of the Structure for Encoding
Binding-Detectors

There is a direct correspondence between the model structure described above
and the interaction between the entorhinal cortex (EC) which is a region in the
medial temporal lobe, and the dentate gyrus (DG) which is a component of the
hippocampal formation. The role and entity regions correspond to subregions
of the EC and the bind region corresponds to the DG. The projections from high-
level cortical areas to role and entity regions correspond to the well known
cortical projections to EC [38]. The dense projections from role and entity
to bind correspond to the dense projections from EC to DG [2]. Moreover, the
projective field and region sizes shown in Fig. 2(a) are based on anatomical
findings presented in [2,40] (see [27] for a detailed discussion).

4.3 The Transient Representation of Role-Entity Bindings

It is assumed that the bindings constituting an event are expressed as a transient
pattern of rhythmic activity over distributed high-level cortical circuits (HLCCs)
[39,1,28,31]. These HLCCs project to cells in entity and role regions and,
in turn, induce transient patterns of rhythmic activity within these regions.
Fig. 3 is an idealized depiction of the transient activity induced in entity and
role regions by HLCCs to convey the relational instance RI: (〈r1 = f1〉, 〈r2 =
f2〉). Here r1 and r2 are roles, and f1 and f2 are entities bound to r1 and r2,
respectively. Each spike in the illustration signifies the synchronous firing of a
cell ensemble. It is shown that cells in the r1 and f1 ensembles are firing in
3 The set of cells in the target region that receive links from a cell c in the source

region is referred to as the projective field (PF) of c. The PF size of c refers to the
number of synapses formed by c with cells in the target region.
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synchrony, and so are cells in the r2 and f2 ensembles. The firing of cells in the
r1 and f1 ensembles, however, is desynchronized with the firing of cells in the r2
and f2 ensembles. This desynchronization is assumed to be ≥ ωint time units.
Note that the dynamic encoding of RI can be viewed as a periodic pattern
consisting of two phases: ρ1 and ρ2. Here ρ1 and ρ2 are mere labels and the
ordering of phases has no significance.

In effect, a role-entity binding is expressed by the synchronous firing of the
cell ensembles associated with the bound role and entity [1,28]. In general, the
transient encoding of a relational instance with n distinct entities participating
as role-fillers involves n interleaved quasi-periodic activities having a period π.
It is assumed that π ≤ τiai time units. Such a spatio-temporal encoding en-
ables multiple role-entity bindings to be expressed and propagated concurrently
without cross-talk [28].

The following section explains how such a transient encoding of a relational
instance may be transformed rapidly into persistent circuits for detecting bind-
ings.
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Fig. 3. The transient encoding of a relational instance RI given by the bindings:
(〈r1 = f1〉, 〈r2 = f2〉). Here r1 and r2 are roles, and f1 and f2 are entities bound to
r1 and r2, respectively, in RI. Each spike in the illustration signifies the synchronous
firing of a cell ensemble. Cells in the r1 and f1 ensembles fire in synchrony and so
do cells in the r2 and f2 ensembles. The firing of cells in the r1 and f1 ensembles,
however, is desynchronized with the firing of cells in the r2 and f2 ensembles. This
desynchronization is assumed to be ≥ ωint time units. Moreover, the period of firing,
π, is assumed to be ≤ τiai time units. The dynamic encoding of RI can be viewed as a
periodic pattern consisting of two phases: ρ1 and ρ2 (the order in which these phases
appear has no significance).

4.4 Recruitment of Binder Cells for Memorizing Role-Entity
Bindings

bind contains two kinds of cells: principal cells (these correspond to granule cells
in the dentate gyrus) and Type-1 inhibitory interneurons.4 Each principal cell
4 The synapses formed by inhibitory interneurons on other cells have negative weights.
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Fig. 4. The bind region consists of principal cells and inhibitory interneurons (Type-
1). In the illustration, G1—G3 are principal cells and inh is a Type-1 interneuron.
Afferents (incoming links) labeled r1* and f1* are from cells in the ensembles for role
r1 and entity f1, respectively. Since G1 and G2 receive synchronous activity along
afferents from r1 and f1 cells, they are candidates for becoming binding-detector cells
for the binding 〈r1 = f1〉. It is assumed that the inhibition from inh prevents the LTP
of G1’s synapses, and only G2 becomes a binding-detector cell for 〈r1 = f1〉. Filled
blobs denote inhibitory synapses, and the size of a filled blob is meant to convey the
strength of the (inhibitory) synapse. See text for additional details.
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receives afferents from a number of cells in role and entity regions and makes
synaptic contacts on a number of interneurons. The interneurons in turn make
contacts on a number of principal cells, thereby forming inhibitory circuits within
bind (see Fig. 4). The significance of inhibitory interneurons will be explained
later.

The potentiation threshold, θp, of principal cells is sufficiently high, and
hence, LTP of a synapse occurs only if multiple synapses of a postsynaptic cell
receive coincident presynaptic activity.5 Moreover, the response threshold, θf ,
of principal cells is such that a cell does not fire unless it receives impulses at
multiple potentiated synapses. A set of values for θp, θf , synaptic weights, and
other parameters of LTP and LTD are given below.6:

θf = 1700; θp = 890;

naive weight band = 100-110;

∆ltp = 100; ∆ltd = 50;

ζltp = 1; ζltd = 0;

κ = 4; ωint = 5; ωref = 2.

The choice of τiai is governed by ωint and the number of role-entity bindings in
an event. Thus any τiai ≥ ωint ∗ n, where n is the number of bindings in the
event, is appropriate.

The transient encoding of the relational instance RI shown in Fig. 3 leads
to the following events in bind (refer to Fig. 4). The synchronous firing of cells
in the r1 and f1 ensembles (henceforth, r1 and f1 cells) leads to the associative
LTP of active synapses of principal cells receiving sufficient afferents from r1 and
f1 cells. At the same time, depending on the value of ζltd, some of the inactive
naive synapses of these principal cells may undergo heterogeneous LTD. The
LTP of synapses formed by afferents arriving from r1 and f1 cells makes these
principal cells behave as binding detector cells for the binding 〈r1 = f1〉 and we
will refer to such cells as binder(〈r1 = f1〉) cells.7

The claim that binder(〈r1 = f1〉) cells behave as binding-detector cells for
〈r1 = f1〉 is substantiated quantitatively in Section 5, but let us examine why
5 Here and elsewhere in the paper, “coincidence” is defined with reference to ωint, the

window of temporal integration. See Section 3.
6 LTD does not play a critical role in the recruitment of binding-detector cells de-

scribed here. It might, however, play an important role in the recruitment of other
functional circuits.

7 To be precise, a cell is deemed to be recruited as a binder(〈r1 = f1〉) cell if during
the memorization of 〈r1 = f1〉, the cell’s synapses undergo LTP and the cell fires.
The firing of the cell at the time of its recruitment is crucial if the cell is to become
part of functional circuits lying downstream from the cell.
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these cells behave in the desired manner. Note that a binder(〈r1 = f1〉) cell will
fire in response to the synchronous firing of r1 and f1 cells since the connectivity
between r1 and f1 cells and a principal cell required for the latter’s recruitment
as a binder cell during the memorization of 〈r1 = f1〉 also suffices for the latter’s
firing during the retrieval of 〈r1 = f1〉. At the same time, since θf is quite high
(1700), a binder(〈r1 = f1〉) cell is unlikely to fire as a result of stray impulses
arriving at its synapses.

Similar LTP and LTD events occur at the synapses of principal cells that
receive coincident activity along afferents from r2 cells in role and f2 cells in
entity, and lead to their recruitment as binder(〈r2 = f2〉) cells. A binder(〈r2 =
f2〉) cell fires whenever r2 cells in role and f2 cells in entity fire in synchrony
and behaves as a binding detector cell for the role-entity binding 〈r2 = f2〉.

4.5 Encoding and Response Times

The time required for the recruitment of binder cells is given by κ ∗ τiai. If we
assume that the rhythmic activity encoding dynamic bindings corresponds to γ
band activity (ca. 40 Hz) we get τiai ' 25 msec. Assuming a plausible value of κ
to be 4 suggests that binder cells can be recruited in about 100 msec. The time
required for binder cells to respond to a retrieval cue is at most τiai. Thus both
the recruitment and response times of the proposed model are consistent with
the requirements of rapid (one-shot) memorization and recognition.

4.6 Potential Problems in the Formation of Binder Cells

The process by which binder cells are formed is susceptible to several problems.
First, in order to form binder(〈ri = fj〉) cells there should exist cells that receive
afferents from both ri and fj cells. Given the random connectivity between the
regions role and entity and bind this cannot be guaranteed. Second, there
may exist cells that receive sufficient activity (≥ θp) along afferents from ri cells
alone. Upon recruitment, such an ill-formed cell would produce false-positive
responses since it will fire in response to the firing of ri cells alone, even if there
is no coincident activity of fj cells. Similarly, cells receiving sufficient links from
fj cells alone could also be recruited as ill-formed binder cells. Third, the same
cell may get recruited as a binder cell for multiple bindings. Consider a cell
that gets recruited as a binder cell for two bindings 〈ri = fk〉 and 〈rj = fl〉.
This cell will fire in response to subsequent inputs containing either of these two
bindings as well as the bindings: 〈ri = fl〉, and 〈rj = fk〉. Consequently, other
cells connected downstream to this cell could receive false-positive binding-match
signals in certain circumstances.

Using biologically motivated values of various system parameters it is shown
in Section 5 that the probability of not finding cells for recruitment as binder
cells is vanishingly small. The problem of too many cells becoming recruited for
a binding turns out not to be very serious in the case under consideration, and
hence, is not discussed here. In general, however, this problem can be alleviated
by inhibitory feedback and feedforward local circuits formed by principal cells
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and Type-1 inhibitory interneurons. These inhibitory circuits act as soft-WTA
and only allow synapses of a limited number of cells to undergo LTP (cf. [15,
17]). Furthermore, it is shown that the ensemble response of binder cells is highly
robust, in spite of the possibility that ill-formed and overlapping binder cells can
be recruited.

5 Quantitative Results

The following quantities have been calculated analytically8 using the region and
projective field sizes described in Section 4.1, the cell, synapse, and LTP pa-
rameters described in Section 4.4, and by assuming that each role and entity
ensemble contains 600 cells.

1. Pfail, the probability that for a given binding no cells will be found in bind
(DG) for recruitment as binding detector cells is less than < 10−18. The
probability that the system would be unable to encode a binding is essentially
zero.

2. The expected number of cells in bind (DG) that will receive appropriate
connections and will be candidates for recruitment for a binding is 195. Thus
a fairly large number of cells are recruited as binder cells for each binding.

3. The expected number of binder(〈r1 = f1〉) cells that will fire in response to
various retrieval cues are shown in Fig. 5. Note that binder(〈r1 = f1〉) cells

– respond robustly to the matching binding 〈r1 = f1〉
– produce an extremely weak response to erroneous, but partially related

bindings of the form 〈r1 = fx〉 and 〈rx = f1〉 (where fx is any entity
other than f1, and rx is any role other than r1)

– produce essentially no response to unrelated bindings.
Note that this performance holds irrespective of the number of bindings
memorized in bind.

Since each binding is redundantly encoded by multiple cells, and since these
cells are physically dispersed in the bind region, the probability that a cell loss
will destroy many binder cells for any given binding remains extremely small. In
particular, a loss of x% of the cells in region bind will lead to an expected loss
of only x% of the 195 binder cells for a given binding. Thus the memorization of
binding-detectors is robust with respect to cell loss (e.g., a cell loss of 10% will
leave about 175 binder cells of any given binding intact).

The results in Fig. 5 are based on ζltd = 0 (i.e., no LTD). This condition
results in a maximal sharing of binder cells among different bindings, and hence,
these results provide a measure of the system’s performance under conditions of
maximal cross-talk. A non-zero value of ζltd would reduce cross-talk, but it would
also lead to a gradual reduction in the number of cells available for recruitment
as more and more bindings are memorized.
8 The bases of these calculation are discussed in [26].
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Fig. 5. Response of binder(〈r1 = f1〉) cells to bindings in a retrieval cue. Here fx
refers to an entity other than f1 and rx refers to a role other than r1.

6 Conclusion

A grounding of recruitment learning and vicinal algorithms in the biological phe-
nomena of LTP and LTD has been described. A realization and specification of
a vicinal algorithm using LTP has been illustrated by showing how binder cells
responsive to specific role-entity bindings can be memorized rapidly in response
to a transient pattern of activity encoding the bindings. Using biologically plau-
sible values for the number of cells in the role, entity and bind regions, and
the density of projections from the role and entity regions to bind, it has
been shown that the existence of suitable binder cells for encoding arbitrary
role-entity bindings is practically certain. It has also been shown that the inter-
ference between binder cells for different bindings remains extremely low, and
that the encoding of binder cells is robust with respect to cell loss.

The encoding of binding detectors is just one step in the acquisition of
episodic memory. As argued in [23,27] a proper encoding of episodic memory
also requires the recruitment of binding-error detector circuits, binding-error in-
tegrator cells, relational instance match indicator circuits, and binding-reinstator
cells. Shastri [24,27] has proposed a model of episodic memory formation that
suggests how cells and circuits realizing these functional units can be recruited
rapidly via LTP and LTD within quasi-random networks whose architecture and
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circuitry resembles that of the hippocampal formation. The resulting memory
trace can differentiate between highly similar events and respond to partial cues.

Several of the functional units required for encoding an episodic memory
trace are more complex than the binder cells discussed in this article [24]. The
recruitment of these units requires the full-range of features included in the
abstraction of LTP and LTD (e.g., spike versus burst firing modes) and further
illustrates how interesting vicinal algorithms can arise from a suitable choice of
network architecture and parameters for the induction of LTP and LTD.

The investigation of biologically grounded recruitment learning algorithms
can increase our understanding of the neural processes underlying memory for-
mation and retrieval. In the long-term, this research may also lead to the design
of robust memory modules for autonomous agents, and perhaps, eventually, to
the development of memory prosthesis for brain injured humans.
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Abstract. Recent research in brain development and cognitive development
leads to an apparent paradox. One set of recent experiments suggests that
infants are well-endowed with sophisticated mechanisms for analyzing the
world; another set of recent experiments suggests that brain development is
extremely flexible. In this paper, I review various ways of resolving the implicit
tension between the two, and close with a proposal for a novel computational
approach to reconciling nativism with developmental flexibility.

1  Introduction: An Apparent Paradox

One strand of contemporary scientific research suggests that human infants are born
with sophisticated mechanisms for learning about and analyzing the world. Within the
first year of life, human infants can, among other things, anticipate sequences of
events [1], keep track of objects that they cannot see [2, 3], discern abstract patterns in
artificial languages [4, 5], and discriminate between unfamiliar languages that have
different rhythmic properties [6]. In keeping with views advanced by Chomsky [7]
and Fodor [8], “nativist” researchers such as Spelke [9] , Pinker [10], Leslie [11] and
Crain [12] have taken these studies (and many others like them) to be evidence that
the mind is importantly structured in advance of experience.

Another strand of contemporary scientific research suggests that brain
development is remarkably flexible (or “plastic”) – sizes of some brain areas depends
on input [e.g., 13], early in development, some brain cells can be transplanted from
one area of the brain to another [14], and certain parts of the brain can even be
“rewired” [15, 16].

All this evidence that brain development is flexible has led some to think that
nativism is in trouble. How could a newborn be born with language acquisition device
if young children with left hemisphere brain injuries can recover language function to
a significant extent? If the size of brain regions depends on experience, how could
there be a built in module for tracking objects through time? If brain cells are not
“born knowing their destinations”, how could representations be innate? According to
Elman, Bates, Johnson, Karmiloff-Smith, Parisi, & Plunkett [17] “the last two
decades of research on vertebrate brain development force us to conclude that innate
specification of synaptic connectivity at the cortical level is highly unlikely” (p. 361).
Drawing on similar results, Quartz and Sejnowski [18] concluded that experiments in
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brain flexibility show that “although the cortex is not a tabula rasa … it is largely
equipotential at early stages” (p. 552) and that “nativist theories [therefore] appear
implausible” (p. 555). Elman et al. argue that “Representation-specific predispositions
… may only be specified at the subcortical level as little more than attention
grabbers” [emphasis added] that ensure the organism will receive “massive
experience of certain inputs prior to subsequent learning...” (p. 108).

Do studies of brain development really militate against nativism? Researchers like
Elman et al. certainly seem to think so, when they make it clear that the target of their
attacks is the nativist positions of researchers like Spelke, Pinker, Leslie, and Crain. In
the place of these strong nativist positions, Elman et al. settle for a sort of stripped-
down nativism in which “architectural” aspects of brain organization are innate, but
“representations “ are not.

While I see the appeal in their position, I think it is ultimately untenable. Evidence
that brain development is flexible really does challenge some of the simplest ways in
which there could be innate mental structure, but, I will argue, it leaves more
sophisticated versions of nativism untouched. Moreover, I will argue that the stripped-
down nativism of Elman et al. probably relies too much on experience. I will end the
paper by sketching a way in which strong nativism might be reconciled with
developmental flexibility, proposing a novel computational approach that integrates
neural networks simulations with findings in developmental biology.

2 Innateness

Before we can get to arguments about why developmental flexibility might be
challenging to innateness, it is worth briefly reviewing some of the reasons for
believing that significant aspects of mental structure might be innate. (Given space
limitations, I do not aim to be comprehensive here; excellent, recent reviews include
Spelke and Newport [19] and Pinker [10].)

2.1  Case Study: Objects

One reason for believing that significant aspects of mental structure might be innate is
that recent studies of human infants suggest that they are capable of sophisticated
analysis of the world. One case study that has received a great deal of attention is
infant’s understanding of the idea that objects persist in time. Piaget famously noted
that 8-month-olds would cease to show interest in a toy if that toy was covered by a
blanket; Piaget argued that the child had to construct (de novo) the notion of a
persisting object. But dozens of recent studies suggest that infants behave as if they
know1 objects persist in time long before they begin to reach for occluded objects. For
example, Spelke and Kestenbaum [2] conducted an experiment in which a four-
month-old infant was seated at a stage that initially contained two screens. The infant
subject would then see an object, in this case a rod, pass behind a screen, a bit of time

                                                          
1  I use words like “know” and “understand” loosely here –- I do not mean to say that infants

consciously represent knowledge about objects, but rather that their computational systems
respond in ways that are consistent with some sort of representation of object permanence.
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would pass, and then the infant would then see an identical-appearing rod emerge
from behind the other screen. The rod would then go back behind the second screen,
some more time would pass, and then the rod would emerge from behind the first
screen. This back-and-forth procedure would continue several times until the infant
was bored, and then the infant would see the screen lifted, revealing either a single
rod or two rods, one behind each screen.   Spelke et al. found that infants look longer
when they are shown just one rod. Because infants generally look at longer at novel or
unfamiliar outcomes, the results suggest that infants were “expecting” to see two
distinct rods. Given that the infant only saw only one rod at any given moment, the
result suggests that the infants kept track the rods, even when those rods were
occluded. While the exact interpretation of these experiments is still open, it seems
likely that at least some of the machinery that infants use in this task is innate.

2.2 Learning

Learning and innateness are often taken to be in opposition, but they need not be:
learning mechanisms may themselves be innate. For example, using a variation on the
habituation methods of Spelke and others, Saffran, Aslin and Newport [20] recently
showed that eight-month-old can detect subtle statistical information from sequences
of speech sounds produced in artificial languages. For example, in one experiment
Saffran et al. familiarized infants with a two minute long, unbroken string of
“familiarization” syllables such as tibudopabikudaropigolatupabikutibudogolatu-
daropidaropitibudopabikugolatu. In this familiarization, some sounds are always
followed by other sounds (e.g., every occurrence of pa was followed by biku),
whereas other sounds are only sometimes followed by a particular sound (e.g., exactly
one third the occurrences of pi were followed by gola ; other occurrences of pi were
followed by daro or tibu). Saffran et al. found that infants attended longer during
presentations of sequences like pigola than during presentations of words like pabiku,
showing that infants extracted information about how often particular items follow
one another. While it is possible that this statistical learning mechanism is learned, I
know of no proposal for how it could be learned; instead, my hunch is that the
learning mechanism itself is innate, built in prior to experience.

Similarly, my colleagues and I have shown that seven-month-old infants are able to
learn “abstract rules” [4]. For instance, we exposed one set of infants to two minutes
of “ABA” with sentences like ga ti ga and li na li. After this two-minute
familiarization, we exposed infants to test sentences that were made up entirely of
novel words that were either consistent with or inconsistent with the familiarization
grammar. The prediction was that if infants can distinguish the two grammars and
generalize them to new words, they should attend longer during inconsistent items.
For example, if infants that were trained on the ABA grammar, we expected them to
attend longer during, an ABB test item like wo fe fe  than during an ABA test item
like wo fe wo. As predicted, infants looked longer at the inconsistent items, suggesting
that infants able to extract the ABA pattern and use it in evaluating new items.
(Similar results with twelve-month-old children were reported in [5]). Although I
cannot prove that the mechanism for rule-learing is innate, I strongly suspect that it is.
A true tabula rasa position would be incoherent -- learning must start somewhere.
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2.3  Learning Must Start Somewhere

Generalizing that point – that learning has to start somewhere – a third reason for
believing that something is innate is that there may be no other satisfying account for
how a given piece of knowledge could arise. So-called “learnability” arguments are
perhaps most often made in the context of language acquisition. For example, Gordon
[21] asked children to produce compounds such as mice-eater and rat-eater. He found
that while children often produce compounds that contain irregular plurals (e.g., mice-
eater) they essentially never produce compounds containing regular plurals (e.g., rats-
eater). The way that children behave is consistent with a linguistic distinction that
holds in English and perhaps cross-linguistically. But plurals inside compounds are so
rare that young children are unlikely to have heard any; their inference thus in some
sense probably goes beyond the input. From the fact that all children go beyond the
data in a consistent way, Gordon argued that there must be some sort of built-in
machinery constraining their learning. More general versions of “learnability”
arguments have been made in the domain of language acquisition by Wexler and
Culicover [22], Pinker [23, 24], and Crain [12], among others.

Similar arguments have been made in other domains; for example, Spelke [9]
suggested that the ability to represent objects may be innate:

If children are endowed with abilities to perceive objects, persons, sets,
and places, then they may use their perceptual experience to learn about
the properties and behavior of such entities. By observing objects that
lose their support and fall, children may learn that unsupported objects
fall... it is far from clear how children could learn anything about the
entities in a domain, however, if they could not single out those entities
in their surroundings.

…[in contrast] if children could not represent the object-that-loses-its-
support as the same object as the object-that-falls (and as a different
object from the support itself), they might only learn that events in
which something loses support are followed by events in which
something falls (the object) and something remains at rest (the support).

3 Developmental Flexibility and DNA as Blueprint

If the mind is indeed importantly structured prior to experience, how did it get that
way? I ask this not as a question about evolution, but as a question about
developmental biology. To the extent the mind is a product of the brain, how could
the brain be organized prior to experience?

It would certainly be convenient for nativists if fertilized eggs contained a blueprint
for building the brain. Just as an architectural blueprint might specify exactly where
every room and corridor in some new office building might be placed, one might
imagine the fertilized egg bearing a neural blueprint that would specify where every
neuron and connection in the to-be-born child’s brain would be placed. This “DNA-
as-blueprint” idea would fit nicely with nativism, but, alas, it clearly cannot be right.
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For one thing, there just is not enough information in the human genome to specify

exact where each neuron and synapse will go [25]. There are about 105 genes which

contain about 109 nucleotides, as compared with about 1010 neurons and about 1015

or so synapses.
Moreover, as noted in the introduction, brain development is flexible, and this

flexibility seems inconsistent with blueprint idea. For example, if the exact structural
organization of some brain region were predestined, its size should not depend on the
amount of input received. Yet the size of some brain regions does indeed depend on
the amount of input [13].

Similarly, if the DNA provided a blueprint, one would not necessarily expect the
brain to be able to adapt itself in response to radical “rewiring”, yet experiments by
Sur and his colleagues [16] show that when visual thalamic inputs are rewired from
their usual destination in visual cortex to a novel destination in auditory cortex, the
auditory cortex begins to take on some of the properties of visual cortex.

Plainly the DNA does not specify a point-by-point wiring diagram for the human
brain. Other evidence further underscores the view of brain development as flexible.
O’Leary and Stanfield [14] showed that when visual cortex neurons are transplanted
into somatosensory areas, they develop (at least in some respects) as one would
expect for somatosensory neurons rather than for visual neurons, projecting not to the
visual cortex, but to the spinal cord. Likewise, somatosensory cells transplanted to
visual cortex develop projections that are typical of visual neurons. Furthermore,
although recovery from brain injuries that occur in adulthood may be quite minimal
(although non-zero), recovery from brain injuries in childhood can be much more
substantial, with undamaged areas of the brain taking over some of the functions of
damaged areas of the brain [e.g.,  26].

 Where does this leave us?

4 The Neo-constructivist Synthesis

Scholars such as Quartz and Sejnowski and Elman et al. see the evidence from
developmental flexibility as devastating to nativism. Neither set of researchers wishes
to dispense with nativism altogether, but both groups direct their criticism towards
researchers such as Chomsky, Fodor, Spelke, Pinker, and Crain, and both put the
burden of brain organization primarily on learning, stressing “massive experience”
over any kind of significant intrinsic organization. For example, since, as they put it,
“neurons can’t be born knowing their destinations”, Elman et al. conclude that strong
nativism must be wrong. In its place, they argue that “architectural” aspects of the
brain – how many layers there are, how many units are in those layers, and so forth –
are organized in advance, but they suggest that the detailed microcircuitry is not;
Quartz and Sejnowski make similar points. Collectively, I will call their position the
“neo-constructivist synthesis”.

In order to make it plausible that weak initial biases could combine with
experience in satisfactory ways, both groups of researchers point to a series of
connectionist models or neural networks. Neural networks are idealized computer
simulations that are intended to tell us something important about how the mind/brain
works. Typically, they consist of sets of neuron-like nodes interacting in parallel.
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The models that they describe typically look something like Figure 1. (I assume
most readers have at least a passing familiarity with these networks. In brief, a set of
input nodes represents the input to the network, the set of output nodes represent the
output from that network. Intervening between the input and nodes is a set of hidden
units that re-represent the input. The arrows indicate the extent to which different
nodes are connected together. Such models are typically trained on the basis of input-
output pairs; during this training, connections between nodes are adjusted in way that
attempts to minimize error. For a more in-depth introduction, see, for example, [27].)

h2h1

o1 o2 o3 o4

i1 i2 i3 i4

Output nodes

Input Nodes

weighted
 connections

weighted
 connections

hidden units

Fig. 1. A simple three-layer neural network

There are, in fact, many ways of arranging nodes and connections, and different
arrangements have different implications for basic questions in cognition such as
whether the mind is like a symbol-manipulating computer; I have written extensively
about such issues [28-30] but will mainly skip them here. Suffice it to say here that
the neural networks endorsed by Elman et al. are, by design, among those with the
least innate structure – Elman et al. see themselves as providing a computational basis
for Piagetian constructivism:

... constructivism [considered] development in terms of self-organizing
emergent structures arising from the complex interactions between both
organism and environment. We believe that the biological-
connectionist perspective opens the door to a new framework for
thinking about development which embodies some aspects of Piaget’s,
Werner’s, and Vygotsky’s constructivist intuitions, but which goes
beyond them and provides a formalized framework within which to
generate empirically testable questions (p . 114)
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5 Discussion of the Neo-constructivist Synthesis

Although some may find the neo-constructivist thesis to be appealing, we are by no
means forced to adopt it. One reason is that there are serious limits on the particular
models that researchers like Elman et al. have advocated [28-32]. Such models are
limited in their abilities to generalize, they have difficulties in representing
fundamental notions such as the distinction between individuals and kinds, and they
are, I think, too unstructured. But the theoretical position is independent of the
models; rather than rehearsing my criticisms of the models here, I want to focus
instead on some of the theoretical assumptions that are implicit in the neo-
constructivist synthesis.

5.1 Developmental Flexibility

First, the neo-constructivist position seems to rest on the idea that developmental
flexibility entails learning. But developmental flexibility does not entail learning.
While any learning must involve some change of the underlying neural substrate,
many changes in the neural substrate probably proceed without anything like learning.

It turns out that developmental flexibility is characteristic of mammalian
development in general – we see quite similar flexibility in the development of the
heart, the kidney, the eye, and so forth – organs in which learning plays little or no
role. Virtually any part of a developing organism can recover from damage if that
damage takes place early enough – the recent experiments establishing robustness in
brain development are not so different from other experiments from the early days of
embryology. At least since Han Spemann’s pioneering work in the 1920s [33],
developmental biologists have routinely used transplantation as a window into
embryology; quite often, if those experiments are done early enough, transplanted
tissue takes on some or all of the characteristics of its new host region. In the words of
noted embryologist Lewis Wolpert [34, p. 42]:

In general, if cells of vertebrate embryos are moved from one part to
another of the early embryo they develop according to their new
location and not from where they are taken. Their fate is dependent on
their new position in the embryo: they respond to their new address.

For example, if early in development one takes cells from the region of a frog
embryo that normally develops into an eye and transplants them into the gut, they
develop into gut cells rather than eye cells, much as a transplanted somatosensory cell
may take on characteristics of its new home.2 Such flexibility may even be adaptively
advantageous; as Cruz [36] put it

In a rapidly growing embryo consisting of cells caught in a dynamic
flurry of proliferation, migration, and differentiation, it would be
desirable for any given cell to retain some measure of developmental

                                                          
2  Transplants of brain cells, too, seem to be age-dependent, with the chance of a transplanted

cell taken on target characteristics greatest earlier in development [35].
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flexibility for as long as possible. Such would enable an embryo
momentarily disabled by cell cycle delay, for instance, or temporarily
compromised by loss of a few cells, to compensate for minor
disruptions and resume rather quickly the normal pace of development.
It is easy to see how such built-in [flexibility] could contribute to the
wide variety of procedural detail manifest in nearly every phase of
mammalian embryogenesis (p. 484).

One would not want to say that the eye cell learns how to be a stomach cell, and
one should not assume that a transplanted somatosensory cell learns how to be a
visual cell. None of this rules out learning (and there must be important learning
eventually), but it does remind us that developmental flexibility does not on its own
entail learning.

5.2 DNA as Blueprint

A second problem with the neo-constructivist synthesis is that it seems to equate
nativism with the idea of the DNA as a blueprint. In fact, the DNA rarely if ever
serves as literal blueprint in any part of biology, but there is no reason that nativism
must depend on such a fantastical view of DNA. One need only look to the heart or
the eye to see that nature can build highly intricate structure without depending on
learning. The idea of DNA as blueprint is really a strawman that makes little sense in
any part of biology. As Richard Dawkins [37] has put it, the DNA is much more like a
recipe than a blueprint – the DNA gives a set of instructions for building something,
not a diagram of what the finished product will look like. But a recipe is enough – the
toolkit of biology is sufficiently powerful that it can build bodies without requiring a
whole lot of learning, and I suspect that very same toolkit is powerful to build brains
as well. For this reason, I believe that a complete account of brain development must
make substantial reference to the toolkit of developmental biology.

5.3 Neural Activity

The third serious problem with the neo-constructivist synthesis is that it rests too
heavily on learning and neural activity, attributing virtually all detailed brain
organization to neural activity. But a number of recent studies in developmental
neuroscience suggest that while neural activity is important to brain development, it
may not be essential for early stages of brain development. The idea that an
organism’s detailed microcircuitry can only be specified on the basis of massive
experience simply is not tenable. For example, Crowley & Katz [38] recently
demonstrated that the organization of ferret geniculocortical axons into ocular
dominance columns could occur even in the complete absence of retinal input. In
another set of experiments, Verhage, et al. [39] created “knock-out” mice that lacked
the gene Munc-18, causing a “complete loss of neurotransmitter secretion from
synaptic vesicles throughout development” ; their striking finding was that brain
assembly was apparently normal, “including formation of layered structures, fiber
pathways, and morphologically defined synapses.” Considerations like these led Katz,
Weliky, and Crowley [40] to conclude that
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 “The current emphasis on correlation-based models, which may be
appropriate for later plastic changes, could be obscuring the role of
intrinsic signals that guide the initial establishment of functional
architecture.”

6 A New Approach

In a nutshell, what I think is being left out in the neo-constructivist synthesis is the
toolkit of developmental biology. Developing embryos are blessed with an
extraordinary array of techniques for organizing themselves, ways of coordinating the
actions of simple genes into incredibly complex organisms. It is my hunch that a
proper account of brain development should make extensive use of the tools that
biology uses when it builds organisms.

All of which is rather vague. To make it more explicit I would like to borrow an
idea from the neo-constructivists. Like them, I want to use neural networks as a way
of understanding possible mechanisms of development. But unlike them, I want to
build neural networks that grow, networks that show a good degree of self-
organization even in the absence of experience.

6.1 Some Principles Drawn from Developmental Biology

In contrast to the neural networks of the neo-constructivists, the neural networks that I
aim to build will integrate ideas about nodes and connections with some of the basic
principles of developmental biology, including the following:

• Basic processes such as cell division, cell migration, and cell death.

• Gene expression. Genes can either be "expressed" or "repressed". What governs
whether a particular gene is on or off is (among other things) the presence or
absence of specific regulatory proteins that serve as enhancers or repressors for
that gene [41]. When a gene is on, it sets into motion a transcription process that
ultimately yields a particular protein. In the simulations, genes are rules with
preconditions (which correspond to promoter sequences) and actions (which
correspond, for example, to the construction of various proteins).

• Cell-to-cell communication. Many of the regulatory proteins that serve as triggers
can pass from one cell to another; in this way, and also by means of electrical
signaling, cells can communicate with each other. Mechanisms for both chemical
and electrical signaling are included in the simulations.

• Cascades. Because an expressed gene can yield proteins, and proteins can trigger
the expression of genes, one gene can trigger the action of another, or even several
others, each of which in turn might trigger several others, and so forth -- what we
might call a cascade [41-43]. These cascades, sometimes described as regulatory
networks or gene hierarchies,  are critical, because they provide a way for a
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complex coordinated actions to emerge. A particularly vivid example of this
comes from the work of Walter Gehring; he and his collaborators have shown that
a simple fruit fly gene known as pax 6 triggers the action of (at least) three other
genes, each of which in turns launches the action of still more genes, about 2500 in
all [43-45]. What is special about pax 6, which Gehring calls a master control
gene, is that it sits atop a hierarchy of genes that lead to the construction of an eye.
Fruit flies that lack this gene generally do not have eyes; even more striking is the
fact that if pax-6 is expressed (turned on) artificially in other parts of the body,
eyes may grow in those regions; for example, Gehring and his collaborators were
able to induce fruit flies to grow eyes on their antennae. The lesson here is not that
there is a gene for building eyes – pax 6 cannot do this by itself – but rather that
the action of a single gene can through the process of cascading snowball into
tremendously complex machinery. (Machinery for building cascades emerges in
the simulation – and in nature – automatically, in virtue of the mechanisms that
control gene expression.)

6.2 The Simulator

Where as most work in developmental biology works bottom-up, by testing what
happens if particular genes are “knocked-out” or artificially expressed, I aim to work
in a more top-down fashion, asking how brains with particular properties could be
assembled by genetic-like processes such as those mentioned above.

It is still very early days for this project, much too early to report any concrete
results. Because the project is almost entirely new, I have spent the initial stages
developing a prototype simulator that could be used to support this kind of work. A
screen shot of the simulator is shown in Figure 2.

The main window shows the current state of a given embryo (what cells there are,
what genes are expressed in those cells, etc.); another window shows the “genome”
for that organism, a third shows what genes were expressed in a given time step.

In the particular simulation that is illustrated here, the top row depicts one layer of
cells (to be thought of as “nodes” or neurons”), the bottom depicts another layer of

cells; the dark gray cells represent a set of cells that are migrating from top to bottom;
the arrows represent “axons” that are growing along gradients attempting to connect
the top and bottom layers.

Various buttons allow the user to modify the genome, step forward in time, rebuild
the organism, and so forth. Other controls allow the user to display the concentrations
of diffusing “morphogens”, stain cells according to their patterns of gene expression,
and so forth. It is also possible for users to selectively lesion particular cells,
transplant cells from one location to another, test the effects of knocking-out
particular genes, etc..

Figures 3 and 4 give some more examples.3 Figure 3 is a sort of time-lapse
illustration of the growth of a simple organism, which we might think of a ladybug. In
the ladybug simulation, there is only structure, not function, and nothing neural.

Still, several interesting points are captured. First, the development of the ladybug
proceeds in parallel – the developmental program that builds the ladybug is like a
                                                          
3 Further examples may be found on my web site, http://www.psych.nyu.edu/gary.
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standard computer program in that it is made up of rules with preconditions and
actions (each gene is essentially an IF-THEN rule) but whereas standard computer
programs proceed serially, one step at a time, the developmental program (like those
in biology) proceeds in parallel – each cell at the same time.

Fig. 2. Simulator

Second, the ladybug program illustrates, in a tiny way, the notion of compression;
the complete ladybug has 79 cells, but just 32 rules; the developmental program is
thus much more efficient than a literal blueprint would be.

Third, the ladybug program is developmentally robust; portions of the ladybug can
be lesioned or amputated, and, salamander-like, they will grow back. The ladybug is
thus a primitive illustration of a system that is innately organized (learning plays no
role) yet developmentally robust.

Examples in Figure 4 show some simple of the neural structures that can be built in
the prototype simulator.

The top left panel illustrates a developmental stage in a two layer network that is
topographically organized, such that connections maintain the relative left-right
ordering. The top right panel illustrates a more complex network with  several  layers,
and different types of connections. The bottom left panel depicts the core of a network
that would solve a very simple visual segmentation task; the bottom right panel
depicts a three-dimensional multilayered version of that visual segmentation network.
Each of these models is to some degree developmentally robust; none depends on
learning for its basic organization.
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Fig. 3. Stages in the development of a simulated embryo

Fig. 4. Four networks “grown” in the simulator. See text for further details
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7 Conclusion

There is, to be sure, not enough known yet about developmental neuroscience to fully
constrain this modeling enterprise; but important new discoveries are being made at
impressive pace; biologists are learning, for example, a great deal about how axons
are guided to their destinations. The mechanisms underlying what Roger Sperry [46]
dubbed  chemoaffinity are now being understood at a genetic level [e.g., 47], Such
insights can be directly integrated into the modeling framework outlined here. My
hope is that such modeling can ultimately help us to tie together discoveries in
developmental biology, developmental neuroscience, and cognitive development.
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Abstract. This chapter discusses reverberating circuits of neurons or
Cell Assemblies (CAs) derived from Hebb’s [9] proposal. It shows how
CAs can quickly categorise an input and make a quick decision when pre-
sented with ambiguous data. A categorisation experiment with a com-
putational model of CAs shows that CAs categorise a broad range of
patterns.
This chapter then describes how CAs might be used to implement the
primitives of an symbolic cognitive architecture. It also shows how a
system based on CAs is theoretically capable of fast learning, variable
binding, rule application, integration with emotion and integration with
the external environment.
CAs are thus an ideal mechanism for further research into both compu-
tational and cognitive neural models. Our medium to long-term plan for
exploration of thought via CAs is described.
If humans use CAs as a basis of thought, then studying how biological
systems use CAs will provide information for computational models. The
reverse is also true; computational modelling can direct our research
activity in biological neural systems.

1 Background and Introduction

I want to start this chapter with an apology. This work is about how humans
(and other creatures) think. The claims often strike me as arrogant. Discovering
how people think has been a major problem of philosophy for thousands of
years. For me to say, “we think because of Cell Assemblies (CAs)” is arrogant,
and thus we apologise. The statement is also currently backed by little evidence.
I once heard Herb Simon say “if you work on an interesting problem, you will
get somewhere if you answer it.” Understanding thought is important, and CAs
are crucial to our understanding of thought. So, I will continue with the claim
that we think because of CAs, show how they can provide a sound model of
thought, and provide some evidence.

Thought is extremely complex and perhaps the most complex thing that we
study. One way to decompose the problem of modelling thought is to model
it at different levels of granularity. For instance, Newell divides cognition into
levels by time [19]. The biological band is fastest and its primitive operations
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take place between 10−4 and 10−2 seconds; the primitives in the cognitive band
function from 10−1 seconds to 101 seconds, the rational band from 102 to 104

seconds and the social band above that. Models can be built at any level.
Each band is broken into three levels. The neural level, functioning near 10−3,

and the neural circuit level, functioning near 10−2 seconds, are in the biological
band. The deliberate act level near 10−1 is in the cognitive band.

While models can be built at different levels, each level depends on those
below it. A model at the deliberate act level functions via certain assumed prim-
itive operations. It is assumed that these primitives can be implemented in the
lower levels.

Newell and other symbolicists have focused on the cognitive and rational
bands [16]. These are the symbol processing levels. Anderson’s ACT* [2] system
works at this level but also integrates neural models as a means of showing
human reaction and performance times.

For instance, Newell bases his architecture on the deliberate act level. The
primitives are to assemble operators and operands, apply the operator to the
operands, and to store results. Additionally, the system must support structures,
input and output. Higher levels are then built upon the deliberate act level.

Why does Newell select these primitives? Can we be sure that these are the
right primitives? While Newell has reasons for selecting these primitives, there
is no firm basis in the neural circuit level (the level directly below the deliberate
act level) that shows these things working. If some basis could be found, then
it would strengthen the argument for these primitives. Moreover, it might have
further ramifications on higher levels. Currently, Newell’s model is a floating
island; it is not firmly based on lower level structures.

Aside from the neural level, we have only indirect evidence of the behaviour
of all of the other levels. We can look at the firing and activation of neurons, but
we cannot see a rule being selected in the operations level. Indirect evidence is
useful; reaction times, recognition times and other psychological evidence gives
important direction to studies of cognitive models. If a model does not match the
psychological evidence it is flawed. Still the size of the space of possible models
is huge (and probably infinite).

We are still working on models of neural behaviour but we do know a great
deal. Since we have this knowledge, we can use simplified models of neurons to
build neural circuits. This can inform higher level models and reduce the size of
the search space.

An interesting and somewhat neglected level is the neural circuit level. The
neural circuit level can bridge the gap between the neural level and the cognitive
band. If neural circuits can implement a model from the cognitive band, then
all of the models will be more firmly based.

While we have a good understanding of how neurons work, we have a rather
poor understanding of how neural circuits work. Direct analysis of neural circuits
is difficult because functioning circuits (in animals) are very complex and our
scanning techniques, including fMRI, PET and electrodes are not very good at
examining these circuits.
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D. O. Hebb proposed a neural circuit model [9], a reverberating circuit of
neural cells. Hebb called this reverberating circuit a Cell Assembly (CA). Some
physiological evidence for CAs exists (e.g. [1,26]).

While there has been a fair amount of work in psychology [21] and neuro-
biology to show the existence of CAs, there has been little computational mod-
elling of CAs [6,10,11,14,20]. The computational modelling has either been from
a more abstract level than neurons [14], has been of a very limited nature focus-
ing on associative memory [6,10,11,20].

The basic CA model is a network of neurons; each neuron connects to other
neurons, which in turn may come back (directly or indirectly) to the original
neuron. Some neurons (e.g. rods in the eyes) are not parts of circuits; however,
physiological studies show that most neurons are in some sort of circuit [24].
That is, the human brain is made mostly of circuits of neurons. Studying these
circuits is crucial to our understanding of thoughts.

While there is a considerable theoretical and physical body of evidence for
CAs, what exactly do CAs do? CAs have the following (theoretical) properties.

1. CAs recognise concepts.
2. CAs are composed of neurons.
3. Neurons may exist in more than one CA.
4. CAs are in working memory if and only if they are active.
5. A CA is a long-term memory item, and is formed by change in synaptic

strength.
6. A CA remains in working memory for a short period (< 5 sec.).
7. CAs interact with other CAs.

This chapter will describe an early model of CAs called CANT. This model
is not completed and is not near to being the basis for a model at the deliberate
act level; however it is hoped that the model will one day form the basis of such
deliberate act level model.

The next section of this chapter explains the CANT model. This is followed
by some experiments in categorisation with the model; this should be similar to
item 1 in the above list of theoretical properties of CAs. This section is followed
by a section showing how CAs can be activated quickly.

At this point this chapter shifts from a functioning program as a model to
a theoretical model (we have not written the program yet). The sixth section
shows how CAs can quickly resolve ambiguity. The seventh section shows how
CAs relate to the other areas of interest for this book. This is followed by a
section on CAs as an intermediate level model. The chapter concludes with a
section on future work and a section of discussion and conclusions.

2 The CANT Model

A given instance of a CANT model will be a network of neurons. This net-
work may have many CAs. That is, different input patterns will be classified
in different ways, and different output patterns may be generated given input
patterns.
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2.1 Connection Strength and Connectivity

A CANT neuron has connections to other neurons, which are similar to connec-
tions inside biological neural systems. Connections are unidirectional (Figure 1).
Like most neural net simulations, the connection strength may vary based on
a local (Hebbian) learning rule. The connection may have positive or negative
strength. Continuous activation is simulated by time steps.

The average biological neuron is activated by about 1000 other neurons, and
in turn activates about 1000 other neurons [17]. Current experiments work with
small numbers of neurons, so they have a smaller number of connections.

Complex models of neural behaviour (e.g. [4]) consider spread of depolar-
ization, K+ gating and many many other factors. The CANT model simply
has neurons and connections. This simplification makes CANT computationally
efficient and hopefully maintains the essential properties of the brain.

Biological neural systems are connected in a distance-biased way [24]. Each
neuron is not connected to every other neuron; in the human brain, with 500
billion neurons, this would require each neuron to have 500 billion connections,
and as we have seen the average neuron has approximately 1000 connections. If
two neurons are closer together they are more likely to be connected. The CANT
model adheres to this distance-biased connectivity.

2.2 Activation and Activation Threshold

When the neuron crosses a threshold, it fires and sends activation down each of
its axons. The activation of a given neuron i at time t is:

hit
=

hit−1

d
+
∑
j∈Vi

wij (1)

The current activation is the activation from the last time step divided by a
decay factor d plus the new activation coming in. This new activation is the
weight of the connections of all the active neurons that are connected to i. This
weight is the value of the connection from neuron j to neuron i. If a neuron has
fired, it loses all activation from the prior time step (d=∞).

There may also be external activation. Theoretically this comes from the
environment, but in these experiments it comes from neurons being directly
activated. Some experiments allow neurons to spontaneously activate when they
have been inactive for a long time.

A neuron fires if and only if it has enough activation to surpass the activa-
tion threshold. Each neuron has the same base activation threshold as all other
neurons. So if the activation threshold is 5 and a given neuron has an activation
of 4, it will not fire and thus will not propagate activation.

2.3 Decay and Fatigue

At each step, the activation of non-firing neurons decays. Of course, new activa-
tion may lead to a net gain in activation. Decay is a constant and applies only
to non-firing neurons.
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Fig. 1. Neuron with Unidirectional Connections

Active neurons fatigue. When a biological neuron is active for a long time it
will fatigue and this will make it less likely to remain active. This is modelled
by a fatigue factor, which increases the activation threshold. The threshold is
increased by fcta. fc is the fatigue constant and ta is the time that the neuron
has been active. The longer that the neuron is active the larger the threshold
becomes, and thus the less likely it is to remain active.

When a neuron becomes inactive, fatigue is reduced. Fatigue is fcta − trRc.
Fatigue is the time active, minus the time recovering multiplied by the recovery
constant. The higher the constant, the faster a neuron recovers from fatigue.

3 The Net and Cell Assemblies

How might a CA look at the cellular level? A CA should consist of a relatively
large number of neurons; this could be hundreds or millions1. The neurons should
have a large connectivity to each other; that is, each neuron should have connec-
tions to other neurons in the assembly and the strengths of those connections
should be high. Each neuron does not need to be connected to all the other
neurons in the CA and may be connected to neurons outside the CA. This large
connectivity should lead to mutual activation.

When several neurons in the CA are activated, they should activate other
neurons in the CA. When the initial neurons fatigue and cease to be active, the
newly activated neurons keep the activation in the CA. The initial neurons, after
recovery, may later be reactivated. Thus the CA is a reverberating circuit, and
can remain active much longer than a single neuron.

If insufficient evidence is present, a number of cells will still be activated.
However, it will not be enough to activate the circuit, and overall activation in
the circuit will quickly decline.

Learning in the CANT model is unsupervised. While different learning rules
have been tested within the CANT model, all are basically Hebbian. That is,
the learning rules are based on the activation of two adjacent neurons.
1 Our current thoughts are that human CAs have on the order of 105 neurons.
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4 Experimental Results

As Wittgenstein [29] has made clear, there usually are not necessary and suffi-
cient conditions to say an entity is an example of a concept. Generally, dogs have
four legs, but three-legged dogs exist. To be a bit more simplistic, a concept is
a group of features that tend to travel around together. We have the concept
(and thus the word) dog because the features tend to travel around together. We
often find wagging tails, fur, wet noses, four legs and other dog features together.
Rarely, if ever, do all of the features coexist, but they tend to be together. This
type of concept relates to Rosch’s [23] prototype theory.

An instance of a concept is present when enough of its features are present.
In the CANT model a CA is activated when enough features in a given feature
set are present. Neuronal activation is used as a rough equivalent to a feature
being present. A concept is made up of a set of features (neurons in CANT
terms). So if a sufficient number of those neurons are activated, then the CA
should become active. The network will “recognise” that the concept is present
in the environment.

The network in this experiment used 400 neurons in a 20x20 matrix with a
toroidal topology. The network is presented with input patterns. Each series of
runs started from a randomly generated net and used two patterns. The patterns
were exhaustive; each neuron was a member of one of the two patterns.

The most basic type of pattern divided the network in half. Pattern A con-
sisted of the neurons 0-199 and pattern B the neurons 200-399. These patterns
were entirely local. This is the Local column in Table I.

Fully interleaved patterns had pattern A having all of the even neurons, and
pattern B having all of the odd neurons; this is the Interleaved column in Table
I. Intermediate patterns combined these; for example pattern A consisted of
neurons 0-99 and the even neurons from 100-299, pattern B consisted of neurons
300-399 and the odd neurons from 100-299. This is the Half column in Table II.

The stimulus pattern is presented for 10 cycles. The pattern consists of 20
neurons randomly chosen from the pattern type. Two different A patterns might
share no common neurons.

Table 1. Network Correlations Exp. 1

Local Half Interleaved
Number Runs 300 350 1500
A-A Corr. 1 .9286 .9900
B-B Corr. 1 .9492 .9917
A Self Corr. .9970 .8821 .8621
B Self Corr. .9734 .9562 .9386
A-B Corr. -1 -.4973 -.9826

The measurements are Pearson’s product correlation coefficient. This shows
that the neurons activated when one A pattern is presented is highly correlated
with a different A pattern being presented (the A-A row) and when two B
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patterns are presented (the B-B row). Both are measured 5 cycles after the
stimulus stops being presented. Similarly, the A and B patterns are negatively
correlated (the A-B row). The pattern of activation is also maintained. The A
and B self correlation rows show the correlation between active neurons at cycle
5 and 20 cycles after the end of stimulus presentation.

This experiment shows that this model is capable of learning CAs over the
full range of exhaustive patterns. Local patterns, interleaved patterns, and pat-
terns which combined local groups and interleaved groups all formed CAs. These
patterns are unique, persist and are reliably activated.

It takes longer to learn interleaved patterns, but they are eventually learned.
This is because a distance-biased network helps localised CAs form. Distance-
biasing acts as an attractor and when a localised pattern is placed into that
attractor, it is easily learned. Patterns that fight the attractor can still be learned
but take longer, and are less successful.

Other experiments have been done, but this experiment shows that this model
is capable of recognising and categorising different types of patterns. This is the
primary function of CAs. From this, more complex behaviour can be generated.

5 Quick Activation of CAs

The theory of CAs states that a CA is quickly activated [14]. This shows that
slow neurons can quickly recognise an object.

Fig. 2. The Snoopy Curve

Experiments using simple computational models of CAs shows this to be the
case [11]. This model shows that activation of 10 neurons can lead to activation
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of the entire CA of 200 neurons in the next time step. A time step is meant
to model 10 ms. of real neural activity. This particular experiment is probably
not viable from a neurological standpoint as the size of the CA is very small.
However, it does show how quickly a few neurons can lead to activation of many
more neurons.

A real CA would probably cross several brain areas. However, it would only
take a few time steps (tens to hundreds of milliseconds) to activate the entire
assembly. Highly parallel activation compensates for slow neural speed. Practi-
cally, it will be easy to get large numbers of neurons activated within the speeds
that are needed for normal real-time performance.

Figure 2 shows the activation curve of a CA. At time 0, a stimulus is presented
to the network. Rapidly, a large percentage of the neurons in the CA become
activated and this is associated with recognition. Stimulus may be removed or
remain present. Some neurons in the CA are active for quite some time meaning
the CA can spread information, strengthen itself (via the Hebbian learning rule)
and remain in short-term memory. Note that no neuron remains active for the
whole period; they become active, fatigue, recover and are reactivated by other
neurons in the CA.

6 Quick Decision on Ambiguous Data

A human brain must have millions of CAs, but our model networks are much
smaller. A given net may have several CAs in it, but only one or a few should be
active at a given time. What happens when a net is presented with ambiguous
data?

When ambiguous data is presented to a net, some of the neurons from two
separate CAs will be activated. These will tend to activate other neurons in their
own CAs. Since the two CAs have never been active together and reside in the
same area of a distance-biased network, they will tend to inhibit each other.
Thus a competition ensues between the two ambiguous CAs. One CA wins, and
the data is recognised as an instance of that type of object.

When the net is presented with ambiguous data it does take slightly longer
to recognise the object. This is due to the extra time needed for competition.
However, it should only take a few more cycles to recognise the object, and thus
is almost as fast as recognising an object from unambiguous data.

Figure 3 shows the activation pattern of two CAs. Both get an initial burst
of activating neurons. Some of these neurons are inhibitory neurons and inhibit
neurons from other CAs, thus inhibiting the other CA. The CA represented by
the bold line loses the competition and returns to its base firing rate. Of course
this is all theory. We do not know of any model of a CA that handles ambiguous
data 2.

2 We are currently working on such an experiment based on the CANT model and the
results are promising.
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Fig. 3. Competing CA Activation Curves

7 The Other Areas

CAs categorise and they do it quickly. This chapter has described how the CANT
model does this. CAs also provide many other properties that are very useful for
a computational model of intelligence. They are robust, they learn in context
and they enable synchronisation of neural firing. Additionally, they provide an
excellent landmark for asking questions about modularity and timing.

Like most ANN architectures, CAs are robust. Loss of neurons might even
strengthen a given CA. Since a CA is composed of a suite of neurons, it can
handle the loss of neurons; new neurons can be added and incorporated into CAs.
The dynamics of CAs recruiting new neurons and fractionating into multiple CAs
is not well understood, but the process must be robust.

CAs learn in context. The CA learning mechanism is unsupervised. A given
network will spontaneously create CAs based on the input that is seen. Thus all
learning is in context. This may lead to unforeseen connections between concepts,
but those connections are based on the input that has been presented.

CAs are self synchronising. Neurons in a CA tend to fire in a similar pattern
[20]. Thus CAs actually act as a synchronising mechanism. The mechanism also
leads to a number of questions about how CAs could work together. There are
questions about variable binding [7]; co-operating CAs may be bound together
by synchronisation. How is this done? How do CAs combine into larger structures
like sequences and cognitive maps [13]?

CAs also provide a landmark for questions of modularity. Braitenberg [5]
notes that the brain is largely a uniform mass of neurons. CAs span brain areas
[21]. This enables cross modular co-operation, yet intra-modular specialisation.
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A working CA model could explore lots of questions about modular communi-
cation.

Finally, animals have to do things by a certain time. CAs must be able
to function under deadline. CAs function rapidly but they still show no way to
solve problems by a certain time. CAs provide a mechanism for building complex
systems to solve problems. If CAs can be used to generate a goal mechanism with
interrupts, then the deadline problem can be addressed.

8 An Intermediate Level Model

A good intermediate level model3 would support the primitives of Newell’s de-
liberate act level [19]:

1. Get Input
2. Select Operators and Operands
3. Apply the Operator
4. Store the Results
5. Generate Output
6. Support Structures

The CANT model already has demonstrated support for input, operator and
operand selection, and storing results. It holds promise for operator application,
output generation and more complex structures.

The CANT model supports direct input. In biological systems, sensory or-
gans activate neurons. In a CANT network, we could connect sensory organs
directly to the neurons. The sensory system and underlying neural system are
very complex and well studied, and the neural system is largely compatible with
the CANT model.

Operators and operands can be selected based on current input and prior
input. CA activation can be thought of as operator and operand selection; an
operator and operands are selected if and only if their CAs are activated.

Results are stored by either putting them in working memory or in long-term
memory. To put them in working memory an existing CA has to be activated.
To put them in long-term memory, a new CA must formed. This is done by
changing synaptic weights.

Output can be generated by effectors. Like biological input, biological output
is done by the body. Muscles move and vocal chords vibrate. The underlying
neural control mechanisms, though not entirely understood, are well studied.
Again, these are compatible with CA theory and CA based controllers.

Structures are more complex for CAs to generate and have many of the ques-
tions in which we are currently interested. How do CAs build, for instance, a
verb frame? Weak connections between CAs must be quickly learned via the
Hebbian learning mechanism. We do not currently have a functioning computa-
tional model of this process, but this is in our medium term plans.
3 a neural circuit model
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Operators are more complex in a CA model. Simple operators like store
have already been implemented. More complex operators like move forward or
multiply two numbers are more difficult. These complex functions may be imple-
mented by decomposition into primitives. Primitive operators are done by the
output mechanisms and storage mechanisms described above. Still the functions
need to compose these primitives via CAs. This composition is done via com-
plex structures like sequences and cognitive maps. As before, these are learned
by creating weak links to combine CA primitives.

We like Newell’s division into levels and are particularly interested in Soar;
thus we have focused our argument in that direction. However, there is nothing
sacred about the Soar model. Newell’s deliberate act primitives may turn out
to be wrong. What is important is that the higher level behaviours that can
be built on the deliberate act primitives can be built from CAs. If it turns out
that humans build the behaviours differently, CAs should be flexible enough to
account for that behaviour. If we can implement Newell’s system than CAs will
have implemented a strong system.

Additionally, the CANT model may support other aspects of behaviour in-
cluding emotion, attention, fast learning and forgetting. Emotion can be incor-
porated using a pleasure/pain mechanism. This interacts particularly well with a
Soar-like goal mechanism. Unappealing and dangerous CAs are associated with
(connected to) pain, a pleasurable CAs to pleasure. This can direct behaviour.

Attention can be explained with a more global mechanism. CA theory, as
presented so far, is entirely localist. There is no global mechanism. However,
CAs are connected to other CAs. An attention area or cognitive map could be
connected to all other areas. It could focus attention via a global inhibitory
mechanism. This would allow only the most active CA to remain active.

Fast learning may be accomplished by reverberation, support from cognitive
maps, and attention. These aids can support more neural pair coactivations and
thus quick strengthening of connections.

We also forget. CAs can account for this. Forgetting is done by a change in
synaptic strengths. Core concepts, CAs, are rarely forgotten (you do not forget
what a dog is). This is because the CAs occasionally become active and their
synaptic strength is reinforced. Connections between concepts are more likely
to be forgotten because they are initially weaker and these connection are also
used to connect other CAs.

Finally, the CANT model supports a blackboard like architecture [8,22]. CAs
consist of neurons that are closely connected but connections to other CAs exist.
This means that information from a wide range of CAs may be brought to bare
on a single problem.

A well known example of a blackboard system is the Hearsay speech under-
standing system [22]. Hearsay consists of several subsystems. Each subsystem
can communicate to other subsystems via a blackboard. A special subsystem
chooses which subsystem will function next based on which has sufficient in-
formation to function. In a CANT blackboard, the architecture would decide
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which subsystem or subsystems would function based on enough information
being available. Similarly information is exchanged via neural activation.

In traditional software systems we break the system into subsystems or into
components. This facilitates engineering. In the brain, this really does not hap-
pen. Despite physiologists division into brain areas, each area is closely connected
to other areas. This whole system is tightly coupled. This tight coupling may
not facilitate engineering, but the brain was not engineered.

Existing CA systems are associative memory systems; this includes the ex-
periments described in this chapter. What is needed is a model that can combine
CAs in an interesting way [12].

Von der Malsberg [18] proposes dynamical connections as a variant that
is much more flexible than standard CA theory. CAs are bound together via
synchronous firing. This enables new concepts like blue square to be formed
quickly and temporarily from primitive concepts like blue and square.

An unappealing alternative to this is that variable binding is done by the
change of synaptic strength. This is more tenable when overlapping set coding
[28] is considered. A given neuron participates in more than one CA. So, a given
neuron might participate in the blue CA and the square CA. When the two CAs
are coactivated, a new blue square CA is formed. This is unappealing because of
learning time constraints and forgetting.

However, a middle ground exists. CAs are formed in the traditional way and
represent a “strong force” (e.g. square and blue). Variable binding is done via
synchrony and is a short term effect just like CA activation is a short term effect.
If the binding is important or repeated, Hebbian learning leads to an association
between CAs; this is a “weak force”. These weak forces are available for se-
quences, hierarchies and cognitive maps of CAs. This “weak force” is facilitated
by overlapping set coding. This may be similar to the SMRITI system [25].

The important point is that both synchronous firing and overlapping set
coding are compatible with CAs in general and the CANT model specifically.
Synchronous firing emerges from the activation of neurons [20]. Overlapping set
coding also emerges from the input and learning mechanisms.

9 Future Work

The long-term goal of this work is to move from neural models of categorisation
to neural models of processing. Currently, we are working on a model of cate-
gorisation and associative memory. This work duplicates, and hopefully extends,
existing computational CA models.

Next we hope to model interactions of CAs. This includes competition
amongst CAs, hierarchies of CAs, sequences of CAs, and maps of CAs. This
will be done via overlapping set encoding and synchronous firing patterns.

Variable binding can lead to rule activation. If A and B are active, then
complete the pattern and activate C. Rule activation provides the basis for tra-
ditional symbolic architectures. One popular symbolic cognitive architecture is
Soar. It can be described as an expert system, with goals, operators, operator
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subgoaling and chunking. If all of these can be implemented in a CA based sys-
tem, then CAs will have provided an intermediate level for cognitive modelling.

A system like CA-Soar would escape from the symbol grounding criticism of
Fodor and Pylyshyn [3]. It would direct psycho-neurological research. It would
provide a plausible model for thought and thus for real Artificial Intelligence.

Implementing this set of performances is not straight forward, but one can
easily imagine that it is possible. We suspect that this CA-Soar model would be
more dependent on categorisation than current Soar programs. This reflects the
associative nature of the brain.

10 Discussion and Conclusion

This chapter has shown that CAs can be used to classify a wide range of patterns.
It has also argued that CAs can be expanded to account for variable binding,
hierarchy and cognitive maps. This functionality will enable CAs to provide the
primitives for Newell’s deliberate act level. Thus CAs can form a bridge between
the relatively solid knowledge that we have of neural behaviour to the highly
developed work we have on symbolic cognitive architectures.

One may ask why CAs have not yet been used to build a symbol system.
It is likely that the recent interest in connectionist systems [27] has laid new
foundations for this work. Additionally, computational speed has only recently
enabled large neural models to be run.

CAs can be used to store memories that are based in reality. They can solve
the symbol grounding problem. Current computer memory can store the sentence
“the cat chased the mouse”. When asked “what was being chased” it can respond,
but it can not respond to “why was he being chased”.

Traditional computer memory is great for number crunching. CA models
may be faster than biological CAs but will still be slower than Von Neumann
architectures. CAs however function in context and can generate statistically
reasonable answers from little data. They will function better than Von Neumann
architectures in AI tasks like Natural Language Processing and Decision Support
Systems.

This book is derived from the Third International Workshop on Current
Computational Architectures Integrating Neural Networks and Neuroscience.
The key question for the workshop was What can we learn from cognitive neu-
roscience and the brain for building new computational neural architectures? In
relation to this chapter, we would like to break that question into two questions:
1. What can we learn from cognitive neuroscience and the brain for building
CAs?
2. What can we learn from CAs for building new computational neural architec-
tures?

It is simple to say what the brain can tell us about CAs. The way each
neuron behaves, and the way they are connected in the brain is the way CAs
should behave. Any CA model will be simplified as modelling a single neuron is
very complex. Perhaps we can simplify the model by simply modelling changes
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in neural activation in discrete steps and learning by changes of strength. This
is not as robust as modelling neural activation continuously with ionic transfer
between neurons, and modelling changes of strength by changes in axonal radius,
myelination and geometric properties of the synaptic cleft. This simplification
makes the model run faster which should enable us to model the large number
of neurons needed for CAs. Still it is a simplification and, as such, may miss
important data.

It is more difficult to say what CAs can tell us about building new computa-
tional neural architectures. CAs are models for concept storage. They can solve
the symbol grounding problem. Perhaps the most interesting question is in what
way can CAs work together.

At heart, CAs are a model for data storage. They have several advantages
that could be transferred to other models. They remain active for a certain
period of time. They are a model for both long and short-term memory. They
can be used to choose between equally likely solutions. It is the reverberating
activity that makes this model different from most existing ANN models.

Further studies to show how CAs can store more complex structures and
process data are important. The class of reverberating circuits is large and we
have done little in studying this class. Clearly, the brain is not just a bunch of
CAs. For instance, non-local effects [15] probably are important. However, CAs
are crucial and we need to understand them and how they work.

Using CAs as a basis for more complex phenomena puts us on reasonably
solid ground for future exploration of how the brain works at more complex
levels. This in turn leaves us with a better understanding of intelligence and
thought.
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1 Introduction

Modelling higher cognitive behaviour, namely symbol processing and rule in-
ference, in the connectionist framework is inherently problematic, especially if
one strives for biological realism. Problems like compositionality and variable
binding, as well as the selection of a suitable representation scheme, are a ma-
jor obstacle to achieving the kind of intelligent behaviour which would extend
beyond simple pattern recognition. Although there are connectionist systems
which are capable of advanced inferencing (cf. Shastri and Ajjanagadde [8], or
Barnden [3]), they always compromise their flexibility and, most importantly,
their capability to learn. All connections in such systems are fixed, having been
carefully prearranged by the designer.

Other approaches use backpropagation as the learning mechanism, and rely
on arbitrary precision of synaptic efficacies and activity levels (e.g. Chalmers
[4], Elman [6] and Chrisman [5]). However, it is now widely accepted that these
mechanisms are highly unrealistic in biological systems. Moreover, systems rely-
ing on fine-tuning of synapses are sensitive to noise, sacrificing one of the most
important properties of connectionist processing, that is graceful degradation.

In this chapter we present ongoing work aimed at developing a self-organising
system which is able to learn from a continuous stream of input data and make
generalising predictions based on its previous experience. In particular, it ad-
dresses the problem of compositionality and context-sensitive learning. We avoid
using backpropagation and arbitrary precision of computation. Instead, we use
Hebbian learning and a limited number of states to describe each cell and its
synapses. Our approach is founded on the basic concept of an auto-associative
network, and extends it to consider a large system of such networks interacting
with each other. A natural implementation of this model is a network distributed
over a two-dimensional plane with local excitation and inhibition. Such system
has richer dynamics than a standard globally-connected network. In particular,
it is capable of context-sensitive behaviour which, hopefully, can be employed to
produce certain forms of structure-sensitive processing in a connectionist system.

2 The Model

The approach presented here is based on the generic concept of associative mem-
ory in the form exemplified by the Hopfield network [7]. A large system of such
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networks interacting with each other is considered. The topology of the system
is inspired by the notion of cortical columns postulated to exist in the cortex [2],
i.e. the networks are arranged in a two-dimensional lattice and the interaction
between them is heavily influenced by the nearest neighbourhood (see Figure 1).

Fig. 1. A lattice of interacting associative networks. The region drawn with the thick
line represents the area covered by one of the networks, while the grey region the area
it receives its input from.

The interaction with the neighbourhood requires that the standard Hopfield
network is extended to include hetero-association of the output with the input
received from the neighbourhood:

h′ = τ(WHh + WEe)

where h is the internal state of the network (i.e. state of the units inside the thick
rectangle in Figure 1), WH is the auto-associative matrix of connection weights
between the internal units, e is the state of the neighbouring units with WE be-
ing the corresponding hetero-associative synaptic matrix; and τ : IRn → {0, 1}n

is a thresholding function. The threshold is dynamic and serves the role of local
inhibition. It allows to fire only a fixed proportion c of units in a local region.
The parameter c is kept low (c ¡ 0.1) for two reasons: first, to reflect the typi-
cally low activity level in the biological cortex; second, to reduce the interaction
between different patterns of activity, and hence eliminate the occurrence of spu-
rious attractors (i.e. false memory traces) as well as increase memory capacity
[1].

To allow for the interaction with the environment, a third component is
added to the above formula, representing the external input vector p and the
corresponding synaptic matrix WP :

h′ = τ(WHh + WEe + WP p)

The input is global, i.e. p is the same for each network in the lattice, although
WP is not.
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The networks use a simple form of Hebbian learning adapted for sparsely-
coded activity patterns, where the efficacy of each synapse in the combined
synaptic matrix W = WH | WE | WP is given by the formula [1]

wij =
1

c(1 − c)N

n∑
µ=1

(xµ
j − c)(hµ

i − c)

where xµ and hµ are the input and output patterns respectively, N is the number
of input units (i.e. the size of the neighbourhood including the internal units,
plus the size of the external input vector), and n the number of pattern pairs.
Note that xµ = hµ | eµ | pµ is a concatenation of the internal state hµ (which
is also the previous output state), the state of the neighbourhood eµ, and the
external input vector pµ.

For a given input x the networks compute the activation vector a = Wx, i.e.
ai =

∑N
j=1 wijxj . This last expression can be expanded to

ai =
N∑

j=1

(
1

c(1 − c)N

n∑
µ=1

(xµ
j − c)(hµ

i − c)

)
xj

=
1

c(1 − c)N

n∑
µ=1

(hµ
i − c)m(xµ,x)

where m(xµ,x) is the so called overlap between xµ and x. It is closely related
to the inner product of the two vectors

m(xµ,x) =
N∑

j=1

(xµ
j − c)xj = xµx − c

N∑
j=1

xj

Put this way, the activation vector a is the interpolation of all output patterns
hµ stored in the network, weighed according to the degree of overlap between
the input vector x and the corresponding input patterns xµ.

a =
n∑

µ=1

(hµ − c)m(xµ,x)

In our system it is assumed that the output patterns do not overlap, and
that the threshold applied to a is such that the actual output vector hη is the
pattern for which the corresponding input patterns have the largest overlap with
the input:

∑
κ:hκ=hη

m(xκ,x) = max
µ

∑
κ:hκ=hµ

m(xκ,x)

Here, κ : hκ = hη is read as “such κ that hκ = hη.”
Note that computation of the output pattern only requires information about

the patterns stored in the network. There is no need to keep the individual synap-
tic weights and perform expensive summations over large matrices, as long as we
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keep the history of the input-output patterns. Furthermore, if we take advantage
of the dynamics in sparsely-coded networks, which makes the interference be-
tween patterns negligible, we can treat them as independent entities represented
by symbolic values. Thus, instead of treating x as a vector of N binary values
representing states of the input units, we can decompose it into a tuple of k
symbolic values (x1, ..., xk), each representing the pattern of activity in one of
the input sources. For example, in the context of Figure 1 these values will be
(h, eNW , eN , eNE , eW , eE , eSW , eS , eSE , p), where h represents the internal state
of the network, eXX the corresponding neighbouring field, and p the external
input vector.

In order for the symbolic representation to fully describe the original state of
the network, we need to accompany it with a magnitude vector g = (g1, ..., gk)
corresponding to the number of bits occupied by each of the vector’s segments.
Having this information, the overlap between two vectors in “symbolic” repre-
sentation will be:

m(a,b) =
k∑

i=1

ρ(ai, bi)gi − kc

where

ρ(a, b) =
{

1 if a = b
0 otherwise

In other words, the overlap between two symbolic vectors a and b is the sum
of magnitudes of the segments in which a and b agree, minus kc. The latter
is a constant value, which has no effect on the comparison between different
overlaps, so it can be safely ignored. Without loss of generality, it is also useful
to normalise all overlap measures by expressing g as the proportion of the total
vector length, so that

∑k
i gi = 1. Hence, in the reminder of this paper the overlap

will be defined as

m(a,b) =
k∑

i=1

ρ(ai, bi)gi

and gi will represent the magnitude of segment i in relation to the whole vector.
Associative systems of the kind discussed here usually exhibit high inertia,

i.e. the external input must be very strong to have an effect on the network’s
state. Strong input, however, tends to erase the network’s state completely, so
a subtler mechanism is required to ensure sufficient sensitivity to external input
and to retain context-sensitivity. In our model this is achieved by introducing
fatigue which prevents the network from settling in any global minimum for too
long. Fatigue is applied to the value of the overlap between the input pattern x
and patterns xκ associated with the recently active pattern hη

a =
n∑

µ=1

(hµ − c)m(xµ,x) − f
∑

κ:hκ=hµ

(hκ − c)m(xκ,x)
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where f ∈ [0, 1] is the fatigue factor. In the original connectionist network this
mechanism corresponds to the weakening of the response of the output units
to pattern xη. In other words, as the active units in the output pattern hη

continue to fire, they become less and less responsive. The value of f will grow
asymptotically from 0 to 1, eventually leading to the situation when

∑
κ:hκ=hυ

m(xκ,x) = max
µ6=η

∑
κ:hκ=hµ

m(xκ,x)

where hυ is the next output vector becoming active in the network. f is reset to
0 when η changes to υ.

In view of the above, learning entails simply adding every encountered pair of
vectors (x, h) to the list of memory traces. However, in a practical application,
such approach would give an unfair advantage to patterns in which the system
settles for longer periods of time, leading to catastrophic interference. Therefore,
a refined learning rule is used, by which the new trace (x, h’) is remembered
only if the postsynaptic cells change state, i.e. when h′ 6= h.

There also remains the question of learning representations for novel input.
For this we need to extend the underlying connectionist model by lateral inhibi-
tion, effectively making it a competitive, or feature extracting network. At the
symbolic level we model this behaviour by a fixed discrimination threshold γ. If
the highest activation is below the threshold, i.e. maxµ

∑
κ:hκ=hµ m(xκ,x) < γ,

the network is assumed to generate a new representation, and h’ is assigned a
newly generated random pattern, uniquely identifying the new input.

Another aspect needing attention within our framework is the issue of syn-
chronousness. Namely, once the state of all units in a network is described by a
single value, it is no longer possible to perform network update in a fully asyn-
chronous manner, which would be preferable when biological realism is consid-
ered. In our approach, we assume that the transient states which a connectionist
network goes through on the way from one fixed point to another, are insignif-
icant to the overall result. This assumption is especially safe in sparsely-coded
networks, where spurious attractors are eliminated. However, because settling in
a fixed point is a local process, its timing is independent from other networks
in the lattice. Therefore, a compromise was arrived at, in which individual net-
work states are discrete and their transitions are synchronous, while the state
change of the whole lattice is performed in an asynchronous manner, i.e. only
one network can change state at any given time.

3 Context-Sensitivity and the Word-Prediction Task

Let us now demonstrate some of the properties of the model described above.
In particular, we are going to see that it is capable of context-sensitive pro-
cessing, which is the first step towards achieving temporal compositionality and
systematicity. The demonstration is based on a simple walk-through example.

Consider a minimal system of two networks A and B, as shown in Figure 2.
Each network receives input from its peer, its internal state, and the global
external input, so the state of the system is described by the vector x = (p, a, b),
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A B

Fig. 2. A minimal system of networks used in the example.

where p is the external input, and a and b are the internal states of networks A
and B, respectively. The magnitude vector g for this system is (0.5, 0.25, 0.25),
so that half of each network’s input consists of the external input, a quarter is
its own state, and a quarter the peer’s state. γ is set to 0.6. Let us assume that
the system is in the resting state (p0, a0, b0), which is also the initial memory
trace in both networks A and B.

We want to present this system with a sequence of three different symbols
(activity patterns) p1p2p3, and expect the system to recall it later, after spec-
ifying the initial symbol p1 only. We also want the system to learn the reverse
sequence consisting of the same symbols, i.e. p3p2p1. Context-sensitivity will be
demonstrated if, after the presentation of any given symbol in the first sequence,
the system’s internal state is different than after the presentation of the same
symbol in the second sequence. This is equivalent to a cognitive system being
able to distinguish between, e.g. “John loves Mary” and “Mary loves John”.

3.1 Training

Assuming that the system is in state (p0, a0, b0), we change the external input
from p0 to p1. The overlap between the the new state (p1, a0, b0) and the memory
trace (p0, a0, b0) is m[(p1, a0, b0), (p0, a0, b0)] = 0.5 < γ, so the learning rule is
invoked asynchronously in each of the networks. The order in which the networks
change their state is irrelevant to our consideration, so for clarity, let us assume
that network A always changes state first. A new pattern a1 is generated in
network A, and a the new trace (p1, a1, b0) is added to its memory. A similar
process happens in network B, except here the trace remembered is (p1, a1, b1).
A similar sequence of state changes happens when p2 and p3 are presented to
the network. They are summarised in Table 1.

Table 1. Summary of state transitions for the input sequence p1p2p3.

Time Input Current Updated New New Trace in the
State Network State Updated Network

t1 p1 a0b0 A a1b0 (p1, a1, b0)
t2 a1b0 B a1b1 (p1, a1, b1)
t3 p2 a1b1 A a2b1 (p2, a2, b1)
t4 a2b1 B a2b2 (p2, a2, b2)
t5 p3 a2b2 A a3b2 (p3, a3, b2)
t6 a3b2 B a3b3 (p3, a3, b3)
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Now, starting from the resting state (p0, a0, b0) again, we present the
network with the sequence p3p2p1. Again, after the presentation of p3 the
highest two overlaps in network A are m[(p3, a0, b0), (p0, a0, b0)] = 0.5 and
m[(p3, a0, b0), (p3, a3,
b2)] = 0.5. Both are below γ, so a new internal state a4 is generated. Network B
will now have only one highest overlap equal to m[(p3, a4, b0), (p3, a3, b3)] = 0.5,
so b4 will too be generated. Table 2 lists the state transitions. Note how the

Table 2. Summary of state transitions for the input sequence p3p2p1.

Time Input Current Updated New New Trace in the
State Network State Updated Network

t1 p3 a0b0 A a4b0 (p3, a4, b0)
t2 a4b0 B a4b4 (p3, a4, b4)
t3 p2 a4b4 A a5b4 (p2, a5, b4)
t4 a5b4 B a5b5 (p2, a5, b5)
t5 p1 a5b5 A a6b5 (p1, a6, b5)
t6 a6b5 B a6b6 (p1, a6, b6)

internal network’s state is different for the two sequences, demonstrating the
fact that the system treats the symbols differently depending on the situation
in which they occur.

3.2 Recall

At this point the memory traces stored in networks A and B are as shown in Table
3. Now we want to see the recall of the trained sequences from the initial symbols.
Starting from the resting state (p0, a0, b0), we present pattern p1 to the system.
In network A, the highest overlap will be m[(p1, a0, b0), (p1, a1, b0)] = 0.75 > γ,
so the network will change state to a1. In network B m[(p1, a1, b0), (p1, a1, b1)] =
0.75 > γ, and the network will change state to b1.

At this point, we remove the external input signal, which is equivalent to
supplying a null input vector (0,...,0) in the underlying binary representation. In
network A, the highest overlaps will be m[(0, a1, b1), (p1, a1, b0)] = m[(0, a1, b1),

Table 3. Memory traces in networks A and B after training.

Network A Network B
(p0, a0, b0) (p0, a0, b0)
(p1, a1, b0) (p1, a1, b1)
(p2, a2, b1) (p2, a2, b2)
(p3, a3, b2) (p3, a3, b3)
(p3, a4, b0) (p3, a4, b4)
(p2, a5, b4) (p2, a5, b5)
(p1, a6, b5) (p1, a6, b6)
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(p2, a2, b1)] = 0.25. For the purpose of pure recall we do not apply the learning
rule, but watch what the network comes up with when left to its own devices.
We observe that patterns a1 and a2 are in competition, but since fatigue will be
affecting a1, a2 will eventually win. A similar process will take place in network
B, leading to the overall state (0, a2, b2) corresponding to the input pattern p2.
From there, the situation will repeat itself, and eventually the system will arrive
at state (0, a3, b3) which corresponds to input pattern p3.

A similar process will take place when, starting from (p0, a0, b0), the system is
presented with pattern p3 and then 0. The system’s state will move to (0, a4, b4),
then (0, a5, b5), and then finally to (0, a6, b6), which corresponds to the input
sequence p3p2p1.

4 Discussion

The example given above demonstrates the general principles of the model’s op-
eration. In particular, it shows that, thanks to the ability to develop internal
representations, a system of the kind discussed in this report is capable of re-
membering sequences of symbols. An important observation made here is that
there exists a level of abstraction which permits a relatively accurate analysis of
the model without considering individual units and synapses. In fact, the larger-
scale components of the system (i.e. the networks A and B in the example)
can be treated as single processing elements operating on symbolic values. The
construction of the elements does not compromise the biological plausibility of
the model, since it relies purely on Hebbian learning (triggered by postsynaptic
change) and competitive inhibition. In fact, the level of abstraction allows the
study of associative systems without committing oneself to a particular neuro-
logical paradigm, whether it is based on spikes or the average cell activity.

Equally important is the ease and efficiency with which symbolic operations
can be implemented on a computer. Larger and more sophisticated systems can
be studied this way, giving an opportunity to tackle more processing-intensive
tasks.
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Abstract. For the recognition of objects there are a number of compu-
tational requirements that go beyond the detection of simple geometric
features like oriented lines. When there are several partially occluded
objects present in a visual scene one has to have an internal knowledge
about the object to be identified, e.g. using associative memories.
We have studied the bidirectional dynamical interaction of two areas,
where the lower area is modelled to match area V1 in greater detail and
the higher area uses Hebbian learning to form an associative memory for
a number of geometric shapes. Both areas are modelled with simple spik-
ing neuron models, and questions of ”binding” by spike-synchronisation
and of the effects of Hebbian learning in various synaptic connections
(including the long-range cortico-cortical projections) are studied.
Presenting a superposition of three stimulus objects corresponding
to learned assemblies, we found generally two states of activity: (i)
relatively slow and unordered activity, synchronized only within small
regions, and (ii) faster oscillations, synchronized over larger regions. The
neuron groups representing one stimulus tended to be simultaneously
in either the slow or the fast state. At each particular time, only one
assembly was found to be in the fast state. Activation of the three
assemblies switched within a few hundred milliseconds.

Keywords: associative memory, cell assemblies, visual cortex, oscilla-
tions, synchronization, attention, binding problem, scene segmentation

1 Introduction

In biological neural systems information is processed in a parallel and distributed
manner where different aspects of a single entity are represented at different lo-
cations using population codes. This may lead to the so-called binding problem
[20], if a natural scene or situation contains several such entities at the same
time. As a solution, the temporal correlation hypothesis was suggested, where
coding is extended to the temporal domain [20,6,30]. More exactly, distributed
sets of neurons signalling various elementary features of objects as a spatial ac-
tivation pattern synchronize their spikes when they respond to the same object,
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and are desynchronized when they respond to different objects. This idea goes
back to the Hebbian notion of cell assemblies [11] where neurons show that their
stimuli belong together in the outside world by spiking together and Hebbian
synapses between two neurons increase their positive connection strength when
they spike together. Thus ”belonging together” implies ”firing together” implies
”wiring together”. This mechanism leads to the formation of cell assemblies [24]
and it should show up in the correlation between the spikes generated by two
or more neurons (cf. [2,1]). Ubiquitous experimental findings of synchronized
oscillations in the gamma range (30-60 Hz) has lead to some extensions of this
idea that use these fast oscillations as a reference clock for representing different
entities at different phases of the oscillation period (e.g. [28]). But there exists
only little experimental evidence for this kind of phase coding scheme. More-
over, experiments using several stimuli simultaneously revealed evidence against
phase-coding. Recordings from two different neuron groups representing two dif-
ferent entities (e.g. two moving bars in opposite direction) showed consistently
uncorrelated activity for the two neuron groups leading to flat correlograms [8,
18], while phase-coding models would predict modulated correlograms with non-
zero time lag of the central peak. In this work we try to reconciliate the original
temporal correlation hypothesis with experimental results.

First, we develop a new model of an associative memory [37,23] which can
be interpreted as one or several ”columns” of a ”higher” non-sensory cortical
area. We address the question how and where synchrony could be detected, i.e.
how can the synchronized activation of two cell groups (presumably within 4-
5ms) be read out by cortical circuits despite relatively high membrane constants
(presumably within 10-20ms) and the presence of ubiquitous noise. For our model
we demonstrate that by the interaction between a ”Hebbian” excitatory and
a particularly constructed inhibitory population, we obtain the capability of
autonomous threshold control and fast pattern separation of associative memory
patterns. Interestingly, we were able to derive an efficient technical version of an
associative memory from our biological model [16] which is capable of completing
a retrieval for n neurons in O(log2 n) steps in parallel using sparse coding [23,
25].

In a second step this model is incorporated into a larger model of the ori-
entation selective subsystem of the primary visual pathway that is capable of
reproducing qualitatively most of the findings of more detailed models [38,31]
which have been simulated in a non-oscillatory parameter regime (see [34] for
analysis of transitions between oscillatory and non-oscillatory regimes).

In this model the primary visual area P is reciprocally connected to a central
visual area C modelled as an associative memory containing representations for
all the used stimuli (as in the unidirectional model of [35]). Fast oscillatory
activity in P, synchronized over larger distances, is specifically induced by the
reciprocal connection when the stimulus assembly in C gets activated. Using
three stimuli at the same time, we found synchronized activity within neuron
groups representing the same stimulus leading to modulated correlograms with
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a central peak, while activity of neuron groups representing different stimuli was
uncorrelated with flat correlograms, as in the experiments.

Finally, we discuss the results of our simulations in the context of possible
alternative interpretations of the temporal correlation hypothesis. We suggest
that fast oscillatory or fluctuating activity may improve pattern retrieval and
separation (cf. [34]), while feature binding may be solved on a slower time scale
through a kind of self-generated attention switching as an emergent network
property of our model.

2 Spiking Associative Memory

A variety of associative memory models has been introduced to demonstrate
the capability of neural networks to learn and retrieve patterns (e.g. [37,23,13,
14]). Often these models use continuous variables that are interpreted as firing
rates, and they exhibit some problems when addressed with a superposition of
several patterns. Normally, this will result in an possibly incomplete activation
of a superposition of stored patterns.

Wennekers and Palm demonstrated the pattern separation capability of a
spiking variant of the Willshaw model [35]. They used only two populations
of neurons, one excitatory spiking population that was autoassociatively con-
nected according to the clipped Hebbian learning rule [11,37,23], and a single
gradual inhibitory interneuron reciprocally coupled with the excitatory popula-
tion. Connections from an input population coupled to the excitatory population
and initiated a retrieval. The function of the inhibitory population was to control
excitation so that only one of the addressed populations got activated.

However, this model was faced with two problems. First, it only works in a
very restricted activity range. In particular, activation may explode when there
are too many additional active elements in the address pattern, or when a su-
perposition of several incomplete patterns is used as an address. Second, the
temporal dimension was not really considered: introducing realistic synaptic and
axonal delays, the pattern separation capability may vanish, since the indirect
activation of inhibition is too slow. In the following we present a more elaborated
model closely related to the algorithm used in the classical Willshaw model [37,
23] that overcomes these problems.

In the autoassociative Willshaw model, stored patterns are represented by
fully connected subsets of neurons, also called assemblies. When addressing with
a certain pattern, the result is that every neuron i can be assigned a counter value
c(i) usually interpreted as membrane potential corresponding to the number
of connected address neurons. The result of the retrieval is the set of neurons
with counter values exceeding a global threshold Θ. For threshold setting, two
strategies are used: (i) Either one knows that the address pattern is an incomplete
version of a stored pattern, then the threshold equals the number of active units
in the address pattern and we obtain all neurons of the stored pattern, plus
eventually some false ones. (ii) Or when nothing is known about the address
pattern, one has to adjust the threshold step by step until the number of active
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units in the resulting pattern has a desired value (cf. [36]). Note that the second
strategy constrains the pattern sizes to be about the same for all patterns.

Here we want to consider a realisation of the associative memory by spiking
neurons. To this end we model the membrane potential x(i) of each neuron as a
linear differential equation that is driven by the synaptic inputs or equivalently
by the counter values split up into three categories,

d

dt
x(i) = A · c(i)

H + B ·
(
c
(i)
A − α · cΣ

)
, A, B > 0, 0 < α ≤ 1 (1)

where c
(i)
H is the number of spikes received (possibly heteroassociatively) from the

address area, c
(i)
A the number of spikes received (autoassociatively) from within

the area, and cΣ the total number of spikes that occurred in the addressed
area. Parameters A and B determine strengths of inter-areal and intra-areal
inputs respectively. Parameter α determines the so called separation strength.
E.g. a separation strength of α = 0.9 means that the autoassociative feedback
is only excitatory for neurons connected to more than 90 percent of the neurons
that have fired in the addressed area. For all other neurons, the autoassociative
feedback is inhibitory.

To implement something analogous to the first threshold strategy described
above, dx/dt should be positive for cA ≈ cΣ and negative for cA � cΣ . This
is achieved by choosing α ≈ 1 and making the (intra-areal) autoassociative
feedback much stronger than the (extra-areal) heteroassociative. This is also
justified for biological models, since half of the synapses on a cortical pyramidal
cell are made by axons belonging to local (autoassociatively coupled) neurons of
the same area, while the other half results from remote areas [5]. Experiments
revealed that a local cortical neuron group is connected to five to eight other
cortical patches, what suggests that the local autoassociative feedback may be
about five to eight times stronger than input from one extra-areal neuron group.

Now the choice of threshold Θ becomes independent of the size of the address
pattern. This is because as long as all neurons that exhibited a spike belong to one
assembly, for all other neurons of this assembly we have cA = cΣ , and therefore
their potentials continue to increase towards the threshold. Further, miscarried
retrievals (e.g. if neurons of different assemblies have already fired) exhibit a
tendency to break down at an early time, because the condition cA ≈ cΣ is no
longer fulfilled for any neuron. Thus we obtain autonomous threshold control
and autonomous detection of failed retrievals.

For a direct biological implementation of the spike counter model, consider
the network structure of Figure 1. The network consists of two areas. The ad-
dressing area R makes input connections in the addressed area C, which consists
of one excitatory population C, and two inhibitory populations CS (separat-
ing inhibition) and CT (terminating inhibition). Note that only population CS

receives input from the addressing area.
Considering only the two populations C and CS , the idea is to make CS

behave as a twin-population of C. Therefore, the input connection R → CS is
the same as R → C, the heteroassociative connection C → CS is analog to
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R

C

CS

CT

Fig. 1. Network structure of the spiking associative memory. Excitatory synaptic con-
nections are denoted by →, inhibitory ones by a.

the autoassociative connection of C, and the two unspecific inhibitory feedbacks
CS → CS and CS → C are also the same. The result is, that in C and CS al-
ways corresponding neuron populations get activated. So, information about the
spike counter cA is conveyed through the excitatory autoassociative connections
of population C, while information about the spike counter cΣ can be conveyed
through the unspecific (e.g. full) connections from population CS onto C. This
property is even independent of many features of the neuron model (including
synaptic and axonal delays). The only requirement is that excitatory and in-
hibitory inputs superimpose in an approximately subtractive manner on a time
scale according to the retrieval length (in our model 4-5ms).

We suggest that excitatory and inhibitory conductances play the role of the
spike counters. In our model, excitatory and inhibitory conductances ge and gi

superimpose linearly (equations 5–6). Therefore we can write

ge ≈ K · cH + L · cA, gi ≈M · cΣ (2)

for relative synaptic strengths K, L and M , if the spike counts represent spikes
in a short time window (dependant on the decay constants of the synaptic con-
ductances). Below, we will find that a retrieval is done in 4-5ms, and therefore
the approximation is justified. Neglecting noise processing and assuming an es-
sential subtractive superposition of EPSPs and IPSPs, we obtain from equation
7 the following approximation.

τx
d

dt
x ≈ ge(Ee − x) + gi(Ei − x)

≈ (K · cH + L · cA)(Ee − x) + M · cΣ(Ei − x)

= K(Ee − x)cH + L(Ee − x)
(

cA − M(x− Ei)
L(Ee − x)

cΣ

)
(3)
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This is equation 1 for parameters

A =
K(Ee − x)

τx
, B =

L(Ee − x)
τx

, α =
M(x− Ei)
L(Ee − x)

. (4)

Note that the parameters depend on the membrane potential x. While for biolog-
ical parameter-values, the dependence of A and B may be weak, since x is small
in comparison to the excitatory reversal potential, the dependence of α may be
much stronger, since the resting potential of neurons may be near the inhibitory
reversal potential. This means that the separation strength α increases with the
membrane potential driving towards the firing threshold. So we have essentially
implemented our technically spike counter model using an excitatory and an
inhibitory neuron population where afferents for the inhibitory one are copies of
the excitatory one.

Since our model relies on a balanced excitation and inhibition, it is not always
guaranteed that the excitation can be controlled. Furthermore, it may even be
useful to choose the separation strength to be not stationary in order to work in
different regimes (cf. [24], chapter 12). In an unbalanced regime of weak separa-
tion strength, the inhibition produced by CS may be much too weak to control
excitation. So to be sure that finally inhibition prevails, there may be a need for
the second inhibitory population CT to be activated at the end of the retrieval.
This can simply be achieved by making the afferents (and efferents) of CT un-
specific. Using e.g. a full connection C → CT results in a synchronous activation
of CT and those neurons of an addressed assembly that get no extra-areal input
(e.g. because the address pattern was incomplete).

Figure 2A-C demonstrates the typical behaviour of our spiking associative
memory. For addressing R we activated subsequentially two assemblies AR1 and
AR2 heteroassociativley corresponding to the assemblies AC1 and AC2 stored in
area C (Fig. 2A). AR2 was activated tdiff = 2ms after AR1, and the temporal
dispersion of activation times of individual neurons was a Gaussian with stan-
dard deviation of 1.5ms. Figure 2B shows the activation of the two addressed
assemblies in C. While the first assembly gets activated completely, the second
assembly is mostly suppressed with the most activated neurons lying in the over-
lap with the first assembly. Figure 2C shows the activation of the three neuron
populations in C. The populations C and CS show a symmetric behaviour, while
population CT gets activated at the end of the retrieval.

We compared pattern retrieval and separation quality for several variants
of our model [15,16]. Some results for the base model SSI (Specific Separating
Inhibition) as described above and a variant NSI (No Separating Inhibition)
with inactivated CS are shown in Figure 2D,E. We simulated for two conditions.
Either with low or with high memory load (quotient of learned synapses to total
number of synapses). The plots show the normalized separation quality sN [16]
over the average spike time difference tdiff of the two addressing assemblies in R
(we have sN = 0 if all addressed assemblies get equally activated, and sN = 1 if
exclusively one addressed assembly gets activated).

Even for low memory load (Fig. 2D) the differences between the models
are revealed. While the model variant with inactivated population CS exhibits
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Fig. 2. Pattern retrieval and separation in the biological associative memory model
when addressed with a superposition of two patterns. Sizes of populations C and CS

were 1600 neurons, size of CT was 400. Average pattern size was 160. A-C: Typical
retrieval in the base model (SSI) when addressed with two superimposed pattern (av-
erage spike time difference tdiff = 2ms). A: Spike activity in the address area R. Two
patterns AR1 (thick line) and AR2 (thin line) with temporal overlap are activated. B:
Spike activity in population C. Only assembly AC1 (thick line) addressed by the earlier
pattern AR1 gets completely activated, while AC2 (thin line) is suppressed. C: Spike
activities in the three populations C, CS and CT . Activity of C and CS is symmetric,
while CT is activated at the end of the retrieval. D-E: Quality of pattern separation sN

over average spike time difference tdiff for two overlaying address patterns. The results
for the model SSI (∗) as described in the text and a variant NSI (�) without CS are
shown. D: Quality sN for low memory load (only 10 stored patterns). E: Quality sN

for high memory load (25% of the synapes for heteroassociation from R, and 40% for
autoassociation within C were formed).

pattern separation only for relatively high values of tdiff , the complete model
accomplishes pattern separation also for small values of tdiff . The differences in-
crease, when the memory load is increased (Fig. 2E). Here, the variant without
CS show generally bad results even for large values of tdiff because even address-
ing with single patterns leads to low quality retrievals. In contrast the complete
model still shows acceptable results. Simulations of further variants have demon-
strated that there is no need for a one-to-one relation for the assemblies in C
and CS . Excitatory afferents of CS may even be unspecific [15,16] as long as CS

gets extra-areal input as C.
Note that depending on the operation mode of connected associative memo-

ries, relatively small values of sN for a single retrieval are sufficient. E.g. in an
oscillatory regime with two reverberating associative memories, the separation
is improved from one to the next iteration. This behaviour is known as iterative
retrieval in technical associative memories [29,32]. Our results presented in the
next section suggest indeed a similar function of synchronous oscillations found
in the visual system.
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3 Synchronization and Scene Segmentation in a Model of
Coupled Visual Areas

According to the temporal correlation hypothesis, synchronous oscillations were
suggested to solve the binding problem [6,30]. This problem actually consists of
a set of related problems and may appear in quite different shapes. Two aspects
investigated here are the binding of features belonging to a single entity by
synchronization, and the separation of features belonging to different entities by
desynchronization.

In the following we present a model of the orientation selective subsystem of
the primary visual cortex (here called area P) that is reciprocally connected to
a central association area C modelled as an associative memory as described in
the previous chapter. We tested our model with single objects as well as with a
superposition of several stimulus objects (triangle, ellipse and rectangle) which
are represented in the retinal area R connected unidirectionally to area P. Here
the representation of each stimulus in P is the activation of a certain set of
orientation selective patches. And the binding problem is both to identify the
patches that belong to the same representation, and to identify corresponding
representations in the two areas P and C. Our goal here is, to present a model
that reproduces the corresponding experimental findings of stimulus-specific cor-
relation and decorrelation of neural activity [8,18].

3.1 Network Model

Now the network consists of three areas (R,P and C) each composed of several
neuron populations. Figure 3A shows the connection scheme of neuron popula-
tions. In area R (retina) input patterns corresponding to stimulus objects in the
visual field are represented in a 100×100 bitmap. Area P (primary visual cortex)
consists of 100 × 100 excitatory spiking neurons (population P ) and 100 × 100
inhibitory gradual neurons (population P I). Connections from R and inside P
are modelled corresponding to the subsystem of orientation selective columns
in the primary visual cortex, resulting in the patchy stimulus representations
shown in Figure 4B. At a certain location in P, only the neurons with orienta-
tion preferences best matching the active pattern in R get strongly activated,
while neighboring cells are suppressed by recurrent inhibition.

Area C (central visual area) is modelled as the SSI-variant of our spiking
associative memory described in the last chapter. Populations C and CS both
have sizes 40×40, while population CT has size 20×20. The stored patterns are
topographic random representations of the stimuli and additional pure random
patterns to fill up the memory matrixes to about 0.05. As can be seen in Figure
4C, the original stimulus shapes are only rawly preserved in the stored patterns.

Figure 3B shows the arrangement of orientation selective columns in area P.
For computational reasons we confined orientations to four discrete values 0◦,
45◦, 90◦ and 135◦. Further the arrangement is composed of the regular alignment
of 10×10 identical blocks of size 10×10. Each such block corresponds to roughly
1mm2 cortex and consists of four subblocks with centers (depicted as small
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black circles) around which orientation preference rotates for 180◦. The exact
symmetric layout of our model was inspired by a model of Grinvald (cited as
personal communication in [12]).

Each neuron in population P receives topographically orientation tuned grad-
ual input from a local neighbourhood in R. Figure 3Ca plots the synaptic
strength kernel for afferents of a neuron sensitive for horizontal orientations.
The kernel can be computed using a two-dimensional Gaussian. The Gaussian
is properly rotated for neurons with other preferences.

The internal excitatory connection from and to population P couples specif-
ically neurons which have similar orientation preferences and additionally are
near neighboured or collinear aligned. This is as expected from Hebbian correla-
tion learning during the presence of stimuli rich of contours. Figure 3Cb shows
exemplarily the kernel for afferents of a neuron Px (cross x in Fig.3A).

Connections involving inhibitory neurons of P I are modelled as non-specific
with respect to orientation selectivity, therefore synaptic strength depends ex-
clusively on neuron distance. For a neuron in P I , Figure 3Cc shows the strength
of afferents from P . The kernel is identical for all neurons and can be computed
using a two dimensional symmetric Gauss function. Each neuron in P I inhibits
itself and the corresponding neuron in P .

To overcome the problem of artificial stimulus-locked synchronicity even be-
tween distant patches, we introduce spatially and temporally correlated noise

Fig. 3. Structure of the model of reciprocally coupled areas. A: Network of the different
neuron populations. The network consists of three areas. The retinal area R, the pri-
mary visual area P, and the central association area C. B: Arrangement of orientation
selective columns in area P. Only a 20 × 20 clip is shown, whereas area P is composed
of 100 identical blocks of size 10 × 10. The black points mark centers around which
orientation preference rotates for 180◦. C: Plots of afferent kernels of the neurons at the
location corresponding to the cross (x) shown in B. For the excitatory neuron, afferents
from R (a) and from P (b) are shown, while for the inhibitory neuron afferents from
P are depicted (c).Numbers indicate kernel sizes.
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as ubiquitously found in experiments (e.g. [3]). The result is simply that dis-
tant activated patches show no more synchronization artefacts, i.e. correlograms
remain flat as in experiments (e.g. [6]).

Figure 4 plots the representations of the triangle stimulus in the different
areas R,P and C. Projections of the patchy representations in P onto area C are
used to define topographical random patterns for area C which were stored in
the associative memory. In our simulations, the average size of stored patterns
was 80 neurons for the stimulus and the random patterns.

For the reciprocal connections between areas P and C, we modelled essen-
tially a topographically confined heteroassociation. As patterns in P, we used
the spike rate patterns elicited by a stimulus in P after a threshold operation.
A neuron was defined as belonging to the pattern, if its spike rate was greater
than 18 spikes/sec (see Fig.4B). Neurons in P project onto neurons in C and CS

within a neighbourhood (diameter 13) around the topographic corresponding lo-
cation in area C. For neurons in C, feedback projections onto neurons in P were
similarly topographic (diameter 33). As in the Willshaw-model of heteroassocia-
tive memory, synapses between two neurons in P and C were present, if both
neurons belong to at least one pair of corresponding patterns in P and C. The
synaptic strength for a connection between two neurons is proportional to the
highest spike rate of the neuron in P, exhibited when stimulated with a pattern
that both neurons represent. Note that the reciprocal connection is symmetric
with respect to synaptic strength.

Generally we used distance dependent spike transmission delays composed
of two or three additive components: a synaptic base component, a distance
dependent axonal component, and sometimes a random component. For intra-
areal connections delays were between 0.8 and 2.8 ms, while for the inter-areal
connections delays were between 3.8 and 9.8 ms (see discussion).
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Fig. 4. Representations of the triangle stimulus in the three areas of the model. A:
Stimulus representation in area R. B: Representation in area P is patchy due to the
orientation selective modules. C: Representation in area C is a topographic random
pattern. Original shape is rawly preserved.
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3.2 Simulation Results

In the next subsections we present some simulation results for different net-
work and stimulus configurations. First, we investigate the role of feedback from
higher area C to primary area P using a single stimulus by comparing results
from simulations with and without feedback. And after this we investigate scene
segmentation in our complete model using three overlapping stimuli. For each
network and stimulus configuration, we used the same parameter set (neuron
parameters, connection strengths, delays), and simulated the model for 2000 ms
with stationary stimulus configuration. Recorded spike activity from the excita-
tory populations P and C over the complete simulated time window was used
for computation of average firing rates and correlation histograms.

Single Stimulus Condition: For the single stimulus condition we used the
triangle stimulus (Fig. 4) and simulated our model with and without the feedback
from area C to P.

Figure 5 shows the simultaneously recorded (summed) spike activity in pop-
ulations P and C. The plots on the left (Fig. 5A-D) show the results for the
model without feedback P ← C, while the plots on the right (Fig. 5E-H) show
the results for the complete model. Without feedback, activity in areas C and P
is relatively slow and not very regular. Activity within patches of P is obviously
synchronized, but in a quite irregular manner, while activity of different patches
seems to be rather independent. In contrast, the behaviour gets more ordered for
the complete model. Now both C and P show regular fast oscillatory behaviour,
and different patches in P seem to be synchronized. Even for many activated
neurons, oscillations are reflected in the membrane potential (Fig. 5H, bottom
neuron). However, other activated neurons exhibit visible membrane potential
oscillations only seldom and spike activity is rather uncorrelated (Fig. 5H, upper
two neurons).

Results of spike rate and correlation analysis are shown in Figure 6. For the
model without P ← C, the rate pattern in P (Fig. 6A,B) reflects the stimulus
representation (see Fig. 4) of the triangle stimulus. However, the patches appar-
ently are delimited in a rather blurred way. Spike rates seem to be distributed
unimodally with most neurons resting near zero activity and only few neurons
reaching up to 40 spikes/sec. In contrast, the rate distribution in C (data not
shown) was clearly bimodal. The activated neurons were only the ones belonging
to the triangle assembly and the spike rates were narrowly distributed around
rates of 25− 30 spikes/sec. For the complete model (Fig. 6D,E), demarcation of
patches in the rate pattern is sharper because of increased inhibitory activation
due to the feedback. The spike rates increased for many neurons, and now also
the rate distribution in P is clearly bimodal with many neurons still resting at
a low rate, and a second population of neurons with rates broadly distributed
above 20 spikes/sec. The situation in C was similar to the case without feedback,
but activity was slightly faster.

To analyse temporal interaction between different patches as well as between
the two areas, we computed auto and cross correlation histograms (ACHs/CCHs)
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Fig. 5. Spike trains for single stimulus condition. Left plots (A-D) correspond to the
model with inactivated feedback from area C. Right plots (E-H) correspond to the
complete model. A/E: Summed spike activity in population C. B/F: Summed spike
activity in population P . C/G: Summed spike records of 10 different activated patches
representing the triangle stimulus in population P . D/H: Potentials and spikes of single
units taken from three activated patches of P .

on the patch and population level (detailed data in [15,17]). For the model with-
out feedback P ← C, the ACH of population P exhibited only a weak central
peak indicating non-oscillatory weak global synchronization. Correspondingly,
the CCHs for different patches remained flat on average. They exhibited stronger
peaks near zero time lag only for neighboured patches, while for distant patches,
correlograms remained essentially flat with small peaks at random time lag (see
Fig. 6C). ACH of population C exhibited a strong central peak indicating the
fast retrieval processes in the associative memory, but only weak side peaks in-
dicating relatively irregular oscillations. As expected, the CCH for activity in
P and C remained flat indicating uncorrelated activity in the two areas. The
results for the complete model revealed fast oscillatory synchronization (about
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50 Hz) in the range of the feedback from area C. All correlograms for intra-areal
activity exhibited now strong central peaks with side peaks (see Fig. 6F). The
correlation strength between patches was increased and depended only weakly
on patch distance. In the CCH for activity in populations P and C, the cen-
tral peak was shifted for about half a period indicating antiphasic oscillatory
activity. This behaviour is typical for the mutual activation of two reciprocally
connected areas by one activity wave running iteratively forth and back as re-
ported earlier in simulation studies [28,4]. However, in experiments inter-areal
oscillatory synchronization apparently occurs predominantly at zero phase [6,
9,7,10]. We will discuss this discrepancy below after presenting the simulation
results for overlayed stimuli.

In summary, the function of the feedback P ← C as suggested by our simula-
tion results for the single stimulus condition may be the following. Considering
spike rates, activity is specifically enhanced for neurons representing relevant
features because of additional excitation from the higher area. For the same rea-
son, activity is suppressed by indirectly evoked inhibition for many neurons with
RF-properties matching less precisely the stimulus configuration. Together, this
leads to a sharper activation pattern of an assembly representing the scene in
the visual field. Considering temporal relations, the range of synchronized spike
activity is extended by feedback from the higher area. While without feedback,
synchronization is restricted to a patch according to the local intra-areal connec-
tions of area P, activating feedback extends synchronization to the whole area.
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This happens because the locally induced synchronicity in the associative mem-
ory C is transmitted to the primary area P by converging/diverging connections.
More generally, we suggest that the range of synchronization is determined by the
extent of (i) locally induced synchronicity in the higher area, and (ii) divergent
feedback from the higher area. In addition, the sychronization is accompanied
with oscillatory activity, much faster and more regular as without feedback.

Superposition of Three Stimuli: To investigate scene segmentation in the
complete model, we used a superposition of three stimuli: the triangle as before, a
rectangle and an ellipse. Except the different stimulus configuration, simulation
conditions and the model parameters were exactly the same as in the single
stimulus conditions.

Figure 7 shows the simultaneously recorded spike activity in populations
P and C, similar to the single stimulus condition (cf. Fig. 5). Spike activity
is depicted separately for the different (sub)assemblies representing the three
stimuli (triangle, ellipse and rectangle). The recordings of one assembly in C
(Fig. 7A, e.g. the bottom row for the rectangle assembly) show periods of fast
oscillatory activity lasting for a few hundred milliseconds alternating with longer
periods of essential silence. Comparing the three recordings from C, one obtains
that only one assembly is in the oscillatory state at a time. This results from the
structure of the associative memory in area C preferring separated activation of
the three addressed assemblies (see previous section).

Activity of the three (sub)assemblies in area P reveals similar results (Fig.
7B-D) as in C. The recordings show periods of fast and precise (small phase jitter)
oscillatory activity lasting again for a few hundred milliseconds alternating with
periods of relatively slow und unordered activity. While the ”slow” state and the
”fast” state can clearly be distinguished on assembly and patch level, for many
single units the distinction is much harder (Fig. 7D, upper two recordings).

Corresponding assemblies in P and C are always at the same time in the fast
or in the slow state. Moreover, looking at the recordings of one assembly (e.g.
the triangle), the behaviour in the fast state is very similar to the results from
the single stimulus condition in the complete model (cf. Fig. 5E-H), while the
behaviour in the slow state is very similar to the results from the single stimulus
condition in the model without feedback P ← C (cf. Fig. 5A-D).

Figure 8 shows the analysis of spike recordings. Anlalysis of mean firing
rates shows a superposition of the assemblies representing the three stimuli (Fig.
8A–D). While the three patchy assemblies in P can clearly be distinguished
(Fig.8A), the superposition of the three assemblies in C results seemingly in
a random activity pattern (Fig.8C, cf. Fig. 4). Patches representing different
stimuli apparently are activated differently. At least the patches representing
the triangle seem to be weaker than the other patches. However, the spike rate
histogram for P (Fig.8B) shows a bimodal distribution with most neurons having
small spike rates. The average firing rate of the activated neurons lies well below
50 spikes/sec (the frequency of the fast oscillations), and the fastest neurons
reach no more than 75 spikes/sec. In area C the results are qualitatively similar
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Fig. 7. Spike trains for superposition of three stimuli in the complete model. A:
Summed spike activity in population C for the triangle (top row), ellipse (middle
row) and rectangle assembly (bottom row). B: Summed spike activity in population P
for the triangle (top row), ellipse (middle row) and rectangle assembly (bottom row).
C: Summed spike records of 10 different activated patches representing the triangle
(rows 6–9), the ellipse (rows 3–5) and the rectangle stimulus (rows 0-2) in population
P . D: Potentials and spikes of single units taken from three activated patches of P
representing the triangle stimulus.

with the average of the activated neurons firing at about 20− 25 spikes/sec and
only few neurons reaching up to 40 spikes/sec.

Some results of correlation analysis are shown in figure 8E-G (cf. [15,17]).
Looking at only one assembly, the results were generally very similar to the single
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stimulus condition of the complete model. The intra-areal ACHs and inter-areal
CCHs for one assembly (in Fig. 8E,F the rectangle assembly) showed the same
modulations with strong central and several side peaks in the case of intra-areal
activity, and with shifted peaks in the case of inter-areal activity.

In contrast, correlations were generally absent when considering activities
from two different assemblies representing different objects. These flat correlo-
grams were obtained in the case of intra-areal (see Fig. 8G) as well as in the
case of inter-areal activities (data not shown here). This result is consistent with
findings of specifically modulated and unmodulated correlograms in experiments
using multiple stimulus objects [8,18], while earlier proposed phase-coding mod-
els (e.g. [28]) would predict shifted peaks.

In summary, activities of assemblies representing the same entity are syn-
chronized with modulated correlograms, while assemblies representing different
entities exhibit uncorrelated activity with flat correlograms. Scene segmenta-
tion in our model is accomplished through a kind of self-generated attention
switching in a sequence from the one to the next present pattern. The assembly
representing the most salient object is first attended resulting in a state of fast
and precise activation induced by reciprocal activity exchange between the two
areas. After some time the assembly gets fatigued due to habituation and the
assembly representing the next salient object switches from a slow, asynchronous
state to a fast synchronous state. Here, the binding problem is solved through
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self-generated attention switching on a time scale slower than the one suggested
by phase-coding models.

According to our results in the last chapter concerning the structure of the
associative memory, the scene segmentation capability of our model has van-
ished when we inactivated population CS in area C. The result was that all
assemblies were in the fast synchronous state at the same time, the superposi-
tion catastrophe. Varying the time constants and strength of neuron habituation
(see equation 10), we were able to control the time scale on which the binding
through self-generated attention happened.

4 Discussion

Starting from retrieval strategies in the simple binary associative memory [37,
23], we proposed a new model of spiking associative memory similar to the model
of [35], but incorporating two populations of inhibitory neurons (separating and
terminating inhibition) differently involved in the retrieval of stored patterns.
While one inhibitory population receives extra-areal input in the same way as
the excitatory population, the other receives only intra-areal input. The result
is a quasi-autonomous threshold control and failure detection. Capability of fast
and very robust pattern separation is kept even for high memory loads up to
0.4. However, then separation for address patterns strongly overlapping in time is
only partially accomplished and must be improved by iterative retrieval (similar
to [29] and [32]). Our experiments show that a good performance of iterative
retrieval does not require the inhibition to be specific [15,16].

We then investigated the interactions of two reciprocally connected visual
areas, the primary visual area P and the central visual area C. For area P we
presented a model of the orientation selective subsystem of V1, while area C
was modelled as spiking associative memory as described above. To test for the
function of the reciprocal inter-areal connection, we simulated the model with
and without feedback P ← C using a single stimulus. Without feedback we found
in P only slow and unordered oscillations at about 20−25 Hz, synchronized only
between neighbouring neuron groups. In contrast, the oscillations in the complete
model became faster (50−60 Hz) and more coherent, synchronized at zero phase
within the whole range of feedback from C.

Scene segmentation was studied in this model using a superposition of three
different stimulus objects. The neuron groups representing one object tended
to be simultaneously in either a slow state (similar to the single stimulus con-
dition with inactivated feedback) or a fast state (similar to the single stimulus
condition of the complete model) At any particular time, only one assembly (of
the three) was found to be in the fast state. After persistence for about 100 to
300 milliseconds, this assembly got fatigued due to habituation and left the fast
state, whereby another assembly switched from the slow to the fast state. Cross
correlations between cell groups coding features corresponding to a common ob-
ject were modulated (with a peak at zero), while cross correlations remained flat
if the cell groups coded features corresponding to different objects. These results
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are consistent with experimental findings of specifically modulated and unmodu-
lated correlograms [8,18]. In contrast, earlier proposed phase coding models (e.g.
[28]) predict modulated correlograms between two groups of neurons in both
cases, with a central peak if the two groups code the same entity, and with a
shifted peak if the two groups code different entities. In these models, simulta-
neously presented stimuli are segmented by serially activating the corresponding
assemblies in an invariable order within one gamma-period.

In our model the prevalence of one of the three stimulus objects is switched on
a time scale of 100 ms as opposed to < 10ms in phase coding models. This points
to the involvement of attentional mechanisms in this switching of the interpre-
tation which is to a large amount initiated by the higher associative cortical
area. With this interpretation our network also reproduces findings concerning
the influence of attention on single neurons in sensory areas (e.g. [27]).

The described switching of activated assemblies may be related to exper-
imental findings of synchronization on different time scales, e.g. the T,C and
H-peaks of correlograms in [22]. On the larger time scale corresponding to the
C-peaks, we reproduced correlograms with centered peaks around zero even for
inter-areal connections, and also the correlograms with different peak types at
the same time (e.g. T and C) are reproduced by our model [17].

There still is one point in our simulations that is apparently inconsistent
with physiological observations. In Fig. 8F we see the antiphasic oscillations be-
tween the two areas P and C, whereas zero phase seems to be most commonly
observed even between different cortical areas [6,9,7,10]. In further simulations
[17], we varied the inter-areal delays. Using only short delays, we obtained near
zero phase synchronization, but the fast oscillations were absent and the self-
generated attention switching was no longer present, because inhibition could no
longer be bridged by the short delays. Using longer delays, we obtained indeed
zero-phase lag and preserved the scene segmentation capability. This suggests
that the problem could be resolved, for example, by introducing a wider dis-
tribution of time delays in cortico-cortical projections including very short and
also quit long ones (cf. [33]), or by using other excitatory mechanisms on a larger
time scale (e.g. bursting, NMDA channels).

We are aware that in our model the function of the fast oscillations is es-
sentially to enable fast pattern separation and to improve the quality of rep-
resentations by iterative retrieval [29,32], while the binding mechanism allows
the simultaneous representation of several objects only on a slower time-scale
of several hundred milliseconds. Results of psychological experiments (e.g. [26])
suggest both the existence of a rather long time-window for experience of com-
plex situations (> 0.5 sec) and the need for a higher temporal resolution than
this (30 − 40 ms). This points to a functional role of processes faster than the
attention switching in our model, i.e. oscillations or fluctuations within an en-
hanced state lasting for some hundred milliseconds may still carry more detailed
information about spatio-temporal relations in the outside world.
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Appendix: Neuron Model

For simulations we chose a one-point spiking neuron model at an intermediate
level of complexity, comparable with the so-called PTNR10 model of [19], that
produces relatively realistic input-output dynamics.

The postsynaptic excitatory and inhibitory membrane conductances ge and
gi are determined by the excitatory and inhibitory presynaptic input ine and
ini. The dynamics of ge (gi analogous) is defined by

τe
d

dt
ge(t) = −ge(t) + ine(t), (5)

ine =
∑

p∈Pe,s

wp

∑
s∈Sp

δ(t− s− dp) +
∑

p∈Pe,r

wp y(t− dp). (6)

Here Pe,s contains the excitatory spiking neurons presynaptically coupled to the
considered neuron. Analogously, Pe,g contains the coupled gradual neurons. wp

is the synaptic strength, and dp the total delay of the connection from neuron p.
δ(t) is the Dirac impulse, so an arriving spike causes an instantaneous increase
of the conductance followed by an exponential decrease according to the time
constant τe (5 ms) or τi (7 ms). yp(t) is the output (mean firing rate) of gradual
neuron p. The evolution of the transmembrane potential x is governed by the
following low-pass equation.

τx
d

dt
x = −x + [ge(Ee − x) + gi(Ei − x)]

ge + g0

ge + gi + g0
+ XN (7)

Without any input the membrane potential x decays exponentially with time
constant τx (10ms). Excitatory or inhibitory conductances drive x towards the
excitatory or inhibitory reversal potential Ee (80 mV) or Ei (−10 mV). A further
divisive effect of inhibition may be modelled by appropriate values of parameter
g0 (100). The noise potential XN is defined as

XN (t) = σN N(t)(1 + σM ine,r(t)), (8)

where N(t) is random with expectation zero, while σN and σM determine the
noise power. Values of σM > 0 cause an modulatory influence of the gradual
excitatory synaptic input ine,r, defined as the last sum in equation 6. Sometimes
N(t) is spatio-temporally correlated. For the spiking model the output variable
y(t) indicates the generation of a spike. This happens as soon as the membrane
potential x exceeds the threshold Θ(t), where for the last spike time s(t−)

Θ(t−) =
{ ∞ , t− s(t−) ≤ Ra

Θ∞ · (1 + Rr

t−s(t−)−Ra
) + h(t−) , otherwise. (9)

Refraction is modelled by introducing absolute and relative refractory periods
Ra (2 ms) and Rr (4 ms), Θ∞ is the asymptotic threshold value for t→∞. The
dynamics of habituation h(t) is described by

d

dt
h(t) = − 1

τh
h(t) + H

∑
s∈S

δ(t− s), (10)
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where S contains the spike times of the neuron. So each spike causes an instanta-
neous increase of h(t) by H (3 mV for C/CS) followed by an exponential decay
according to τh (150 ms).
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Abstract. Familiarity discrimination, i.e. the ability to recognise previ-
ously experienced objects is important to the survival of animals, but it
may also find practical applications in information technology. This pa-
per describes the Familiarity discrimination based on Energy algorithm
(FamE) inspired by the computations of the perirhinal cortex - the area
of the brain involved in familiarity discrimination. In FamE the infor-
mation about occurrences of familiar records is encoded in the weights
of a neural network. Using the network, FamE can discriminate whether
a given record belongs to the set of familiar ones, but cannot retrieve
the record. With this restriction, the network achieves much higher stor-
age capacity for familiarity discrimination than other neural networks
achieve for recall. Therefore, for a given number of familiar records, the
description of the weights of the network occupies much less space in
memory than the database containing the records itself. Furthermore,
FamE can still classify a record as familiar even if it differs in a sub-
stantial proportion of its bits from its previous representation. FamE is
also very fast. Preliminary results of simulations demonstrate that the
algorithm may be applied to real-world problems.

1 Introduction

Animal and humans possess the ability to discriminate familiarity for an impres-
sive number objects. Human subjects, after seeing thousands of different pictures
once, can still recognise the individual pictures as familiar [21]. This ability to
recognise previously seen objects is important to the survival of animals, but it
may also find practical applications in information technology. For example, the
ability to determine whether a web site has been visited or not is very useful
to a software agent searching the web. Familiarity discrimination is analogous
to checking whether a record belongs to a certain set (i.e., the set of familiar
records). From this point of view there exists a wide range of possible appli-
cations. One example could be a program controlling a security camera at the
entrance of a building - it does not need to identify a person (e.g., retrieve its
name), but only discriminate whether this person belongs to the set of persons
authorised to enter the building. Another example could be checking whether a
record is stored in a database without actually searching the database.
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To solve problems related to familiarity discrimination, current methods cre-
ate a database of familiar records and use it to check whether a given record is
contained in the database. Storing the database allows retrieval of information
so this approach is not specialised for familiarity discrimination and hence is
far from optimal. It is used because nowadays disk space is cheap and database
searching is relatively fast. However, in the case when a user does not look for
an exact match in the database but for something similar, database searching
is much slower because one cannot use standard searching techniques such as
indexing or hashing.

This paper describes the recently developed algorithm, Familiarity discrim-
ination based on Energy (FamE) [5] and shows its applicability. In FamE the
information about occurrences of familiar records is encoded in the weights of
a neural network. Using the network, FamE can discriminate whether a given
record belongs to the set of familiar ones, although it cannot retrieve the record.
For example, it cannot retrieve the record after being given only partial informa-
tion (e.g., a key). With this restriction, the network achieves much higher storage
capacity for familiarity discrimination than other neural networks achieve for
recall. Therefore, for a given number of familiar records, the description of the
weights of the network occupies much less space in memory than the database
containing the records itself. Furthermore, FamE can still classify a record as
familiar even if it differs in a substantial proportion of its bits from its previous
representation. FamE is also very fast.

FamE is inspired by the computations performed by the perirhinal cortex.
Work in amnesic patients and in animals has established that discrimination of
the relative familiarity or novelty of visual stimuli is dependent on the perirhi-
nal cortex [1,2,8,17]. Damage to the perirhinal cortex results in impairments in
recognition memory tasks that rely on discrimination of the relative familiarity
of objects [16]. Within the monkey’s perirhinal cortex, ∼25% of neurons respond
strongly to the sight of novel objects but respond only weakly or briefly when
these objects are seen again [8,22]. We have created a model of the perirhi-
nal cortex which is consistent with many experimental observations [6]. Since
the perirhinal network has the properties mentioned in the previous paragraph
for FamE, the perirhinal cortex alone may rapidly discriminate the familiarity of
many more stimuli than current neural network models indicate could be recalled
(recollected) by all the remaining areas of the cerebral cortex. This efficiency and
speed of detecting novelty provides an evolutionary advantage, thereby giving
a reason for the existence of a familiarity discrimination network in addition to
networks used for recollection.

FamE differs in important respects from the artificial neural networks used for
familiarity discrimination in industrial applications [19,10]. In these approaches
familiarity discrimination is regarded as detecting typical patterns of device be-
haviour, since atypical (i.e., novel) patterns may be a sign of malfunction. Hence
such models assume that familiar patterns create clusters in representation space
(and the synaptic weights of their neurons often encode prototypes of familiar
patterns, e.g., see [10]). In contrast, the model outlined here does not require any
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assumptions concerning the distribution of patterns and it discriminates whether
a particular pattern was presented previously rather than whether the pattern
is typical. The information processing of FamE is somewhat similar to that in a
novelty detector [14,15], but the novelty detector is an abstract model of a single
neuron, with correspondingly limited storage capacity. The proposed model is a
network of neurons constructed as to have a very large storage capacity.

The description of the algorithm is given in Section 2. In section 3 the storage
capacity for familiarity discrimination is investigated. Section 4 discusses imple-
mentation issues which must be considered before the application of FamE. Sec-
tion 5 shows how the algorithm performs on real data. Finally, section 6 discusses
the relation of FamE to other techniques.

2 Algorithm Description

FamE stores information about the familiar patterns in the weights of a Hopfield
network. The Hopfield network provides a simple model of associative memory
[12]. It is a fully connected recurrent neural net consisting of N neurons, whose
activations are denoted by xi. The active state of a neuron is represented by 1,
and the inactive state by -1. The patterns stored by the network are denoted by
ξµ and the number of these patterns by P . The weight of the connection between
neurons j and i is denoted by wij and computed according to Hebb rule [12]:

wij =




1
N

P∑
µ=1

ξµ
i ξµ

j if i 6= j

0 otherwise

(1)

The energy of the Hopfield network is defined by [12]:

E(x) = −1
2

N∑
i=1

xi

N∑
j=1

xjwij (2)

The value of the energy function is usually lower for stored patterns and higher
for other patterns [3]. Therefore, the value of the energy may be used for fa-
miliarity discrimination, which in this context corresponds to checking whether
a pattern is stored in the Hopfield network [5]. Normally, the Hopfield network
is used for retrieval of information by updating one-by-one the activities of the
neurons (a process called relaxation). In FamE, the neurons do not perform
any computations (i.e., there is no relaxation), but familiarity discrimination is
achieved by checking the value of the energy function after delivery of a pattern.
In other words, the discrimination is done not by the Hopfield network itself,
but by an external entity which sets up the activations of the neurons according
to a discriminated pattern and calculates the network’s energy for this pattern.

We have already showed that the average value of the energy for stored
patterns is −N/2, while for novel patterns it is 0 [5]. Therefore, by taking as a
threshold the middle value of −N/4, we can define a familiarity discrimination
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criterion, namely, if E < −N/4, then the pattern is classified as familiar, and as
novel otherwise.

In [6] we showed that the neural network designed to mimic neuronal ac-
tivity in the perirhinal cortex performs similar computations during familiarity
discrimination. The energy of the Hopfield network is an artificial function whose
value is calculated by a double summation (see Equation 2). The model perirhi-
nal network effectively calculates a similar function also by a double summation
implemented by two layers of neurons - the first layer performs the first summa-
tion and the second layer the second summation. For details see [6].

3 Storage Capacity

Using signal-to-noise analysis we have established that the FamE algorithm us-
ing a network of N neurons can discriminate familiarity with 99% reliability for
0.023N2 uncorrelated patterns [5]. This capacity is much greater than the stan-
dard capacity of the Hopfield network for retrieval, namely 0.145N [3]. If a higher
reliability is required, the familiarity discrimination capacity decreases slightly
but it is still of order N2, e.g., for an error probability of 10−4 the capacity is
about 0.009N2 and for an error probability of 10−6, about 0.006N2.

If the human perirhinal cortical network operates on similar principles, its
theoretical capacity may be estimated on the assumption that it contains ∼107

pyramidal neurons [13], 25% of which discriminate familiarity, each with ∼104

synapses. With a probability of error of 10−6, the perirhinal network could store
∼108 patterns, each with up to 0.25 × 107 bits. A pile of books storing these
patterns would be ∼7000 km high (equal to the Earth’s radius). The speed
of searching this database is also impressive. It would take 20 ms for light to
traverse the pile, while discriminating familiarity in the model of the perirhinal
cortex takes only ∼10 ms.

FamE demonstrates generalisation and is resistant to disruption by noise
- a pattern will still be classified as familiar even if it differs in a substantial
proportion of its bits from its previous representation. More precisely, a pattern
will be classified as familiar if the Hamming distance (number of different bits)
between the pattern and one of the stored patterns is small. Therefore, before
applying the methods one should ensure that data is represented in such a way
that similar pieces of information (from the point of view of the user) have similar
representations in Hamming space.

The above considerations concerning capacity assume that the weights of
the network are represented as real numbers. When in the Hopfield network the
weights are replaced by binary values, i.e., positive weights by 1 and negative
weights by -1, then the capacity drops from 0.145N to about 0.1N , i.e., it de-
creases by a factor of 0.69 [11]. A similar decrease is observed in the case of
FamE. For example, for a probability of error of 1%, the capacity decreases from
0.023N2 to 0.016N2. After the conversion of the weights to binary values, the
average value of the energy for stored patterns is not −N/2 anymore. Hence, the
energy discrimination threshold (below which patterns are classified as familiar)
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Fig. 1. Comparison of the simulated familiarity discrimination capacity of the network
with binary weights, with theoretical predictions

cannot be taken as −N/4. The threshold should be found empirically. First, one
should compute what the average energy value is for patterns stored in the net-
work (by delivering stored patterns one by one to the network and calculating
the energy without modifying the weights). Then, one should compute the av-
erage energy for a number of patterns which are not stored in the network: the
discrimination threshold should be taken as the mean of these two averages.

Figure 1 compares the simulated familiarity discrimination capacity of the
network with binary weights, with theoretical predictions. For each number of
inputs N , and for each number of stored patterns P , the behaviour of the network
was tested on 1000 random patterns. Among these patterns, 500 were stored
patterns and 500 were random patterns for which the absolute value of the
correlation with each stored pattern was less than 0.5. For each number of inputs
N , Pmax is taken as the maximum number of stored patterns for which the error
rate is ≤ 1%.

In the case of traditional databases, a database storing K records of length
N bits occupies NK bits of memory (e.g., on the disk). The number of bits
occupied on average by one record may be defined as the memory occupied by
the database divided by the number of records, that is, NK/K = N . In the
case of a network with N neurons and binary weights, the database occupies
N2/2 bits, because each weight is represented by one bit and the weights are
symmetrical, so only half of them need be stored. Assuming a probability of
error of 1%, the number of records for which FamE may discriminate familiarity
is 0.023N2 × 0.69. Hence, the number of bits occupied on average by one record
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is equal to (N2/2)/(0.023N2 ×0.69) = 31.51 bits (i.e., 3.94 bytes). In contrast to
traditional databases, here the space occupied by a record is constant and does
not depend on the number of bits in the record. For a probability of error of 10−4

the space occupied by a record is 80.52 bits (10.6 bytes) and for a probability of
error of 10−6 the space is 131.75 bits (16.47 bytes). These data show that FamE
is especially useful for databases containing large records. For example, for a
database with records of 1.5KB, the weights of the network allowing FamE to
discriminate familiarity with a probability of error of 10−6, would occupy only
about 1% of the space taken by the database with the records.

4 Implementation

Section 2 describes how the FamE algorithm works. However, before using it for
practical applications, some implementation issues need to be considered.

Every Hopfield network has limited capacity for familiarity discrimination.
The size of the network required by a particular application (i.e., the number
of neurons) is determined by the number of bits in the records. The capacity of
the network is determined by its size and required probability of error. Hence,
the network capacity may differ from the capacity required by the application
(e.g., the number of records in the database). If the capacity required is smaller,
then one can use a network with sparse connections - we have showed that if
connections are removed from the network, the storage capacity decreases in
proportion to the number of connections removed [6]. If the capacity required is
larger than can be achieved using a single network, then one can use a number of
Hopfield networks and discriminate familiarity by checking the energy of every
network one-by-one.

There are two types of errors the FamE algorithm may make: to classify a
novel pattern as familiar (false-recognition) and to classify a familiar pattern as
novel (non-recognition). Although, as we showed in [5] false-recognition errors
cannot be avoided, non-recognition errors can be eliminated. There are two meth-
ods of eliminating or reducing non-recognition errors. First, in the case where
many networks are used (to accommodate a database larger than the capacity
of a single network), the patterns written to the first network and not recognised
by it may be included in the set of patterns being written to the second network,
and so on. Second, the number of non-recognition errors may also be reduced
by using a different algorithm to modify weights. Instead of presenting all the
patterns to the network and modifying the weights only once for each pattern
according to Equation 1, one can present patterns in a number of epochs (i.e.,
show each pattern once and modify the weights, then show the patterns again
and so on). One should start with all the weights initialised to zero and for each
pattern modify the weights by an amount δ depending on how confident the
network is of the novelty of the pattern:

∆wij =
1
N

δxixj , where δ =




N/2 + E(x)
N/2

for E(x) > −N/2

0 otherwise
(3)
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The coefficient δ is large for patterns having high energy (and thus classified as
novel). Hence for such patterns the magnitude of weight modification is high.
On the other hand, δ is small for patterns having low energy, so for these pat-
terns the weights are not changed significantly. Equation 3 is a generalisation of
Equation 1, since when δ = 1, they are equivalent. We have showed in [7] that
this algorithm always finds values of weights resulting in the correct classifica-
tion of stored patterns as familiar if such values exist. In practice this means
that in many cases it eliminates non-recognition errors completely. In [7] we also
proposed a biological mechanism which may implement a similar mechanism in
the perirhinal cortex.

The results presented in section 3 concerned the case where patterns are not
correlated. The condition of uncorrelation is likely to be satisfied by the patterns
of neuronal activity for which the network of the perirhinal cortex discriminates
familiarity because, as suggested in [4], the activity of sensory neurons encodes
independent features.

The storage capacity of the Hopfield network decreases when the stored pat-
terns are correlated [11]. A similar decrease is also observed in the case of FamE.
For many real-world applications, the binary representations fo records are cor-
related. For example when the records contain text in ASCII code, then the
most significant bit of each byte is equal to zero because in ASCII code because
letters have code values less than 128 in ASCII. As demonstrated in section 5,
the correlation in data decreases the capacity dramatically, hence normally some
form of pre-processing will be required before FamE is used. In the remainder
of this section a few such pre-processing techniques are suggested, but usually,
specialised pre-processing will need to be developed for each application.

When the records in a particular application contain text, the simplest
method for removing correlation is to code the text into smaller numbers of
bits, or remove the most significant bit from each byte. We will refer to this
method as 7-bit coding. Another simple technique consists of using a code in
which each alphanumerical symbol is assigned a random 8-bit code instead of its
standard ASCII code. We will refer to this method as random coding. Since this
code is generated randomly, it possesses much less structure than ASCII and
the text records coded by random coding are less correlated than those coded
in ASCII. However, these two simple operations can only go so far in reducing
correlation.

The method most commonly used for removing correlation is Principal Com-
ponent Analysis (PCA) [20]. Although PCA is normally used for data having
continuous values, it may also be used for binary-valued data. The number of
inputs to PCA may be set as the number of bits. The number of outputs should
be smaller since PCA also removes redundancy. PCA transforms the records to
vectors of real values and those real-valued vectors can be simply converted to
binary records by replacing positive values by 1 and negative values by -1.

Removing correlation is one element of pre-processing, but one should also
ensure that similar pieces of information (from the point of view of the user) have
similar binary representations in Hamming space. This pre-processing is specific
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Table 1. Meaning of Bits in Phonetic Coding

vowels consonants
lips pos. tongue pos. voicing pos. of articulation manner of articulation
spread front, back, unvoiced bilabial, alvedar plosive fricative

middle middle labiodental, palatal, fricative
alvedar velar,

grottal

for each application, but here we show an example for record de-duplication -
an application on which we are currently testing FamE. This work is in collab-
oration with Optima, a company that produces database management software
for storing customer data for marketing purposes. These databases may contain
several millions of records and the records are quite long. The databases also
often contain duplicates of records, e.g., the same person can be included several
times with a misspelled name or an address in a different format. The duplicates
should be removed because sending marketing information to the same person
twice increases the costs and is not good for the company image. Currently,
during de-duplication, a special key for each record is generated and each key
is compared with all the others. So de-duplication of a database containing K
records requires K2/2 comparisons, which is inefficient, especially considering
the size of the databases. Hence, de-duplication is an appropriate application for
FamE.

Since duplicates are often the result of misspelling, pre-processing should
ensure that letters with similar pronunciation have similar representation. In
different languages particular letters are pronounced in different ways. Further-
more, in many languages, pairs of letters represent only one sound (e.g., ’th’ in
English). For simplicity, we assume one sound per letter and Latin pronunciation.

We code each letter into one byte, where each bit represents a certain property
of pronunciation. We refer to this coding as phonetic coding. The sounds of speech
may be classified based on the way in which the air stream is modified by the
vocal tract. The two basic groups of sounds are vowels and consonants. In our
phonetic coding, we use the first 3 bits to encode vowels and the last 5 bits to
encode consonants (i.e., for each vowel, the last 5 bits are set to 0, and for each
consonant, the first 3 bits are set to 0).

The first bit of a vowel’s code represents lips position during articulation
(i.e., spread or round), and the second and third bits represent tongue position
(i.e., front, middle or back). The first bit of a consonant’s code (i.e., fourth bit
of the phonetic code) represents voicing (i.e., voiced or unvoiced), the second
and third bits represent the position of articulation (i.e., bilabial, labiodental,
alvedar, palatal, velar or grottal), and the fourth and fifth bits represent the
manner of articulation (i.e., plosive, fricative, nasal, lateral or aproximal) [18].
The detailed meaning of each bit is shown in Table 1.
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Table 2. Comparison of Errors Made by FamE on Text with Different Pre-processing
Methods

Number of patterns per network 447 175 106
Theoretical prediction of error 1% 10−4 10−6

Error without pre-processing 67.44% 62.16% 54.89%
Error with 7-bit coding 67.25% 51.74% 41.85%
Error with random coding 26.19% 9.49% 1.86%
Error with PCA 7.2% 0.37% 0.03%
Error with random coding and PCA 1.16% 0.05% 0.03%

In phonetic coding, the codes of letters with similar pronunciation, such as
’t’ and ’d’, and ’m’ and ’n’, differ only in one bit, while the codes of letters
with different pronunciations are very different. Other methods of pre-processing
suitable to text are detailed in [9].

5 Simulation Results

Section 3 compares the storage capacity obtained in simulation with theoretical
predictions for random, uncorrelated data. However, as we mentioned in the
previous section in most applications the representation of records are correlated.
This section shows how FamE performs for correlated data. We describe tests
carried on two sets of data, one containing text and one made up of customer
records.

We tested FamE on records containing text by taking a large amount of text,
dividing it into parts of equal length, and building a database with records con-
taining these parts of the text. As the text we chose part of The Holy Bible,
Luke’s Gospel, chapters 1-10. The text occupied 65390 bytes. Different methods
of pre-processing were tested and the size of the records was chosen in such a way
that each record after pre-processing occupied 21 bytes. Hence, the size of the
network was 21x8 = 168 neurons. The number of networks used to accommodate
the whole database depended on the choice of probability of error. The algorithm
was tested for each network storing 447, 175 and 106 patterns - these numbers
were selected because they yield theoretical predictions of error of 1%, 10−4 and
10−6, respectively. To eliminate non-recognition errors, the weights were modi-
fied according to Equation 3 in two epochs, and any record still not recognised
was written to the next network (see section 4). After writing information about
the records to the network, the weights of the neurons were converted to binary
values. Then, the performance of the algorithm was tested by checking the fa-
miliarity of all records written to the network and an equal number of records
from the database which had not been written to the network. The errors were
averaged over all the networks used to accommodate the database. The errors
obtained for different methods of pre-processing are shown in Table 2.
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Table 3. Comparison of Errors Made by FamE on Customer Database with Different
Pre-processing Methods

Number of patterns per network 228 89 54
Theoretical prediction of error 1% 10−4 10−6

Error without pre-processing 52.09% 45.39% 41.96%
Error with random coding 47.46% 30.49% 20.77%
Error with phonetic coding 66.82% 54.59% 47.46%
Error with PCA 11.08% 0.51% 0.05%
Error with random coding and PCA 0.74% 0.0% 0.0%
Error with phonetic coding and PCA 5.63% 0.19% 0.03%

When FamE is applied to text without any pre-processing, it performs even
worse than chance. When one observes the results for particular networks, one
can see, that for the first network the error is about 50% (i.e., it performs at
random) and for the following networks the error increases. This increase comes
from the fact that records not recognised by one network are in the set for the
next network. The non-recognised records are the ones which are particularly
difficult for FamE, so they increase the error of the following networks.

When 7-bit coding is used (before pre-processing the records had a length of
24 bytes), the error is still very large. When random coding is used, the error
decreases slightly but is still unacceptably large.

The error is strongly reduced by using PCA pre-processing. Before pre-
processing the records had a length of 35 bytes. They were divided into 7 chunks
of 5 bytes, and PCA was applied to each chunk separately to reduce the size
of the PCA network. Each chunk was reduced to 3 bytes so the records were
reduced to 3x7 = 21 bytes. When PCA was applied to text coded in ASCII, the
error decreased to reasonable values (row ’Error with PCA’ in Table 2). It is still
far from the theoretical prediction because the correlation in ASCII code is very
large. Although the outputs from PCA are always uncorrelated [20], the patterns
delivered to the familiarity discrimination network after PCA pre-processing do
not have to be, since they are created by converting real-valued PCA outputs
to binary patterns. When one first applies random coding, and then PCA, the
actual error approaches the predicted one (last row of Table 2).

The performance of FamE was also tested on the records from a customer
database provided by Optima. For simplicity, only three fields, namely first name,
last name and city, were selected. Different pre-processing methods were tested
and the size of the records was chosen in such a way that each record occupied
15 bytes following pre-processing. Hence, the size of the network was 15x8 =
120 neurons. The algorithm was tested for each network storing 228, 89 and
54 patterns - corresponding to theoretical predictions of error of 1%, 10−4 and
10−6, respectively. Non-recognition errors were avoided using the same method
as in the previous experiment. The errors obtained for different pre-processing
methods are shown in Table 3
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Table 4. Energy Function for Records with Similar Pronunciations for Different Types
of Coding

Energy Value
First Name Last Name City Phonetic Random

Vincent Hopfield Bristol -600 -656
Fynsind Habfield Bryztol -424 -4
James Bond London -156 24
Anakin Skywalker Deathstar -36 -40

The second, third and fourth rows of Table 3 show errors obtained with
different types of coding without PCA. In these experiments, each recorded
consisted of 15 bytes, where each group of 5 bytes encoded the first five letters
of the first name, last name and city, respectively. Table 3 shows the error is
very large without PCA.

The last three rows of Table 3 show the errors when PCA pre-processing was
used. Before applying PCA, each record consisted of 21 bytes, where 7 bytes
were used for each field of the record. The size of each record was reduced to
15 bytes using a single PCA network. The error obtained for random coding is
lower than the one obtained with phonetic coding, because phonetic coding gives
more correlated records. When one looks for an exact match, phonetic coding
is the most appropriate, but in the case of de-duplication we want records with
similar pronunciations to be classified as familiar as well.

We performed another experiment to check how random and phonetic codings
work for records with similar pronunciations. We added another record to the
Optima database: “Vincent Hopfieldi, Bristol”. From each record, the first seven
letters of the first name, last name and city were encoded using random coding
and phonetic coding. The size of each record was then reduced from 21 to 10
bytes using PCA. The database consisted of 54 records and was written to a
single Hopfield network of 100 neurons. Then, the energy of the network was
checked for the stored record “Vincent Hopfiled”, a misspelled version “Fynsind
Habfield” and two other records not stored in the database. The values of the
energy function are given in Table 4. none of the names in Table 4 were in the
original Optima database.

Table 4 shows that for both types of coding, the energy is low for the stored
record “Vincent Hopfield, Bristol”, and is much closer to zero for records which
have not been stored, namely “James Bond, London” and “Anakin Skywalker,
Deathstar”. However, the energy for the record “Fynsind Habfield, Bryztol” is
low for phonetic coding and close to zero for random coding. That is because the
representations of “Fynsind Habfield, Bryztol” and “Vincent Hopfield, Bristol”
are very similar for phonetic coding, and completely different for random coding.
Hence, the phonetic coding is more appropriate when one requires records with
similar pronunciation to be classified as familiar.
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After analysing the binary representations of “Fynsind Habfield, Bryztol”
and “Vincent Hopfield, Bristol” created by phonetic coding and PCA, one can
observe that the first bits are mostly the same, while the later bits are different.
This is due to the fact that the first principal components are directions in
which the data have the highest variance, so the first outputs from PCA carry
the most information about the record [20]. The later outputs carry much less
information and hence a small change in the record may change their values very
much. This property is undesirable, because even very similar records may have
many different bits in their representations. Furthermore, when the first outputs
of PCA are transformed to binary values, much information is lost by conversion
from real to binary numbers. These properties show that PCA, although very
simple to implement, is not an ideal method of pre-processing for this application
and it would be interesting to investigate other methods of feature extraction.

6 Discussion and Conclusion

It is interesting to compare FamE with other algorithms which may potentially
be used for familiarity discrimination, e.g., hashing. Hashing is used in databases,
where records are often divided into a large number B of buckets. A hashing func-
tion takes a record’s key and produces an integer between 0 and B-1, determining
in which bucket the record should be stored.

Let us consider the following algorithm for familiarity discrimination. Instead
of storing records let us just store the values of the hashing function for these
records. To check whether a record is stored in the database, we simply compute
the value of the hashing function and check whether this value is stored in the
database.

The above algorithm seems to be very naive and vulnerable to errors. How-
ever, with a good hashing function, whose outputs have a large enough number
of bits, the probability of error is very small. For example, if the database has 106

records and the value of the hashing function is encoded on 5 bytes, the probabil-
ity of error is less than 10−6. Thus, great “compression” of information may be
achieved, as in FamE. In addition, it is possible (but with very low probability)
that a new record maps to the same value of the hashing function as one of the
stored records. Hence, it would be classified as a stored record and the algorithm
would make false-recognition errors. It is interesting that non-recognition errors
will never be made by this hashing-based algorithm, analogously to the fact that
non-recognition errors may be eliminated from FamE.

Familiarity discrimination using the hashing function is very vulnerable to
noise, however. If two patterns differ even in a single bit, their values under a
hashing function may be very different. On the other hand, FamE is very robust
to noise, since it classifies a pattern as familiar even if it differs from the stored
one in several bits.

The FamE algorithm is suitable for hardware implementation. Firstly, all the
internal summations in Equation 2 may be done in parallel for each i. Hence,
calculating energy could be done in just two processing steps. Secondly, FamE
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is very robust to damage - loss of connections between neurons or even of whole
neurons causes only a decrease in capacity proportional to the damage [5].

If such fast implementation were available, FamE could be used for search-
ing massive databases, when one does not require an exact match. Currently,
searching databases for near-exact matches is slow because normal searching
techniques such as indexing or hashing are not applicable. Large databases could
be divided into parts and records from each part encoded in the weights of the
Hopfield network thus creating a kind of “neural index”. In order to find a record
one can check the energy in each network and in this way identify whether a
similar record is stored in the database and in which part. One may then search
only the identified part using other techniques. The property of FamE that non-
recognition errors can be eliminated guarantees that if the record exists in the
database it will always be found. The false-recognition errors do not affect this
application because, even if the algorithm falsely indicates that the record is
stored in one part of the database, the further search of this part will show that
it is not stored.

This paper discusses the Familiarity discrimination based on Energy (FamE)
algorithm, inspired by the presumed computations of the perirhinal cortex. The
algorithm allows fast and accurate familiarity discrimination with high storage
capacity. The initial experiments demonstrate that FamE may be applied to
real-world problems. Many new applications for FamE are likely to emerge in
the future, especially due to the increasing sizes of Internet databases.
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Abstract. This paper addresses the key question of this book by apply-
ing the chaotic dynamics found in biological brains to design of a strictly
sequential artificial neural network-based natural language understand-
ing (NLU) system. The discussion is in three parts. The first part ar-
gues that, for NLU, two foundational principles of generative linguistics,
mainstream cognitive science, and much of artificial intelligence –that
natural language strings have complex syntactic structure processed by
structure-sensitive algorithms, and that this syntactic structure deter-
mines string semantics– are unnecessary, and that it is sufficient to pro-
cess strings purely as symbol sequences. The second part then describes
neuroscientific work which identifies chaotic attractor trajectory in state
space as the fundamental principle of brain function at a level above
that of the individual neuron, and which indicates that sensory process-
ing, and perhaps higher cognition more generally, are implemented by
cooperating attractor sequence processes. Finally, the third part sketches
a possible application of this neuroscientific work to design of an a se-
quential NLU system.

Introduction

The key question of this book is: ’What can we learn from cognitive neuroscience
and the brain for building new computational neural architectures?’. This paper
addresses that question in relation to natural language processing (NLP), and
the answer involves application of chaotic dynamics found in biological brains
to design of artificial neural network (ANN)-based string processing architec-
tures. Specifically, it argues that, in designing and implementing NLP systems
for semantic interpretation of natural language strings, henceforth referred to as
natural language understanding (NLU) systems:

1. Two foundational principles of generative linguistics, mainstream cognitive
science, and much of artificial intelligence (AI) and NLP –that NL strings
have complex syntactic structure processed by structure sensitive algorithms,
and that this syntactic structure determines string semantics– are unneces-
sary, and it is sufficient in principle for NLU purposes to process strings
purely as symbol sequences, but there are substantial practical problems
associated with sequential NLU.

2. Neuroscientific results support the principle of sequential NLU, and also
provide potential solutions to the practical problems associated with it.
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3. It consequently makes sense to investigate the feasibility of sequential NLU
by developing an NLU system based on the results in (2).

Two preliminary comments. The first is that NLU is here understood as lan-
guage engineering –as the design and implementation of machines that process
natural language for some purpose– and not as cognitive modeling. Secondly,
given the current deluge of results on brain mechanisms generated by new imag-
ing techniques, there are bound to be and in fact are controversies about their
interpretation. Given the above construal of NLU, however, there is no need to
engage in these controversies: it is legitimate to select and use brain mechanisms
proposed by neuroscience purely on the grounds that they seem useful from an
engineering point of view. The ideal, of course, is to engineer in accordance with
the way the brain really does language, since it is the only known physical device
that implements all human linguistic abilities and is thus the definitive model,
but pending final understanding of the relevant mechanisms, there is no need to
wait for the dust to settle.

1 The Need for Complex Syntactic Structure in NLU

This section is in two main parts. The first motivates the challenge to the need
for complex syntactic structure in NLU, and the second presents the case for the
principle of sequential mapping of NL strings to meanings.

1.1 Motivation

In the 1930s and 1940s, mathematical logicians formalized the intuitive notion of
an effective procedure as a way of determining the class of functions that can be
computed algorithmically. A variety of formalisms was proposed –recursive func-
tions, lambda calculus, rewrite systems, artificial neural networks, automata– all
of them equivalent in terms of the functions they can compute. Automata theory
was to predominate in the sense that, on the one hand, it provided the theoret-
ical basis for the architecture of most current computer technology, and, on the
other, it is the standard computational formalism in numerous science and en-
gineering disciplines. Automata theory was, moreover, soon applied to modeling
of human intelligence, and has dominated thinking about human cognition ever
since [43,40,20,39,80]. This approach to cognitive modeling attained apotheosis
in the late 1970s, when Newell and Simon [61] proposed the Physical Symbol
System Hypothesis (PSSH), where ’physical symbol system’ is understood as a
physical implementation of a mathematically stated effective procedure, a prime
example of which is a programmed Turing Machine. The essence of the PSSH
approach to cognitive modeling was set out by Fodor and Pylyshyn in 1988 [32]:

– There are representational primitives –symbols– called atomic representa-
tions.

– Being representational, symbols have semantic content, that is, each symbol
denotes some aspect of the world.
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– A representational state consists of one or more symbols, each with an as-
sociated semantics, ’in which (i) there is a distinction between structurally
atomic and structurally molecular representations, (ii) structurally molec-
ular representations have syntactic constituents that are themselves either
structurally molecular or structurally atomic, and (iii) the semantic content
of a representation is a function of the semantic contents of its syntactic
parts, together with the syntactic structure’.

– Input-output mappings and the transformation of mental states ’are defined
over the structural properties of mental representations. Because these have
combinatorial structure, mental processes apply to them by virtue of their
form’.

Therefore, ’if in principle syntactic relations can be made to parallel se-
mantic relations, and if in principle you have a mechanism whose operation on
expressions are sensitive to syntax, then it is in principle possible to construct
a syntactically driven machine whose state transitions satisfy semantic criteria
of coherence. The idea that the brain is such a machine is the foundational
hypothesis of classical cognitive science’.

Modeling of the human language faculty has been paradigmatic for the PSSH-
based approach in cognitive science. The discipline concerned with this language
modeling, generative linguistics, has developed considerably since Chomsky’s
pioneering work in the mid-1950s, but at least one foundational principle has
remained unchanged: that NL strings have a structure beyond the strictly tem-
poral or spatial sequentiality of speech utterances and text. More specifically,
they are held to have a compositional phrase structure of the sort described
above by Fodor and Pylyshyn, or, slightly more formally, given a phrase struc-
ture grammar (or equivalently, an automaton) that generates a language L, the
tree diagrams that represent the structure of sentences in L must allow simul-
taneous left and right phrasal nonterminal branching from parent nodes; this
is what is meant by ’complex syntactic structure’ throughout the current dis-
cussion. The notion that such phrase structure determines sentence meaning
is, moreover, central to currently dominant approaches to NL semantics [55,76,
25,11,26]. In model theoretic semantics [63,54], for example, the link between
syntactic structure and meaning is made via the principle of compositionality,
which says that the meaning of a syntactically complex expression is a function
of the meanings of its constituent words and of the syntactic rules by which
they are combined, and are realized by grammars in which each syntactic rule
is associated with a semantic rule that specifies the meaning of a constituent in
terms of the meanings of its own immediate constituents (the ’rule-to-rule’ hy-
pothesis). A derivation according to such a grammar on the one hand generates
a sentence with an associated syntactic structure, and on the other the meaning
of the sentence; this explains how syntactic structure systematically determines
the meanings of the sentences of a language.

The PSSH has, furthermore, been influential not only in the cognitive sciences
but also in AI, here understood as an engineering discipline which seeks to design
and implement machines that emulate (aspects of) human behaviour. AI has
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historically been closely associated with PSSH-based cognitive science [43,73]:
in essence, cognitive science has proposed models, and AI has attempted to
implement them. NLU, more particularly, has been closely tied to developments
in generative grammar.

Now, since the early 1980s, perceived shortcomings of the PSSH-based ap-
proach to cognitive science has generated a variety of challenges to its dominance
–by artificial neural network [58,2,21,22] and dynamical system theories [83,48,
69,10,84,38,62,4] as paradigms for cognitive modeling, and by a radical shift of
emphasis away from the study of the innate ’higher’ functions like reasoning and
language to concentration on developmental issues like the evolution of cognition
and the interrelationship of mind, brain, body, and external environment [47,23,
46,39,62]. At the same time, the main thrust of AI research has retreated from
the grand aim of general, human-level machine intelligence and has concentrated
on developing systems that work well in restricted domains, such as expert sys-
tems, handwriting and speech recognition, and robotics and vision in specific
industrial applications [31,57]. In response, at least some of those AI researchers
who still believe in the achievability of general machine intelligence have in-
creasingly turned to the same approaches as their cognitive science colleagues
[6,3,82,29,57]. In NLU specifically [42,7,1,27,24], there now exist practical natu-
ral language interfaces in domain-specific applications, primarily databases and
expert systems, but to my knowledge no reliable, broad-coverage natural lan-
guage understanding system currently exists, nor do the prospects for one look
promising. The problem is not with syntax –after several decades’ effort, parsing
algorithms capable of supporting reasonably large-scale general NLU systems are
available [67,1,77,66,5] – but with implementation of semantics and pragmatics
[42,1,68,56,71]. For natural language understanding, linguistic expressions must
be related to the system’s awareness of, interaction with, and expectations of
the world, and the main lesson of the NLU work done in the 1970s and early
1980s is that any NLU system needs, at the very least, to represent, manipulate,
and update real-world knowledge efficiently. Various knowledge and belief rep-
resentation and update mechanisms have been developed [49,1,57], such as logic
formalisms, semantic networks, schemas, frames, scripts, and rules, and while
these have been shown to work well in small-scale, carefully managed applica-
tions, none has so far been scaled up successfully to usefully large general NLU
systems.

The motivation for proposing to dispense with compositional structure and
structure-sensitive processing in NLU, therefore, is simply that it has reached
an impasse [30] (see however reviews of [30] in Artificial Intelligence 80 (1996)).
This is not to claim that the PSSH-based approach to NLU cannot succeed. If
human language, and cognition more generally, are computable functions [64,65,
9], then a PSSH virtual machine that implements them must exist. The problem
is that no one has found it, nor does it look like it will be found soon, and as
such it seems sensible to try other approaches.
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1.2 Sequential Mapping of Strings to Meanings

It should be uncontroversial to observe that the research agendas of generative
linguistics and NLU differ: to judge by their extensive research literatures, lin-
guistics is science and NLU is engineering. Like any other science, linguistics aims
to state empirically adequate and maximally expressive theories to explain its
domain of interest, whereas the aim of NLU is to design and construct physical
machines that respond to natural language utterances or text in an acceptably
human-like way. Being physical, every NLU system is bounded in all aspects of
its operation –in the lengths of its input and output strings, in the number of
strings in can process in its operational lifetime, and in the memory and pro-
cessing time at its disposal. This means that the unbounded input and output
tapes and memories of automata theory need not be a design consideration, and
in particular that the I/O sets which an NLU device will be asked to process
must be finite. Now, a fundamental result in automata theory is that any finite
mapping can be implemented by a finite state automaton (FSA) [44,8], and to
an FSA every string has the same structure: strict sequence. It follows that any
NLU function can be implemented by an FSA, and that sequential processing
of input strings is sufficient for the purpose.

That FSA architecture, and thus sequential processing, is sufficient for NLU
has been known since the early years of generative linguistics. Indeed, Chomsky
himself pointed it out [12,14,15]. Despite that, finite state NLU has been all but
ignored until fairly recently [74,51,18,50,19,52,70]. The various reasons for the
lack of interest in FSAs are valid from a generative linguistics point of view, but
irrelevant for NLU. These are briefly dealt with in what follows (see [16] and [17]
for closely related discussions).

– Trivial finiteness
One might want to argue that to insist on the finiteness of NLU functions
is an excessively theoretical point –that string length, I/O set sizes, and
the number of processing states / memory size in a real-world application
might be so large as to be unbounded for all but the most abstemiously
theoretical purposes– and that this disqualifies FSAs in practice. This has
some initial plausibility, but consider these two arguments. Firstly, how long
are NL strings in daily speech intercourse and text production? There are
almost certainly studies that provide maxima, minima, means, and standard
deviations for string length across different languages, but speaker / reader
intuition serves to make the required point here (for a discussion of sentence
length bounds see [53]). In everyday fact, most strings are very short –
a dozen words, perhaps, or occasionally two or three times that number.
Few extend beyond, say, 100 words, and those that do become increasingly
incomprehensible. For NLU purposes, therefore, we are not dealing with
what one might call trivially bounded strings which are so long –perhaps
100,000,000 words– that they are unbounded for any practical purpose. And,
secondly, while it is true that, even with the above practical string length
constraint, a native speaker of some language will typically produce a very
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large number of strings in a lifetime, one has to keep in mind that NLU
is engineering. Vocabulary size, string length, and the permitted range of
syntactic patterns are under the designer’s control. A fully human level of
linguistic competence is very difficult to achieve, as the history of AI over
the past several decades has shown, but if one is prepared to work to a less
general specification the problem size can be scaled down by fiat.

– Weak generative capacity
A fundamental result of formal language and automata theory is that FSAs
cannot generate the language anbn, that is, sets of strings in which a se-
quence of some symbol a is followed by exactly the same length sequence
of another symbol b, where n is any positive integer. It has further been
claimed (misleadingly, but that is another matter) that NLs contain strings
with the anbn pattern, and that FSAs are consequently unable to generate
the class of natural languages [13,41,63]. This argument assumes unbounded
n, which is legitimate given the aims of linguistic theory. But, in terms of
NLU as language engineering, n must be bounded; where n is bounded it is
prespecifiable, and in such a case the anbn pattern can be generated by an
FSA. The argument against finite state NLU from weak generative capacity
is thus irrelevant. An analogous argument applies to the cross-serial depen-
dency pattern that was used to disqualify the class of context free grammars
/ pushdown automata, and by transitivity regular grammars / FSAs, as a
basis for NL modeling [41,79,63].

– Strong generative capacity
Complex syntactic structure is fundamental to the explanatory capacity of
linguistic syntactic theory because it allows intuitions and empirical findings
about natural language word order to be expressed in satisfying generaliza-
tions. Because they cannot deal with complex syntactic structures, FSAs are
effectively useless for linguistic modeling. Chomsky pointed out their impov-
erished explanatory capacity in the 1950s, and they have for that reason
rightly been ignored by generative linguists ever since. On the present view,
however, NLU is not linguistic modeling, but is interested in constructing
physical devices with some particular I/O behaviour. And, in view of the
foregoing discussion, there is no good theoretical reason to prefer any one
automaton class over the others in NLU design: a finite string set does not
imply the computational class of the automaton that generates it. In other
words, explanatory adequacy is irrelevant to the choice of computational
architecture for NLU purposes.

– Compositional semantics
As noted, compositionality explains how syntactic structure systematically
determines the meanings of the sentences of a language. An FSA can sup-
port a compositional semantics, but that semantics is explanatorily trivial.
Because an FSA treats the syntax of every string as strictly sequential, an
FSA-based compositional semantic theory can assert only one thing –that
the meanings of all sentences in all languages are sequentially concatenative.
This amounts to proposing a semantic theory which pairs each syntactically
legal string with a meaning, and simply lists the pairs. Because a list cap-
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tures no generalizations, FSAs are of no interest for NL semantic theory.
Once again, however, NLU is not primarily concerned with explanation, and
this conclusion is consequently irrelevant. A compositional semantic theory
that uses complex syntactic structure gives a particular explanation of how
sentences map to meanings, but from a language engineering point of view
a list would be equally valid in principle. NLU is, in short, not required to
adopt compositionality.

There is, then, no theoretical obstacle to a finite state, and thus sequential,
approach to design and implementation of NLP and more specifically NLU de-
vices. In fact, the past decade has seen a marked increase of interest in a finite
state approach to NLP in such areas as speech recognition, phonological and
morphological analysis, syntactic parsing, and information extraction from text
[42,16,59,75,17]. There is, however, a significant silence on semantics, for reasons
we are about to come to.

In principle, design of a device that maps strings to meanings is easily for-
mulated. Because NLs are finite sets for NLU purposes, it is possible to define
a string-to-meaning function f of (string, meaning) pairs. Once the set exists,
all that is required for implementation is an algorithm for table lookup: given a
string as input, the device returns the associated meaning as output. An appro-
priately configured FSA is one possible algorithm. Each lexically distinct string
drives the machine through a characteristic state sequence, and the final state,
which uniquely identifies the string, is mapped to the associated meaning. As
a generative linguistic account of the human language faculty, this is of course
completely inadequate since it amounts to no more than a list and hence explains
nothing, as noted. For NLU, however, the only issue is whether or not such an
approach is feasible in a specific NLU domain. And there are in fact difficult
problems with it; the two main ones are:

1. Meaning and its representation
To be able to construct a (string, meaning) pair list, it is necessary to have a
clear idea what ’strings’ and ’meanings’ are, and to have a way of represent-
ing them so that they can be processed. The ontology and representation
of symbol strings is straightforward. For meanings they are anything but.
There is a long history of philosophical debate about how the concept of lin-
guistic meaning might be understood, and, at the moment, there is a range of
possibilities with little agreement among them [Craig 1998]. Model-theoretic
NL semantics, pioneered by Montague, is the currently-dominant approach
within generative linguistics [63,54], but others, such as the ’use’ theory of
linguistic meaning propounded by Wittgenstein, are still being developed
[45]. Because it relies crucially on the notion of complex syntactic structure
in the generation of sentence meaning, model-theoretic semantics is unavail-
able to a sequential NLU system for practical purposes, and choice among
remaining alternatives is not clear. Nor, assuming a choice has been made,
is it clear how abstractly-characterized meanings should be represented.

2. List construction
Assuming a suitable meaning representation has been adopted, it is possible
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to compile (string, meaning) pair lists explicitly for small, domain-restricted
applications. Extension to general, real world NLU would, however, clearly
be extremely onerous and almost certainly impractical.

The neuroscientific results described in the next section offer a good starting
point for solutions to these problems.

2 Meaning and Sequential Processing in the Brain

On the basis of his work on biological sensory systems, Walter Freeman proposes
fundamental principles of brain function and how these implement essential as-
pects of human cognitive behaviour. These proposals relate directly to sequential
NLU, in that they include both a coherent view of the nature of meaning, and
an account of the biological implementation of meaning that features purely se-
quential brain dynamics, with no reference to complex syntactic structure. We
look first of all at Freeman’s view of meaning and then at its implementation
(what follows is based on [81,33,34,35,36,37,38]). A caveat, however. What fol-
lows is a very brief summary of a comprehensive account of human behaviour
and its biological basis developed over a lifetime’s research. As such, it inevitably
and grossly oversimplifies, and may also misconstrue or misrepresent Freeman’s
work; apologies, where appropriate, are offered in advance.

2.1 Meaning

Intentionality is fundamental to Freeman’s view of meaning. This is not the
intentionality of twentieth-century analytic philosophy and of PSSH-based cog-
nitive science, where the term denotes the ’aboutness’ of mental representations,
and is used to designate the relation between mental states and objects or events
in the world, whether real or imaginary. Rather, his understanding of the term
is derived from that of the thirteenth-century philosopher Thomas Aquinas, for
whom intentionality had to do with goal-directed action in the world, and mod-
ification of the self in response to that consequences of that action as a way
of coming to understand the world and the place of the self in it. Analyzed in
terms of intentionality in this sense, an organism’s existence in the world over
time is a sequence of intents, where an intent has three stages: (1) formulation
of a goal to whose realization an action will be directed, (2) perception of the
environment, execution of the intended action, and perception of consequences
for the self, and (3) learning from these consequences relative to the goal. In-
tents in the sequence are not independent, but are linked to one another in that
goal formulation, execution, and adaptation at any given point in the sequence
occur in the context of, and are informed by, the organism’s lifetime intentional
history up to that point. Thus, a hungry cat formulates a goal of catching food.
On the basis of previous intentional action, it knows that it can achieve that
goal by hiding in tall grass, priming itself for a spring, and then pouncing on
an animal smaller than itself. It has a visual perception of suitable prey and
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pounces, but because the smaller animal on this occasion is an urban rat that
fights back, the cat experiences pain. From the perceptions of rat and of pain, the
cat learns to pick on different small animals in future. This sort of intentionality
is characteristic of all vertebrates, in that they observably act in furtherance of
their survival in specific environments and modify their behaviour in response to
the consequences of their actions. There are degrees of intentionality, however: a
salamander has much simpler, shorter-term goals and capacities for action and
learning than does a human.

Meaning arises from intentionality. It is the organism’s learned awareness of
the interrelationship of perceived states of the world, its goals, and its actions in
pursuance of those goals, at any given point in its intentional evolution. In the
above example, the visual perception of a rat comes to mean pain to the cat as a
result of learning. Meaning is, moreover, organism-specific: to a bigger, tougher
cat perception of a rat might mean something very different. And, again, there
are degrees of meaning commensurate with the richness of the intentionality
available to a species. A given odour can presumably mean only a limited range
of things to a salamander –food, danger, safety– whereas, to a human, it can
not only mean such things, but also, for example, a subtle blend of emotional
experience.

2.2 The Implementation of Meaning

Freeman models the vertebrate brain as a hierarchy of interacting nonlinear
dynamical systems whose global evolution implements intentionality. In humans,
these dynamical systems correspond to the modules of the limbic system, the
sensory cortices, and the areas of the neocortex associated with higher cognitive
functions. All three are required to implement full human intentionality, but to
keep the discussion tractable the focus will be on the first two only. This will
be sufficient for present purposes: the interaction of limbic system and sensory
cortices is the necessary basis for human intentionality, and the principles that
Freeman proposes for its operation extend straightforwardly to interaction with
the neocortex (on which see [38] chapters 5-7).

The rest of this subsection develops the implementation of meaning in three
parts. The first looks at the methodology and results of Freeman’s work on the
olfactory system, which is the empirical basis for his proposals on general brain
function. The second then outlines his interpretation of these results in terms
of dynamical systems theory. And the third describes his proposals for extend-
ing the dynamical systems analysis of the olfactory system to other perceptual
modalities such as vision, and to the integration of these modalities in the en-
thorinal cortex and the hippocampus so as to implement perceptually grounded
meaning.

The Olfactory System. Freeman has concentrated on olfaction because it
is the primary perceptual system in evolutionary terms, and, in his view, is
fundamental to understanding of the other perceptual modalities.
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The operation of the sensory modalities has two distinct aspects: sensation
and perception (see also [80]). Sensation is the transduction of external signals
to spatial patterns of neural activation through stimulation of neural receptors
on the sensory surface, here the nose, whereas perception involves transforma-
tion of this spatial pattern within the brain. Freeman has been concerned with
perception. He has studied the behaviour of the olfactory system, comprising the
nasal receptors, olfactory bulb, and olfactory cortex, in rabbits and cats. This
was done by surgically attaching an 8 x 8 array of electrodes to the olfactory
bulb. The animals were then trained to respond to conditioned and uncondi-
tioned stimuli and, when training was complete, an EEG was used to record the
responses of the bulb both to training odorants and to odorants not previously
experienced. The main observations relevant to the current discussion were:

– At rest, that is, when no learned odorant was present for the animal to smell,
the EEG showed continual background activity with an aperiodic waveform.

– With each inhalation of a learned odorant there was a burst of activity
which ended at the onset of exhalation. The burst was an oscillation with a
common waveform throughout the bulb, but whose amplitude varied from
place to place in it. This amplitude modulation (AM) constitutes a bulb-
wide spatial pattern of activation. There was a characteristic AM pattern
associated with each learned stimulus in the sense that each presentation of a
specific odorant produced an AM pattern that differed from those associated
with other learned odorants.

– When the animal was presented with a stimulus that was unconditioned
during training, or a stimulus not previously encountered, there was no burst.

– When an animal trained on some set of stimuli was further trained to add
a conditioned stimulus to its existing repertoire, two things happened: a
new AM pattern was produced when the new odorant was presented after
training, and all existing AM patterns were modified to a greater or lesser
degree.

The Olfactory System as a Dynamical System. Neural populations within
the brain are instances of macroscopic ensembles in an extensive range of
naturally-occurring complex systems that evolve over time; examples are ecolo-
gies, social groups, and weather systems. They share the following characteristics
with such ensembles: (i) there are many semi-autonomous elements, (ii) each ele-
ment interacts with many others, (iii) the input-output relations of the elements
are nonlinear, and (iv) there is an energy source and sink. The behaviour of
such natural systems over time is standardly modeled using dynamical systems
theory. A brain consists of a very large number of elements with nonlinear input-
output behaviour that interact by means of rich and recurrent interconnections,
and has a metabolic energy source and sink. As such it is a natural step to extend
the dynamical systems approach to the study of the brain as well, and that is
what Freeman has done.

The olfactory bulb and cortex constitute a system of coupled oscillators whose
nonlinearity and recurrence permits the full range of behaviours associated with
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nonlinear dynamical systems, including not only point and limit-cycle but also
chaotic attractors:

– The aperiodic wave which the EEG detects in the absence of sensory stimu-
lus is the olfactory bulb in a chaotic attractor. Each module on its own has
only a point attractor and a limit cycle attractor, that is, an oscillation with
a characteristic frequency. The chaotic activity results from the coupling of
the modules by both forward and feedback connections. Their characteristic
frequencies differ, and they cannot agree on a common frequency, and so
oscillate aperiodically. That this activity results from the modules’ interac-
tion is clear: on the one hand, it does not arise from stimulation originating
elsewhere in the brain, since it persists even when the olfactory system is
surgically isolated from the brain, and on the other, if the olfactory modules
are surgically separated, they immediately settle into their characteristic os-
cillation. This chaotic basal state keeps the olfactory system in a constant
state of readiness, so that even a small perturbation of the right sort can
move it quickly to another attractor.

– The AM patterns are chaotic attractors in the bulb’s state space. In a trained
system, the stimulus from a specific odorant increases the gain in the bulb,
and causes a state transition from the basal chaotic attractor to an attractor
associated with that stimulus. On exhalation, the stimulus from the trans-
duction pattern is removed, the gain is reduced, and the bulb returns to its
basal chaotic attractor. In other words, the bulb is destabilized by gain from
external stimulation.

– The odorant-specific attractors, that is, the AM patterns, are formed during
training by the development of assemblies in the bulb via Hebbian synaptic
modification. The result, in a trained animal, is that the olfactory bulb has
a landscape of chaotic attractors including a basal attractor to which the
system reverts in the absence of stimulation, and one for each of the learned
odorants. The change in all existing AM patterns when a new odorant is
added to the animal’s training results from crowding of the attractors in the
landscape as a new one is added.

Perceptually-grounded Meaning. On the above understanding of meaning,
perception of an odour on its own means nothing; indeed, training on uncondi-
tioned odorants does not result in formation of an AM pattern / attractor for the
odorant. To mean something, an odorant has to correlate with perceptions from
one or more other sensory modalities. How is this implemented in the brain? By
perceptual integration in the enthorinal cortex. The enthorinal cortex is one of
the modules of the limbic system, and is remarkable first and foremost for the
large number of other brain areas with which it interacts. Of particular relevance
here is the fact that all the sensory cortices send their output to, and receive
feedback from, the enthorinal cortex (see Fig. 1).

This indicates that the enthorinal cortex is the place where perceptual in-
tegration is implemented. In support, Freeman notes that, by observing the
sensory cortices of rabbits trained in various sorts of conditioned input –light,



Linguistic Computation with State Space Trajectories 453

Fig. 1. Multisensory integration in the enthorinal cortex

Fig. 2. Sequencing of multisensory perceptions via the interaction of enthorinal cortex
and hippocampus

sound, touch– he was able to detect essentially the same dynamic behaviour
as he observed in the olfactory system. The implication is that all the sensory
systems use the same dynamics, and that, given this uniformity, the enthorinal
cortex could in principle integrate its various perceptual inputs into multisen-
sory perceptions or gestalts. Such a gestalt carries the meaning of a particular
stimulus for the organism.

It needs, furthermore, to be kept in mind that intentionality is sequential.
Individual sensory perceptions and integrated multisensory perceptions are em-
bedded in a dynamic process which implements the organism’s interaction with
the world in real time. There are two issues to be addressed here (see Fig. 2):

– Implementation of sequencing

The enthorinal cortex, which as we have just seen is proposed as the locus of
multiperceptual integration, sends most of its output to the hippocampus,
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and via feedback connections also receives most of the hippocampal output,
so that the two modules are in constant interaction. Now, the hippocampus
has been shown experimentally to be deeply involved in the orientation of
behaviour in space and time, which is what the intentional loop does. It is,
therefore, reasonable to infer that intentional space-time behaviour is im-
plemented in the sequencing of multisensory perceptions via the interaction
of enthorinal cortex and hippocampus. The EEGs generated by this inter-
action, moreover, show waveforms similar to those of the sensory cortices,
which suggests that here, too, dynamics like those of the olfactory cortex are
at work.

– Implementation of attention and expectation
Perception is an active process. Organisms do not simply respond to envi-
ronmental stimuli, but fix their attention on aspects of the environment and
have expectations of the environment for which they prepare. Attention and
expectation are implemented by feedback signals that modulate response to
the next sensory stimulus. For example, a multisensory perception in the
enthorinal cortex is fed back to the various sensory cortices, thereby pro-
viding an additional input which, together with the next external sensory
input, determines the cortices’ output. Response to sensory input is thus not
merely reactive, but is sensitive to the temporally prior context in which the
current input occurs.

3 Sequential NLU

We have seen that sequential string processing is sufficient for NLU in principle,
but that there are serious problems with it in practice. Freeman’s proposals on
how the brain implements intentionality and thus meaning both support the
principle of sequential processing and offer an attractive approach to dealing
with these problems. True, the proposals are based to a large extent on research
into the role of the limbic system in sensory processing the results of which,
when extrapolated to cognition more generally, are hypothetical and need to
be empirically tested to gain acceptance in the brain and cognitive sciences. As
noted in the Introduction, however, it is sufficient for NLU that they be plausible
enough to be worth investigating relative to the engineering problem in question
irrespective of their validity for brain function, and in my view they are. This
section therefore sketches the relevance of Freeman’s proposals to design of a
sequential NLU architecture.

3.1 Sequential Processing

Freeman identifies attractor trajectory in state space as the fundamental prin-
ciple of brain function at a level above that of the individual neuron. Each of
the modules in sensory processing subsequent to transduction is driven by input
through a sequence of attractors; there are no complex syntactic structures, only
cooperating sequential processes. If that view is correct, then, since the brain in
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fact implements language, sequentiality in this sense must be sufficient. Freeman
says little about language, and it may well turn out that, for this characteris-
tically human and thus exceptional cognitive function, the brain does indeed
use complex syntactic structure, in which case NLU would be well advised to
use it as well. In the meantime, Freeman provides good cause for investigating
sequentiality on its own.

3.2 Problems with Sequential NLU

Meaning Representation. However one understands ’meaning’, it seems un-
controversial to say that the meaning of linguistic expressions has something
to do with the way humans experience the material world. PSSH-based AI and
NLU systems have formalized this relationship as a mapping from strings to
states of the world, and have attempted to implement such mappings using
explicitly-designed, system-internal representations of real-world domains of dis-
course. How best to represent (aspects of) the world and beliefs about the world
is one of the main issues in PSSH-based AI, and a variety of formalisms for it
exist, as noted earlier. It was also noted earlier, however, that this approach
has only been moderately successful at best, and its relative lack of success is
what has motivated alternative approaches to semantic interpretation and im-
plementation over the last two decades or so, including the present one. The
main trend in these alternative approaches has been based on a growing con-
viction of the importance of evolution in understanding cognition and the brain
mechanisms that implement it [20] –that brains evolved as controllers for the
bodies of creatures which had to survive in specific environments, and that the
higher functions like language and reasoning are based on neural mechanisms
developed for this purpose. As a consequence, recent ’embodied, embedded’ cog-
nitive science and AI have been much more interested than the PSSH tradition
ever was in the interrelationship of mind, brain, body, and environment both as a
means of explaining cognition and as a way of implementing cognitive functions
(for example, [3,47,10,20,23,23,39,46,80]). With respect to meaning in particular
[20], it is clear that, notwithstanding the concentration on linguistic meaning
in the PSSH tradition, there is meaning apart from language –animals learn to
behave meaningfully relative to their environments, and so do human babies be-
fore they have acquired language– and the idea that such meaning is the basis
for linguistic meaning is at least plausible enough to merit further investiga-
tion. Consonant with this general trend, there has been a movement in AI and
NLU away from attempting to map strings to explicitly designed representations
which, inevitably, reflect a designer’s analysis of what is significant in a task do-
main, and instead to relate language to system-internal states that are learned
from interaction with the world without designer intervention. At its most am-
bitious, this approach aims to embed NLU systems in robotic agents that not
only receive inputs from an environment via some combination of sensory trans-
ducers, but also interact with and change the environment by means of effectors.
The aim is for the agents to develop internal states based on self-organization
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with the environment –’Concepts are thus the ”system’s own”, and their mean-
ing is no longer parasitic on the concepts of others (the system designer)’ [28]–
and are intended to learn the meanings of linguistic expressions from their use
in environment-interactive situations.

Freeman’s work is part of this trend in that it uses self-organizing integration
of perceptions abstracted from sensory transducers as the mechanism of meaning
implementation. What singles it out is that the proposed mechanism is based
on empirical neuroscientific evidence; since the brain is the only mechanism
currently known to implement linguistic meaning, the sensible approach is to
attempt to mimic it.

Generation of (String, Meaning) Pair Lists. In Freeman’s architecture,
any given sensory input means the sequence of multisensory perceptions in whose
generation it has participated. This includes linguistically relevant acoustic in-
put sequences, and so, for a given string, there is a corresponding multisensory
perceptual sequence or, put another way, a (string, meaning) pair. Because the
architecture assumes availability of environmental inputs over time, there is no
need to compile a (string, meaning) pair list explicitly. Such a list generates itself
over time, as the system learns from its interactions with the environment.

Application to ANN-based NLU Design. Because Freeman is specific on
the biological neural mechanisms involved in the implementation of intention-
ality and meaning, it is possible to carry these mechanisms directly over into
ANN-based language engineering. Implementation of the architecture in Fig.
2 –including, crucially, the nonlinear dynamics among modules– involves a de-
parture from the way that most ANN-based NLP has been done over the past
decade or so [60], which, in essence, has been to implement explicitly-designed
input-output mappings using feedforward or recurrent multilayer perceptrons
and some variant of backpropagation. The required ANN architecture will have
at least the following features:

– Processing units that output pulse trains in nonlinear response to input, not
just numerical values which can be interpreted as representing an average fir-
ing rate as in currently-used ANN architectures, and that fire asynchronously
relative to one another.

– Modules that contain excitatory and inhibitory neurons whose interaction
generates oscillatory behaviour.

– Feedforward and feedback connection among modules to enable chaotic be-
haviour within the modules.

– An unsupervised, local learning mechanism such as the Hebbian to allow for
self-organization within modules.

Conclusion

Motivated by the lack of progress in broad-coverage natural language under-
standing systems based on the processing of complex syntactic structure, the
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foregoing discussion has proposed sequential processing as an alternative ap-
proach to implementation of string-to-meaning mapping. This is theoretically
justifiable, but has substantial practical problems associated with it. Freeman’s
work on the neural basis of intentionality and meaning both supports the princi-
ple of sequential processing for implementation of cognitive functions, including
language understanding, and also provides potential solutions to the associated
problems. As such, it constitutes an attractive basis for development of an ANN-
based NLU system.

Clearly, all this amounts to the merest sketch of a possible approach to NLU
design. On the one hand, as Freeman himself makes clear, the multisensory per-
ceptions that are synthesized and sequenced by the limbic system are a necessary
basis for the implementation of meaning, but not a sufficient one; full linguistic
meaning must involve processing of limbic output by the neocortex, and noth-
ing has been said about that here. On the other, none of the fundamental NLU
issues, such as the problem of string ambiguity and the roles of memory and
reasoning in linguistic comprehension, have been addressed. Whether or not a
sequential NLU system based on Freeman’s ideas will be able to deal with these
issues better than existing approaches, and perhaps succeed in general NLU,
remains to be seen.
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Abstract. We investigate how efficient signal transmission and recon-
struction can be achieved within the olfactory system. We consider a
theoretical model of signal integration within the olfactory pathway that
derives from its convergent architecture and results in increased sen-
sitivity to chemical stimuli between the first and second stages of the
system. This phenomenon of signal integration in the olfactory system
is formalised as an instance of hyperacuity. By exploiting a large pop-
ulation of chemically sensitive microbeads, we demonstrate how such a
signal integration technique can lead to real gains in sensitivity in ma-
chine olfaction. In a separate computational model of the early olfactory
pathway that is driven by real-world chemosensor input, we investigate
how spike-based signal and graded-potential signalling compares for sup-
porting the accuracy of reconstruction of the chemical stimulus at later
stages of neuronal processing.

1 Introduction

The olfactory system provides an ideal model to consider the issues of robust
sensory signal transmission and efficient encoding/decoding within neural sys-
tems. It must overcome large shifts in operating conditions occurring over time,
that together add up to a continual state of flux at its periphery, the olfactory
epithelium. A key constraint is that the main sites for chemical transduction,
Olfactory Receptor Neurons (ORNs), are in a rapid and continuous state of de-
velopment and programmed apoptosis (at least in mammals) which differentiates
them from all other sensory neurons within the nervous system [1]. This neu-
rogenesis means that the total number of receptors innervating the first point
of signal processing, the olfactory bulb, fluctuates over time as signals from de-
generating ORNs cease and axons from large numbers of newly formed ORNs
make their way to integration sites called glomeruli. How this is achieved is a
fascinating and recently uncovered story of axonal guidance [2] but in the con-
text of robust stimulus encoding we are primarily interested in the effect of this
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turnover of receptors on signal transmission. The key issue here is how the ol-
factory system manages to cope with changing numbers of receptors, yet still
generate a consistent signal to support odour perception over time.

Another factor of crucial importance when considering robust signal process-
ing in the olfactory system is evidence suggests that not only do the numbers
of receptors change as a result of neurogenesis, but also shifts in the response
characteristics of ORNs occur during the act of perception. Receptor adapta-
tion or fatigue is a key factor here and is known to occur in ORNs as their
response adapts strongly during exposure to high levels of specific chemicals
or repeated exposure [3]. Since the olfactory system relies on an entire popula-
tion of broadly-tuned chemosensors (of which there now appears to be around
a thousand in mice, fewer in fish [4]) these shifts in tunings may play a funda-
mental role in determining the stability of the system as a whole, and so this
provides another perspective from which to consider robust signal transmission
and processing within the olfactory pathway.

Signals from ORNs must be transmitted over relatively large distances from
the olfactory epithelium at the top of the nasal passages, through the cribiform
plate, and into the olfactory bulb where they are integrated at the glomeruli.
In general, action potentials are used within the nervous system to encode and
represent the stimulus between the transducer and first site of processing. This
encoding strategy possesses robust noise-resistant properties that result from its
intermittent discretised nature [5] that will be considered later in this chapter.
Astonishingly the system solves this transmission problem as well as improving
sensitivity at the first stage of processing over and above that obtained at the
receptor level. We will formalise this phenomenon as an instance of hyperacuity.

These shifts in operating conditions have a direct impact on the reliable pro-
cessing of sensory information within the olfactory pathway since it must over-
come constant change and external noise sources in order to maintain a robust
capability for characterising and discriminating complex mixtures of molecu-
lar stimuli. Despite changes in both receptor numbers and their characteristics,
odour perceptions are remarkably stable with time (subject to respiratory infec-
tion of course). The ability of the olfactory system to achieve robust performance
in the face of such a high degree of change appears to derive principally from
its neuronal architecture in combination with the signal encoding strategies em-
ployed, as we will discuss here.

We will consider two models of the early stages of the olfactory pathway that
speak to the issue of how a robust signal representing the stimulus is transmitted
to the first stages of processing and how the quality of the signal is maintained
during this process. Specifically, the first model will provide a probabilistic in-
terpretation of signal integration of receptor signals at glomeruli, which predicts
a lowering of detection limits at the system level compared with individual re-
ceptors. This signal integration model will be tested experimentally by applying
it to data obtained from real-world chemosensor microbeads that mimic key
properties of olfactory receptors. In the second model, the issue of signal trans-
mission within the early stages of the olfactory pathway will be addressed, by
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comparing an action-potential based model with one mediated by graded-voltage
signals. This allows us to investigate under which operating conditions the signal
integrity is maintained at each glomerulus.

A number of questions will be addressed using these models. For example,
can signal integration at the glomerulus account for sensitivity enhancement
observed in the biology? Is it reasonable to consider sensitivity enhancement
within the olfactory system as an instance of hyperacuity, and if so then how
should this be quantified? Also, how does spiking and graded signal encoding
affect signal integrity within the early stages of olfactory processing?

Our models are simple, yet capture what we believe to be the key features
of the early olfactory pathway; they are population-based, probabilistic, and
spiking. This enables us to better understand the biology by making predictions
about the performance of alternative coding and processing schemes that can be
reasonably hypothesised, such as comparing spiking and graded-voltage signal
transmission.

The models we consider are implemented as part of a biologically plausi-
ble artificial nose, which is driven by real-world optical microbead chemosensor
input. The sensors have a number of properties similar to biological olfactory
receptors and prove ideal for implementing functional models of the biological
olfactory pathway. It is possible to operate the signal processing models and
these sensing elements in combination and in real-time to comprise an artificial
olfactory system [6]. Consequently, research in this area can inform us not only
about neuronal information processing within biological systems but also on how
to achieve better design in the field of machine olfaction.

After discussing the implications of our models for robust signal processing we
will conclude this chapter with a discussion of how signal encoding and processing
strategies within the olfactory system may inform more general architectures for
computation that are based upon emerging results in neuroscience.

2 Receptor Convergence and Olfactory Hyperacuity

A marked feature of the mammalian olfactory system is the massive convergence
of spiking receptor input from thousands of olfactory receptor neurons onto
glomeruli, the first stage of processing in the olfactory bulb [4]. This convergence
appears to be fundamental to the operation of the olfactory system since it is
conserved across many species. This arrangement raises the question of how
reliable odour encoding can be achieved in view of large numbers of discretised
receptor inputs that converge onto the olfactory bulb?

We contend that one consequence of the massive convergence of sensory in-
put [7] within the olfactory bulb is sensitivity enhancement. This arrangement
is schematised in Fig. 1 where n receptors (n being in the order of 2-10 thou-
sand in mammals) expressing the same receptor protein(s) generally converge
onto two glomerular regions [8]. In the simplest scheme, we can consider the
spike-trains generated by individual receptors as statistically independent Pois-
son processes (after Van Drongelen et al. [9]), where the probability of observing
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Odour Ligands Olfactory Receptor
Neurons

Glomerulus

Fig. 1. A schematic of receptor convergence at the early stages of the mammalian olfac-
tory pathway. Odour molecules are thought to interact with putative 7-transmembrane
domain receptor proteins within the hair-like cilia of Olfactory Receptor Neurons
(ORNs) leading ultimately to the generation of an action potential. The vigour of
the cell response depends on both the suitability of the ligand to activate the second-
messenger cascade signalling pathways and also the number of ligand-receptor inter-
actions occurring at a specific cell. Action potentials produced by ORNs propagate
over relatively large distances to reach the glomeruli of the olfactory bulb, which act
as common sites for integration.

(N = X) action potentials within a time-window, δt, is governed by the Poisson
distribution

Pr(N = X) =
λX

r

X!
eλr (1)

where λr = ksδt and ks is the mean firing rate expected for each stimulus, s. Since
olfactory receptors probably have different ranges of tuning to particular stimuli,
we would expect ks to vary for a particular receptor over a given test-set of
odorants. However, one effect of convergence of receptor input at the glomerulus
might be to aggregate multiple spike-trains over a period of time. So while the
statistics of spike generation at the receptor level may be governed by λr, at the
glomerulus, nλr, spikes are expected on-average in time-window, δt. The spiking
input to each glomerulus is considered as another Poisson process, but now with
time-constant λg = nλr. The signal-to-noise ratio (SNR) enhancement of this
convergent architecture is derived from the dispersion of the aggregated signal at
the glomerulus, λg, compared with that of the individual receptor spike-trains,
λr, so
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Fig. 2. A simplified representation of odour space in which each axis corresponds to
a separate chemical component – the distance along each axis corresponds to its con-
centration. Since many simple odour compounds exist, this state space will be of high
dimensionality and contain significant redundancy, since many permutations of odour
concentration will never occur in the natural world. Any given point in odour space
represents a complex mixture of volatile compounds with a unique fingerprint of rela-
tive concentrations, that elicits a specific perceived odour quality. The vectors demon-
strates the just noticeable difference (jnd) in the stimulus that is required to either
detect a difference from a single chemoreceptor, sacuity, within the olfactory system or
psychophysically as reported perceptually, sh−acuity.

SNR =
σg

σr
=
(

λg

λr

)1/2

=
(

nλr

λr

)1/2

=
√

n (2)

and we expect an enhancement in sensitivity to follow
√

n, with increasing recep-
tor numbers, n. This is a form of hyperacuity where the biology takes advantage
of the statistics at the receptor level in order to generate overall system sensi-
tivity that is greater than that of the underlying detectors.

There can be many forms of hyperacuity within a single sensory modality. For
example, within the visual system three forms are commonly discussed; colour
perception, vernier-style hyperacuity, and stereo-optic depth perception [10]. In
each case the overall perceptual performance has been measured empirically
using psychophysical experiments and then compared with theoretical physical
limits imposed on the sensory system, such as receptor spacing or diffraction
limits imposed by the optics of the eye. The point at which acuity becomes hy-
peracuity can be measured empirically when the overall psychophysical detection
limits exceed those calculated from physical constraints placed on the sensory
system or as measured electrophysiologically at the receptor level.

Probably the most widely studied example of hyperacuity in the visual system
is during the perception of relative spacings in the visual field in two dimensions
at the plane of fixation – so-called vernier-style hyperacuity. The effect can be
measured empirically using a wide range of psychophysical experiments, a well
known example being the estimation by an observer of relative spacing between
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four parallel lines on a plain background, studied by Klein and Levi (1985) [11].
By varying the spacing between the lines by minute amounts they managed to
test the acuity of the visual system in detecting relative displacement shifts in
the visual field. To demonstrate hyperacuity in this context requires the just
noticeable difference (jnd) in the displacement between the lines, as reported by
the observer, which gives rise to a small displacement of the projected image
onto the retina, to be far smaller than the receptor spacing. Klein and Levi
measured the perceptual thresholds to be ca. 0.9 seconds of arc, whereas the
receptor spacing on the retina is ca. 30 seconds of arc [11].

While hyperacuity may confound our intuition regarding detection limits in
the biology, it becomes far less baffling when considered in a statistical sense.
For the example of relative line spacing in the visual field, the signals from
many more than a single receptor can be called upon to solve the task. By
recruiting the signals from a population of receptor cells it is possible to surpass
the detection limits to which individual receptors are subject. Population coding
and hyperacuity can be considered to be closely related phenomena.

Within the olfactory system, at first glance there appears to be two very
separate forms of hyperacuity present. The first of these relates to sensitivity
enhancement, formalised above. Here, ORNs expressing identical single receptor
proteins (or combinations thereof) aggregate their signals at common sites, re-
sulting in an overall jnd to a preferred compound that exceeds that of individual
chemoreceptors. We may refer to this as a kind of concentration hyperacuity,
which may be quantified by comparing reported detection thresholds obtained
from psychophysical or electrophysiological experiments conducted using pure
odour compounds with those thresholds observed at the individual receptor
level using single-unit recordings. Another form of olfactory hyperacuity can
be considered to arise from the combined action of a broadly tuned population
of ORNs. By combining signals from many ORNs expressing different receptor
proteins, the later stages of the olfactory pathway may enhance discrimination
between similar complex odour stimuli over and above that achievable by any
single chemoreceptor type. We may refer to this as a form of odour quality hy-
peracuity which may be quantified by comparing ORN single-unit recordings in
response to paired odour stimuli for their ability to account for discrimination
of the same odour pair as reported psychophysically or measured electrophysio-
logically.

Consideration of the underlying neuronal architecture uncovers just how
closely related these two forms of hyperacuity might be. For example, overlapping
receptor tunings also contribute to lower detection limits to single compounds
and so it is not possible to attribute the phenomena of sensitivity enhancement
to a single receptor type. Similarly, convergence of single receptor types also sup-
ports better multicomponent odour quality discrimination within the olfactory
system and so single receptor types make significant contribution to encoding
quality. Also note that in this context odour quality and quantity are not en-
tirely separable since changes in concentration of some odour compounds are
known to have marked effects on the perceived odour quality. A single definition
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of olfactory hyperacuity might suffice that avoids this awkward distinction. As
a working definition consider

Olfactory hyperacuity is demonstrated by the discrimination of two
chemically different odour stimuli (which may vary in both quantity
and quality) observed at the later stages of the olfactory pathway and
measured either psychophysically or electrophysiologically, that cannot
be accounted for by any single underlying chemosensor.

Notice that this definition is broad enough to encompass many olfactory
scenarios – in particular changes in both odour intensity and quality. Fig. 2
shows an odour space representation, which provides an intuitive understanding
of this definition for olfactory hyperacuity. Here, each point in odour space has
an associated odour perception, the quality of which varies with changes in the
relative concentration between the components of a complex odour mixture. The
nearest excursion from a given point in odour space that produces a shift in the
reported perception corresponds to the jnd in the stimuli that can be recognised
– vector sh−acuity. The excursion that demonstrates a statistically significant
change in response at the single-unit level represents the jnd for that particular
ORN – vector si

acuity for receptor class i. To demonstrate olfactory hyperacuity,
the magnitude of jnd observed at the perceptual level must be far smaller than
for any underlying receptor

|sh−acuity|2 � |si
acuity|2 for all i, (3)

where | • |2 is the usual l-2 Euclidean norm.
Hyperacuity of this form has already been demonstrated within the olfactory

system through electrophysiological measurements in both mammals and insects.
Duchamp-Viret et al. (1989) measured sensitivity enhancement to a variety of
single odour ligands at both the receptor and olfactory bulb level in the frog [12].
Their results show a clear lowering of the detection limits at the bulb level when
compared with that observed for the underlying receptors. Interestingly, this
effect is observed only when a large portion of the olfactory mucosa is exposed,
compared with a punctate delivery to the receptor sheet. This provides further
evidence that hyperacuity in the olfactory system relies upon the recruitment
of a large population of receptors. Given that the convergence ratio of receptors
onto glomeruli in the frog is similar to other small mammals and estimated
to be ca. 1000 [12,13] the theoretical model of hyperacuity at the front-end of
the olfactory system, represented by (2), predicts a lowering of the detection
limit by a factor of ca. 32. In support of this prediction, Duchamp-Viret and
co-workers observed between 1-2 orders of magnitude sensitivity enhancement
in their measurements [12].

Similar measurements in the antennal lobe of cockroach have been made by
Boeckh and co-workers demonstrating spectacular sensitivity enhancement to
pheromone compounds - regularly between 1-4 orders of magnitude but also as
high as six orders of magnitude between measurements taken at the antennae and
the Macroglomerular Complex (MGC) of the antennal lobe [14]. These results
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are intriguing since although high convergence ratios of ORNs onto specialised
glomeruli in the MGC of insects have been reported, these are nowhere close to
the enormous convergence ratios required to support such extreme hyperacuity
(1012:1 receptor:glomeruli convergence ratios). Alternative mechanisms must be
involved in enhancing sensitivity to such a high degree – one example of which
might be noise-shaping [15].

The early stages of the olfactory pathway not only ensures efficient and robust
signal transmission from the transduction sites to the first stage of processing,
but clearly lower the overall system detection limits in the process. This provides
only one example of how the convergent architecture of the olfactory pathway can
teach us valuable lessons about robust signal processing within neural systems
as it maintains high levels of sensitivity to relevant stimuli.

3 Hyperacuity in an Artificial Nose

Can we demonstrate such sensitivity enhancement within practical chemical
sensing technology using the mechanism of hyperacuity in the olfactory sys-
tem as a model? Even though artificial nose systems typically rely on arrays of
widely tuned non-specific chemosensors, numbers of individual sensing elements
are usually restricted overall, to reduce both system complexity and implemen-
tation costs. As a consequence it has not been possible to exploit the statistical
properties of large numbers of chemosensor elements, simply due to lack of sensor
numbers, as has been successfully exploited in the biological olfactory pathway
to boost detection limits.

Optical microbead sensor technology, as depicted in Fig. 3a is ideally placed
for such neuromorphic implementation. Enormous populations of microbeads
may be deployed in a small area (the diameter being ca. 30 µm), from which
the signal produced by each sensor element can be addressed individually. Only
in such an arrangement can the issues of population coding in chemical sensing
be addressed realistically. Individual microbead sensors are broadly-tuned to a
wide range of organic compounds and so are reminiscent of the wide ranging but
preferentially tuned responses observed in ORNs [16]. It is possible to effectively
tune these devices by choosing different polymer/dye combinations so as to repli-
cate to some extent the diversity of receptor types present in the biology. The
devices are also small and low-power – a 3mW output laser-diode assembly can
energise billions of optical microbeads in tandem, making it a useful chemical
sensor technology in its own right [17].

Our aim, then, is to investigate the statistics across a population of iden-
tical optical microbeads in order to test for evidence of olfactory hyperacuity
as demonstrated in the biology. This would provide both a practical method
for sensitivity enhancement in chemical sensing instrumentation as well as add
credence to the biological model discussed in Sect. 2.

For this work 201 optical microbeads with similar response characteristics
were imaged on a glass slide as these were exposed to different dilutions of the
saturated vapour headspace of a single chemical compound – toluene. Fabrication
details for the microbeads have been reported elsewhere [18]. The fluorescence
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Fig. 3. (a) A grey-scale image showing 201 fluorescent microbeads responding to satu-
rated toluene vapour at a single point in time. (b) A single bead response to different air
dilutions of saturated toluene vapour over time, indicating concentration discrimina-
tion down to 1:61 dilution. The data were standardised by taking the average greyscale
value for each individual bead and for each frame subtracting the greyscale value of
the respective bead on the first frame of the sequence and finally dividing the result
by the same first frame value. This results in a fractional pre-processing metric. The
solid black line indicates odour exposure.
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response of each bead is sensitive to different chemicals in the microenvironment
surrounding that sensor and can be imaged using a simple optical arrangement
based upon a cooled CID camera and microscope lens similar to that described
by White et al. [19] Odour delivery was achieved using an air-dilution olfactome-
ter to apply pulses of analyte vapour to region of beads being imaged. A make-up
carrier flow of ultra zero grade air was controlled at varying flow-rates to act as a
diluent for the saturated vapour headspace of toluene (ca. 3800 ppm concentra-
tion). Dilutions achieved using this odour delivery arrangement ranged between
1:10 to 1:300, corresponding to 154.8 nmol ml−1 and 5.2 nmol ml−1 respectively.

Using this arrangement it was possible to image large numbers of these beads
within a single CCD-frame - in this experiment 201 beads in total. The luminosity
response of each bead to the analyte (across a small bandwidth in the fluorescent
emission spectrum, 10 nm) may be accurately assessed by measuring the grey-
scale levels around localised points in the image. After storing the individual
bead responses during exposure to different concentrations of analyte over time,
the statistics of the responses across the bead population were investigated.

The graph of Fig. 3b shows the variation in standardised luminosity over
time for an individual microbead responding to different dilutions of saturated
toluene vapour. The beads show a well defined response to a wide range of
organic compounds that are both reversible and reproducible during repeated
exposures. Clearly, the magnitude of the response is related to the concentration
of the analyte and so the task is to be able to discriminate between the single
analyte at different dilutions. A close inspection of the responses shown in Fig.
3b shows that for this particular bead, reliable discrimination was only possible
down to the 1:61 dilution level. Below this concentration level the luminosity
signal is seen to descend into the background noise.

To be able to demonstrate hyperacuity we must show that the discrimination
capability of the population of microbeads surpasses that of a single bead. The
best way to quantify the response of the bead population is statistically. From
preliminary experiments with very high bead numbers (> 1000) the distribution
of luminosity values, y obtained from a single bead population was found to
closely match the Laplace (or double exponential) probability density function
(pdf) at any particular point in time

p(y) =
1
2β

exp
(−|y − µ|

β

)
(4)

where β is the scale parameter determining the dispersion, µ is the mean, and
the variance is given by σ2

y = 2β2. The statistics of the population can be used
to make a more accurate assessment of the true concentration of the analyte
using fundamental concepts from signal detection theory.

Given a single bead measurement, y, we can assign it to the most likely
dilution class, Hi, by maximising the a posteriori probability p(Hi|y). In the
case of equally likely dilution classes, it is simple to show using Bayes rule that
this is equivalent to maximising the conditional probability, and so our decision
rule reduces to (for two classes, H1 and H0)

if p(y|H1) > p(y|H0) choose H1, otherwise choose H0 (5)
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0

 
 p(y|Hi)

y

H0 H1

p (y|H1)p (y|H0)

e0 e1

Fig. 4. The detection of two signals with distinct Probability Density Functions (pdfs).
Using a threshold function it is possible to minimise the likelihood of making an error
in assigning a hypothesis, H0 or H1, to observation y. The areas ε0 and ε1 represent
the probability of making this error.
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expected value (the peak) of each distribution provide a far more accurate and robust
measure of the actual dilution class - this being the basis of sensitivity enhancement
in our artificial nose.
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This decision process is depicted in Figure 4a, showing how the overlapping
distributions of two signals can be used to assign the most probable class mem-
bership. Exactly the same approach is used here for a number of dilution classes.
By fitting a distribution of the form given by (4) to the bead responses to each
dilution the power of this discrimination scheme becomes clear. Figure 5 shows
the multiple Laplace pdfs for each of the dilutions analysed. This can be used
to make an optimal dilution class assignment for a single bead response to an
unknown dilution of the analyte. Some overlap exists between the fitted pdfs,
and so a level of risk must be tolerated in making this assignment. However, it
is also clear from the distributions that the expected value (mean) across the
bead population in each case provides a far more accurate estimator of the dilu-
tion category than any single bead response – which is the central issue in any
hyperacuity effect. This can be quantified by the standard error in the mean,
σµ which measures how much variation can be expected in the expected value
of the distribution given by (4) when, n multiple samples are taken from a bead
population.

σµ =
σy√
n

=
2β2
√

n
(6)

so while a single bead response is subject to variance 2β2 the variance of the
mean taken from n independent and identically distributed bead responses is
2β2
√

n
.
We can also quantify this effect by estimating the SNR between the aggre-

gated bead response of the population to the odour applied at a specific dilution
(an estimate of the expected value µ̂Hi) with the same population responding
to air, µ̂H0. It can be shown that the SNR between these two estimates of the
mean can be calculated using the Student’s t-test statistic [20]

ˆSNR > tα,ν (7)

where the degrees of freedom ν = 2n − 2, n is the number of microbeads within
the population, and α gives the significance level required for the SNR estimate
(taken here as α = 0.05). After applying a t-test statistic it was possible to
estimate how the SNR of the aggregated signal varied with differing numbers
of beads – as shown in Fig. 6. The results show clear agreement with the SNR
enhancement predicted by the biological model and demonstrate how olfactory
hyperacuity may be implemented within an artificial nose to achieve sensitivity
enhancement.

Figure 6 may also be used to estimate the number of beads required to
reach a particular system detection limit and so solve a specific odour detection
problem. Assuming a minimum SNR of 3 for reasonable detection, it is clear from
extrapolating the characteristics that the 1:171 toluene dilution odour detection
task could be solved with ca. 500 concurrent bead measurements and the 1:300
task with ca. 1,300 bead measurements.
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4 Stimulus Encoding in the Olfactory System

Another issue of interest when considering robust signal processing within neural
systems is how sensory signals are encoded in the CNS. It appears that a wide
range of encoding strategies are employed by the biology in order to efficiently
transmit sensory information under a wide range of conditions. Examples of
coding strategies include graded potentials (usually over short distances), action
potentials, rate codes, and specific temporal codings.

The key method of signal transmission between the first two stages of the
olfactory pathway is known to be action potentials. Although these spiking sig-
nals are known to provide an efficient mechanism for long-distance transmission
in the nervous system, how it can provide the signalling basis for reliable and
accurate stimulus encoding is still debated [21,22]. One approach to address this
issue is to investigate different stimulus encoding schemes within computational
models. In this section, we investigate the mass action of sensory input to a
simple olfactory model that is driven by optical chemosensors to understand its
behaviour in what has been termed a high-input regime [23].

In this context realistic chemosensory input derived from optical microbead
input confers advantages in terms of more natural statistics of sensory input than
can be achieved with a small number of sensors or simulated input. Accordingly,
we can investigate the behaviour of our model under a probabilistic, high-input
regime akin to the biology.

We applied the data-set shown in Fig. 3b to a simple model of the front-end
of the olfactory system. The layout for the model is shown in Fig. 7a where
data from each individual bead is mapped onto a series of cell populations in
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Fig. 7. (a) Architecture of a simple model of the early stages of the olfactory system,
showing the different layers, including fluorescent bead population, input layer, sigmoid
layer, integrate-and-fire layer, and a single glomerular cell entity. (b) Behaviour of the
model over time at each successive stage of the system during a complete cycle of
the stimulus – top to bottom: examples of the activity of a single simulated neuron
belonging to the input layer responding to the bead response shown in Fig. 3b, sigmoid
layer, and integrate-and-fire layer respectively. The bottom trace shows the stimulus
after reconstruction from multiple spike trains at the level of the simulated glomerulus.
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a 1-to-1 fashion. To address the stimulus encoding issues we consider here it
is reasonable to connect a single simulated glomerular ”cell” to a population
of ostensibly identical fluorescent beads, to model the convergent architecture
discussed in Section 2. In order to closely follow the biology of the system, the
baseline response of the bead data was applied to a sigmoid layer in order to
mimic the sigmoidal concentration dependence of transduction current within
olfactory receptor neurons [24]. This also acts to auto-scale the data so that
each bead response lies within the range [0, 1].

Integrate-and-fire neurons were then used to generate a volley of spike trains
that represent the stimulus using Poisson statistics as outlined in (1). This ar-
rangement provides a simple yet reasonably accurate model of spike generation
by olfactory receptors, which can be considered to produce spike trains with Pois-
son statistics where the mean firing frequency is sigmoidally dependent upon
stimulus concentration. The convergence of receptor input in the biology has
been represented in our model by the aggregation of spike trains from many
integrate-and-fire cells at any one point in time at the glomerulus ”cell”. While
the glomerulus does not exist as a cell entity in its own right (it comprises neu-
ropil made up from axons from olfactory receptor neurons synapsing onto the
dendrites of mitral, tufted, and periglomerular cells), we can use this in our
model as a convenient site for integration that represents the excitatory effect
of the receptor input on the olfactory bulb.

The behaviour of our model to real-world chemosensory input is shown in
Fig. 7b. Here, a single cell in the input layer presents a complete cycle of the lu-
minosity response of an individual microbead. This signal is then compressed by
its corresponding cell within the sigmoid layer, and then transformed into a prob-
abilistic spike train at the integrate-and-fire layer. By integrating a large number
of such spike trains in both space and time (Fig. 7b, bottom), the glomerular
cell is then able to reconstruct the stimulus. The key point to note here is that
the signal can only be reconstructed accurately if spikes arrive at random points
in time, and that at any point in time the glomerulus is receiving an accurate
mean signal from the entire population of chemosensors. The system is therefore
dependent upon the massively convergent rate-coded receptor input in order to
accurately reconstruct the stimulus.

An important aspect related to how robustly the transmission scheme be-
haves under realistic input conditions, is how well the glomerulus is able to
track the change in the stimulus over time using only discrete spiking input.
This issue is central to the performance of any sensory system that must use
the input provided from a population of receptors in order to make decisions
about the stimulus, such as in the visual and auditory pathways. To estimate
the SNR of the reconstructed stimulus, and so quantify the information avail-
able to any subsequent neuronal processing within the olfactory pathway, we
conducted experiments on two models of the form shown in Fig. 7a in parallel.
By comparing the signal produced from a single glomerulus in one model whilst
being exposed to air, to an identical model during exposure to 1:10 dilution of
saturated toluene vapour, an accurate estimate of the ability of the artificial
sensory system to reconstruct the stimulus could be made.
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To address the central issue related to robust signal encoding strategies we
asked the question, does a rate-coded representation of the stimulus at the re-
ceptor level limit the signal quality that is recoverable at the glomerulus? To
investigate this issue, we compared the results obtained from two models, one in
which probabilistic spike trains representing the receptor input were integrated
at the glomerular cell and another in which the graded (non-spiking) receptor
input was transmitted directly to the glomerulus for integration.
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Fig. 8. A comparison of the signal-to-noise ratio obtained at the glomerulus cell of
our neuronal model for two different encoding schemes – rate-coded spike trains and
graded signal transmission.

The results comparing the SNR obtained at the glomerular cell for both oper-
ating regimes are shown in Fig. 8. The results demonstrate that direct transmis-
sion of graded receptor input gives rise to uniformly high SNR which is robust
to variations in the charging time-constant at the glomerulus. For very short
time constants the spiking rate-coded equivalent does very poorly, achieving an
SNR at the glomerulus that is worse than that of any single receptor. However,
for longer integration periods the SNR under the rate-coded regime approaches
that achieved during graded signal transmission, showing that a similar effi-
ciency of stimulus encoding can be achieved, but only within a specific range of
temporal integration. The cost for adequately recovering a reasonable SNR at
the glomerulus in the case of spiking rate-coded stimuli is, though, a far longer
integration period, which slows the dynamics of the system as a whole and so
limits the response time of the system. If the temporal dynamics of the odorant
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diffusion through the mucous layer of the olfactory epithelium and signal trans-
duction dynamics at ORNs matched those of the glomeruli there would be no
cost to pay since the system would act as a matched filter. Rate-coded stimulus
encoding confers clear advantages in terms of its robust properties in the face
of external noise sources, and so is preferable for reliable transmission over long
distances such as between the epithelium and the olfactory bulb in the CNS.

These results indicate a clear trade-off between integration time and recon-
structed signal quality during spike-based stimulus encoding. This represents an
important aspect of how signal integrity can be maintained within a rate-coded
regime which is fundamental to understanding the transmission of stimulus in-
formation throughout sensory systems.

5 Discussion and Summary

The focus of this chapter has been the robust transmission and reconstruction of
sensory signals within neural systems. The olfactory pathway provides an excel-
lent model system from which to address these issues. Two models of the early
stages of this system have been presented; a mathematical model of sensitivity
enhancement in the olfactory pathway and a computational model for compar-
ing action- and graded-potential based signal transmission. Both models provide
insight into aspects of robust signal processing and transmission. Massive con-
vergence of receptor input coupled with population coding brings advantages to
the olfactory system by way of fault-tolerance and sensitivity enhancement. Our
computational model has demonstrated how spike based communication can be
as efficient for signal transmission as graded-potential communication subject to
temporal constraints.

How the CNS manages to transmit huge quantities of sensory information to
the higher brain centres is a fascinating example of parallel processing. Individual
sensory and bulbar neurons may only operate on a millisecond timescale, yet
the entire olfactory system is able to make important decisions relating to the
stimulus within a remarkable short period of time. Such a feat of information
processing requires highly organised strategies to communicate and deal with
sensory data in parallel. Investigating key organisation principles within the
CNS, such as population coding provides a promising approach to replicating
some of the robust properties of signal transmission whilst maintaining high
bandwidth or sensory data.

An interesting aspect related to achieving such enormous bandwidth of sen-
sory information that is suggested by our models, and merits further investiga-
tion is the matching of dynamics in the time domain of the perireceptor, signal
transduction, transmission and processing stages. Further issues that might be
investigated using a similar modelling approach are how stimulus and time is
represented in the olfactory bulb and in particular the role of temporally com-
plex mitral/tufted cell responses, and oscillations present within the system as
a whole[25].
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Abstract. Finite-state machines are the most pervasive models of com-
putation, not only in theoretical computer science, but also in all of its
applications to real-life problems, and constitute the best characterized
computational model. On the other hand, neural networks —proposed
almost sixty years ago by McCulloch and Pitts as a simplified model of
nervous activity in living beings— have evolved into a great variety of
so-called artificial neural networks. Artificial neural networks have be-
come a very successful tool for modelling and problem solving because
of their built-in learning capability, but most of the progress in this field
has occurred with models that are very removed from the behaviour of
real, i.e., biological neural networks. This paper surveys the work that
has established a connection between finite-state machines and (mainly
discrete-time recurrent) neural networks, and suggests possible ways to
construct finite-state models in biologically plausible neural networks.

1 Introduction

Finite-state machines are the most pervasive models of computation, not only in
theoretical computer science, but also in all of its applications to real-life prob-
lems (natural and formal language processing, pattern recognition, control, etc.),
and constitute the best characterized computational model. On the other hand,
neural networks, —proposed almost sixty years ago by McCulloch and Pitts [1]
as a simplified model of nervous activity in living beings—, have evolved into
a great variety of so-called artificial neural networks. Artificial neural networks
have become a very successful tool for modelling and problem solving because
of their built-in learning capability, but most of the progress in this field has
occurred with models that are very removed from the behaviour of real, i.e.,
biological neural networks.

This paper surveys the work that has established a connection between finite-
state machines and (mainly discrete-time recurrent) neural networks, and re-
views possible ways to construct finite-state models in biologically plausible neu-
ral networks. The paper is organized as follows: section 2 describes the simulta-
neous inception of discrete-state discrete-time neural net models and finite-state
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machines; section 3 describes the relation between continuous-state discrete-time
neural networks and finite-state machines; section 4 moves on to a more realistic
model, namely, continuous-state continuous-time neural nets; spiking neurons
as a biologically plausible continuous-time continuous-state model of finite-state
computation is discussed in section 5. Finally, concluding remarks are presented
in section 6.

2 The Early Days: Discrete-Time, Discrete-State Models

2.1 McCulloch-Pitts Nets

The fields of neural networks and finite-state computation started indeed si-
multaneously: when McCulloch and Pitts [1] formulated mathematically the be-
haviour of ensembles of neurons (after a number of simplifying assumptions such
as the discretization of time and signals), they defined what we currently know
as a finite-state machine (FSM). McCulloch & Pitts’ simplified neurons work on
binary signals and in discrete time; they receive one or more input signals and
produce an output signal as follows:

– input and output signals can be high or low;
– inputs can be excitatory or inhibitory;
– the neuron has an integer activation threshold A;
– the neuron’s output is high at time t + 1 if, at time t,

– more than A excitatory inputs are high and
– no inhibitory input is high

and it is low otherwise.

McCulloch & Pitts’ neuron may be easily shown to be equivalent to the current
formulation of a linear threshold unit :

– input (ui) and output (y) signals are 0 (low) or 1 (high);
– the neuron has real weights Wi, one for each input signal, and a real bias b;
– the neuron’s output at time t + 1, y[t + 1] is given by

y[t + 1] = θ

(∑
i

Wiui[t] + b

)
(1)

where θ(x) is the step function1 (time indices t, t + 1 may be dropped in
some applications).

A McCulloch-Pitts net is a finite set of interconnected McCulloch-Pitts neu-
rons. Some neurons receive external inputs; they are called inputs to the net .
Other neurons compute the outputs of the net. The remaining neurons are called
hidden neurons. Connections between neurons may form cycles (i.e., the net may
be recurrent). A McCulloch-Pitts net may be seen as a discrete-time sequence
1 The step function is defined as follows: θ(x) = 1 if x ≥ 0, 0 otherwise.
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processor which turns a sequence of binary input vectors u[t] into a sequence of
binary output vectors y[t]. The state of a McCulloch-Pitts at time t is the vector
of the outputs at time t of its recurrent neurons (i.e., those involved in cycles,
if any). Therefore, one may see a McCulloch-Pitts recurrent net as a finite-state
machine2 M = (Q, Σ, Γ, δ, λ, qI), because

– The net may be found at any time t in a state from a finite set Q =
{high, low}nX , where nX is the number of recurrent units.

– The vector of inputs at time t takes values from a finite set Σ =
{high, low}nU , where nU is the number of inputs to the net. The set Σ
is finite and may be seen as an alphabet.

– The vector of outputs at time t takes values from a finite set Γ =
{high, low}nY , where nY is the number of output signals going out from
the network. This set is finite and may also be seen as an alphabet.

– The state of the net at time t+1 is a function δ of inputs and states at time
t which is defined by the architecture of the net.

– The output of the net at time t + 1 is a function λ of inputs and states at
time t which is defined by the architecture of the net.

– The initial state qI ∈ Q is formed by the outputs of neurons and by the
inputs to the net at time t = 0.

2.2 Regular Sets

Later, Kleene [3] formalized the sets of input sequences that led a McCulloch-
Pitts network to a given state. He called them regular events; we currently know
them as regular sets or regular languages. Nowadays, computer scientists relate
regular sets to finite-state machines, not to neural nets [2, p. 28].

2.3 Constructing Finite-State Machines in McCulloch-Pitts Nets

Minsky [4] showed that any FSM can be simulated by a discrete-time recur-
rent neural net (DTRNN) using McCulloch-Pitts units; the construction used a
number of neurons proportional to the number of states in the automaton; more
recently, Alon et al. [5], Indyk [6], and Horne and Hush [7] have established bet-
ter (sublinear) bounds on the number of discrete neurons necessary to simulate
an finite state machine.

3 Relaxing the Discrete-State Restriction: Sigmoid
Discrete-State Recurrent Neural Networks

Discrete neurons (taking values, for example, in {0, 1}) are a very rough model
of neural activity, and, on the other hand, error functions for discrete networks
are not continuous with respect to the values of weights, which is crucial for
2 Such as Mealy and Moore machines, see [2, p. 42].
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the application of learning algorithms such as those based in gradient descent.
Researchers have therefore also shown interest in neural networks containing
analog units with continuous, real-valued activation functions g such as the lo-
gistic sigmoid gL(x; β) = 1/(1+ exp(−βx)), with β a positive number called the
gain of the sigmoid. A logistic neuron has the form

y[t + 1] = gL

(∑
i

Wiui[t] + b; β

)
; (2)

this relaxes the discrete-signal restriction. The logistic function has the follow-
ing limiting properties: limx→∞ gL(x; β) = 1 and limx→−∞ gL(x; β) = 0, and
limβ→∞ gL(x; β) = θ(x), where θ is the step function. The last property has the
consequence that a logistic neuron with infinite gain is equivalent to a linear
threshold unit. In summary, these are the advantages of relaxing the discrete-
state restriction:

– Differentiability allows for gradient-descent learning
– Graded response gives a better model of some biological processes
– May, in principle, emulate discrete-state behaviour (the same as digital com-

puters are built from analog units as transistors and diodes).

The use of analog units turns the state of the network into a real-valued vec-
tor. In principle, neural networks having neurons with real-valued states should
be able to perform not only finite-state computation but also more advanced
computational tasks.

3.1 Neural State Machines

A neural state machine, by analogy with a FSM M = (Q, Σ, Γ, δ, λ, qI), is N =
(X, U, Y, f ,h,x0) with

– X = [0, 1]nX (for nX state neurons);
– U = [0, 1]nU (for nU input signals);
– Y = [0, 1]nY (for nY output neurons);
– f : X × U → X and h : X × U → Y are computed by feedforward neural

nets;
– x0 ∈ [0, 1]nX is the initial state.

(the use of the [0, 1] interval is consistent with the use of the logistic sigmoid
function, but other choices are possible). This construction is usually called a
discrete-time recurrent neural net (DTRNN).

Similarly to FSM, we can divide neural-state machines in neural Mealy ma-
chines and neural Moore machines [2, p. 42]. In neural Mealy machines the
output is a function of the previous state and the current input. Figure 1 shows
a block diagram of a neural Mealy machine. Robinson and Fallside’s [8] recurrent
error propagation nets, used for speech recognition, are an example of a neural
Mealy machine. In a neural Moore machine, the output is simply a function of
the state just computed (h : X → Y ), see figure 2. Elman’s simple recurrent net
[9] is an example of a neural Moore machine.
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feedforward net
(next state)

feedforward net
(output)

u[t]x[t-1]

x[t] y[t]

Fig. 1. A neural Mealy machine

x[t-1]

feedforward net
(output)

u[t]

feedforward net
(next state)

x[t]

y[t]

Fig. 2. A neural Moore machine

3.2 Learning Finite-State Behaviour in Sigmoid DTRNN

Under this intuitive assumption, a number of researchers set out to test whether
sigmoid DTRNN could learn FSM behaviour from samples [10,11,12,13,14,15,
16,17,18,19,20]. Sigmoid DTRNN may be trained to be FSM as follows:
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– Define a learning set (input and output strings).
– Choose a suitable architecture (some DTRNN architectures are incapable of

representing all FSM [21,22])
– Decide on an encoding for inputs.
– Define output targets for each symbol and establish tolerances.
– Initialize weights, biases and initial states adequately.
– Use a suitable learning algorithm to vary weights, biases, and, optionally,

initial states until the net outputs the correct output string (within tolerance)
for each input string in the learning set .

– If a test set has been set aside, check the network’s generalization behaviour.
– If a FSM is needed, extract (see section 3.3) one from the dynamics of the

network (even if dynamics is not finite-state!).

However, a number of open questions arise when training DTRNN to behave
as FSM, among which

– How does one choose nX? This introduces a definite inductive bias: too
small a value may yield an incapable DTRNN; too big a value may hamper
its generalization ability.

– Will the DTRNN exhibit finite-state behaviour? A continuous-state DTRNN
has an infinite number of states available and therefore has no bias toward
discrete-state behaviour.

– Will it indeed learn? A DTRNN may be computationally capable to perform
a task but learning that task from examples may not be easy or even possible.

– As with all neural networks, learning may get trapped in undesirable local
minima of the error function.

The results obtained so far by the researchers cited show that, indeed, DTRNN
can learn FSM-like behaviour from samples, although some problems persist.

One such problem is called instability : after learning, FSM-like behaviour
is observed only for short input sequences but degrades with sequence length;
indeed, we will say that a DTRNN shows stable FSM behaviour when out-
puts are within tolerance of targets for input strings of any length. As will be
explained later, DTRNN may be constructed to emulate finite-state machines;
stable DTRNN constructed in that way have high weights, which in turn has
the consequence that the error function has very small gradients; this may be
part of the explanation why stable behaviour is hard to learn.

Another related problem occurs when the task to be learned has long-term
dependencies, that is, when late outputs depend on very early inputs; when this
is the case, gradient-descent algorithms have trouble relating late contributions
to the error to small changes in the state of neurons in early stages of the
processing; these problems have been studied in detail by Bengio et al. [23].

3.3 Extracting Finite-State Machines from Trained Networks

Once successfully trained, specialized algorithms may extract FSM from the dy-
namics of the DTRNN; some use a straightforward equipartition of neural state
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space followed by a branch-and-bound algorithm [12], or a clustering algorithm
[10,16,20]. Very often, the finite-state automaton extracted behaves correctly
for strings of any length, even better than the original DTRNN. But automa-
ton extraction algorithms have been criticised [24,25] in the sense that FSM
extraction may not reflect the actual computation performed by the DTRNN.
More recently, Casey [26] has shown that DTRNN can indeed “organize their
state space to mimic the states in the [...] state machine that can perform the
computation” and be trained or programmed to behave as FSM. Also recently,
Blair and Pollack [27] presented an increasing-precision dynamical analysis that
identifies those DTRNNs that have actually learned to behave as FSM.

3.4 Programming Sigmoid DTRNN to Behave as Finite-State
Machines

Finally, some researchers have set out to study whether it is possible to program
a sigmoid-based DTRNN so that it behaves as a given FSM, that is, they have
tried to formulate sets of rules for choosing the weights and initial states of
the DTRNN based on the transition function and the output function of the
corresponding FSM. In summary, to simulate a FSM in a sigmoid DTRNN one
has to decide:

– How to encode the input symbols σk ∈ Σ as vectors uk ∈ U . The usual choice
is a (one-hot) encoding: nU = |Σ|, (uk)i = δik, where δik is Kronecker’s delta,
defined as δik = 1 if i = k and 0 otherwise.

– How to interpret outputs as symbols γm ∈ Γ . For example, nonempty disjoint
regions Ym ⊆ Y (defined e.g. by a tolerance around suitable target values)
may be assigned to each γm ∈ Γ .

– How many state neurons nX to use (this will be discussed later).
– Which neural architecture to use.
– The values for weights.
– A value for the initial state x0 (for qI).

As has been said in section 3.2, not all DTRNN architectures can emulate all
FSM [21,22].

When does a DTRNN behave as a FSM? A DTRNN N = (X, U, Y, f ,h,x0)
is said to behave as a FSM M = (Q, Σ, Γ, δ, λ, qI) when (Casey 1996):

1. States qi ∈ Q are assigned nonempty disjoint regions Xi ⊆ X such that the
DTRNN N is said to be in state qi at time t when x[t] ∈ Xi.

2. The initial state of the DTRNN N , belongs to the region assigned to state
qI , that is, x0 ∈ XI .

3. fk(Xj) ⊆ Xi ∀qj ∈ Q, σk ∈ Σ : δ(qj , σk) = qi, where fk(A) = {f(x,uk) :
x ∈ A} for short (see figure 3).

4. hk(Xj) ⊆ Ym ∀qj ∈ Q, σk ∈ Σ : λ(qj , σk) = γm, where hk(A) = {h(x,uk) :
x ∈ A} for short (see figure 4).
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Xj Xi

f (X )jk

f k

Fig. 3. Correctness of the next-state function of a FSM as computed by a DTRNN.
The transition δ(qj , σk) = qi is illustrated

Xj Ym

h (X ) jk

h k

Fig. 4. Correctness of the output function of a FSM as computed by a DTRNN. The
production of output λ(qj , σk) = γm is illustrated

Omlin and Giles [28] have proposed an algorithm for encoding deterministic
finite-state automata (DFA, a class of FSM) in second-order recurrent neural
networks which is based on a study of the fixed points of the sigmoid function.
Alquézar and Sanfeliu [29] have generalized Minsky’s [4] result to show that
DFA may be encoded in Elman [9] nets with rational (not real) sigmoid transfer
functions. Kremer [30] has recently shown that a single-layer first-order sigmoid
DTRNN can represent the state transition function of any finite-state automa-
ton. Frasconi et al. [31] have shown similar encodings for radial-basis-function
DTRNN. All of these constructions use a number of hidden units proportional
to the number of states in the FSM. More recently, Š́ıma [32] has shown that the
behaviour of any discrete-state DTRNN may be stably emulated by a continuous-
state DTRNN using activation functions in a very general class which includes
sigmoid functions. In a more recent paper, Š́ıma and Wiedermann [33] show that
any regular language may be more efficiently recognized by a DTRNN having
threshold units. Combining both results, one concludes that sigmoid DTRNN
can act as DFA accepting any regular language.

Recently, Carrasco et al. [22] (see also [34,35]) have expanded the current
results on stable encoding of FSM on DTRNN to a larger family of sigmoids, a
larger variety of DTRNN (including first- and second-order architectures), and
a wider class of FSM architectures (DFA and Mealy and Moore FSM), by estab-
lishing a simplified procedure to prove the stability of a devised encoding and
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to obtain weights as small as possible. Small weights are of interest if encoding
is used to inject partial a priori knowledge into the DTRNN before training it
through gradient descent.

One of Carrasco et al.’s [22] constructions is explained here in more detail:
the encoding of a Mealy machine in a second-order DTRNN; this construction
is similar to the one proposed earlier by Omlin and Giles [28]. It uses a one-hot
encoding for inputs and a “one-hot” interpretation for outputs, and nX = |Q|
state units (DTRNN is in state qi at time t if xi[t] is high and the xj [t], j 6= i, are
low). Then the initial state is chosen so that xI [0] = 1 and all other xi[0] = 0. A
single-layer second-order neural net [12] is used for both δ and λ as follows:

– Next state: for each i = 1, 2, . . . nX ,

xi[t] = g


 nX∑

j=1

nU∑
k=1

W xxu
ijk xj [t − 1]uk[t]


 (3)

– Output: for each i = 1, 2, . . . nY ,

yi[t] = g


 nX∑

j=1

nU∑
k=1

W yxu
ijk xj [t − 1]uk[t]


 , (4)

where g(x) = gL(x; 1). The next-state weights are chosen as follows: W xxu
ijk = H

if δ(qj , σk) = qi and −H otherwise (σk ∈ Σ, qi, qj ∈ Q). The output weights
are W yxu

ijk = H if λ(qj , σk) = γi and −H otherwise (γi ∈ Γ ). It may also be
said that weights are +1 and −1 and that the gain of the sigmoid is β = H (see
section 3). Now, the key is to choose H high enough to ensure correct output
for strings of any length; Carrasco et al. [22] obtain the lowest possible values
for H by mathematical induction after a worst-case study; the results are shown
in table 1. Encoding results such as this are very important: they show that

Table 1. Values of the weight parameter H for stable finite-state behaviour of a
DTRNN as a function of the number of states |Q| of the FSM (the value 2+ indi-
cates any value infinitesimally larger than 2)

|Q| H

2 2+

3 3.113
6 4.181
10 4.863
30 6.224

discrete-state behaviour may be obtained with continuous-state units having a
finite sigmoid “gain” H (discrete-state behaviour is always guaranteed by an
infinite gain, see section 3).
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4 Relaxing the Discrete-Time Restriction

All of the encodings discussed are for finite-state machines in discrete-time re-
current neural networks which assume the existence of a non-neural external
clock which times their behaviour and a non-neural storage or memory for the
previous state of the network, which is needed to compute the next state from
the inputs. However, real (biological) neural networks are physical systems that
operate in continuous time and should contain, if involved in the emulation of
finite-state behaviour, neural mechanisms for synchronization and for memory.

Clocks and memories are indeed present in digital computers that, on the
one hand, show discrete-time behaviour, but, on the other, are built from analog
transistors and diodes having continuous-time dynamics. Therefore, it should in
principle be possible to build a more natural model of finite-state computation
based on continuous-time recurrent neural networks (CTRNN). CTRNN are a
class of networks whose inputs and outputs are functions of a continuous-time
variable and whose neurons have a temporal response that is described as a
differential equation in time (for an excellent review on CTRNN, see [36]). We
are not aware of any attempt to describe the finite-state computational behaviour
of CTRNN.

The continuous-time version of the sigmoid unit may be written as follows
[37,38]:

τ
dy

dt
= −y + g

(∑
i

Wiui + b

)
, (5)

where τ is the unit’s time constant (dynamics). The stationary (infinite-time)
state is, obviously, that of a discrete-time or instantaneous neuron

y = g

(∑
i

Wiui + b

)
. (6)

CTRNN may be constructed and trained [36] to process a continuous input
signal into a continuous output signal :

u(t) → y(t). (7)

In particular, CTRNN may also be built to act as a memory (bistable device) or
as a clock (oscillator). Therefore, CTRNN may emulate DTRNN (using CTRNN
clocks and CTRNN memories), if inputs follow a precise chronogram (as they do
in digital computers). As a corollary, CTRNN may be programmed to emulate
FSM behaviour.

Nevertheless, a note regarding biological plausibility is in order. FSM be-
haviour is often a discrete-time simplification of continuous-time behaviour (e.g.,
speech, vision, etc.), which could be treated directly using CTRNN without
constructing a discrete-time computational model. Indeed, while discrete-state
discrete-time RNN were characterized in the 50’s as finite-state machines, to our
knowledge, the continuous-time continuous-state computational models repre-
sented by CTRNN have not been characterized theoretically.
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5 Biologically Inspired Models: Spiking or
Integrate-and-Fire Neurons

5.1 Spiking or Integrate-and-Fire Neurons

DTRNN and CTRNN are usually formulated in terms of sigmoid neurons trans-
mitting amplitude-modulated signals, but most real neurons may be seen as
using some kind of temporal encoding:

– trains of impulses (spikes) are sent,
– they are received and integrated by each neuron (possibly with some leak-

age),
– the neuron fires (sends an impulse) when the integral reaches a certain

threshold.

These are the rudiments of integrate-and-fire or spiking neuron models. The com-
putational capabilities of recurrent neural networks containing these biologically-
motivated neuron models have yet to be explored. This opens a wide field for
future interaction between theoretical computer scientists and neuroscientists.

5.2 Equivalence to Sigmoid Units and Implications

While integrate-and-fire or spiking models may be seen as very different from
the sigmoid neurons discussed so far, they are not. The correspondence is, how-
ever, not straightforward. Biological neural systems perform visual processing
(10 synaptic stages) in ∼ 100 ms [39]. But real neurons are very slow: firing
frequencies are in the range of 100 Hz. Therefore, direct temporal encoding of
analog variables such as the output of a continuous-state sigmoid unit are not
biologically plausible. A variety of solutions have been proposed. One is called
the space-rate code: analog variables in [0, 1] are encoded as the fraction of neu-
rons in a pool of neurons which fire within a given time interval. Fast analog
space-rate computation (e.g. of sigmoids) and temporal processing (e.g. band-
pass filtering) has been demonstrated through simulation [40]. This suggests that
finite-state machines may be indirectly encoded in integrate-and-fire networks by
implementing a sigmoid DTRNN as a CTRNN and then converting the CTRNN
into an integrate-and-fire network.

5.3 Direct Encoding of Finite-State Machines in Integrate-and-Fire
Networks

A more direct, but related approach to finite-state behaviour in networks of spik-
ing neurons has been recently proposed by Wennekers [41]. Wennekers’ spiking
neurons form synfire chains, that is, sequences of events in which a particu-
lar subset of integrate-and-fire neurons synchronizedly fire in response to the
synchronized firing of another (or the same) subset of neurons after an approxi-
mately constant delay determined by the characteristics of the connections and
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the neurons themselves. Each state in the finite-state machine is associated with
a particular subset of neurons and the network is said to be in a certain state
when the corresponding subset is synchronizedly firing. State transitions are
gated by special subsets which fire only when a certain external input is present
and a certain state was firing one delay unit before.

6 Concluding Remarks

Our survey shows that

1. Very useful finite-state computation models stem from McCulloch & Pitts’
[1] idealized discrete-signal discrete-time recurrent neural network models.
These models are present in many successful theoretical and practical com-
putational solutions.

2. Continuous-state discrete-time models are more convenient in learning set-
tings and are shown to be able to stably emulate finite-state behaviour. These
networks use non-neural (external) devices such as clocks and memories.

3. Continuous-time RNN may, in principle, emulate clocks, memories and,
therefore, they should be capable of emulating FSM behaviour, although
we are not aware of any work about this aspect.

4. Theoretical models of the computational capabilities of continuous-time
continuous-state recurrent neural networks such as those available for
discrete-time discrete-state RNN (i.e. finite-state machines) are still miss-
ing.

5. The study of more biologically plausible models of finite-state computation
—e.g., integrate-and-fire neurons– has just started.

However, an important question remains unanswered: is finite-state computation
still a relevant model of biological information processing or is it a computation-
ally convenient simplification of this behaviour?
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ments on this manuscript and acknowledge the support of the Spanish Comisión
Interministerial de Ciencia y Tecnologia through grant TIC97-0941.

References

1. W. S. McCulloch and W. H. Pitts. A logical calculus of the ideas immanent in
nervous activity. Bulletin of Mathematical Biophysics, 5:115–133, 1943.

2. J. E. Hopcroft and J. D. Ullman. Introduction to automata theory, languages, and
computation. Addison–Wesley, Reading, MA, 1979.

3. S.C. Kleene. Representation of events in nerve nets and finite automata. In C.E.
Shannon and J. McCarthy, editors, Automata Studies, pages 3–42. Princeton Uni-
versity Press, Princeton, N.J., 1956.

4. M.L. Minsky. Computation: Finite and Infinite Machines. Prentice-Hall, Inc.,
Englewood Cliffs, NJ, 1967. Ch: Neural Networks. Automata Made up of Parts.



492 M.L. Forcada and R.C. Carrasco

5. N. Alon, A. K. Dewdney, and T. J. Ott. Efficient simulation of finite automata by
neural nets. Journal of the Association of Computing Machinery, 38(2):495–514,
1991.

6. P. Indyk. Optimal simulation of automata by neural nets. In Proceedings of the
12th Annual Symposium on Theoretical Aspects of Computer Science, pages 337–
348, Berlin, 1995. Springer-Verlag.

7. B. G. Horne and D. R. Hush. Bounds on the complexity of recurrent neural network
implementations of finite state machines. Neural Networks, 9(2):243–252, 1996.

8. Tony Robinson and Frank Fallside. A recurrent error propagation network speech
recognition system. Computer Speech and Language, 5:259–274, 1991.

9. J. L. Elman. Finding structure in time. Cognitive Science, 14:179–211, 1990.
10. A. Cleeremans, D. Servan-Schreiber, and J. L. McClelland. Finite state automata

and simple recurrent networks. Neural Computation, 1(3):372–381, 1989.
11. Jordan B. Pollack. The induction of dynamical recognizers. Machine Learning,

7:227–252, 1991.
12. C. L. Giles, C. B. Miller, D. Chen, H. H. Chen, G. Z. Sun, and Y. C. Lee. Learning

and extracted finite state automata with second-order recurrent neural networks.
Neural Computation, 4(3):393–405, 1992.

13. R. L. Watrous and G. M. Kuhn. Induction of finite-state languages using second-
order recurrent networks. Neural Computation, 4(3):406–414, 1992.

14. Arun Maskara and Andrew Noetzel. Forcing simple recurrent neural networks to
encode context. In Proceedings of the 1992 Long Island Conference on Artificial
Intelligence and Computer Graphics, 1992.
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Abstract. In comparison with the speed and precision associated with
processing in the auditory periphery, the temporal response properties of
neurones in primary auditory cortex can appear to be surprisingly sluggish. For
example, much of the temporal fine structure is lost, best modulation
frequencies are generally low and the effects of forward masking can be
detected for a surprisingly long time. The purpose of this investigation was to
explore whether depression at thalamocortical synapses could account for these
observations. We show that a model that incorporated synaptic dynamics could
indeed replicate these and other experimental results and in addition provided a
novel explanation for some effects of subthreshold stimuli.

1 Introduction

There are many aspects of auditory perception, such as the growth of loudness with
duration and the effects of masking, which indicate that the auditory system performs
some sort of temporal integration in processing incoming acoustic signals. However,
the auditory system is also capable of fine temporal resolution, as evidenced by gap
detection, double click discrimination, and also in the short latency and lack of jitter
of onset responses in cortex [24]. This has been termed the resolution-integration
paradox, i.e. how is it possible for a system to integrate information over long periods
while retaining fine temporal resolution. Most accounts which satisfy the integration
criterion use long time constants and therefore fail to behave swiftly enough to
explain fine temporal resolution, and vice versa.

The time constants typically associated with sub-cortical processing differ
substantially from those in the cortex. In comparison with the speed and precision
associated with processing in the auditory periphery, the temporal response properties
of neurones primary auditory cortex (AI) can appear to be surprisingly sluggish. For
example, in the thalamocortical transformation of incoming signals a great deal of the
temporal fine structure is lost [4] best modulation frequencies measured in AI are
generally below 15 Hz [20] and the effects of a masker on a probe tone can be
detected up to 400 ms after masker offset [2]. The focus in this paper is therefore on
the temporal response properties observed in AI. As yet there have been no models
proposed which can satisfactorily explain the observed behaviour of neurones in AI.
Explanations in terms of intracortical inhibitory circuits have been proposed but
inhibition does not provide an adequate account, at least in the case of forward
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masking which is unaffected by the application of a GABA antagonist [2]. On the
other hand, simple threshold neural models cannot replicate such behaviour without
some form of inhibition or by means of very long time constants, which as discussed
above, would then prevent the model from satisfying the requirements for good
temporal resolution.

Recently it has become apparent that cortical synaptic dynamics may be an important
factor affecting the behaviour of biological neurones 13,1,21,19]. When synapses are
repeatedly activated they do not simply respond in the same way to each incoming
impulse and synapses may develop a short-term depression or facilitation, depending
on the nature of the pre- and postsynaptic cells, and on the characteristics of the
particular synapse involved [21,19]. Within current neural network models synapses
are generally modelled as simple gains and it is interesting to consider how models of
cortical processing might be enhanced by the inclusion of a richer synaptic model. If
synapses are not simply be viewed as passive weighting elements in neuronal circuits,
but rather as dynamical systems in their own right, then perhaps many of the response
properties observed in AI might be explained in a relatively simple way. To explore
this hypothesis, a model of cortical synaptic depression was used to investigate the
computational properties of a neurone model that included dynamic synapses. This
model was found to account for a wide range of experimental observations, including
those outlined above.

2 The Dynamic Synapse Model

The dynamic synapse model we use here was presented in [22] and shown to replicate
experimental results reported on synaptic depression. In fact, this model of the
dynamics of neurotransmitter release had already been proposed much earlier by
Grossberg [6], who derived a set of psychological postulates to explain the excitatory
transients in transmitter release after a rest period and subsequent synaptic depression,
which had been observed experimentally by Eccles [5]. This model of synaptic
depression has been further developed and used by Grossberg in more recent years,
for example to explain a number of important perceptual features involving the visual
cortex. In the area of auditory modelling, a very similar model was also developed by
Meddis [15] to describe transduction in cochlear inner hair cells.

The dynamic synapse model characterises the synapse by defining a “resource”, e.g.
the amount of neurotransmitter in the synapse, a proportion of which can be in one of
three states: available, effective, inactive. The dynamical behaviour of the proportions
of the resource that are in each of these states is determined by the system of three
coupled differential equations below:
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where x(t) is the amount of effective resource, e.g. activated neurotransmitter within
the synaptic cleft, as a proportion of the total resource, y(t) is the amount of  available
resource, e.g. free neurotransmitter in the synapse, and w(t) is the amount of inactive
resource, e.g. neurotransmitter being reprocessed.

The input signal I (t) represents the occurrence of a presynaptic action potential (AP)
and is set equal to one at the time of arrival of the AP and for a small period of time dt
thereafter, and otherwise is set equal to 0. The constant b determines the rate at which
the inactive resource w(t), is released to the pool of available resource on a continuing
basis, and a represents the rate at which effective resource x(t) becomes rapidly
inactive again. The instantaneous efficacy of the synapse is determined by the
variable g, which can be interpreted as the fraction of available resource released as a
result of the occurrence of the presynaptic AP. It takes a value in the range zero to
one.

The key idea behind the model is that there is a fixed amount K of total resource
available at the synapse, a proportion g.y(t) of which is activated in response to
presynaptic activity, rapidly becomes inactive, and is then subsequently made
available again through reprocessing.  Thus, if the synapse is very active the amount
of available resource y(t) is rapidly reduced. There must then follow a period during
which the synapse can recover in order to respond fully once more. This process
appears to replicate the experimentally observed characteristics of synaptic
depression, for example as reported in [14,22].

The EPSP at the synapse, e(t),  is computed from x(t)  using the following equation
for the passive membrane mechanism [22]:

 )()(.. tetx
dt

de
EPSP -= gt

The neurone model used is described by the following system of equations, which has
been adapted from a model described in [12]:
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where, E(t) is the variation of the neurone’s membrane potential relative to its resting
potential, V(t) is the driving input found by summing all the synaptic EPSPs, GK (t) is
the potassium conductance, divided by the sum of all the voltage-dependent ionic
membrane conductances, EK is the potassium equilibrium potential of the membrane
relative to the membrane resting potential, q(t)  is the firing threshold potential, q

0
  is

the resting threshold, s(t) is the variable which denotes firing of the cell, tE, tEPSP,
t
q
, and tGK are time constants, and g, c and h are constant parameters.
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3 Simulation Results

Not all cortical synapses are depressing; for example, synapses between cortical
pyramidal neurones and bi-tufted GABAergic interneurons synapses are strongly
facilitating [19]. However, thalamocortical synapses appear to be depressing; they are
mediated by non-NMDA excitatory amino acids, depress rapidly and remain
desensitised for some time [21]. In the simulations that follow, it can be seen that the
response characteristics of the model neurone, when the dynamic synapse model is
included turn out to be very similar to that found in primary auditory cortex.

Fig. 1. Simulation of the transmission of signals between thalamic relay and cortical pyramidal
cells. The model qualitatively replicates the behaviour of paired pyramidal cells in AI, which
showed almost no response except at signal onset when stimuli exceeded 20 Hz [4].

3.1 Loss of Temporal Fine Structure

Differences between the response properties of thalamic and cortical neurones were
described in [4]. Activity in thalamic relay cells and subsequent activity in paired
pyramidal cells in AI was recorded, and it was found that even when thalamic activity
was clearly synchronised to the stimulus up to 200 Hz, the paired cortical cell was
unable to follow the details of the signal beyond about 20 Hz. The plots in figure 1
show the response of the model to spike trains generated to resemble typical thalamic
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activity in response to stimuli of the frequencies indicated. Total activity for 20
presentations is plotted both for the presynaptic spike trains and the model response.
The model behaviour resembles that found experimentally. The model responds to
details of the stimuli occurring at 10 Hz and to a lesser extent to details at 20 Hz, but
for higher stimulus frequencies, the model only responds strongly at the onset of the
signal. The reason for this is that at high frequencies successive presynaptic spikes
arrive before the synapse has time to recover. This causes a strong depression of the
synapse, resulting in the generation of very small postsynaptic EPSPs that are
insufficient to raise the cell membrane potential above the firing threshold.

3.2 Frequency Response of the Model

The frequency response of the neurone model with a depressing synapse is illustrated
in figure 2. Although the synaptic dynamics were tuned to match those found
experimentally in the somatosensory cortex [14] it is interesting to note that the model
clearly responds preferentially to frequencies under 10 Hz, as is also found in AI. It
seems to be the case that the dynamics of cortical depressing synapses may be quite
similar across different cortical areas.

For comparison the response of a neurone model without a depressing synapse is also
shown. Clearly such a model could not replicate the behaviour observed
experimentally without the addition of delayed inhibitory inputs which somehow
increase in strength with stimulus frequency. Alternatively, modelling the synapse as
a low pass filter but with very low cut-off frequency could result in a similar
frequency response, but would fail simultaneously to account for the short response
latency found in AI. The benefit of the proposed model is that it can account both for
the low pass frequency response and short onset latency.

3.3 Limitations of the Simulations

For many of the experiments simulated, the nature of the thalamocortical signals is
unknown, which makes it difficult to know whether the stimuli used as inputs to the
model are realistic. However, the details of the acoustic stimuli used in the
experiments are generally well documented and therefore it is desirable to be able to
simulate the experiments using similar acoustic stimuli. For this reason a well-
documented and tested peripheral model, DSAM [17], was used to generate signals
characteristically found in auditory nerve fibre recordings in response to acoustic
stimuli. The problem with this approach is that the rest of the subcortical auditory
system has not been similarly modelled. Therefore, in the following simulations the
output from the peripheral model is reprocessed to ensure that the firing rate remains
below about 200 Hz by enforcing a reasonable refractory period. Clearly this ignores
the computations which occur in the rest of the auditory system. However, the model
can replicate a number of experiments and this would almost certainly be improved
upon by more accurately modelling the thalamic-cortical signals. While recognising
that this simplification likely to result in a poor approximation of actual thalamic relay
cell activity, it is difficult at this stage to do much better, and has the added benefit of
making the simulations tractable.
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Fig. 2. Frequency response of the model. The response of the neuron model with and without a
depressing synapse to an incoming spike train of the frequency indicated. Plots show a) total
input activity; and the number of times the cell fired during the 20-second period b) with and c)
without synaptic depression.

For the remainder of the simulations, the acoustic signals specified are processed by
the DSAM model that includes an outer-middle ear transfer function, a gammatone
filterbank, and Meddis’ inner hair cell model. A simple stochastic spike generator
model is used and a convergence of twenty inner hair cells to one auditory nerve fibre
assumed. The spike trains are then processed to ensure that refractory periods are
generally greater than 20ms. However, when more than one spike occurs
simultaneously, as is possible with a combinations of twenty spike trains per channel,
then the refractory period is allowed to decrease in proportion to the extent of the
coincidence. This has the benefit of not destroying the enhanced onset response
generated by the inner hair cells.
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3.4 Best Modulation Frequencies

Rate modulation transfer functions were extensively investigated by [20], who found
that the best modulation frequencies in AI were generally below 15 Hz. More recently
very similar normalised rate modulation data was presented [11]. To demonstrate the
validity of the modelling approach taken, figure 3 shows a comparison between these
experimental results and the response of the model to similar acoustic stimuli, pre-
processed in the way described above.
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Fig. 3. Response to repeated tones at the given repetition rates; model ‘o__o’ and experimental
results ‘+…+’ [11]. Normalised repetition rate transfer functions are found using a stimulus
consisting of 6 tones pulses at the repetition rate indicated and then calculating the mean
response to the last 5 tones in the sequence divided by the response to the first tone; each tone
has a duration of 25ms.

3.5 The Time Course of Forward Masking

Although there are undoubtedly a number of factors that contribute to the
phenomenon of forward masking, it is clear that the depression of thalamocortical
synapses must contribute to the total effect. Explanations for forward masking have
also been sought in terms of lateral or forward inhibition. However, it has been shown
that masking continues to exist even in the presence of a GABAA antagonist and
therefore even if inhibitory inputs have some part to play they cannot provide a full
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account [2]. Both cortical forward masking and that evidenced behaviourally have
been shown to last far longer than explainable in terms of peripheral adaptation [18].
The model clearly provides a mechanism for forward masking, since synapses that
have been previously activated require time to replenish their transmitter stores and
respond less strongly when depleted. The time course of synaptic recovery appears to
be consistent with the time course of cortical forward masking. The tonotopic
distribution of masking is also consistent with a model of forward masking in terms of
the depression of thalamocortical synapses since it has been shown that masking is
closely related to the receptive fields of cortical neurons [2,3]. Figure 4 shows the
transmitter depletion at synapses across the tonotopic axis in response to masking
stimuli at the intensities indicated.

Fig. 4. Distribution and time course of transmitter depletion at synapses across the tonotopic
axis in response to a 1000 Hz masker of 30 ms duration at the intensities indicated. Greyscale
indicates the percentage depletion relative to that at the start of the stimulus. These results are
very similar to Brosch and Schreiner’s plots of the time course and distribution of masking [2].

An important aspect of this model is that it demonstrates that cortical forward
masking could be dependent on presynaptic rather than postsynaptic activity. This
offers a simple explanation for the puzzling experimental observation that masking is
sometimes detected even in response to maskers that do not actually activate the
target cell [2]. If masking is a result of transmitter depletion of thalamocortical
synapses, then it would be quite possible for such synapses to become depleted by
thalamic activity even though there is insufficient incoming activity to actually cause
the cortical cell to fire, which is how the response to the masker was determined.
Since these synapses would nevertheless be depleted, the probe tone could therefore
be masked by the ‘sub-threshold’ masker.

3.6 The Effect of Masker Duration

In psychophysical experiments it has been shown that the degree of masking is
affected by the duration of the masker and masking increases with masker duration
(Kidd and Feth 1982). This was also found to be the case by Brosch and Schreiner [2]
in their recordings in AI. However, the sensitivity to duration was observed even
when the AI cell responded only at the onset of the masker, and although the effect of
masker duration was noted, it was not suggested how this could occur. The model
investigated here suggests a simple explanation, i.e. as long as there is some tonic
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incoming activity during the masker, then transmitter depletion at the thalamocortical
synapses will be related to masker duration. Therefore, if as we hypothesise, the
degree of masking is related to the degree of transmitter depletion at thalamocortical
synapses, then the sensitivity to masker duration follows.

Fig. 5. The effect of masker duration. For comparison, experimental results relating masker
duration and masker intensity to probe threshold shifts [10] are shown on the left and the
percentage transmitter depletion in the model in response to similar stimuli is plotted on the
right.

Brosch and Schreiner [2] did not include any detailed results on masker duration, so
in figure 5, a comparison between the results in [10] and the model’s response is
shown. However, it should be noted that although these results are qualitatively the
same, it is not clear how the degree of transmitter depletion in the model can be
directly related to the probe threshold shifts plotted in [10].

3.7 Disruption of Synchronisation Responses by Subthreshold Stimuli

In a recent paper [16], Nelken suggested that his experiments showed a correlate of
comodulation masking release. Activity was record in AI in response to noise
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modulated at 10 Hz, and was found to synchronise to each noise pulse as expected.
However, when a very soft, even subthreshold, continuous pure tone with frequency
corresponding to the cell’s best frequency, was added to the noise, then this
synchronisation was disrupted. In contrast, when the pure tone was added to an
unmodulated noise then the response to the noise alone was indistinguishable from
that to the noise plus tone. Nelken suggested that the cortex might therefore be able to
detect masked sounds by means of their disruption of the more powerful masker.

Once again a simple explanation of Nelken’s results is suggested by the model, which
can easily replicate the experimentally observed behaviour as long as there is some
tonic thalamic activity in response to the pure tone. Because the activity in response to
the pure tone continues through the silent gaps between the noise pulses, this prevents
the recovery of the synapses between noise pulses and so the synchronised response is
disrupted. This explanation is also consistent with Nelken’s unpublished observations
that the synchronised response to the noise alone was far more reliably obtained when
the noise was trapezoidally modulated, than when sine wave modulation was used.
Figure 6 shows Nelken’s experimental results and the model’s responses to similar
stimuli.

4 Discussion

In this paper it has been shown how a model neurone which incorporates dynamic
synapses responds to a number of different stimuli. The results seem to indicate that
synaptic depression at thalamocortical synapses may explain a number of aspects of
the response properties of neurones in AI.

The nonlinearity of the dynamic synapse model allows it to behave in many situations
like a low pass filter whilst also retaining a fast onset response. In response to
repeated stimulation much above 10 Hz, synaptic depletion prevents the cell from
responding except at the onset of the stimulus. However, the synaptic dynamics are
not slow and after a period of rest the synapse can respond with a large EPSP to the
onset of a new stimulus, which can result in a response of short latency. Since the
reliability of a depressing synapse also appears to be related to amount of available
transmitter [19], an aspect not included in this model, this means that after a period of
rest such synapses will tend to respond very reliably as well. This behaviour is
therefore consistent with the generation of onset responses of short latency and with
little jitter. Although the cell tends to respond only at the onset of stimuli, important
processing can continue to occur in the synapses throughout the duration of the
stimulus. This allows the cell to exhibit sensitivity to stimulus duration, even when
only active at stimulus onset. In addition, some of the apparent nonlinearities of
responses measured in AI, such as the influence of subthreshold stimuli or
interactions between different components of a complex stimulus [16], could be
explained in this way.

Since synaptic depression operates at thalamocortical synapses which are the route
through which sensory signals must pass in order to get to cortex, it seems likely that
the dynamics of depressing synapses have a major role to play in sensory processing.
Synaptic depression appears to result in a relatively infrequent sampling of the
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sensory inputs by cortex, where such information is presumably integrated with
ongoing cognitive processes. This bears a remarkable similarity to Viemeister’s
‘multiple looks’ model that was formulated in order to explain temporal processing in
auditory perception and to resolve the resolution-integration paradox [23]. In this
model, it is envisaged that ‘looks’ or samples from a short time constant process are
stored in memory and can be accessed and processed selectively depending on the
task.

Fig. 6. a) Response of neurones in AI [16], left column, and the model, right column, to a
wideband noise stimulus trapezoidally modulated at 10 Hz, without ‘---‘ and with ‘___’ a
continuous pure tone. b) Experimental and model responses when the noise is unmodulated.

The frequency response of the model bears a strong relationship to speech modulation
transfer functions, with frequencies around 4 to 6 Hz being the dominant frequency of
the envelope of speech signals. Syllables in speech are generally, although not always,
distinguished by an amplitude peak preceded and closed by amplitude trough [9].
Therefore, when the model is stimulated by a speech signal, it has a tendency to fire at
the onsets of syllables within the signal. Synaptic depression may therefore give rise
to a syllable-like segmentation of speech signals within AI. Such segmentation could
occur in parallel across the tonotopic axis, independently within each frequency
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channel. This suggestion is consistent with the experimentally observed response to
species-specific calls by neurones in AI, which tend to fire primarily at the onset of
segments or syllables within calls, irrespective of the characteristic frequency of the
neurone [4,25,26]. One effect this would have is to increase temporal synchrony
across the tonotopic axis thereby promoting the grouping of related frequency
components of a call. Synchronous activity is likely to be important for the effective
transmission of signals to further processing centres which integrate information
across frequency channels.

In experiments in which species-specific calls were manipulated [26], it was also
shown that speeding up of slowing down the signal, or reversing it all resulted in
reduced responses. We suggest that the reasons for this differ between manipulations
and that the behaviour of the model can help to explain these results. In the first case
when the signal is slowed down, activity is still generated in response to syllable
onsets, but since these occur at a slower rate, the total amount of activity per second
decreases. In the second case, when the signal is speeded up, synaptic depression
would prevent synchronisation to syllable onsets as effectively as for the control case.
Finally, reversing the signal results in a reduced response, not because of a change in
timing of the stimulus but because of the change in the nature of the transients in the
signal. As shown in experiments on onset latency, sharp transients with abrupt rises
are far more effective in generating responses than those with slow rise times [7].
Reversing the speech signal means that the transients generally become less abrupt
and therefore generate reduced activity. It seems reasonable to suppose that
communication sounds have evolved to optimise their detection by cortex, and that
the communication sounds that are used are those which are most salient within AI.
Hence, the similarity between the modulation transfer functions of speech signals and
of those measured in auditory cortex. Interestingly, although derived very differently,
the behaviour of the model is very similar to the RASTA filter and which was found
to markedly improve speech recognition in noise [8].

5 Conclusions

By taking synaptic dynamics into account in modelling these experiments, it has been
possible to account for a number of previously unexplained results in a fairly
straightforward way. On the basis of these investigations it is suggested that the
dynamics of thalamocortical synapses may help to explain the temporal integration
observed in AI and in auditory perception.
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Abstract. In this paper we aimed to show how memory and anxiety
functions of the hippocampus could be combined computationally, using
a simulation designed to investigate novelty detection and generalised
anxiety disorder. We discuss data covering a wide range of hippocampal
function, from episodic memory and navigation through novelty detec-
tion and anxiety.
The main conclusion to be drawn from the experiments performed upon
the simulation is that, given the assumptions made about hippocampal
neurophysiology, it provides a coherent prediction for a cause of GAD.
That is, it predicts that GAD is caused by increased positive feedback
in the loop involving hippocampal-mediated novelty detection and nora-
drenaline regulation. The act of showing that the computational simula-
tion combines the computational nature of memory and anxiety provides
a testable prediction of their compatibility. The clear novelty detection
mechanism employed to combine them provides an excellent basis for de-
riving new simulations and neurological experiments to further develop
our model.

1 Introduction

In this paper, we shall describe a computational simulation which seeks to recon-
cile data describing memory and anxiety functions of the hippocampus (see also
[22] [21]). In doing so, a simple property of Hebbian learning enabling novelty
detection within a neural network will be used to control a simulated mobile
robot .

Our model uses Hebbian learning theory which forms the basis for many sim-
ulations and models of neocortical function. We shall concentrate upon the hip-
pocampus. Popular computational simulations have covered auto-association (or
episodic memory) [18] [30] [31] [32] and navigation [5]. However, a derived prop-
erty, novelty detection, has also been investigated [7] [8] [29] [33]. We shall extend
the previous uses of novelty within the model presented below. The derivation
results from the use of Hebbian learning within computational models.

Why is an extension to the role of novelty detection interesting? It potentially
leads to a mechanism for explaining a role for the hippocampus in an even
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wider context. Anxiety has been linked many times to the hippocampus (see
section 1.3). No computational model, however, has been proposed by which the
hippocampus could potentially be involved in the combination of anxiety and
memory.

This paper will therefore describe an example by which a common compu-
tational mechanism built around novelty detection could result in a role for the
hippocampus in memory and anxiety and indeed navigation. The example re-
volves around the use of a novelty detection mechanism based upon Hebbian
learning to investigate generalised anxiety disorder (GAD). Experiments per-
formed using the simulation will cover the role of individual and average unit
responses to novel and familiar information and the subsequent changes in sim-
ulated anxiety.

Several issues need to be clarified before the simulation can be explored, justi-
fying the proposed combination of (some) memory and anxiety functions within
the hippocampus. In particular, because a mechanism, novelty detection, is sug-
gested to form a computational link between memory and anxiety, there should
be substantial anatomical and information processing overlaps between each of
these. The following sections will examine anatomical and information processing
aspects of memory, novelty and anxiety with respect to the hippocampus.

1.1 Episodic Memory and Place Cells

The hippocampus appears to be required for contextual, spatial or episodic mem-
ory tasks [6] [37]. An important role in navigation for the hippocampus cannot be
ruled out [31]. Therefore, the combination of these diverse data indicate a wide
ranging function for the hippocampus. This tallies well with its myriad anatom-
ical associations with neo-cortical, limbic and brain-stem regions [19] [20].

1.2 Novelty Detection

Several lines of evidence suggest that the hippocampus has a role to play in
novelty detection. These include cell recording [39], protein labelling [38] and
the release of neuromodulators [23]. They reveal changes in activity or neuro-
modulator release within the hippocampus in response to novelty. The two key
points with regard to this paper, however, are the computational nature of nov-
elty detection and the fact that it may provide a link between the many possible
hippocampal functions (outlined in section 1.1 above and section 1.3 below, with
respect to anxiety). In computational terms, how might individual unit inter-
actions lead to a computational mechanism which unites memory and anxiety?
Alternatively, in which ways may memory and anxiety be linked functionally?

1.3 Anxiety

The study of anxiety in the context of the current paper is important for two
related reasons. Firstly, it leads to very common psychiatric disorders (such as
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generalised anxiety disorder) and secondly because a computational simulation
(as opposed to theory) has not been developed before. It is hoped that such an
approach will lead to new ways of thinking about the disorder. For example, bet-
ter understanding of the information processed during differing types of anxiety
increase should lead to better diagnosis and targeting of treatments.

The essential symptoms of generalised anxiety disorder (GAD) are long-term
excessive apprehension and worry about the future that has a vague and non-
specific focus [2]. The vagueness is particularly marked in comparison with the
specific triggers underlying panic and fear. It also reflects overlaps within treat-
ment, for example depression is often linked to GAD. Blanchard et al [4], using
lesion and drug studies, have suggested that GAD-like anxiety in animals is
linked to hippocampal-dependent spatial anxiety stimuli, such as the uncertain
location of predators.

Indeed, the links of the hippocampus with many regions associated with anx-
iety further reinforce the association. For example, the locus coeruleus [23], raphe
nuclei [10] and amygdala [25]. Also, the theta rhythm, apparently so central to
hippocampal functioning, has been linked to anxiety regulation [27] [40].

Finally, in their extensive reviews, Gray and McNaughton [11] [12] concluded
firstly that anxiolytics (more than any other drug) have virtually the same effect
upon anxiety-related behaviour as do lesions to the septo-hippocampal system.
Secondly that control of the theta rhythm governs the nature of anxiety. Only
anxiolytic drugs (either systemic or locally applied) exert control over the theta
rhythm in the same way that stimulation or lesions do. The septo-hippocampal
system is integral to generating and using the theta rhythm.

2 The Model and Simulated Robot

The computational model is distinct from the behavioural platform, a simu-
lated robot (Nomadic Technologies v2.6.7). The robot provides information for
learning and a method for making behaviourally explicit any changes in anxi-
ety. A sensory pre-processing system provides organised input from the robots’
sonar sensors to a neural network model of the septo-hippocampal system. The
neural network is similar to that described by Hasselmo et al [16] [17], with a
major addition being the presence of a parameter simulating some aspects of
noradrenaline function.

2.1 The Hippocampus Network Architecture

The network architecture is shown in figure 1a [1]. The input vector approximates
to the general sensory information from the entorhinal cortex and dentate gyrus
[19]. It is provided by the pre-processor (section 2.2). Layers CA3 and CA1
represent the CA3 and CA1 regions in the hippocampus. The weights connecting
these layers perform Hebbian learning of the input vectors provided by the pre-
processor. The perforant path is represented by the copying of the input vector
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Input vector

ACh suppressionInhibition

CA3

CA1

Copied vector
Hebbian learning

Anxiety

. . . 1111110 0 0 0 0 00 0
The input vector

(a) (b)

Fig. 1. (a) The neural network architecture. (b) The environment explored by the
robot. The robot is shown by a black circle. The diagram illustrates the obstacles
(enclosed by the bold lines), the classification squares used by the pre-processor and
an example input vector for this location (bottom). The robot has detected regions
of the bottom wall. The pre-processor selects which squares in its representation the
regions are in (shaded squares) and sets the corresponding values to 1. All other values
remain set to 0. Translation of the representation into an input vector starts at the top
left and ends bottom right.

onto both CA3 and CA1. This input is applied at every learning cycle. Each
input vector corresponds to a single robot location.

The septal region projects diffusely to the hippocampus and the neo-cortex.
A major aspect of these projections is acetylcholine (ACh). In the model, septal
ACh input performs synaptic suppression. Regulation of network processing in
this manner has been described in detail by Hasselmo et al [16] [17] and will be
briefly mentioned here.

2.2 Pre-processing

The nature of the pre-processing system is essential to the workings of the model.
The input provided by it is not designed to directly model in vivo processes but
to produce organised information. Organisation (of some type) is assumed to be
an essential part of cognitive processing. The major feature of the organisation
used is that input from locations which appear similar to the robot will be
represented by similar vectors. This means that overlap between the current
vector and those previously learnt will indicate familiarity, that the robot has
already visited a similar location. The overlap which arises during exploration
forms the basis for classification of locations as novel (low overlap) or familiar
(high overlap) and therefore determines whether anxiety increases or decreases.

A method for allocentric representation of an environment sensed by sonar
has been proposed by Lee [24], a version of which is used here. The environment
representation is divided into a grid (figure 1b), stored within the pre-processor.
The squares are not used for navigation but simply for classifying regions of
the environment. Each detected region of an obstacle is positioned within the
allocentric grid system by a path integration mechanism. Any given part of an
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obstacle will appear in the same grid square regardless of which position it was
detected from. This forms the basis for producing organised information. The
sensors are limited in range and scope so that at each location a sparse local
representation is produced. The input vector is a simple transformation of this
representation, with each of the 256 squares being represented by an element
of the vector most of which will be set to 0 (bottom of figure 1b). Layers CA3
and CA1 also consist of 256 units because the input vector is copied onto them
(figure 1a). There are thus three levels of description; the environment, a grid
representation and the input vector.

2.3 The Hippocampus Model

The level of anxiety is determined by the classification of input vectors as novel
or familiar (see section 2.4 for details). A high level of noradrenaline is also
associated with the detection of novelty (section 1.3). In order to provide an
account of the mechanism by which noradrenaline might lead to GAD, we need
to examine the process by which inputs are classified as novel or familiar in more
detail.

In the model, the novelty/familiarity classification depends upon the unit
activation rate. The most important property of the network which affects ac-
tivation rate is inhibition (equation 1). Inhibition regulates the classification of
locations by limiting unit activation rate. Both the parameter NA (representing
noradrenaline) and synaptic suppression affect inhibition but in different ways.
Changes in NA (but not suppression) at one location effect the next. One effect
of NA within the hippocampus may be to increase the level of inhibition [3]
[15]. Hasselmo et al [16] [17] have also demonstrated how the faster physiological
effects of acetylcholine (ACh) could be modelled as as synaptic suppression. Its
effects upon the equations used here are similar (although simplified).

The following equations describe how unit activation and learning take place
within the network. The effect of NA upon inhibition is shown by equation 1.
The way in which ACh affects the learning of input vectors is also important for
the classification process, as described below.

I = ι × (avei + aver) × (1 + NA) × ((1 − ACh) + 0.6) (1)

avei is the average total input, aver average layer output and ι is a constant
(0.24). NA represents noradrenaline.

ACh = AChmax × [1 − e
(3×( Tact

(Nact/3) −1.5))] (2)

AChmax (0.9) is the initial and maximum value of ACh, which thereafter falls
towards 0 (negative values of ACh are treated as 0). There are two values for
ACh, one each for layers CA3 and CA1. Tact is the total layer output and Nact

the number of units producing output. Unlike the equation used by Hasselmo et
al, the average layer activity is normalised here in order to compensate for Nact,
which varies. The activation of unit i (ai) is calculated by equation 3.

ai = tanh[ai(t−1) + pi − (ai(t−1) × λ) − I +
256∑
j=1

(wij × hj × κ × (1 − ACh))] (3)
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pi is the input vector element value multiplied by 0.1 (i.e. 0 or 0.1) and hj is the
CA3 unit activation value. κ (0.5) and λ (0.2) are constants and wij the weight
from aj to ai. Unit activation is limited between 0 and 1. If the activation is
less than a threshold, 0.1, no output is produced although the unit retains its
activity. The following form of Hebbian learning is used.

δwij

δt
=
{

η × ai × aj × ACh if ai > 0.2
0 otherwise

(4)

η is a constant learning rate, set at 0.125. 0 ≥ wij ≤ 0.5 and are initially set to
0.

Both ACh [16] [17] and the θ rhythm reduce crosstalk. The θ rhythm is
simulated by resetting all the units to 0 before a new input vector is learnt.
Without a reduction in crosstalk, the network would not be able to perform
effective classification of locations as novel or familiar.

2.4 Anxiety

Generalised anxiety disorder (GAD) has been defined as abnormally high anxiety
[2] and as dependent upon hippocampal hyperactivity [27]. To date, no compu-
tational mechanism has been proposed which accounts for GAD. However, in-
creased anxiety, noradrenaline and θ rhythm occurrence are all associated with
the perception of anxiogenic stimuli, such as novelty [28] [26] [40]. It is possible
that GAD is a pathological version of these normal associations. In this paper,
the possibility is investigated computationally and provides an example of how
memory and anxiety may occur within the hippocampus.

In the model, anxiety is initially set at 0.1, varies between 0.3 and 0 and is
incremented or decremented by 0.02 depending upon whether the last input vec-
tor was classified as novel or familiar respectively. A measure of unit activation
rate is used to determine if an input vector (and therefore location) should be
classified as novel or familiar. The rate is dependent upon the overlap between
the current input vector and those previously learnt [13] and is therefore a nat-
ural property of Hebbian learning. If the average unit activation in layer CA1
reaches a threshold, 0.3, within 10 learning cycles, the input vector is classified
as familiar. Otherwise it is classified as novel.

In order to simulate variations in the θ rhythm frequency, the learning period
varies in length, depending upon vector classification. Learning lasts for 10 cycles
if a vector has been classified as novel (i.e. fast θ) and 15 for a familiar vector
(i.e. slow θ). If more vectors than normal are classified as novel, the simulated
θ rhythm will be fast for longer. We suggest that this combination would be
equivalent to hippocampal hyperactivity and therefore a possible cause of GAD
(as defined by McNaughton [27]). It is assumed that use a more detailed model
(e.g. [36]) would enable further explication of rhythm variations.

3 Experiments and Results

We have identified single unit responses to novelty as a key overlap within mem-
ory and anxiety theories of hippocampal function. Units respond differently to
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new rather than familiar information and these responses are changed by learn-
ing. Novelty is an important part of anxiety responses in humans and rats. The
experiments below describe how differences in unit responses operate within the
simulation and how memory and anxiety may be combined.

3.1 Methodology

In each experiment, the simulated robot began at the centre of the world and
visited 900 locations, every third of which was learnt. The experiments consisted
of 10 averaged explorations of the worlds illustrated in figure 2, each using a
different initial weight connectivity. The same set of 10 connectivity patterns
were used each time. Anxiety was varied between 0 and 0.3.

Section 2 described the effects of NA regulation upon hippocampal network
processing and the default settings used for other parameters. In the following
experiments, three variations were used (see table 1). These encompassed a fixed
level of NA (i.e. static, or STAT), NA = anxiety (i.e. variable NA or NORM)
and NA = anxiety + 0.2 (HIGH). These shorthand labels will be used in the
subsequent descriptions.

Table 1. The three experimental conditions used.

STAT Static: To illustrate the importance of a variable NA level and to act as a
control to demonstrate the effects of NA across multiple locations. NA = 0.1

NORM Variable: The standard set of parameters, which simulate a normal level of
anxiety. NA = anxiety

HIGH An increased level of NA feedback which seeks to simulate the disorder, GAD.
NA = anxiety + 0.2

The STAT condition is important because it highlights the effects variable NA
has as series of locations or input vectors are processed. Normally (i.e. the NORM
condition) NA changes made at location A will affect location B and possibly
C, D etc. also. This is an important property and underlies the mechanism by
which NA affects the novelty/familiarity classification and its role in anxiety. In
the STAT condition, the positive feedback loop created by variable NA and novel
information does not occur. However, it is proposed that the HIGH condition
used in section 3.4 will lead to a larger positive feedback effect and therefore
higher anxiety.

3.2 Average Unit Output

Comparisons of the average output with the amount of novelty detected and
locations visited (i.e. time) were made. As the amount of novelty is dependent
upon average output within the simulation, figure 3a acts as an illustration of
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World 1 World 2

Fig. 2. The worlds explored by the simulated robot, illustrated at its start position in
the middle. A simple measure of similarity showed that, in terms of the units active
during exploration (and therefore total world regions detected) world 2 encompassed
65% of world 1.

simulation behaviour. A second set of data will be examined in section 3.3, de-
tailing which units (correct or incorrect) were responsible for changes in novelty
detection.
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Fig. 3. (a) The relationship between average output and classification of input pat-
terns (locations) as novel or familiar averaged over 10 explorations of world 1. The
novel:familiar ratio was calculated by dividing the number of novel locations at each
point in the exploration by 10. Therefore, if all exploration examples returned a novel
pattern at a particular point (e.g. the 23rd location visited) a value of 1 would be
entered upon the graph. The NORM condition was used in world 1. (b) Comparing
the differences from the overall average unit output of correct and wrong units. If the
contribution of average correct units is greater than that of wrong units, then the over-
all average was predominantly determined by correct units. Therefore, any change in
anxiety level was due to learning between correct units. Any value for the difference
above zero indicates this situation. See text for details.
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Average output was calculated by averaging the output of all the active units
in layer CA1 at the end of each learning episode. The average output of the active
units rises as the duration of exploration increases. The regression values of 0.74
and 0.68 for average output in worlds 1 and 2 (data not shown) respectively
demonstrate that there is a strong positive correlation between time and average
unit activation. The rise is reflected by falls in novelty detection (figure 3a) as
defined in the simulation.

3.3 Catastrophic Remembering

The average output increased during exploration. Figure 3a demonstrated that
novelty falls with time as average output increased. This section examines aver-
age output (i.e. the average of those units that are active following learning at
a specific location) in more detail. A closer look is necessary in order to confirm
that any fall in novelty detection is due to correct units (i.e. those activated by
the input vector). If this is not the case, catastrophic remembering [34] [35] is the
cause of increased familiarity. Any classification of locations as familiar would
therefore not be directly a result of the familiarity of the location, in terms of
the unique configuration of the world visible to the robot there. It would be a
function of the number of times different parts of the visible location (in terms of
the grid squares used to portion out the world and form input vectors) have been
seen previously, from any location. That is, although the location itself may be
novel, the constituent parts are not. Indeed, in extreme cases, just one element
of the input vector that has been involved in extensive previous learning may
be sufficient to very quickly activate many incorrect units and therefore trigger
familiarity. A limit of 0.5 was placed upon the weight size in the simulation but
this only acts to scale the problem.

Figure 3b illustrates how the contribution of correct and incorrect units
changes as the amount of novelty changes. The key value is the difference be-
tween the average output value and the average output of correct and incorrect
units. The curve representing difference is derived from the following equation:

difference = (averagecorrect−averageoutput)− (averageoutput−averagewrong)

Therefore, a positive value of difference indicates that the overall average
unit output value was dominated by correct units. A negative value means that
the average output was dominated by incorrect units. The graph in figure 3b
illustrates this by revealing the locations at which the difference was positive
or negative. It is clear that the amount of novelty falls to zero at least twice
(at locations 30 and 95) before the difference became negative. Therefore, the
initial familiarity increases experienced by the simulation during exploration
were due to learning amongst correct units. Later familiarity (post location 110)
was predominantly due to catastrophic remembering. However, the simulation
was still able to detect new locations as novel following learning of 300 locations.
If the same set of weights were subsequently used during training in a different
world, novelty was detected (data not shown).
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3.4 Anxiety

Section 2 described the role of NA within the simulation and how it is intended
to correspond to noradrenaline in vivo. The core effect of NA is to increase
inhibition and therefore raise the possibility that subsequent locations will be
classed as novel. Novelty falls with time as shown by the results presented above.
The results of the experiments described below will show how anxiety changes
and how it is related to novelty and therefore memory.

There are two principle parts to this section, involving measurement of anx-
iety change during exploration of the two worlds in figure 2. The first part uses
the STAT and NORM conditions, the second uses the NORM and HIGH con-
ditions (see table 1) in order to test whether an increase in NA provides an
explanation for a role of noradrenaline in GAD.

Normal variation in anxiety level over time. The aim of the set of ex-
periments below were to determine whether the model could provide a com-
putational account of the role of the SH system and noradrenaline in anxiety,
using the STAT and NORM conditions. It is known that hippocampal activity
(possibly in terms of an increased theta frequency) is raised during anxiety [12]
[27]. The experiments will be discussed with respect to the novelty detection
mechanisms and catastrophic remembering problems presented above.

In order to test the significance of the results, a Students t-test was performed
upon values of summed anxiety level before it first fell to zero. The measure
therefore captures both the amount of anxiety and time span of high anxiety.

World 2: Change in anxiety level when it is not reset, 
NORM and STAT conditions
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World 4: Change in anxiety level when it is not reset, 
NORM and STAT conditions
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Fig. 4. Anxiety change for the NORM and STAT conditions during training, (a) world
1 and (b) world 2.

Figure 4 reveals that anxiety does indeed fall as expected (i.e. the result
parallels the fall over time of novelty shown in figure 3a). Table 2 demonstrates
that the experiments comparing the NORM and STAT conditions indicate that
there is at least only a 5% chance that a sample will be incorrectly classed. The
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Table 2. A measure of the total anxiety level before it first fell to zero was used to
make comparisons between conditions. A paired, one-tailed Students t-test was used,
n = 10 in all cases, in which the results for STAT and HIGH conditions were compared
to the NORM condition. ∗ indicates a significant difference from the NORM condition
(p < 0.05).

World NORM HIGH STAT
1 56.7, 15.2 68, 9.4∗ 27.1, 2.9∗

2 28.6, 2.8 50.8, 8.7∗ 21, 2∗

average values of the anxiety measure shown in table 2 demonstrate that the
NORM condition causes higher levels of anxiety than the STAT condition.

As figure 4 suggests, therefore, the NORM condition generates significantly
higher levels of anxiety than the STAT condition. The conclusion to be drawn
from this experiment is that a variable value of NA does have a significant
effect upon network information processing. Therefore feedback control by no-
radrenaline could form a mechanism for anxiety in vivo.

High noradrenaline feedback. The experiments presented in this section
mirror those in the previous section in every way other than using the NORM and
HIGH conditions rather than NORM and STAT. In the HIGH condition, NA =
anxiety + 0.2. Therefore the effect of NA upon network processing is an increase
over NORM for an equivalent level of anxiety. The aim is to determine whether
the HIGH condition forms a plausible computational model for GAD, supporting
the theory that GAD may be caused by higher than normal noradrenaline release
into the hippocampus.

World 2: Change in anxiety level when it is not reset, 
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World 4: Change in anxiety level when it is not 
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Fig. 5. Anxiety change for the HIGH and NORM conditions during training, (a) world
1 and (b) world 2.
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The graphs in figure 5 indicate that the levels of anxiety are raised for the
HIGH condition over NORM (which represents the same data used in the previ-
ous section). In each world and whether either resetting is used or not, the level
of anxiety for HIGH remains higher for longer than in the NORM condition.
Table 2 indicates that the difference between HIGH and NORM conditions is a
significant increase at the 5% level.

These results therefore provide support for the prediction that abnormal
increases in noradrenaline can lead to GAD. In a recent paper, McNaughton [27]
discussed evidence that suggested hippocampal hyperactivity causes GAD. One
possible explanation for this (none were proposed by McNaughton) is that there
is an increased occurrence and frequency of theta during GAD. Theta has been
recorded as increased in frequency during or following novelty detection and
increased anxiety [40]. Unfortunately, the nature of the theta rhythm within the
current simulation takes these changes into account as a core assumption. More
realistic simulation of the hippocampus using oscillatory networks (relying upon
a balance of excitation and inhibition, such as those described by Traub and
Miles [36]) may be required to categorically state the relationship between NA
increase and theta frequency changes.

However, the results in this section demonstrate that the simulation can
provide a computational explanation for GAD which combines memory and
anxiety data.

4 Discussion

In this paper we aimed to show how the postulated memory and anxiety func-
tions of the hippocampus could be combined computationally, using a simulation
designed to investigate novelty detection and GAD. One conclusion to be drawn
from the experiments performed is that, given the assumptions made about hip-
pocampal neurophysiology, the model provides a coherent prediction for a cause
of GAD. That is, it predicts that GAD is caused by increased positive feedback
in the loop involving hippocampal-mediated novelty detection and noradrenaline
regulation. The act of showing that the simulation can combine the computa-
tional nature of memory and anxiety to provide a testable prediction indicates
that they may be compatible. Of course, the prediction must be shown to be
correct before theories of hippocampal function may be expanded to encom-
pass memory and anxiety simultaneously. One certain product of the model is
that the clear novelty detection mechanism employed to combine memory and
anxiety provides an excellent basis for developing both the simulation and new
neurological experiments.

The simulation provides a direct computational link between anxiety and
Hebbian-learning models of hippocampal learning. Hebbian learning dictates
that novel information should induce slow unit activation, whilst familiar infor-
mation causes faster activation. In the simulation, the novelty detection mech-
anism based upon Hebbian learning and the subsequent rate of unit activation
determined the change in anxiety level (see section 2.4 and equation 1). The
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change in anxiety level set the level of NA which inhibited the rate of unit
activation. Therefore a positive feedback system was created, whereby novelty
increased anxiety and NA, which tended (via inhibition of unit activation rate)
to increase the subsequent likelihood of novelty detection.

However, this only provides one way in which to expand current models and
simulations of the hippocampus. Further work will need to encompass even more
physiological data. For example, single cell responses to novelty and familiarity,
an expanded role for noradrenaline and an important role for 5-HT.

Pyramidal cells appear to react differently to novel and familiar information
than suggested by conventional Hebbian learning theory [39]. Some cells in the
hippocampus and surrounding neo-cortex have been found which react strongly
(although with a rapid habituation) to novel information.

There are at least two possibilities. Firstly, the cells found so far with the
unexpected properties are not related directly to novelty and familiarity at all.
As it is difficult to specify the properties of single cells in terms of concrete
information, such as place, it would seem reasonable to assume that correlating
their properties with an abstraction such as novelty is more prone to error.
Secondly, far more complex processes may be occurring within the hippocampus
than encompassed by current Hebbian theory.

For example, the enhancement of pyramidal cell activity via noradrenaline
has been demonstrated (e.g. [14] [23]). Hasselmo et al [15] have proposed a sim-
ulation in which noradrenaline suppresses units carrying erroneous information
(e.g. that caused by interference) whilst potentiating meaningful unit activation.
A key issue, however, is that Hasselmo et als simulation did not include learn-
ing. It would be extremely interesting to discover how their system might be
linked with Hebbian learning. Alternatively, Hebbian theory should be altered
to satisfy the new criteria, perhaps via extended intra-cellular mechanisms such
as those suggested by Denham and McCabe et al [9].

We believe purely Hebbian learning models have reached their limit in terms
of computational explanation with the work of O’Reilly and Rudy [30]. Linking
of the successful simulation presented here, combining memory and anxiety, with
more detailed simulation of Hebbian learning and neuromodulator effects, should
be the next step.

References

1. D.G. Amaral and M.P. Witter. The three-dimensional organization of the hip-
pocampal formation: A review of anatomical data. Neurosci, 31:571–591, 1989.

2. American Psychiatric Association. Diagnostic and Statistical Manual of Mental
Disorders (DSM4), 4th edition, 1994.

3. D.E. Bergles, V.A. Doze, D.V. Madison, and S.J. Smith. Excitatory actions of
norepinephrine on multiple classes of hippocampal ca1 interneurons. J Neurosci,
16:572–585, 1996.

4. D.C. Blanchard and R.J. Blanchard. Effects of ethanol, benzodiazepines and sero-
tonin compounds on ethopharmacological models of anxiety. In N. McNaughton
and G. Andrews, editors, Anxiety, pages 117–134. University of Otago Press, 1990.



520 J.F. Kazer and A.J.C. Sharkey

5. N. Burgess, J.G. Donnett, K.J. Jeffery, and J. O’Keefe. Robotic and neuronal
simulation of the hippocampus and rat navigation. The Royal Soc Phil Trans: Bio
Sci B, 352:1535–1543, 1997.

6. T.J. Bussey, J.L. Muir, and J.P. Aggleton. Functionally dissociating aspects of
event memory: The effects of combined perirhinal and postrhinal cortex lesions on
object and place memory in the rat. J Neurosci, 19:495–502, 1999.

7. G.A. Carpenter and S. Grossberg. The art of adaptive pattern recognition by a
self-organizing neural network. Computer, pages 77–88, 1988.

8. M.J. Denham and S.L. McCabe. Biological temporal sequence processing and its
application in robot control. In Proc UKACC Int Conf on Control, volume 427,
pages 1266–1271. IEE, 1996.

9. M.J. Denham and S.L. McCabe. A model of predictive learning in the rat hip-
pocampal principal cells during spatial activity. In Proc WCNN, 1998.

10. F.G. Graeff, F.S. Guimaraes, T.G. De Andrade, and J.F. Deakin. Role of 5-ht in
stress, anxiety and depression. Pharm Biochem Behav, 54:129–141, 1996.

11. J.A. Gray. The neuropsychology of anxiety. Oxford Psychology Series. OUP, 1982.
12. J.A. Gray and N. McNaughton. The Neuropsychology of anxiety: An enquiry into

the functions of the septo-hippocampal system. Oxford University Press, 2nd edi-
tion, In press.

13. R.W. Hamming. Error detecting and error correcting codes. Bell Sys Tech J,
2:147–160, 1950.

14. C.W. Harley. Noradrenergic long-term potentiation in the dentate gyrus. Adv in
Pharm, 42:952–956, 1998.

15. M.E. Hasselmo, C. Linster, M. Patil, D. Ma, and M. Cekic. Noradrenergic sup-
pression of synaptic transmission may influence cortical signal-to-noise ratio. J
Neurophys, 77:3326–3339, 1997.

16. M.E. Hasselmo and E. Schnell. Laminar selectivity of the cholinergic suppression
of synaptic transmission in rat hippocampal region ca1: Computational modeling
and brain slice physiology. J Neurosci, 14:3898–3914, 1994.

17. M.E. Hasselmo, E. Schnell, and E. Barkai. Dynamics of learning and recall at
excitatory recurent synapses and cholinergic modulation in rat hippocampal region
ca3. J Neurosci, 15:5249–5262, 1995.

18. M.E. Hasselmo, B.P. Wyble, and G.V. Wallenstein. Encoding and retrieval of
episodic memories: Role of cholinergic and gabaergic modulation in the hippocam-
pus. Hippocampus, 6:693–708, 1996.

19. R. Insausti, D.G. Amaral, and W.M. Cowan. The entorhinal cortex of the monkey:
II. cortical afferents. J Comp Neurol, 264:356–395, 1987.

20. R. Insausti, D.G. Amaral, and W.M. Cowan. The entorhinal cortex of the monkey:
III. subcortical afferents. J Comp Neurol, 264:396–408, 1987.

21. J.F. Kazer and A.J.C. Sharkey. The septo-hippocampal system and anxiety: A
robot simulation. In ICANN99: Proceedings of the 9th Int. Conf. Artificial Neural
Networks, pages 389–394, 1999.

22. J.F. Kazer and A.J.C. Sharkey. Towards an emotional robot: Simulating
hippocampal-mediated anxiety. In Humphries G.W. Heinke D. and Olsen A.,
editors, Connectionist Models in Cognitive Neuroscience, Perspectives in Neural
Computing, pages 102–111. Springer-Verlag, 1999.

23. V. Kitchigina, A. Vankov, C. Harley, and S.J. Sara. Novelty-elicited, noradrenaline-
dependent enhancement of excitability in the dentate gyrus. Eur J Neurosci, 9:41–
47, 1997.

24. D.C. Lee. The map-building and exploration strategies of a simple sonar-equipped
mobile robot: An experimental, quantitative evaluation. CUP, 1996.



The Role of Memory, Anxiety, and Hebbian Learning 521

25. S. Maren, S.G. Anagnostaras, and M.S. Fanselow. The startled seahorse: Is the
hippocampus necessary for contextual fear conditioning? TICS, 2:39–42, 1998.

26. K. Mason, D.J. Heal, and S.C. Stanford. The anxiogenic agents, yohimbine and
fg 7142 disrupt the noradrenergic response to novelty. Pharm Biochem Behav,
60:321–327, 1998.

27. N. McNaughton. Cognitive dysfunction resulting from hippocampal hyperactivity
- a possible cause of anxiety disorder? Pharm Biochem Behav, 56:603–611, 1997.

28. R. McQuade, D. Creton, and S.C. Stanford. Effect of novel environmental stimuli
on rat behaviour and central noradrenaline function measured by in vivo micro-
dialysis. Psychopharm, 1999.

29. J. Metcalfe. Recognition failure and the composite memory trace in charm. Psych
Rev, 98:529–553, 1991.

30. R.C. O’Reilly and J.W. Rudy. Conjunctive representations in learning and mem-
ory: Principles of cortical and hippocampal function. Technical Report 99-01,
Institute of Cognitive Science, Dept. Psychology, University of Colorado, Boulder,
CO 80309, 1999.

31. A.D. Redish. Beyond the cognitive map: Contributions to a computational neu-
roscience theory of rodent navigation. PhD thesis, Computer Science, Carnegie
Mellon University, 1997.

32. E.T. Rolls. A theory of hippocampal function in memory. Hippocampus, 6:601–621,
1996.

33. N.A. Schmajuk, Y.W. Lam, and J.A. Gray. Latent inhibition: A neural network
approach. J Exp Psych, 22:321–349, 1996.

34. N.E. Sharkey and A.J.C. Sharkey. Adaptive generalisation. Art Int Rev, 7:313–328,
1993.

35. N.E. Sharkey and A.J.C. Sharkey. An analysis of catastrophic interference. Conn
Sci, 7:301–329, 1995.

36. R.D. Traub and R. Miles. Neuronal Networks of the Hippocampus. CUP New York,
1991.

37. E. Tulving and H.J. Markowitsch. Memory beyond the hippocampus. Curr Op
Neurobiol, 7:209–216, 1997.

38. H. Wan, J.P. Aggleton, and M.W. Brown. Different contributions of the hippocam-
pus and perirhinal cortex to recognition memory. J Neurosci, 19:1142–1148, 1999.

39. J.Z. Xiang and M.W. Brown. Differential neuronal encoding of novelty, familiarity
and recency in regions of the anterior temporal lobe. Neuropharm, 37:657–676,
1998.

40. J. Yamamoto. Relationship between hippocampal theta-wave frequence and emo-
tional behaviors produced with stresses or psychotropic drugs. Jpn J Pharm,
76:125–127, 1998.



Using a Time-Delay Actor-Critic Neural
Architecture with Dopamine-Like Reinforcement

Signal for Learning in Autonomous Robots

Andrés Pérez-Uribe
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Abstract. Neuroscientists have identified a neural substrate of predic-
tion and reward in experiments with primates. The so-called dopamine
neurons have been shown to code an error in the temporal prediction
of rewards. Similarly, artificial systems can “learn to predict” by the
so-called temporal-difference (TD) methods. Based on the general
resemblance between the effective reinforcement term of TD models
and the response of dopamine neurons, neuroscientists have developed a
TD-learning time-delay actor-critic neural model and compared its per-
formance with the behavior of monkeys in the laboratory. We have used
such a neural network model to learn to predict variable-delay rewards
in a robot spatial choice task similar to the one used by neuroscientists
with primates. Such architecture implementing TD-learning appears
as a promising mechanism for robotic systems that learn from simple
human teaching signals in the real world.

Keywords: Learning robots, time-delay neural networks, actor-critic ar-
chitecture, TD-learning, dopamine neurons, reinforcement learning, hu-
man teaching signals.

1 Introduction

Adaptive organisms have to deal with a continually changing environment. In
order to survive, they must be able to predict or anticipate future events by
generalizing the consequences of their behavioral responses to similar situations
experimented in the past. Predictions result after combining the mechanisms
of search and memory, and give adaptive organisms the time to prepare their
behavioral reactions. Similarly, when a learning robot or an intelligent agent
faces a particular situation, it may select one of a finite set of possible actions,
and then, remember the actions that worked best and forget the inadequate
actions [20]. The use of search and memory gives rise to what is called trial-and-
error learning.

Neuroscientists have identified a neural substrate of prediction and reward
in experiments with primates. The so-called dopamine neurons have been shown
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to code an error in the temporal prediction of rewards [15]. Similarly, artificial
systems can “learn to predict” by the so-called temporal-difference (TD) meth-
ods [19]. Temporal-difference methods are computational models that have been
developed to solve a wide range of reinforcement learning problems including
game learning and adaptive control tasks [20]. In biological applications they
have been used to replicate foraging behavior of bumblebees [8], learning of se-
quential movements [17], etc. The system learns to predict rewards by trial-and-
error, based on the idea that “learning is driven by changes in the expectations
about future salient events such as rewards and punishments” [15]. Such changes
are detected by computing temporal differences of the estimations of rewards.

Based on the general resemblance between the TD-computation of the
changes of expectations about rewards and the response of dopamine neurons,
Suri and Schultz [18] developed a particular TD model they related to the behav-
ior of monkeys in the laboratory. In this paper, we utilize such a neural network
model to learn to predict variable-delay rewards in a robot spatial choice task
similar to the one used by neuroscientists with primates. In Section 2, we describe
the neural substrate of prediction and reward, identified by neuroscientists. In
Section 3, we present the machine learning technique for learning with rein-
forcement signals. Sections 4 and 5 describe the neural architecture developed
by neuroscientists and their experiments with primates. Section 6 describes our
robotics experimental setup, Section 7 delineates the experimental results, and
finally, Section 8 presents some concluding remarks.

2 Neural Substrate of Prediction and Reward

One clear connection between prediction and reward results from conditioning
experiments [15]. Classical conditioning has a special place in the study of learn-
ing, since it has permitted to understand the rules that enable us to associate
two events [16]. The fundamental rule is temporal contiguity: the conditioned
stimulus (CS) precedes by some critical interval a second, reinforcing event, the
unconditioned stimulus (US). The second rule is contingency: the conditioned
stimulus predicts the occurrence of the unconditioned one.

It has been found that there is an optimal interval between a particular CS
and a US that allows an animal to learn that the CS predicts the US. It is
typically between 200 milliseconds and 1 second, even though in some cases the
optimal interval may be longer. Such interval is surprisingly similar in all species
for similar types of associative learning [16].

The so-called dopamine neurons have been shown to be “excellent feature
detectors of the goodness of environmental events relative to learned predictions
about those events” [15]. They emit a positive signal if a desired event is better
than predicted; no signal, if a desired event occurs as predicted; and a negative
signal, if the desired event is worse than predicted [15]. Thus, dopamine neurons
appear to code an error in the temporal prediction of reward [18]: it has been
found that they are activated by unpredicted rewards, by rewards during the
first few stimulus-reward pairings, and when a reward occurs earlier or later than



524 A. Pérez-Uribe

b)

d)c)

a)

reward

CS

DA

reward

CS

DA

reward

CS

DA

(no reward)

(no CS)

reward

CS

DA

Fig. 1. Dopamine neuron activity. a) The dopamine neurons (DA) are activated by
an unpredicted reward. b) After learning, the dopamine neurons are activated by the
reward-predicting stimulus (CS) and not by the predicted reward. c) After learning,
the dopamine neurons are activated by the reward-predicting stimulus (CS), but then
experience a depression if the predicted reward fails to occur. d) After learning, the
dopamine neurons code an error in the temporal prediction of reward (see [15] and
[18]).

predicted (Figure 1). However, the activation following the reward decreases after
repeated pairings and finally disappears.

The activation of the dopamine neurons may improve the selection of be-
haviors by providing advanced reward information before the behavior occurs,
and may contribute to learning by modifying synaptic transmission [13], or may
even play a general role in associative learning by ’regulating attention to the
external environment and readiness to respond to unexpected events’ [11].

(t)l
a’

a

s(t+1)s(t)

Fig. 2. Discrete time representation of a reinforcement learning problem.

3 Machine Learning with Reinforcement Signals

In machine learning applications, reinforcement learning tasks are generally
treated in discrete time steps, that is, the problems are modeled as a Markov
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decision process or MDP (Figure 2). At each time step t, the learning system
receives some representation of the environment’s state s(t), it tries an action
a, and one step later it is reinforced by receiving a scalar evaluation λ(t)1 (i.e.,
a reward or a punishment) and finds itself in a new state s(t + 1). To solve a
reinforcement learning task, the system attempts to maximize the total amount
of reward it receives in the long run [20]. To achieve this, the system tries to
minimize the so called temporal-difference error (also known as the effective rein-
forcement signal), computed as the difference between predictions at successive
time steps.

In most machine learning applications, an automated trainer delivers a re-
ward (or a punishment) to the learning system when it reaches a particular state
(i.e., the reward is instantly available at time t+1). For example, in an obstacle
avoidance learning task, a punishment signal may be delivered to the learning
robot whenever it finds itself in a situation where one of its sensors is activated
more than a certain threshold (which may correspond to the detection of an
obstacle) [9]). However, in certain applications, the reward (or the punishment)
may be provided by an external device or a human. In such cases, the reward
signal may not be delivered (and received) at time t+1 (immediate reward) but
after a variable lapse of time.

One way to solve this problem is to use a time-delay neural network (TDNN)
architecture [6], by implementing a kind of memory to represent the stimulus
through time until the occurrence of a reward.

4 A Neural Network Model with Dopamine-Like
Reinforcement Signal

Based on the general resemblance between the effective reinforcement signal
of TD models and the response of dopamine neurons, Suri and Schultz [18]
developed a TD model that was tested in a series of spatial delayed and non-
delayed choice tasks, and related the performances of the model to the behavior
of monkeys in the laboratory.

The model consists of an actor-critic architecture (Figure 3) which resembles
the general architecture of the basal ganglia [1,13]. Both components receive
the stimuli (e1(t) and e2(t) in the figure) coded as functions of time. The
actor computes a weighted sum of the input stimuli to select an output action
(modifiable weights are shown as heavy dots in the figure). A winner-take-all
rule prevents it from performing two actions at the same time. The adaptation
of the synaptic weights in the actor enables it to learn to associate stimuli
with behavioral actions. The critic component computes a weighted sum of
a temporal representation of the stimuli to estimate the reward predictions
(P1(t) and P2(t) in Figure 3a). Every stimulus l is represented as a series of
1 We use λ(t) to refer to the external reinforcement signal, or ’primary reinforcement’

and r(t) to refer to the temporal difference error or ’effective reinforcement’ to be
consistent with Suri and Schultz [18], but r(t) and δ(t) are more commonly used to
refer to such signals, in the machine learning literature.
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Fig. 3. a) Actor-critic architecture. The dots represent adaptive weight connections.
The dashed lines indicate the influence of the effective reinforcement signal in those
adaptive weights. b) Temporal stimulus representation.

components xlm of different durations (Figure 3b). Each of these components
influences the reward prediction signal according to its own adaptive weight
wlm. This form of temporal stimulus representation2 allows the critic to
associate a particular reward to the corresponding stimuli, even if the duration
of the stimulus-reward interval is not null and variable. Indeed, what the critic
attempts to do is to learn the exact duration of the stimulus-reward interval [18].

The temporal representation of the stimulus is computed as follows:
a) At the onset of the stimulus:

xl1 = 1, xl,m6=1 = 0 (1)

b) k steps after the onset of the stimulus:

xl,m≤k = 0, xl,m>kρm−1 , (2)

where l is the stimulus, m is the component of its corresponding temporal
representation, and ρ is a constant value in the range [0 1].

The critic generates the effective reinforcement signal as follows:

r(t) = d + λ(t) + γP (t) − P (t − 1) , (3)

where, d is a constant value and accounts for the baseline firing rate of dopamine
neurons (d = 0 in our implementation), λ(t) is the primary reinforcement, γ is
2 Virtually nothing is known about how the brain represents a stimulus for substantial

periods of time [15].
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a discount factor, P (t) and P (t − 1) are the reward predictions at successive
time steps, and P (t) =

∑
l Pl(t) (i.e., the sum of the reward prediction for every

stimulus l). The effective reinforcement is used to modify the adaptive synapses
of the actor and critic components. The change in the critic weights wlm is pro-
portional to prediction errors (an underlying mechanism in engineering [20] and
psychology [12]), and to the changes of the temporal stimulus representation [5,
18], as follows:

wlm(t) = wlm(t − 1) + ηc(r(t) − d)[xlm(t − 1) − γxlm(t)]+ , (4)

where, []+ indicates that a negative number is set to zero and a positive value
remains unchanged, ηc is the learning rate of the critic.

The change in the actor weights vnl is proportional to reward prediction errors,
an action trace ān(t), and the stimulus trace ēl(t), as follows:

vnl(t) = vnl(t − 1) + ηa(r(t) − d)ān(t)ēl(t) , (5)

where, ηa is the learning rate of the actor. The action and stimulus traces serve
as a record of the occurrence of a particular action or the taking of an action.
They are computed as follows:

ān(t) = min(1, an(t) + δān(t − 1)), and (6)

ēl(t) = min(1, ēl(t − 2) + δēl(t − 1)) (7)

The action selection is based on the weighted sum of the stimuli traces and a
uniformly distributed source of noise σn(t) ∈ [0, σ]:

an(t) =
∑

l

vnlēl(t) − σn(t) (8)

Below is a table with the values of the most important parameters of the learning
model. Most of them were set following the work by Suri and Schultz [18].

d γ ηc ηa δ ρ σ
0.0 0.98 0.08 0.1 0.96 0.94 0.5

In our implementation, we set the number of components of the temporal rep-
resentation such that the model was able to associate a reward delivered up to
3 seconds after the selection of an action.

5 Neuroscientists’ Experiments with Primates

In a series of experiments with primates, Schultz and colleagues [14] attached
electrodes to the brains of monkeys to record electrical activity in dopamine-
secreting neurons. The monkeys were trained to press a lever in response to a
pattern of light to receive a reward (a squirt of juice).
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A trial was initiated when the animal kept its right hand on a resting key.
Illumination of an instruction light above a left or right lever indicated the
target of reaching. A trigger light determined the time when the resting key
should be released and the lever be touched. In one of several experiments with
monkeys, Schultz and his colleagues [14] studied the dopamine neuron responses
in a spatial choice task. In this task, the instruction and trigger lights appeared
simultaneously, and both lights extinguished upon lever touch. The left and
right instructions lights alternated semi-randomly. The monkey was rewarded
for releasing the resting key and pressing the corresponding lever. It was not
rewarded for incorrect actions like withholding of movement, premature resting
key release or lever press, or incorrect lever choice [18].

In the following section, we present an autonomous robot experiment that
replicates the experiments with primates described above. Basically, we used the
neural network model presented in Section 4 to control a robot in the spatial
choice task.

reward

Fig. 4. Experimental setup. A Khepera robot with a linear vision system is placed in
a workspace to replicate a primate learning task. The robot is connected to a host
machine that controls its behavior through a neural network model and transmits
human evaluating signals (rewards). The robot is intended to react to an instruction
pattern.

6 Robotics Experimental Setup

In our experiments, an autonomous mobile robot is placed in a box of 75 cm ×
45 cm with white walls (Figure 4). We have used the Khepera mobile robot [7]
with a K213 vision turret developed by K-Team [2] (Figure 5). It contains a
linear image sensor and a global light intensity detector. The image sensor is an
array of 64 × 1 cells, giving a linear image of 64 pixels with 256 grey-levels each.



Using a Time-Delay Actor-Critic Neural Architecture 529

The view-angle is of about 36 degrees. The optics was designed to bring into
focus objects at a distance of 5 to 50 cms in front of the robot. The image rate
is 2 Hz.

a) b)

Fig. 5. a) The Khepera robot [3]. b) The K213 vision turret [2].

We programmed our robot [2,3] to turn around itself covering an angle of
180 degrees. While the robot moves, it takes a snapshot of its environment
and transmits the 64 pixel image to a host machine (we used a serial link at
38400 Baud, but we could have used a radio link) that implements the neural
network model. A pre-processing phase is executed to take the linear image of
the environment and compute the number of “drastic” changes of activation
between neighboring sensor cells (i.e., to detect a pattern like the one shown at
the right side of the arena in Figure 4). If more than four “drastic” changes of
activation between neighboring sensor cells are found, we apply a stimulus of
amplitude 1.0 to the right input of the model (stimulus 1), when the robot is
turning to the right, or to the left input, when the robot is turning to the left
(stimulus 2).

The neural network model (see Section 4) operates at steps of 100 ms to
activate one of three possible actions, which correspond to the fact of perceiving
a pattern while turning to the right (action 1), perceiving a pattern while turning
to the left (action 2), and perceiving no pattern at all (action 3). In Figure 3,
we show only two actions, for the sake of simplicity. When the model chooses
the correct action, an experimenter provides a reward by pushing a button on
the host machine. Otherwise, the system starts a new trial after 3 seconds of
waiting for the reward. Robot actions are only allowed if a stimulus is presented
(indeed, in the experiments with monkeys, neuroscientists pretrained the animals
to press levers when stimuli were presented, and an ongoing action is maintained
during three successive time-steps, given that the time to press a lever in the
real experiments was about 300 ms [18].
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In our experiments, the mobile robot stops turning around itself when it
selects one of the actions. This was introduced to permit the experimenter to
remove the stimulus pattern and place it somewhere else before starting a new
trial. In the monkey experiments, the instruction lights automatically extin-
guished upon lever touch.

Table 1. Spatial choice task results (see text for explanation).

Run Trials min. delay(ms) max. delay(ms) mean delay(ms) std. dev.(ms2)
1 49 510 1701 1018.0 439.4
2 54 800 2000 1600.0 292.3
3 16 545 1564 1112.8 299.0
4 38 565 2876 1290.8 601.9
5 31 598 2799 1299.0 524.1
6 36 625 2329 1313.9 448.1
7 42 542 2627 1452.5 545.0
8 43 537 2313 1236.7 548.6
9 27 545 2073 1119.0 522.8
10 40 517 2000 1058.5 423.1

7 Experimental Results

During a trial, a pattern of 10 black columns and 10 white columns is presented
to the robot at a distance of about 35 cms (Figure 4). The trial evolves as
explained above. In average, the robot learned to respond correctly to 9 of the
10 last presentations of the pattern, after 37 trials. The average delay between the
selected action and the corresponding reward (given by the experimenter) was
1250.2 ms. The maximum delay was 2876 ms, and the minimum delay was 510
ms. In these experiments, we set the baseline firing rate of dopamine neurons to
zero (d = 0) instead of d = 0.5 as in Suri and Schultz [18]. Kakade and Dayan [4]
have recently presented an interpretation of an additional role for the dopamine
neuron activity in guiding exploration by means of dopamine bonus terms, which
are computationally similar to the d term.

In Table 1, we present the results of 10 runs of the robot spatial choice
learning task. In the second column, we present the total number of trials needed
to respond correctly to 9 of the last 10 presentations of the pattern. Columns
3 to 5 show the minimum, the average, and the maximum delay between an
action and the corresponding reward for each run. Column 6 shows the standard
deviation of such delay for each run.

Figure 6 illustrates the behavior of the dopamine-like reinforcement signal
during a trial in which the reward occurs later than predicted: the effective
reinforcement signal (i.e., the dopamine-like response) signals the prediction of
a reward at the onset of the stimulus, but then decreases at the predicted time
of reward. Finally, it is increased at the new time of reward. It corresponds to
the dopamine neuron activity presented in Figure 1d.
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Fig. 7. Typical experimental run. The onset of stimulus 1 corresponds to the presen-
tation of a pattern while the robot was turning to the right. Stimulus 2, while it was
turning to the left. The robot “chooses” action 1 when it “thinks” it has perceived
the pattern while turning to the right, and action 2, when it “thinks” it has perceived
the pattern while turning to the left; finally, action 3, when it “thinks” it has not
“perceived” the pattern.

Figure 7 represents a typical experimental run: the robot learned to respond
correctly to 10 successive presentations of the pattern, after 42 trials. The first
two rows show the activation of the two stimuli at every trial of the run. Rows
3 to 5 show the selected action by the robot, and finally, row 6 shows when
the system was rewarded. The figure shows how the system learns very fast to
discard action 3, but then, needs several tens of trials to learn to distinguish
between ’pattern to the right’ and ’pattern to the left’ (i.e., when to choose
action 1 and action 2).
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8 Concluding Remarks

In a previous work, we used a hebbian learning model developed by neurosci-
entists studying conditioning in bees [8] to control a mobile robot in a foraging
task [10]. We were motivated by the promising idea of using dopamine-like neural
signals to modulate learning. In this work, we show that a time-delay actor-critic
architecture implementing a TD model (i.e., with a dopamine-like reinforcement
signal) enables an autonomous robot to learn a spatial choice task by a trial-
and-error mechanism coupled with an externally provided reward delivered at
arbitrary times. The approach appears as a promising mechanism for robotic
systems that learn from simple human teaching signals in the real world. How-
ever, it should be noted that longer stimulus-reward intervals require a larger
number of components in the temporal stimulus representation, thus a larger
number of synaptic weights to be learned by the critic.
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Connectionist Propositional Logic
A Simple Correlation Matrix Memory Based Reasoning

System

Daniel Kustrin and Jim Austin

Dept. Computer Science, University of York, UK

Abstract. A novel purely connectionist implementation of proposi-
tional logic is constructed by combining Correlation Matrix Memory
operations, tensor products and simple control circuits. The implementa-
tion is highly modular and expandable and in its present form it not only
allows forward rule chaining but also implements is a hierarchy traversal
which results in interesting behavior even in its simplest form.

1 Introduction

Correlation Matrix Memories (CMMs) are simple binary weighted feed forward
neural networks which have been applied to a large number of real world appli-
cations in domains as diverse as molecular matching [10], image segmentation
[1] and financial forecasting [6]. Their well understood semantics, complexity
and storage properties makes them an ideal vehicle for preliminary research into
connectionist reasoning systems since their operation characteristics are known
and a number of efficient implementations (both in software and in hardware)
exist [5]. In this paper CMMs have been employed as execution engines for a
propositional logic implementation as well as for implementation of an is a hi-
erarchy. The actual system has been implemented as an interactive interpreter
in which only the parser and proposition-to-code translation was not built from
connectionist components: all actual processing is performed on a purely con-
nectionist architecture. In its operation it is most similar to Smolenski’s system
[4] but in contrast to their architecture CPL is a purely binary connectionist
system with defined semantics and integrated is a hierarchy. Additionally it is
also highly modular and thus scalable. CPL builds on initial CMM in reasoning
theoretical papers [2,3] and represents a step in evolution towards connectionist
higher order logic implementations.

The paper addresses the question of how complex data may be presented in
a real neural system. The approach taken here is purely connectionist and, as
such, could be used to show some principles of data organisation and storage
in the human cortex. It must be stressed, however, that just because the imple-
mentation is plausible, it would not constitute a mode of how the human brain
processes data.

The following section introduces the basic CMM operations, atom binding
and coding procedures, Architectures section presents the actual implementa-
tion while execution section contains an annotated sample transcript from an
interactive session with the system.
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2 Operational Semantics

Correlation Matrix Memories are equivalent to single layer, binary weighted
neural networks, but use have simple teaching and recall algorithms. Their power
lies in application of thresholding and their ability to process overlapped input
vectors.

Teaching of a matrix M given input vector I and output vector O is per-
formed as

M ′ = M
∨

OIT (1)

and recall is simply

O = Θθ (MI) (2)

where Θθ is a transfer function performing a hard threshold at level θ. Threshold-
ing is a very powerful technique which allows extraction of correct associations
even in presence of some noise; by manipulating threshold level it is possible to
extract not only the matching association but also outputs which are “close”
to it. Since CMMs work only on fixed weight binary vectors it is necessary to
convert all input/output values into appropriate form. For propositional logic
random binary vectors are generated for each term; these vectors are not nec-
essarily orthogonal but are ensured to be sparse (few bits set) which allows
accurate and almost error-free recalls. Error properties will not be discussed in
this paper, see [9] for further information on CMM error properties. It is interest-
ing to notice that it has been shown that binary CMMs exhibit lower crass-talk
then non-binary single layer feed-forward neural networks for same associative
tasks, which provides additional validation for use of CMMs [8].

The implemented connectionist propositional logic (CPL) is a slight exten-
sion of the traditional propositional logic since it recognises two types: propo-
sitions and atoms. Each proposition is formed by binding of two atoms and all
rules (logic operations) are performed exclusively on propositions. Atoms were
introduced to allow for more complex behavior and are a direct consequence
of introduction of a is a hierarchy. Additional level of complexity is introduced
by having two modes of operation: learning of axioms and resolution. Before
presenting each logic operation and its semantics it is necessary to define CPL
syntax.

2.1 Syntax

The alphabet of the CPL is defined as

Σ =
{
A,P,¬, =⇒ ,

is-a−−→, (, ),∧,⊗
}

(3)

where

A = {>,⊥, any, none, a1, a2, . . . } (4)

P = {p1, p2, . . . } (5)

pi = aj ⊗ ak (6)
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Sentence → AxiomSentence
Sentence → ResolveSentence

AxiomSentence → AXIOM AxiomTail
AxiomTail → IsaTerm
AxiomTail → AxiomExp

=⇒ AxiomExp
AxiomExp → BindTerm
AxiomExp → ( AxiomExp )
AxiomExp → BindTerm ∧ AxiomExp

ResolveSentence → RESOLVE ResolveExp
ResolveExp → ( ResolveExp )
ResolveExp → ResTerm
ResolveExp → ¬ ResolveExp
ResolveExp → ResTerm ∧ ResolveExp
ResolveExp → ( ResolveExp ) =⇒

( ResolveExp )
ResTerm → BindTerm
ResTerm → IsaTerm
IsaTerm → Atom is-a−−→ Atom

BindTerm → Atom ⊗ Atom

Fig. 1. A grammar for well-formed formulae in CPL.

operator ⊗ is the binding operator. The truth values, > denoting truth and ⊥
denoting false are special atomic constants as are any and none. It is immedi-
ately obvious that the disjunction connective is not part of the alphabet and
that propositions, pi, are constructed from atoms by application of the binding
operator, ⊗. Due to the operational semantic of the CMMs (see below) it is
possible to convert disjunctive expressions into CPL well-formed formulae. Any
expression of the form:

pi ∨ pj ∨ . . . =⇒ pq (7)

can be expressed as

pi =⇒ pq

pj =⇒ pq

... =⇒ pq

(8)

and any expression of the from

pi =⇒ pj ∨ pk ∨ . . . (9)

can be expressed as

pi =⇒ pj

pi =⇒ pk

pi =⇒ ...
(10)
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These conversion forms allow rewriting of any disjunctive expression in CPL wff.
Given the CPL alphabet it is necessary to present the grammar which shows the
difference between atomic and propositional sentences as well as two modes of
operation, see fig. 1.

Strictly speaking the grammar is ambiguous since it cannot be presented in
LL(1) form. To solve this problem precedence ordering is defined (in the parser)
as follows (from highest to lowest): ⊗,

is-a−−→,¬,∧, =⇒ .

2.2 Semantics

The easiest and most accurate way of describing CPL implementation is defining
its semantics, given basic CMM and binary vector operations. The semantics of
the CPL is closely tied to CMM operation and their properties. A CMM is a
binary feed-forward neural network which accepts and produces fixed length,
fixed weight (fixed desity of 1’s) binary vectors. Consequently, each atom has
to be converted into such a vector; in the implemented architecture this is done
by assigning a random fixed length, fixed weight binary vector to each atom.
Additionally, two out of four special atomic propositions (any and none) have
special forms: any is represented by a vector with all bits set while none is a zero
vector. The binding operator, ⊗, performs a outer product (tensor) between two
atoms and produces a vector which given atom vector length of n and weight of
k will be of length n2 and weight k2:

ai ⊗ aj = ai ⊗ aj =




b1
1 b2

1 · · · bn
1

b1
2 b2

2 · · · bn
2

...
...

. . .
...

b1
n b2

n · · · bn
n


 (11)

=
[
b1
1 b2

1 · · · bn
n

]
(12)

where bk
l = ak

i × al
j . Outer product is used for binding as it allows superposition

of propositions without loss of association.
As stated above, a CMM is a type of a neural network it has two modes

of operation: training and recall. These two modes are mapped on to axiom
presentation and resolution. The training process can be defined as an operator
action (T) between two sets of binary vectors I ∈ B

n and O ∈ B
n, denoting

relational mapping I→ O, and a CMM, M as follows:

T
(
B

n, Bn, Mn×n
)→M

n×n (13)

T
(
I,O, M i

)
= M i ∨OIT = M i+1

given M0 = 0. This equation shows that training is just a disjunction of outer
products. Similarly, recall operator (R) takes a CMM, input vector and an in-
teger (threshold) and produces an output vector:

R
(
B

n, Mn×n, Z
)→ B

n (14)

R (I, M, n) = Θn (MI) = O
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The threshold parameter can be varied to produce various effects but in this
paper it is assumed to be set at the input vector weight at all times, see [3] for
further information on application of thresholds in CMMs.

These three definitions (binding, training and recall) allow specification of the
semantics of BindTerm, IsaTerm, AxiomTail implication and ResolveExpression
implication terms in the grammar:

Atom⊗Atom : (Bn, Bn)→ B
n2

(15)

, ai ⊗ aj (16)

Atom is-a−−→ Atom : (Bn, Bn)

, ai
is-a−−→ aj (17)

, Mis-a ← T (ai, aj , Mis-a)

Atom is-a−−→ Atom

: (Bn, Bn)→ B
n2

(18)

, ai
is-a−−→ aj

, aj = R (ai, Mis-a , θ)

where (Bn, Bn)→ B
n2

(for example) is the type definition, first row is the gram-
mar representation and the second row is the implementation definition. The
above two forms of the is-a association relate to either training (axiom presen-
tation), eq. 17, or recall (resolution), eq. 18. The resolution equation (eq. 18)
returns a truth value which is a vector of length n2 and weight k2, see below.
Similar equations can be constructed for the implication connective:

BindTerm =⇒ BindTerm (19)

:
(
B

n2
, Bn2

)

, pi =⇒ pj

, Mrule ← T (pi, pj , Mrule)

BindTerm =⇒ BindTerm (20)

:
(
B

n2
, Bn2

)
→ B

n2

, pi =⇒ pj

, pj = R (pi, Mrule , θ)

As in the eq. 17 and eq. 18, two modes of operation exist: training and recall.
In the recall (resolution) the return value is a truth token, see below. The CMM
size in is-a case and rules case are different. The is-a uses matrix of size n × n
and type M

n×n while rules store uses a CMM of size n2 × n2 and type M
n2×n2

.
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The conjunction operator semantics are defined using bitwise ‘or’ operation (
∨

)
as follows:

BindTerm ∧ BindTerm (21)

:
(
B

n2
, Bn2

)
→ B

n2

, pi ∧ pj

, pi

∨
pj

As it can be seen from the above equations, the basic return value is a tensored
vector of length n2 and weight k2. The four primitive atomic propositions >, ⊥,
any and none are, although atomic, of the proposition size and weight since they
operate on propositional level. The negation operator can, thus, be defined as

¬BindTerm : B
n2 → B

n2
(22)

, ¬pi

,
{
> if pi = ⊥
⊥ otherwise

This definition converts a proposition into a truth value. Although not ideal
it is necessary since even under closed world assumption negation semantics is
quite difficult. Alternative would be to denote ¬pi as the set of all propositions
excluding pi, ¬pi , all− pi. This approach was not chosen since it doesn’t map
well to CMM architecture. The equality operation used in eq. 18 and eq. 20 can
be defined as

BindTerm = BindTerm (23)

:
(
B

n2
, Bn2

)
→ B

n2

, pi = pj

,
{
> if pi and pj are identical
⊥ otherwise.

2.3 Axioms and Resolution

CPL does not come with any predefined axioms. All axioms have to be presented
to the architecture (trained). The resolution system is also very simple. Since
both is-a and the rules sub-systems are built from the same building blocks they
implement the same algorithm: chaining. In is-a mode they performs traversal
up the is-a tree while in the rules sub-system mode they forward chain the rules.

The is-a hierarchy is a directed non-cyclical graph depicting both member-
ship and subset relations. In traditional semantic networks there is a distinction
between subset relations like Cats Subset−−−−→ Mammals and Bob Member−−−−−→ Cats since
they necessarily have different semantics, Cats ⊂ Mammals and Bob ∈ Cats, re-
spectively. In CPL this distinction is not made and a general is-a relation is used:
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Cat is-a−−→ Mammal and Bob is-a−−→ Cat. Not making this distinction allows sim-
ple application of the binding operator to atoms for formation of propositions.
These propositions are then passed to the rule sub-module which uses them for
rule searching. Traditionally it has been argued that using is-a links instead
of separate membership and subset links leads to inconsistencies [7]. Although
the formal semantics of inheritance has not been developed for this system the
problems outlined in [7] are not applicable since the propositions always have
the form class⊗ query atom in which only the class part is modifiable. The class
part can only be changed to a superclass until the top of the inheritance graph
has been reached. Since the is-a hierarchy is assumed to be a directed non-cyclic
graph termination is assured.

The rules sub-system accepts propositions and performs forward chaining on
left-hand sides of the rules. Given an input rule pi =⇒ pj it will search for all
the rules matching pi on the LHS. If none are found it will request modification
of the rule LHS by the is-a module. This request will ask for replacement of
the pi superclass by its superclass, if any exists, eg. if pi = aj ⊗ ak and no
rules are matched, the rule sub-system will request the super-class of aj , say am,
which will then be bound to ak into a new proposition pn = am ⊗ ak. This new
proposition will then be used in another search. The searching process will end
when the is-a has reached the top of its hierarchy.

Although the architecture only uses forward chaining and a simple semantic
network it is capable of performing resolution of a surprising flexibility.

3 Architecture

The connectionist architecture implementing the semantics of CPL has been
built around correlation matrix memory libraries developed at York. The gram-
mar and the semantics have been directly implemented in YACC and LEX on
a Silicon Graphics Supercomputer. Although currently the architecture is sim-
ulated in software it is a truly connectionist artifact. Both is-a and the rules
sub-systems have been built using exactly the same basic building block pre-
sented in fig. 2 (figure is slightly simplified and shows only the recall connections
and omits training/recall switching and input/output pre and post processing).

It is interesting to notice that all components used are implementable in
purely connectionist form: the Correlation Matrix Memory is a simple binary
feed-forward neural network, the Selector components can be constructed by
using inhibitory neurons while the comparator is a simple bit-wise conjunction.
The control input is used to “stop” the module from forward-chaining and keep
it at the current search parameter. This is used, in the complete architecture,
by the rules sub-module for control of is-a hierarchy traversal. The selector
component is used bi-directionally either as a input selector or output selector.
Both variants are controlled by a control signal and the component semantics
can be defined as follows, in input selection form:
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Selector

Selector

Selector

s!=0

<output>True / False

<input hypothesis> <input>

Control

s==0

Comparator

s

s!=0
s

s
s!=0

Output

s==0

s==0

Control

CMM

Fig. 2. Basic building block for the connectionist architecture implementing CPL. Di-
agram only shows the data paths for recall mode of operations.
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Selector (I1, I2)→ O

O =

{
I1 if Control = 0
I2 otherwise

(24)

or, in output selection form, as

Selector (I)→ Oi = I

i =

{
1 if Control = 0
2 otherwise

(25)

3.1 Connectionist Implementation of CPL

The complete system is constructed by combining two building blocks via a
tensor product ensemble (also implementable as a purely connectionist artifact),
see fig. 3.

On the diagram, the left-hand module implements the is-a hierarchy while
the RHS implements the rule-base. The is-a module CMM is of size n while the
rules CMM is of size n2. The system, as depicted in fig. 3 and fig. 2 shows only
the resolution connections and control. Training has a different set of connec-
tions accessing just CMMs in both modules and is independent of the resolution
system.

4 Execution

The implemented CPL provides an interactive shell for presentation of axioms
and for resolution. This section presents an example session which involves learn-
ing of a simple semantic network and related rules and some resolution examples.

The first set of axioms presented to the systems describe a simple is-a graph
(fig. 4):

AXIOM jim is_a man
AXIOM jim is_a professor
AXIOM dan is_a man
AXIOM dan is_a ra
AXIOM man is_a human
AXIOM professor is_a academic
AXIOM ra is_a academic
AXIOM academic is_a human

while the following rules define how these atoms are interrelated:

AXIOM human:any => mortal:true
AXIOM academic:any => mad:true
AXIOM professor:any => has_big_office:true
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BuildingBlock

Control Output

BuildingBlock

<superclass hypothesis><consequent hypothesis>

True/False <consequents><superclass>

Control Input

<atom> Rule LHS

Fig. 3. Complete connectionist implementation of CPL. Only recall data paths are
shown, as before.

AXIOM has_big_office:true => important:true
AXIOM man:jim => drinks_tea:true
AXIOM man:dan => drinks_coffee:true

Given the set of is-a axioms and the rule set it is possible to perform a variety
of resolution queries. Resolving an atom searches both the is-a set and the rules
set:

> RESOLVE jim
jim is_a man
jim is_a professor
jim is_a human
jim is_a academic
jim is_a human
jim => drinks_tea:true
jim => has_big_office:true
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jim => important:true
jim => mortal:true
jim => mad:true
jim => mortal:true

Man

Jim

Human

Dan

Prof

Academic

RA

Fig. 4. Example is-a hierarchy.

Resolution on a bound atom produces a subset of the results presented above:

> RESOLVE man:jim
man:jim => drinks_tea:true
man:jim => mortal:true

These examples show the search capabilities. To show the proper rule resolution
consider the following examples:

> RESOLVE (man:jim) => (has_big_office:true)
No.
> RESOLVE

(professor:jim) => (has_big_office:true)
Yes.

This example shows how the system performs reasonable rule resolution, al-
though jim is both man and professor the property of having a big office is only
related to being a professor (via the rule professor:any => has_big_office:true).
Hence the above example performs correctly. To test rule chaining consider the
following result

> RESOLVE (professor:jim) => (important:true)
Yes.

which is the result of chaining rules (professor:any) => (has_big_office:true)
and (has_big_office:true) => (important:true) which suggests that jim is im-
portant since he has a big office. Similarly, resolution

> RESOLVE (ra:dan) => (important:true)
No.
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shows that dan is not important since he doesn’t have a big office.
Since the architecture has no axioms predefined to produce proper modus

ponens it is necessary to provide the axiom stating that truth implies truth:

AXIOM (true:true) =>
(true:true)

which allows for queries like

> RESOLVE (((professor:jim =>
has_big_office:true) AND
(has_big_office:true =>
important:true)) =>
(professor:jim =>
important:true))

Yes.

5 Conclusion

This paper presented a pure binary connectionist reasoning system based on a
propositional logic. The operational semantics were presented as were its modu-
lar structure and an example execution. Due to space restrictions this paper did
not provide proof for the claims of its scalability or a thorough comparison with
other similar systems.
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Abstract. We propose a theoretical framework for specification and
analysis of a class of learning problems that arise in open-ended environ-
ments that contain multiple, distributed, dynamic data and knowledge
sources. We introduce a family of learning operators for precise specifica-
tion of some existing solutions and to facilitate the design and analysis of
new algorithms for this class of problems. We state some properties of in-
stance and hypothesis representations, and learning operators that make
exact learning possible in some settings. We also explore some relation-
ships between models of learning using different subsets of the proposed
operators under certain assumptions.

1 Learning from Distributed Dynamic Data

Many practical knowledge discovery tasks (e.g., learning the behavior of com-
plex computer systems from observations, computer-aided scientific discovery in
bioinformatics) present several new challenges in machine learning. The data
repositories in such applications tend to be very large, physically distributed,
often autonomously managed, and constantly growing over time (as new data
get added). Thus, there is a need for algorithms for learning from distributed
data by analysing the distributed data sets where they reside instead of shipping
large volumes of data across networks, in an incremental fashion, as the data
becomes available over time, without having to reprocess the already processed
data [5,14].

Although some incremental and distributed learning algorithms have been
proposed in the literature, most of them [9,4,15], do not guarantee generalization
accuracies that are provably close to those obtainable in the batch or central-
ized learning scenario. Some notable exceptions include parallel and distributed
versions [1,13,6,12] and incremental versions [3] of batch algorithms that pre-
serve the underlying nature of the centralized algorithm. At present, with the
exception of some interesting results (e.g., mistake bounds) for the closely related
problem of online learning [7], a characterization of hypothesis classes that ad-
mit efficient exact or approximate distributed or incremental learning is lacking.
Yet from a practical standpoint, the design and implementation of such learning
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agents is clearly of interest. Against this background, there is a need to address
incremental and distributed learning problems in their full generality.

This paper presents some tentative steps towards a framework for specifi-
cation, analysis, and synthesis of incremental and distributed learning agents.
We define some learning and information extraction operators to formally model
some existing learning algorithms. We explore some properties of instance and
hypothesis representations, and learning operators that guarantee the existence
of incremental and distributed learning algorithms with provable performance
guarantees relative to their batch or centralized counterparts. We offer some
examples to illustrate the use of this theoretical framework in designing new
incremental and distributed learning algorithms.

2 Incremental Learning and Distributed Learning

A generic incremental learning scenario is shown in Fig. 1. In an incremental
learning scenario, data sets D1, D2, · · · , Dn are assumed to become available to
the learner at discrete instants in time t1, t2, · · · , tn. The learner starts with a
(possibly null) initial hypothesis h0 which constitutes the prior knowledge of the
domain. We assume that the learner is typically unable to store the data in its
raw form. Thus, it can only maintain and update its hypothesis base as new
data becomes available. Thus, h0 gets updated to h1 on the basis of D1, and h1
gets updated to h2 on the basis of data D2, and so on.

In a distributed learning scenario, the data set is assumed to be physically
distributed across multiple, possibly autonomous, data repositories D1, · · · , Dn.
The learner can visit the repositories to gather the information necessary for gen-
erating knowledge (e.g., in the form of pattern classification rules) by processing
the data where it is stored. Alternatively, the data repositories may transmit
the information to the learner. In either case, we prohibit transport of raw data
among different sites. A distributed learning scenario is shown in Fig. 2.

A number of variations on these basic incremental and distributed learn-
ing scenarios can be envisioned under different assumptions concerning where
and when data processing is performed, what information is made available
to the learner, etc. More generally, we can consider incremental learning from
distributed data sources. Space does not permit a detailed discussion of such
scenarios.

h
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Fig. 1. Incremental Learning
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Fig. 2. Distributed Learning

3 Horizontal and Vertical Data Fragmentation

In many applications, the data set consists of a set of tuples where each tuple
stores the values of relevant attributes. The distributed nature of such a data set
can lead to at least two common types of data fragmentation: horizontal frag-
mentation wherein subsets of data tuples are stored at different sites; and vertical
fragmentation wherein subtuples of data tuples are stored at different sites. As-
sume that a data set D is distributed among the sites 1, · · · , n containing data
set fragments D1, · · · , Dn. We assume that the individual data sets D1, · · · , Dn

collectively contain enough information to generate the complete dataset D. In
many applications, it might be the case that the individual data sets are au-
tonomously owned and maintained. Consequently, the access to the raw data
may be limited and only summaries of the data (e.g., number of instances that
match some criteria of interest) may be made available to the learner. Even in
cases where access to raw data may not be limited, the large size of the data sets
makes it infeasible to assemble the complete data set D at a central location.

3.1 Horizontal Fragmentation

In the distributed setting, the data is fragmented in such a manner that each
site contains a set of data tuples. The union of all these sets constitutes the com-
plete dataset. If the individual data sets (horizontal fragments) are denoted by
D1, D2, · · · , Dn, and the corresponding complete data set by D, then Horizon-
tally Distributed Data (HDD) has the following property: D1∪D2...∪Dn = D,
where ∪ denotes set union. Hence, in this case, a distributed learning algorithm
Ld is exact with respect to the hypothesis inferred by a learning algorithm L if
it is the case that:

Ld(D1, D2, · · · , Dn) = L(D1∪D2∪ · · · ∪Dn). (1)

The challenge is to achieve this guarantee without providing Ld with simultane-
ous access to D1, · · ·Dn.

Similarly, we can envision horizontal fragmentation of data in the incremental
setting.
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3.2 Vertical Fragmentation

In the distributed setting, each data tuple is fragmented into several subtuples
each of which shares a unique key or index. Thus, different sites store vertical
fragments of the data set. Each vertical fragment corresponds to a subset of the
attributes that describe the complete data set. It is possible for some attributes
to be shared (duplicated) across more than one vertical fragments, leading to
overlap between the corresponding fragments. Let A1, A2, · · · , An indicate the
set of attributes whose values are stored at sites 1, · · · , n respectively, and let
A denote the set of attributes that are used to describe the data tuples of the
complete data set. Then in the case of Vertically Distributed Data (VDD), we
have: A1 ∪ A2 · · · ∪ An = A. Let D1, D2, · · · , Dn, denote the fragments of the
dataset stored at sites 1, · · · , n respectively, and let D denote the complete data
set. Let the ith tuple in a data fragment Dj be denoted as tiDj

. Let tiDj
.index

denote the unique index associated with tuple tiDj
and let × denote the join

operation. Then the following properties hold for VDD:

1. D1 × D2 × · · · × Dn = D, and
2. ∀ Dj , Dk, tiDj

.index = tiDk
.index.

Thus, the subtuples from the vertical data fragments stored at different sites
can be put together using their unique index to form the corresponding data
tuples of the complete dataset. It is possible to envision scenarios in which a
vertically fragmented data set might lack unique indices. In such a case, it might
be necessary to use combinations of attribute values to infer associations among
tuples [1]. In what follows, we will assume the existence of unique indices in
vertically fragmented distributed data sets.

In the case of vertically fragmented data, a distributed learning algorithm
Ld is exact with respect to the hypothesis inferred by a learning algorithm L if
it is the case that:

Ld(D1, D2, · · · , Dn) = L(D1 × D2 × · · · × Dn). (2)

The challenge is to guarantee this without providing Ld with simultaneous access
to D1, · · ·Dn.

Similarly, we can envision vertical fragmentation of data over time in the
incremental setting. This is of special relevance in applications where data rep-
resentation may be augmented over time by the addition of new attributes (e.g.,
measurements obtained using novel experiments in an ongoing scientific project).
It is possible to envision scenarios in which a vertically fragmented data set might
lack unique indices. In such a case, it will be necessary to combine the attribute
values to infer associations among tuples. We can also envision data sets that
are both horizontally and vertically fragmented in space, time, or both.

4 Learning Operators

Let X be a sample space where from the examples are drawn, and let D be
the set of all possible subsets of the sample space X . We can assume that the
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subsets in D are obtained from X by sampling according to different probability
distributions. Let C be the space of all possible functions that we may want to
learn or approximate, and H the space of the functions that a learning agent can
draw on in order to construct approximations of the functions in C. In a typical
inductive learning scenario, H is a set of hypotheses. However, in the analysis
that follows, it is useful to allow H to include not only the hypotheses but also
other functions defined over D. Examples of such functions include those that
compute statistical summaries of a given data set, select subsets of a data set,
or in general, extract useful information from a given data set. In what follows,
we define some learning operators.

A learning operator is specified by L : D → H, where L denotes any induc-
tive learning algorithm or information extraction algorithm. It takes as input a
dataset D and returns a function h that satisfies some specified criterion with
respect to the data set. For example, if L is a consistent learner, it outputs a
hypothesis that is consistent with the data. In other scenarios, L might compute
relevant statistics from D.

The “inverse” learning operator is specified by L−1 : H → D. As opposed
to the learning operator, it takes as input a function h and returns a dataset D
that satisfies some specified criterion with respect to L and the data set D. For
example, L−1 might output when given h, a data set which when provided as
input to L, results in the output h.

The selection operator is specified by Sel : D → D. It generates a new
dataset D′ based on an existing dataset D by selecting examples according to
a specified criterion (e.g., by sampling D according to some desired probability
distribution).

The union operator ∪ : D × D → D takes as arguments two datasets D1 and
D2 and outputs a new dataset D = D1 ∪ D2. It may represent the standard set
union, multi-set union, or any suitably well-defined operation.

The augmentation operator LA : H×D → H augments or refines a function h
by incorporating new data D according to some specified criterion. For instance,
it may minimally modify a hypothesis so as to be consistent with new data.

The combination operator Ln
C : Hn → H produces a new function h by

exploiting the information provided by the given functions h1, h2, · · · , hn.
This set of definitions is meant to be merely illustrative (and not exhaustive)

with respect to the types of operators that might be useful in incremental and
distributed learning settings. Because the augmentation and combination oper-
ators are more general in some sense than the learning operator, it is desirable
to enforce some consistency conditions among these operators. Let h∅ := L(φ).
Then we would like the following equalities to hold:

1. LA(h∅, D) = L(D),
2. LA(h, φ) = h, and
3. L2

C(h∅, h) = h.

As a consequence, the following less general equalities should also hold:

4. LA(h∅, φ) = L(φ) = h∅, and
5. L2

C(h∅, h∅) = L(φ) = h∅.
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The previous conditions basically ensure that the two more general operators
LA and L2

C behave nicely when provided an empty dataset as one of the inputs.

5 Incremental and Distributed Learning Criteria

Batch learning algorithms have been the subject of extensive experimental and
theoretical analysis. Consequently, it is desirable to develop a theoretical frame-
work which allows us to gain useful insights into the performance of distributed
and incremental algorithms by relating them their batch or centralized counter-
parts.

In what follows, we define exactness of a distributed or incremental learning
algorithm. This definition is intended to illustrate the sorts of analysis that are
facilitated by the theoretical framework that is sketched out in this paper. A
similar analysis can be performed with respect to other performance criteria
that are motivated by the needs of specific applications.

Definition 1. Given two datasets D1 and D2, and a learning algorithm L for a
function class H, we say that D1 ∪ D2 is exact incremental-learnable and exact
distributed-learnable with respect to the algorithm L if the conditions

LA(L(D1), D2) = L(D1 ∪ D2), and (3)

L2
C(L(D1), L(D2)) = L(D1 ∪ D2) (4)

hold (respectively).

Note that the union operator used above can have different meanings in different
scenarios. In some cases, it may denote standard set union; in some others, it may
stand for an operation that combines subtuples of a data tuple from different
data sets based on the unique index that helps associate the data subtuples (see
the discussion of horizontally and vertically fragmented data in the previous
section for details).

The conditions for exact incremental and exact distributed learning can be
easily generalized for the case where the complete data set is distributed among
n data sets. In many real world problems involving sufficiently expressive con-
cept classes, exact incremental or distributed learning may not be possible even
in principle. In other instances, although possible in principle, it may not be
feasible in practice for computational reasons. At present, a characterization
of hypothesis classes that lend themselves to exact or approximate distributed
or incremental learning is lacking. From a practical standpoint, the design and
implementation of data and hypotheses representations that can support compu-
tationally efficient and scalable distributed and incremental learning algorithms
is clearly of interest.
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6 Models of Distributed and Incremental Learning

In this section we will explore relationships among some of the learning operators
introduced above and define them in term of the others. Then we will explore
some properties of instance and hypothesis representations and operators which
guarantee the existence of exact incremental and exact distributed learning under
certain assumptions. Provable equivalences among certain learning operators (or
combinations thereof) can help to transform the algorithms developed in one
setting (e.g. distributed learning) to another setting (e.g., incremental learning)
under certain well-defined conditions.
Consider the learning operators defined as follows:

1) LA(h, D) := L(L−1(h) ∪ D)
2) L2

C(h1, h2) := L(L−1(h1) ∪ L−1(h2))
3) L2

C(h1, h2) := LA(LA(h∅, L−1(h1)), L−1(h2))
4) L2

C(h1, h2) := LA(h1, L
−1(h2))

5) LA(h, D) := L2
C(h, L(D))

Lemma 1. Assume that L(L−1(h)) = h. Then definition 3) is equivalent to
definition 4).

Proof. LA(LA(h∅, L−1(h1)), L−1(h2)) = LA(L(L−1(h1))
L−1(h2)) = LA(h1, L

−1(h2)).
The first equality follows from the consistency of LA and the second one from
the assumption made.

Theorem 1. Assume that L−1(L(D)) = D. Then the operators given by defi-
nition 1) and definition 2) satisfy the exact learning criteria. That is,

(1) L(D1 ∪ D2) = LA(L(D1), D2) ∀D1, D2 ∈ D (in the incremental setting)
(2) L(D1 ∪ D2) = L2

C(L(D1), L(D2)) ∀D1, D2 ∈ D (in the distributed setting)

Proof. The proof of (1) above follows from the observation that
LA(L(D1), D2) = L(L−1(L(D1)) ∪ D2) = L(D1 ∪ D2). The proof
of (2) above follows from the observation L2

C(L(D1), L(D2)) =
L(L−1(L(D1)) ∪ L−1(L(D2))) = L(D1 ∪ D2).

Theorem 2. Assume that L−1(L(D)) = D and that LA satisfies the Exact
Learning criteria. Then the operator given by definition 4) also satisfies the
exact learning criteria in the distributed setting. That is,
L(D1 ∪ D2) = L2

C(L(D1), L(D2)) ∀D1, D2 ∈ D
Proof. L2

C(L(D1), L(D2)) = LA(L(D1), L−1(L(D2))) =
LA(L(D1), D2) = L(D1 ∪ D2)

Theorem 3. Assume that LC satisfies the exact learning criteria. Then the
operator given by definition 5) also satisfies the exact learning criteria in the
incremental setting. That is, L(D1 ∪ D2) = LA(L(D1), D2) ∀D1, D2 ∈ D
Proof. We have: LA(L(D1), D2) = L2

C(L(D1), (L(D2))) = L(D1 ∪ D2)
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The results of this section show how we can emulate some operators using
other operators so as to guarantee exact learning under certain assumptions. The
condition L−1(L(D)) = D is quite strong and is seldom met in practice. The
next section explores the design of exact incremental and distributed learning
algorithms under weaker assumptions. A more complete characterization of the
necessary and sufficient conditions for exact or approximate distributed and
incremental learning is a subject of our ongoing research.

7 Designing Exact Learning Agents

One approach to devising distributed or incremental algorithms based on an ex-
isting batch or centralized learning algorithm is by identifying the information
requirements of the learner and designing efficient means of providing the neces-
sary information to it in the distributed or incremental setting. This decompo-
sition of the learning task into information extraction and hypothesis generation
phases offers a general approach to adapting some of the existing learning algo-
rithms to work in the distributed setting. The hypothesis generation component
of the algorithm can be thought of as the control part of the algorithm, which
triggers the execution of the information extraction part as needed. The execu-
tion of the two parts is typically interleaved in time. In this model of distributed
learning, only the information extraction component has to effectively cope with
the distributed nature of the data.

We illustrate this approach to design some incremental and distributed algo-
rithms based on existing batch algorithms (e.g., instance based learning, decision
tree learning, and support vector machines induction).

7.1 Incremental and Distributed K-Nearest Neighbor Classifiers

The k-nearest neighbor algorithm is an example of an instance based learning
algorithm that can be easily transformed into an exact algorithm for learning
from horizontally fragmented data in both incremental as well as distributed
settings. The learning phase of a k-NN algorithm consists simply in storing
the data and the information extraction is done during the classification
phase. Thus, in the k-NN case we have incremental/distributed classification
as opposed to the most algorithms where we have incremental/distributed
learning, but centralized classification. The classification phase in a k-NN
algorithm can be separated in two phases Lextr for information extraction
phase, which returns the k closest neighbors of a given example x, and Lproc

for information processing phase which will take a majority vote among the
k closest neighbors. The representation of the result of Lextr part will be the
same as the representation of the instances. In this case we can easily define an
inverse operator L−1

extr as being the identity. Therefore L−1
extr(Lextr(D)) = D′,

where D′ contains the k closest points to the point x which should be classified.
We will get the following sufficient conditions for exact incremental/distributed
information extraction:
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Incremental case:

Lextr(D1 ∪ D2) = LA(Lextr(D1), D2) := Lextr(L−1
extr(Lextr(D1)) ∪ D2). (5)

Distributed case:

Lextr(D1 ∪ D2) = L2
C(Lextr(D1), Lextr(D2)) :=

Lextr(L−1
extr(Lextr(D1)) ∪ L−1

extr(Lextr(D2))). (6)

We call these properties u-closure properties. Suppose we have an algorithm
k nn(D, x) which compute the k closest neighbors of a new instance x in the
set D (in the information extraction phase). The solution given by the k-NN
algorithm for the instance x can be written as follows:

h(x) = arg max
c∈C

|{y|y ∈ k nn(x), h(y) = c}|,

where C is the set of possible classes. Given n datasets D1, · · · , DN and an
instance x to be classified, the information extraction algorithm works as fol-
lows: k nn(k nn(D1, x) ∪ · · · ∪ k nn(Dn, x), x). Similarly, incremental informa-
tion extraction (in the case of two data sets D1 and D2) works as follows:
k nn(k nn(D1, x) ∪ D2, x).

Theorem 4. The following two equalities hold for arbitrary data sets
D1, · · · , Dn, and a new instance x:

k nn(k nn(D1, x) ∪ · · · ∪ k nn(Dn, x), x) = k nn(D1 ∪ · · · ∪ Dn, x).

k nn(k nn(D1, x) ∪ D2, x) = k nn(D1 ∪ D2, x)

These two equalities guarantee the u-closure properties, and hence the resulting
algorithms are exact.

7.2 Incremental and Distributed Induction of Support Vector
Machines

Support Vectors Machines (SVM) [16] have proved to be a successful technique
for batch learning. SVM summarizes the data in a very compact form by identi-
fying the set of instances (the so-called support vectors) that specify the maximal
margin hyperplane separating the two classes. We can devise an algorithm for
exact learning of support vector machines from horizontally fragmented data in
both incremental as well as distributed settings by decomposing the learning task
into two phases: first extract some information about datasets using an algorithm
Lextr for information extraction, and then process the information to generate a
hypothesis using Lproc as needed. The information extracted by Lextr will have
the same representation as the instances in the training set. More specifically, it
will select a subset of the training set that is sufficient for exact learning. Taking
again L−1

extr to be the identity operator (L−1
extr(Lextr(D)) = Lextr(D)), we can get

similar conditions for incremental and distributed learning. Specifically, we can
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guarantee exact incremental and distributed learning if the following u-closure
properties hold:

Lextr(D1 ∪ D2) = LA(Lextr(D1), D2) = Lextr(L−1
extr(Lextr(D1)) ∪ D2) (7)

in the incremental setting, and

Lextr(D1 ∪ D2) = L2
C(Lextr(D1), Lextr(D2)) =

Lextr(L−1
extr(Lextr(D1)) ∪ L−1

extr(Lextr(D2))) (8)

in the distributed setting.
It can be easily seen that support vectors do not satisfy this property but the

convex hulls of the instances that belong to the two classes do. This observation
leads to exact incremental and distributed learning algorithms [3].

7.3 Distributed Decision Tree Algorithms

An approach to exact learning of decision trees from horizontally and vertically
fragmented data is proposed in [12]. When data is horizontally distributed, ex-
amples for a particular value of a particular attribute are scattered at different
locations. For finding the count of examples for a particular node in tree, all
the sites are visited and count is accumulated. These counts are used by a deci-
sion tree construction algorithm [11] to find the best attribute among the set of
examples being considered.

The formal description of the algorithm in the case of HDD is the following:

LHDD(D1, · · · , Dn) := IP (IE(D1), · · · , IE(Dn)). (9)

where IE is an operator which collects statistics about attributes at different
sites and Ln

C ≡ IP combines the information gained and constructs the decision
tree.

In vertically distributed datasets, each example has a unique index associ-
ated with it. Subtuples of an example are distributed among different datasets.
However, they can be related to each other using their shared index. While
constructing a branch of decision tree, the count of examples that satisfy the
constraints on attribute values along the branch is found using unique indices
to relate the subtuples of an example. To find the best attribute, a pass is made
through all data sites to compute the count of examples.

The formal description of the algorithm in the case of VDD is as follows:

LV DD(D1, · · · , Dn) := IP (IE(D1), · · · , IE(Dn)). (10)

In this case, IE collects statistics and finds the best attribute at each location,
and Ln

C ≡ IP uses this information to construct the tree. Specifically the statis-
tics which are collected consist in counts for combinations of attribute values.
As shown in [12], this approach yields exact and efficient algorithms for learning
decision trees from horizontally, vertically, and both horizontally and vertically
fragmented data sets in the distributed setting.
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8 Additional Algorithms

This section explores the specification of some additional algorithms that have
been proposed in the literature for distributed and incremental learning within
the proposed theoretical framework.

8.1 Bagging, Boosting, and Stacked Generalization

Bagging [2] and Stacked Generalization [17] are hypotheses combination tech-
niques used typically to improve the accuracy of a learning algorithm. Bagging
works as follows:

LBagging(D) := Majority V ote(L1(Sel(D)), · · · , Ln(Sel(D))) (11)

where L1, · · · , Ln are arbitrary learning algorithms, and the combination is done
using a majority vote. It is possible to develop similar characterizations of stacked
generalization, boosting, and related techniques. This opens up the possibility of
approximate constructing incremental and distributed learning algorithms based
on such techniques. The interested reader is refered to [8] for an example.

8.2 Meta-learning

Meta-learning [9] is a technique which combines independent classifiers generated
from distributed databases into a single global classifier. The classifiers generated
from individual databases are integrated so as to improve the overall predictive
accuracy of the combined classifier. More specifically, the individual classifiers
are used to generate predictions on a separate validation test. The predictions
and the validation test are put together to form a new data set. The final classifier
is obtained by a new learning process applied to this dataset. This process can
be captured as follows:

LMeta(D1, · · · , Dn, D0) := L(L−1(L1(D1)|D0) ∪ · · · ∪ L−1(Ln(Dn)|D0)) (12)

where D1 ∪· · ·Dn = D and D0 is the validation set and L is a learning operator.

8.3 DAGGER

Another strategy to combine multiple learned models can be found in [4]. The
goal of DAGGER is to learn a single comprehensive model from distributed
data sets. The key idea is to learn the hypotheses h1, · · · , hn from the datasets
D1, · · · , Dn and use them to guide sampling of a new set of informative examples
from these datasets. Then the learning operator L generates a final model from
the union of the informative examples as follows:

LDAGGER(D1, · · · , Dn) := L(L−1(L1(D1)) ∪ · · · ∪ L−1(Ln(Dn))), (13)

where the operators used are similar to those in meta-learning, and each hypoth-
esis hi = Li(Di).
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8.4 Incremental Tree Induction

Incremental tree induction (ITI) [15] is an algorithm that sequentially restruc-
tures a hypothesis in the form of a decision tree as new examples are encountered
on the basis of some statistics that are maintained. Examples are processed one
at a time. Hence, each new set contains only one example. Let n be the number
of datasets (in this case, examples). We can describe this algorithm as follows:

LITI(D1, · · ·Dn) := LA(LA(· · · (LA(h∅, D1) · · · , Dn−1), Dn), (14)

where LA is the algorithm which updates the statistics and h∅ = L(∅). This
algorithm does not guarantee exact learning in the incremental setting.

9 Summary and Future Research

The results presented in this paper constitute some useful (albeit tentative) first
steps toward the development of a theoretical framework for the specification
and analysis of a class of learning problems that arise in open-ended, dynamic
environments. Such learning tasks arise in many real-world applications involv-
ing knowledge acquisition from multiple, distributed, possibly autonomous data
and knowledge sources. We have introduced a family of learning operators and
illustrated their use to formally describe some existing approaches and to design
new distributed and incremental learning algorithms with provable performance
guarantees. We have identified some properties of instance and hypothesis rep-
resentations and learning operators that make exact learning possible in some
open-ended, dynamic environments under certain assumptions. Work in progress
is aimed at the elucidation of the necessary and sufficient conditions that guar-
antee the existence of exact or approximate cumulative multi-agent learning
systems in general, and different types of incremental and distributed learning
agents in particular, in terms of the properties of instance and hypothesis rep-
resentations and learning operators, communication operators, and knowledge
requirements of agents. Also of interest are PAC-style and mistake-bound analy-
sis of incremental and distributed learning in multi-agent learning systems under
different assumptions. Long term goals of this research include: design theoreti-
cally well-founded multi-agent systems for learning from interaction with open-
ended dynamic environments that include multiple data and knowledge sources
(including other agents) and application of such multi-agent learning systems to
large-scale data-driven knowledge discovery tasks in applications such as bioin-
formatics.
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Connectionist Neuroimaging
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Abstract. Connectionist modeling and neuroscience have little common
ground or mutual influence. Despite impressive algorithms and analysis within
connectionism and neural networks, there has been little influence on
neuroscience, which remains primarily an empirical science.  This chapter
advocates two strategies to increase the interaction between neuroscience and
neural networks:  (1) focus on emergent properties in neural networks that are
apparently “cognitive”, (2) take neuroimaging data seriously and develop neural
models of dynamics in the both spatial and temporal dimensions.

1   Introduction

In 1990 then President of the USA, George H W Bush, declared the “Decade of the
Brain”.   This year the “Decade of the Brain” ended (although perhaps George W
Bush, the son, will declare yet another decade), it is worth asking what happened
during the Decade of the Brain and in particular what was the influence of neural
computation on neuroscience.  How did neuroscience help define or delineate aspects
of neural computation during this last decade?

   Neural Networks have become mainstream engineering tools (IEEE, 1998) helped
stir a resurgence of statistical methods (esp. Bayesian methods).  They have been
incorporated into a large and diverse application base from medical to automotive and
control applications.  And Hollywood continues to believe “intelligence” is some
property of a neural network.  On the other hand, paradoxically, Neural Networks
have had little or no effect on the larger mainstream neuroscience community or field.
It is clear over the last decade, despite an increasing sophistication and development
of neural network algorithms, that little has changed in the neuroscience field with
respect to computation or the representational issues concerning neural tissue.
Neuroscientists continue to focus on cell level mechanisms and generic properties of
system level interaction.

   Most people blame neural networks for this lack of impact on neuroscience and
biological considerations of neural networks.  Four reasons are often cited:

� They are not biologically plausible
� They do not scale well with large problems
� They are not new---just statistics
� They don’t process symbols and humans do

                                                          
1 Also at Telcordia Technologies, Piscataway, New Jersey.
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I blame neuroscience.  I see three reasons for this lack of connection:
� For nearly 100 years neuroscience has been essentially an empirical enterprise,

one that has not easily embraced common abstract principles underlying common
behavioral/physiological observations (“splitters” as opposed to “lumpers”).

� System Neuroscience, which should have the greatest impact on computational
approaches, in general is the most difficult level in which to obtain requisite data
to constrain network models or provide common principles due to potential
complexity of the multiple Neuron-Body problem.

� Most serious, is the level of analysis that Neuroscientists tend to cling to: the
cellular level (or god help us the molecular level).  This focus is notwithstanding
the lack of fundamental identification of this anatomically distinct structure as
also a unique unit of computation.  It can be easily shown that computational
regularity at the behavioral level does not force unique implementations at the
neural level.

We suggest there are two strategies to encourage more connections between
neuroscience and neural networks.
� One: Attempt to show emergent behavior that is more is similar to human

COGNITIVE performance:  Analyze the network representations to understand
the nature of the interactions between learning and representations.

� Two: take neuroimaging data seriously and model it with neural networks (that
embody dynamical systems), for example, as opposed to doing inferential
statistics-- Neuroimaging data could be seen as spatio-temporal multivariate data,
representing some time dynamical system distributed through a 3-d volume.

In the end we shall suggest it is also productive to look for ways to combine
cognitively suggestive models with the data rich methods of neuroimaging such as
EEG and fMRI.

2   Network Emergent Behavior: The Case of Symbol Learning

We argue it is useful to demonstrate Emergent behaviors in Networks that were
� not programmed,
� engineered or
� previously constrained
� by choice of architecture,
� learning rule or
� distributional properties of the data.
It is known that Recurrent Neural Networks can induce regular grammars from
exposure to valid strings drawn from the grammar.  However, it has been claimed that
neural networks cannot learn symbols independent of rules (see Pinker).
   A basic puzzle in the cognitive neurosciences (30) is how simple associationist
learning which has been proposed to exist at the cellular and synaptic levels of a brain
can be used to construct known properties of cognition which appear to require
abstract reference, variable binding, and symbols.  The ability of humans to parse
sentences and to abstract knowledge from specific examples appears to be inconsistent
with local associationist algorithms for knowledge representation (3, 8, 16, 20, 21, 22
but see 11). Part of the puzzle is how neuron-like elements could from simple signal
processing properties emulate symbol-like behavior.  Properties of symbols include
the following (14).
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a set of arbitrary "physical tokens" scratches on paper, holes on a tape,
events in a digital computer, manipulated on the basis of "explicit rules"
that are  likewise physical tokens and strings of tokens. The rule-
governed symbol-token manipulation is based purely on the shape of
the symbol tokens (not their "meaning"), i.e., it is purely syntactic, and
consists of "rulefully combining" and recombining symbol tokens.
There are primitive atomic symbol tokens and composite symbol-token
strings. The entire system and all its parts -- the atomic tokens, the
composite tokens, the syntactic manipulations both actual and possible
and the rules -- are all  "semantically interpretable:"  The syntax can be
systematically assigned a meaning e.g., as standing for objects, as
describing states of affairs).

As this definition implies a key element in the acquisition of symbolic structure
involves a type of independence from the task the symbols are found in and the
vocabulary they represent.  Fundamental to this type of independence is the ability of
the learning system to factor the generic nature of the task or rules it confronts with
from the aspect of the symbols or vocabulary set which are arbitrarily bound to the
input description or external referents of the task. In this report we describe a series of
experiments with an associationist neural network that creates abstract structure that is
context sensitive, hierarchical, and extensible.

 

... ... 

second order 
connections 

Output Layer Hidden Layer 

Input Layer 

Feedback 
Layer 

Fig. 1. The Recurrent Network Architecture used in the simulations. This is a simple neural
network learning architecture that possesses a simple memory.  All weights are subject to
adaptation or learning, there are no fixed structures in the RNN prior or during learning.

Consider the simple problem of learning a grammar from valid, or positive set only
sentences consisting of strings of symbols drawn randomly from an infinite population
of  such valid strings.  This sort of learning might very well underlie the acquisition of
language in children from exposure to grammatically correct sentences during normal
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discourse with their language community2.  It is well known now that neural net-
works3 can induce the structure of  the FSM (Finite State Machine; for example see
Fig. 2) only from presentation of strings drawn from the FSM  (9, 25).  In fact,
recently (2) it has been shown that the underlying attractors of neural networks have
no choice but to be in a one to one correspondence with the states of the state machine
from which the strings are sampled.  This surprising theorem is the precedence for
proposing that a neural network embodying the underlying rules of a state machine in
its attractor space could also learn  to ‘‘factor’’ the  input encoding or external
symbols.  In the present report, we employ a Recurrent Neural Network (RNN, see
Figure 2) with a standard learning algorithm developed by Williams and Zipser,
extended to second order connections (10). The network was trained with newly
generated sentences until performance of the network met a learning criterion4.  Input
sentences were limited to 20 symbols long and were constructed from local binary
encoding of each symbol.5 All weights in the RNN were candidates for adaptation, no
structures were fixed prior to or during learning.
   Humans are known to gain a memorial advantage from exposure to strings drawn
from a FSM over ones that would be constructed randomly (17, 18, 23, 24) as though
they are extracting abstract knowledge of the grammar itself from exposure to strings
drawn randomly from the FSM.  A more stringent test of knowledge of  a grammar

                                                          
2 Although controversial, language acquisition must surely involve the exposure of children to valid

sentences in their language.  Chomsky (3) and other linguists have stressed the importance of the a  prior
embodiment of the  possible grammars in some form more generic than the exact target grammar.
Although not the main point of the present report, it must surely be true that of the distribution of possible
grammars, some learning bias must exist that helps guide the acquisition and selection of one grammar
over another in the presence of data.   What the nature of this learning bias is might be a more profitable
avenue of research in language acquisition than the recent polarizations inherent in the nativist/empiricist
dichotomy. (5, 16, 20, 22).

3 Neural networks consist of simple analogue computing elements that operate in parallel over an input and
output field.  Recurrent Neural Networks are networks that have recurrent connections to their
intermediate or ‘‘hidden’’ layers. Such recurrent connections implement a local memory of recent
input/output and processing states of the network.  Feedforward networks have only unidirectional
connections and hence no mechanism for examining past inputs.

4That is, after each training sentence, the network was tested with randomly generated 1000 sentences and
the training session was completed only when the network yielded below the low-threshold output node
activity when sentences could not end and above high-threshold activity when they could end. Thresholds
were initialized to 0.20 (high value threshold) and 0.17 (low value threshold) and were adapted using
output values during the network was processing test sentences. The high threshold was modified to the
minimum value yielded at the end of test sentences minus a margin (0.01) and the low threshold was
modified  to the high threshold minus another margin (0.02) during the test, and these thresholds were
used for the next test and training sentences.

5Each word was represented as an activation value of 1.0 of a unique node in the input layer, while all other
node activations were set to 0.0. The task for the network was to predict if the next word was END (in
which case the output layer node activation was trained to become 1.0) or not (output should be 0.0). Note
that when the FSM is at the end state, a sentence can either end or continue. Therefore at this state, the
network is sometimes taught to predict the end a sentence and sometimes not. However the network
eventually learns to yield higher output node activation when the sentence can end.
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would be to expose the subjects to a FSM with one external symbol set and to see if
the subjects transfer knowledge  to a novel external symbol set.  In principle in this
type of  task, it is impossible for the subjects to use the symbol set as a basis for
generalization without noting the patterns that are commensurate with the properties
of the FSM6.  A version of this type of transfer is shown in Fig. 3.  In this task new
symbols are assigned randomly to the arcs, such that the external symbols are
completely new.  This task, which we call the Vocabulary Transfer Task, was used in
the first simulation to train recurrent neural networks and to examine their ability to
transfer over novel, unknown symbol sets.

1

2

3

A
B

B C

AC

1

2

3

D
E

E F

DF

Fig. 2. The SYMBOL transfer  task.  The figure shows two finite state machine representations,
each  of which has 3 states (1, 2, 3)  with transitions indicated by arrows and legal transition
symbols (A, B, ... , F) for each state. Note that this task involves no possible generalization from
the transition symbol. Rather, all that is available are the state configuration geometries.  The
task explicitly forces the network to process the symbol set independently from the transition
rule.

In this task, the network was trained on three regular grammars (the source grammar)
which have the same syntactic structure (Fig. 2) defined on three unique sets of words
and the effect of these prior training’s to the training of the target grammar was
measured as the network was trained with yet another new set of words. One of the
indicators of such effect is the savings in terms of number of trials needed to meet the
completion criterion. Fig. 3 shows the number of trials for both the source grammar
trainings (vocabulary switching = 1, 2, ... , 9 in the figure) and the target grammar
training (vocabulary switching = 10), averaged on 20 networks with different initial
random weights. The result of vocabulary switching is in the first 9 cycles is a
complete accommodation of the new symbol sets with near 100% savings.  This
accommodation represents the networks ability to create a data structure that is
consistent with a number of independent vocabularies.  More critically however there
was 63% reduction in the number of required trainings for the new unseen vocabulary.
This result is remarkable given the required independence of syntax and vocabulary.
Apparently the RNN is able to partially factor the transition rules from its constituent
symbol assignments after exposure to a diversity of vocabularies.
   One obvious question that arises is whether the source of the novel transfer is due to
a network memory.  Our initial studies in this area showed that in fact local memory is

                                                          
6 Reber (24) showed that humans would significantly transfer in such a task, however his symbol sets

allowed subjects to use similarity as a basis for transfer as they were composed of  contiguous letters from
the alphabet.  However,  recent reviews of the literature indicate that this type of transfer is common even
across modalities (16).
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important. We showed in a series of similar tasks that there was no significant savings
in learning for feedforward networks that were exposed to rule learning contexts (e.g.,
‘‘Penzias Problem’’) with subsequent permutation transfer7.  At least from these
preliminary studies it would suggest that memory in the network is an important
component of the ability of a neural network to transfer its syntactic knowledge.

Fig. 3. The learning savings from subsequent relearning of the symbol transfer  task.  Each data
point represents the average of 20 networks trained to criterion on the same grammar.  The
relearning cycle shows an immediate transfer to the novel symbol set which continues to
improve to  near perfect transfer through the ninth cycle (3 cycles of the 3 symbols sets) until
the 10th cycle where a completely novel  set is used with the same grammar.  Over 60% of the
original learning on the grammar independent of symbol set is saved.

   How is the neural network accomplishing these abstractions?  Note that in the
vocabulary transfer  task the Network as with a human subject has no possible way to
transfer based on the external symbol set.  It follows that the network must abstract
away from the input encoding.  In effect the network must find a way to buffer or
recode the input in order to defer symbol binding until enough string sequences have
been observed.  If the network extracted the common syntactic structure, the hidden
layer activities would be expected to represent the corresponding FSM states,
regardless of vocabularies. This is, in fact, shown by linear discriminant analysis
(LDA)8.  After the network learned the first vocabulary, activity of the node was
shown to be sensitive to FSM states (Fig. 4A). In this figure, different FSM states are
                                                          
7 Feedforward networks were trained on the Penzias task, a boolean counting task studied previously by

Denker et al  (4). A permutation task was defined  which was similar to  the vocabulary transfer task, but
the feed-forward network showed only interference effects even with significant increases in the capacity
of the network.

8 LDA of the hidden unit states allows for a complete search of linear projections that are optimally
consistent with organizations based on state from the FSM or by vocabulary.  LDA was applied to the
hidden unit activations over 20 Networks to find some a stable result for the preferred encoding of the
input space.  Evidence from the LDA for state representations would indicate that the RNN found a
solution to the multiple vocabularies by referencing them hierarchically within each state based on context
sensitivity within each vocabulary cluster.
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represented by different clusters, while the different symbol sets are plotted with
different graphic symbols.  Note that these clusters represent attractors for the states in
the FSM.  Moreover if one starts a trajectory nearby one of the clusters it proceeds to a
location nearby the cluster representing the appropriate state transition.  Hence this
space possesses context sensitivity in that coordinate positions encode both state and
trajectory information.

Fig. 4A. Linear Discriminant Analysis of hidden activities of networks that learned a single
FSM/symbol set. Note that the different clusters represent different states while the "+" sign
codes for the single symbol set.

After each of the three vocabularies were learned  in three cycles, LDA of the  hidden
layer node activities with respect to FSM states (Fig. 4B) was contrasted with that
with respect to vocabulary sets (Fig. 4C). The correct rate of discrimination clearly
shows that the state space is organized by FSM states, since FSM states could be
correctly classified by the former linear discriminants with the accuracy of 80%
(SD=16, n=20) whereas vocabulary set could be classified correctly for only 45%
(SD=9.7, n=20).  Notice in both figures 4B and 4C relative to 4A that the symbol sets
have spread out and occupy more of the  hidden unit space with significant gaps
between clusters of  the same and different symbol sets. Moreover from Fig. 4B, one
can also see that the vocabularies are hierarchically organized into states
corresponding to the FSM.  This hierarchical structure provides a super-structure for
the accommodation of the already learned vocabularies and any new ones the RNN is
asked to learn. It also can be seen from Fig. 4C that the hidden layer activations are
also sensitive to , but not linearly separable by,  vocabularies.
LDA after the test vocabulary is learned once also shows that the network state is
predominantly organized by FSM states (Fig. 5), although  the linear separation by
FSM states of a small fraction of activities are compromised.  This interference by the
new vocabulary is not surprising considering that old vocabularies were not re-learned
after the new vocabulary was learned.   What is more interesting is the spatial location
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Fig. 4B. Linear discriminant analysis of the hidden units of the RNN that have learned three
independent FSMs with three different symbol sets using state as the discriminant variable.
Notice how the hidden unit space spreads out compared to Fig. 4A.  Notice further that the
space is organized by clusters corresponding to states which are internally differentiated by
symbol sets (represented by different graphic symbols: +=ABC, triangle=DEF, square=GHI).

Fig. 4C. Linear Discriminant Analysis of hidden unit activities from networks trained on three
independent FSM and three different symbol sets.   The LDA used the symbol set as the
discriminant.  Note the symbol sets are coded by 1 of 3 graphic codes same as in Fig. 4A and
5B.   In this case note that the discriminant function based on symbol set produces no simple
spatial classification as in Fig. 4B which shows the same activations classified by the state of
the FSM.

of the  new vocabulary ("stars").  The hidden unit activity, again, clearly shows that
state discriminant structure is dominant and organizes the symbol sets, the fourth
vocabulary  or unseen symbol set that the networks are exposed to, simply finds
empty spots in the hidden units space to code it location relative to the existing state
structure, hence indicating the strength of the present abstraction to encourage
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observance of the hierarchical state representation and its existing context sensitivity.
In effect the network bootstraps from existing nearby vocabularies that would allow
generalization to the same FSM that all symbol sets are using.

Fig. 5.  Linear Discriminant analysis of the Hidden state space after training on 3 independent
symbol sets  for 3 cycles and then transfer to a new untrained symbol set (coded by stars).  Note
how the new symbol set slides in the gaps between symbol sets previously learned.  Presumably
this provides initial context sensitivity for the new symbol set creating the 60% savings.

It has been argued that neural networks are incapable of representing, processing, and
generalizing symbolic information (3, 16, 20, 21, 22).  Pinker, for one, argues there
must be some distinction drawn between what the brain can do with "mere statistical
information" and  the sorts of symbol processing that must be required to understand
that a "whale is not a fish or Tina Turner is a grandmother, overriding our statistical
information about what fish or grandmothers look like" (20).  The other alternative, as
demonstrated by the present experiments is that neural networks that incorporate
associative mechanisms  can be sensitive to both  the statistical substrate of the world
and  create data structures that have the property of following  a deterministic rule and
once learned can be used to override even large amounts of statistical evidence (e.g.
from another FSM).  Quite conveniently as demonstrated,  these data structures can
arise even when that rule has only  been expressed implicitly by examples and learned
by mere exposure to regularities in the data.
   The next section focuses on Neuroimaging techniques and discusses some of the
problems and some of the promise.   This will help develop the idea of combining
RNN for extraction of FSM properties of real-time cognition.
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3   Taking Neuroimaging Seriously: New Tools for Neuroimaging
     Is Neuroimaging Just the 21st Century Phrenology?

Neuroimaging is an important new technology for he analysis and representation of
cognitive processes and the neural tissue that supports them.  Nonetheless, these
technologies run the danger of becoming the new Phrenology.  Unfortunately, when it
comes to studying cognitive processes, data analytic techniques commonly employed
in neuroimaging limit and distort the hypotheses researchers can consider.
   For example, several statistical problems exist within the assumptions of these
analysis:

� Independence of voxels in space and time; clearly there is dependence structure
in both time and space.

� Gaussian assumption unlikely to hold; hence stat tests will be inefficient and miss
structure in low S/N environments.

� Contrastive testing is subject to linearity and minimal components assumptions
� Modularity metaphor  --looking for local focal areas of computation--face and

teapot areas!
Statistical thresholds that are chosen are enormously high, implying that either the

underlying distribution is non-guassian or that locality of signal is preferred ( 510 - ,
2010 - )!

We have looked at a number of these assumptions including recently showing that
BOLD susceptibility in brain is non-gaussian (Hanson & Bly, (32)).   Recently we
have looked specifically at the notion that the fMRI time series has a specific
temporal dependence   (Murthy, Lange, Bly & Hanson (33)).  We used two kinds of
simple sensory tasks.  The first task was a finger tapping task in a box car paradigm
with 4 seconds of tapping and 4 seconds of no finger tapping.   A GE 1.5T scanner
was used to collect the data from a single subject.  We also used an auditory task
where a single tone was presented again to a single subject also in a boxcar
presentation. Autoregressive time series models were used to model every voxel  in
the brain over time steps and the goodness of fit was collected.  All goodness of fit
above a criterion value (>95%) was re-projected back into the brain slice without
further thresholding.  In the figure 6 below we show two slices, one showing a
standard SPM99 analysis of the boxcar for the finger tapping task (leftmost graphic)
and the AR analysis showing the projection of an AR (3) model (rightmost graphic)
which required no reference to the contrastive box car design, rather it created
sensitivity in the brain slice due only to the temporal structure of the fMRI signal
itself.
   We have also used the time delay coefficients derived from the AR analysis which
would indicate the sensitivity of the indicated tissue to the time dependence.  Recently
we have also shown that the time series is generally not stationary especially in areas
that seem “activated”.  In these cases and perhaps more generally it would be
appropriate to consider ARIMA style models which can explicitly model
nonstationarity.   We note in passing that a more general ARIMA model is in fact a
Recurrent Neural Network which as we have shown previously has the useful
property of extracting a unknown FSM from a time series.
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       SPM99 AR(3)

Fig. 6.  Brain slices showing the “active” areas of the brain during a finger tapping task.
Rightmost graphic shows a standard SPM99 analysis, while the leftmost graphic shows the AR
model.

We have also used the time delay coefficients derived from the AR analysis which
would indicate the sensitivity of the indicated tissue to the time dependence.  Recently
we have also shown that the time series is generally not stationary especially in areas
that seem “activated”.  In these cases and perhaps more generally it would be
appropriate to consider ARIMA style models which can explicitly model
nonstationarity.   We note in passing that a more general ARIMA model is in fact a
Recurrent Neural Network which as we have shown previously has the useful property
of extracting a unknown FSM from a time series.

4   Dynamics of Cognition:  The Case of Event Perception and
     Signal Fusion (EEG, fMRI)

4.1  Event Perception: Perceiving and Encoding Events

Day to day experience is characterized, remembered, and communicated as a series of
events.  We think about driving to work, we remember having  an argument with our
spouse, and we tell a friend about our plans  to attend the theatre next Saturday.
Abbreviated phrases such  as driving to work act as a type of shorthand notation for
describing complex action sequences. Thus, our ability to communicate successfully
with others using such labels as driving to work reflects a certain level of familiarity
with the referenced activities that we share  or presume to share with our intended
audience.
   How common is our knowledge about common events? Empirical work suggests
that there is considerable consensus concerning the constituent actions of familiar
events. For example, Bower, Black, and Turner (1) asked subjects to describe the
typical actions involved in going to a restaurant, attending a  lecture, getting up,
grocery shopping, and visiting a doctor. They found that subjects showed
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considerable agreement about the composition of common events, many responses
being offered by more than 70% of their subjects and very few being unique.
   Familiarity with events may provide the basis for understanding and encoding new
information.  In a second experiment of their 1979 study, Bower et al. (1)  asked
subjects to parse prose stories centered on events such as visiting a  doctor into
smaller "parts." They found that subjects tended to choose similar points in the story
as constituent boundaries. Agreement about event boundaries extends to online
measures of parsing as well (e.g., Newtson  (19); Hanson & Hirst (12)). For example,
Hanson & Hirst (12) asked subjects to indicate the boundaries of events  while
viewing videotapes of common activities (e.g., playing a game) under  various
orientation instructions and found that subjects had little difficulty agreeing about the
boundaries of such events.

4.2  Recurrent Nets and Schemata

Neisser’s Perceptual Cycle

Neisser  has suggested that perception is a cyclical activity in which
(1) memory in the form of schemata guides the exploration of the environment,
(2) exploration yields samples of available information, and
(3) data collected from the exploration process modifies the prevailing schema.
According to Neisser:
“The schema assures the continuity of perception over time in two different ways.
Because schemata are anticipations, they are the medium by which the past affects the
future; information already acquired determines what will be picked up next. (This is
the underlying mechanism of memory, though that term is best restricted to cases in
which time and a change of situation intervene between the formation of the schema
and its use.) In addition, however, some schemata are temporal in their very nature.
“One can anticipate temporal patterns as well as spatial ones. (p. 22-23).”
   By focusing on the interaction of perception and memory, Neisser's "perceptual
cycle" model offers a particularly fertile context for studying the processing of event
information. However, because this is a processing model rather than a model of
knowledge representation little emphasis is placed on the structure of schematized
knowledge. Thus, it is not clear how turning ignition might be related to driving home
or even what role the decomposition of events might play in generating the
expectations purportedly used to guide sampling of available information.  Germane
to this issue is another that arises in relation to the proposed modification process.
How does the prevailing schema change in response to the sampling process?  In
particular, what is the basis for the similarity between the ongoing situation and the
schemata that are subsequently activated?
   These questions lead to computational considerations in how one might implement
a system which can represent schemata, their similarity and their dynamic properties
in the presence of the ongoing stimulus situation.  We discuss two possibilities, the
first which has a classical status in the event-perception literature. This hypothesis
concerning event structure, was first introduced by Schank & Ableson (28) and by
Minsky, and is referred  to by either "Scripts" or "Frames".   This hypothesis basically
asserts that the world can be clustered into simple categories that predict and organize
the stimulus situations according to their goals and expectancies.
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   The second approach is a competing account which we will introduce here for the
first time in the context of a Connectionist hypothesis concerning  temporal
processing of information.  Temporal control in connectionist networks was
introduced by Jordan (15, also see 26,27), as well as Elman (6,7) who first discussed
the relationship between  introducing recurrence into connectionist networks and
temporal processing. Both Jordan and Elman were interested in the relationship
between psychological constraints arising from phenomena involving recognition or
production of serial order.   Jordan’s models focused on Lashley’s general challenge to
associationism which requires the addition of a memory to the connectionist network
allowing context sensitive  behavioral sequences.  Similarly, Elman introduced a
memory to the standard connectionist network in order to recognize simple grammars.

4.3  Categories and Temporal Control

In the present paper we introduce and focus on another important property of
Recurrent connectionist networks, that of the evolution and dynamic control over the
adjunct memory and the construction of recognition categories ("schemata") from the
stimulus situation.   The difference in our focus to the Jordan-Elman focus
underscores our interest in the interaction between perception  and memory.  Our
experiments and simulations our meant to elucidate the  types and nature of
interactions between a "memory" in the neural network and  its dependence on
evolving schemata (hidden layer) and present features of  the situation.  There is
actually a closer relation of the present work  to the general framework of Arbib who
has used the term Schema as we use it here in this constructive sense as well  as
Hanson & Burr (11), who have emphasized the importance of  representational and
learning interactions in connectionist networks.
   22 subjects asked to provide judgments of event change while watching a video tape
of actors engaging in everyday events (eating in a restaurant, driving a car, working in
an office.).    One videotape showed two people playing a game of Monopoly and the
other showed a woman in a restaurant drinking coffee and reads a newspaper.
Subjects watched the videotapes under various orientations and  pressed a response
button whenever they believed a new event was beginning.  In the present study, we
used responses made when subjects had been oriented toward "small" events while
viewing the tapes.  This orientation produced the greatest number of perceived event
boundaries.
   There was high agreement between the 22 subjects on event boundaries and we
chose cases where there was at least 75% agreement on the location of the event-
second for an event boundary which produced 15 event-boundaries for averaging.
Both EEG and fMRI were recorded simultaneously from a single subject making
event boundaries judgments in the Restaurant tape, which was scripted each second
with an actor who was drinking coffee and reading a newspaper in a restaurant and
had been used previously in the behavioral study.  ERP and fMRI were averaged
before and after the 15 event boundaries and are time aligned (fMRI was sampled
every 4 seconds and ERPs were taken every 1MS and then down-sampled for every
second) and shown below 20 seconds before and 8 seconds after an event change.
   The ERP shows positive active areas in visual areas and temporal lobe prior to event
change evolving to a large negative wave starting from prefrontal areas and moving
back towards temporal and visual areas.    Simultaneous with EEG, we recorded from
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the same subject fMRI, this is also shown in figure 7, again time synchronized with
the ERP averages.  In the fMRI case, an arbitrary baseline was created from the first 4
scans as an average and then contrasted against the other 41 scans to produce a
standard t-map.  These t-maps were then treated as the ERPs and averaged within a
window before and after an event change.  Prior to an event change there is a large
amount of distributed activity (these are at t values where p<.1 --low threshold case)
early on, which “thins out” prior to an event change and seems also to lateralize
towards the right hemisphere after an event change boundary.
   Areas that were significantly active in what we termed the low threshold case (t
values where p < 0.1) produced 10-12 areas which are shown in figure 8.  These areas
include Dorsal Lateral prefrontal cortex, anterior cingulate, precuneous and temporal
lobe areas similar to what was seen in the ERP coherence maps.  Also shown in figure
8 is a “meta analysis” of labels taken from the literature where these areas have been
implicated in different tasks.  Shown are at least 3  labels that have been used to
characterize these areas from different studies or tasks in the neuroimaging literature.

            EVENT BOUNDARY

Fig. 7. ERP and fMRI showing concurrently collected and averaged activity 20 seconds before
and 8 seconds after 15 judged event changes.

   It is clear from the putative functions of these areas that it would be possible to
characterize the event boundary judgments as a dynamical system that includes
attentional , spatial orienting and detection functions (anterior cingulate, anterior
parietal), which includes areas that have been implicated in so-called “attentional
networks” (e.g. Posner).   Such an event detection system would also necessarily
seem to include planning for schema processing and some sort of short term buffer for
comparison to well known schema that would be involved in memory and or language
comprehension  (temporal lobe).   Finally, in terms of comparison and schema
processing, functions such as imagery and spatial modeling (parietal lobule,
precuneus) would be critical to such a dynamic schema detection circuit.
   The most highly significant areas as indexed by the t-value was Anterior Cingulate
and Dorsal Lateral Prefrontal Cortex.  The subject also responded with a thumb
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movement to indicate a behavioral response to an event change which  was most
likely associated with SMA and primary motor cortex.
   This potential circuit would not be apparent from the normative neuroimaging
method which stresses single area functions rather than interactivity, distributed
processing and systemic function.   Key to the proposal in this chapter is the concept
that neuroimaging data is subject to dynamical systems analysis and in particular the
type of sequential structure inherent in simple FSM as discussed earlier in this
chapter.  Without  this kind of view, neuroimaging data are far too limited to reveal
the likely complexity of commerce between brain areas.   Neural networks have
considerable power and generalization scope that could be useful in analyzing and
modeling neuroimaging time series, in particular we end on a proposal to fuse time
rich signals (such as EEG) and space rich signals (such as fMRI) in order to create
spatio-temporal signals that commensurate and sensitive to cognitive interactivity and
system level brain function.

Fig. 8. SPM99 analysis of the  event perception task.  Using low threshold values.
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4.4  Fusing EEG and fMRI for “Real Time” Cognitive Measurement

Because event perception tasks are productive in a cognitive sense and evokes lots of
COGNITION at once:  Perception, memory, sequence, grammar etc. Processes,
system level and real-time processing are informative and potentially revealing. We
claim it is important to understand the SYSTEM of brain areas that support
COGNITIVE function as and interactive, distributed, time, dynamic structured  neural
network.     Specifically it is well known that the reconstruction problem using ERPs
is intractable due to the lack of constraints on the position and the number of dipoles
giving rise to scalp voltage potentials (ill-posed).  We  would constrain the ERP
inverse equations with fMRI number and locations in a low threshold approach as
described earlier.   Next one would solve the equations and iterate at that sampling
rate of the fMRI image acquisition. Use the now solved for dipoles for initiation of
the location estimation procedures from before (for example, in the kernel Gaussian
method, the mean might be placed at the now identified dipole) and reestimate the
locations of neural activity. Now use these new estimates to reseed the ERP inverse
and iterate.   This kind of approach would allow the location stable measures in
FMREI to be interpolated with the ERP estimators between fMRI sample points.  In
effect the fMRI would be augmented with a millisecond estimation of position
between every sampled image.  Further imposing of temporal regularizer would
ensure that the ERP-fMRI estimator would remain smooth and stable between fMRI
samples.  The successful application of this new method would constitute the first
demonstration of real time brain imaging.

5   Some Conclusions: CONNECTIONIST Neuroimaging

We need to look for emergent properties of networks that might guide the
measurement for neuroscience.   Similar to the Grammar transfer task, the kinds of
computations found were *METRIC* and similarity based. Neuroimaging Data can
help constrain our modeling and provide us insights in to the complex spatio-temporal
dynamical system of the brain.
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Érdi, Péter 203 Rust, Alistair G. 188

Forcada, Mikel L. 480 Schultz, Simon R. 212
Sepp, Wolfgang 127

Geisel, Theo 39 Sharkey, Amanda J.C. 507
George, Stella 188 Shastri, Lokendra 348
Giraud-Carrier, Christophe 428 Shevtsova, Natalia 68
Golledge, Huw D.R. 212 Shkuro, Yuri 68
Green, Gary G.R. 154 Silvescu, Adrian 547

Stein, Lynn Andrea 98
Halliday, David M. 285 Sterratt, David C. 270
Hansen, Thorsten 127, 139 Stetter, Martin 174
Hanson, Catherine 560
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