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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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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 EPSRd]Y 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
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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 [5§].

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 [21J42/58]. 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 Erdi and Kiss in this volume. Erdi
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,
Erdi 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 [BO43g].

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 [71I73]. 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.
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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 [I1]. 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 [I1].

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) [T1] 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 Andréds (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 Pulvermiiller (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 [4§].

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 [66l54179/74l69I49/65].

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) [5I] 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
[FA7H78II76)R0/77] 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 [GI3J5534I70/82]. An example of this
work in this volume is the Correlation Matrix Memories (CMMSs) 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 [42J20J634TI25120].

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.
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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 H, 'O 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:

M1 M2

M3

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 z; (i =1,2,3) of the modules satisfy a set of linear equations
Zi = Zaij Zi + M (1)

where the variables 1; are assumed to be independent random noise variables. It is
then possible to calculate the coefficients a;; from the correlation coefficients C(i,))
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.
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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:

tdUG, t/dt =- UG )+ C( ,)) fIU(q, t-t@ ,j))] 2)

neurons, j

where U( i, t) is the vector of membrane potential of the neurons in module i at time
t, C(1,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> = ul (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:

tdu(i ,t)/dt=-u(,t) + c( ,j) flu@, t-t( ,j))] 3)
J
where c( i ,j) is the mean connection strength between the modules i and j. In the limit

of 7T =0 and for linearly responding neurons with no time delay there results the
earlier structural equations:

u@i,n = C@ .j) u@, “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:

e 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

e 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
Jorsal
ath
cipital
Temporal
Ventral path
4___

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 O 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:

e 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;

e 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;

e 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

v |

ExCx ——=STG——=DLPFC —> SMA

— IFGq—/

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
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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:

d? x/dt* = -(b/m)dx/dt + F )

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(®[y - Cx(v)] (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.

Control
Input > Arm
Model
—>
Compartment/Monitor System
2 |
' l
Next Sensory | Kalman -
State 1 Model _,’Q_’ Gain i
i |
E Kalman i
! Gain !
1 1
i i
Control Afm || Sensory [ i
Input I S !
Input
Visual
Input

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] )
where In 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 0. The equation of motion being implemented by this model is the linear
equation

de/dt = ® (8)

where o is the angular velocity used in the internal rotation process. It is very likely
that m is determined by eye movement machinery, as part of preparing saccades. The
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increase of the rotation parameter 6 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.

Rotation Parameters

v

Image Model |g——p Location WM Comparator
Object Codes

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



Images of the Mind: Brain Images and Neural Networks 35

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

B (t+At) = B (1) + AL )]

which can be seen to be achieved by updating the value of 0 at any time by addition
of the amount  to it. Such a process can be achieved very straightforwardly by a

linear neuron coding for 0 being updated cyclically by a constant input ® 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 Internal model state Active, updating posterior

FUNCTION updating, rotation, representations & monitoring
rehearsal, maximum time || the relation between frontal &
scale: many seconds posterior sites

CONTROL Preprocessing, object Internal model state updating,

ASPECT representations, maximum | rotation, rehearsal, maximum
time scale: 1-2 secs 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.
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Stimulus-Independent Data Analysis for fMRI
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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-%)x-%)7) (1)

where x is a data vector (in our case an image or a pixel time course), X is the
mean of x and F 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

U

C= EXX (2)

where X is the temporally centered data matrix having the elements Ty =
Tij — % Zle iy (1 <i<m,1<1<k). In the following we will identify X with
X. In order to save computation time, instead of performing a diagonalization
of C we performed a singular value decomposition (SVD) [6] on X. This yields

X =UDV?” (3)

where U is an m X k matrix, the columns of which are orthogonal, D is a k x k
diagonal matrix and V is an orthogonal k X k matrix containing uncorrelated
time courses as columns, the PC’s. Performing the SVD on X is equivalent to
diagonalizing C 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 ¢ is a
temporal index. y(¢) 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 X n square matrices.

As we are dealing with a finite number of pixels, we can write eq. (4) as a matrix
equation

X" = AS (5)

with a n X 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 A = A~! is determined rather than the
mixing matrix A directly. However, A and S are defined only up to permutation
and scaling, since A’ = APA~! multiplied with 8’ = APS, where A 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 = ($1,...,8,) is a product of the marginal probability densities p;(s;)
1<i< n) of its components s;.

p(S) = Hpi(si), (6)

ICA can be understood as minimizing a distance criterion D(p(s), [[;—, pi(s:))
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 A. 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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P(s,,S,) =P,(s,) Py(s,)

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 y; of a realization is a linear superposition of two statistically
independent random variables s; and sz, since the joint probability density p was
created by multiplying the two marginal probability densities pi(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 A~ 2R where A and R are defined as
in eq. (9) and the ICA vectors would correspond to the column vectors of the demixing

matrix A.

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 £(") of a one dimensional random variable Y is given by the n-th
derivative of the cumulant generating function Ky (1) at 7 =0 [7]:

Ky (7) =1In / e Tp(y)dy (7)
I{(n) - (—j n@"Ky
| 0

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 x(") 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 RAR” denotes the eigendecom-
position of the covariance matrix C = E(xxT) of the data then the covariance
matrix of the whitened data z = A~2RTx 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 W7 of the whitened data is
orthogonal:

z=A"?*R"x=A"RTAs = W's (9)
E(zz") = WE(ss ) WT = WWT =1 (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 n? cumulant
matrices. This set can be reduced to the n 'most significant’ cumulant matrices
by diagonalizing an n? x n? 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.

n n

Ngj 1= 225(4)(%,2]-,2,«,;23) Mg, 1<i,57<n (11)

r=1s=1

where m,.s are the elements of an arbitrary matrix M and k® (2, 25, 2r, 25) is the
entry having the subscript ijrs of the fourth order cumulant tensor £®) of the
whitened data. Using the linearity of x(*) and the diagonality of the cumulants
for the statistically independent components s; we can write

n

n n n
4 4
W (20,25, 2m,20) = DD 3 Y Wia Wiy wee waa K (84, 50, S0, 5a)

= Zwia Wiq Wrq Wsq ka (12)
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where k, is the fourth order cumulant of the a-th independent component s,
(the a-th diagonal element of k(¥ (s, s,s,s). Inserting eq. (12) into (11) yields

E wmwjak E § Myps Wrq Wsa

r=1s=1
= § Wiq Wja Aa
a=1

with Ay = >0 > | Mg Wrq Weqe. 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 k¥ is
invariant under orthogonal data transformation W:

n m
§ E Wiq Wip Wig Wip Wrq Wrp Wsq Wsh ka kb
a,b 7y 1

=114,5,r,s=

(13)

n

Z ‘ﬁ(4)(2ivzjvzr7zs)|2

i,3,r,8=1

=Dk (14)
1

a=

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

n

i:ZZ|K(4)(zi,zi,zr,zs)\2 (15)
i=1r

n
=1s=1

This criterion is equivalent to joint diagonalizing the cumulant matrices with
weight matrices M ("*) having one unit element at the subscript rs and the other
elements being zero (cf. eq. (11)). Joint diagonalizing of several matrices N(")
in practice means determining an orthogonal matrix W which maximizes the
criterion

n

i > |diag(WINITIW)? (16)

r=1s=1

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

(T‘G) § : z : _
E E Wai Wi N Weai Whi K Za, Zby Zr Zs) = Wys Wsi kz

a=1b=1 a=1b=1 (17)
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2 2

This is an eigenvalue decomposition of an m® x n® matrix K given by
reordering the elements n(4)(za, 2b, Zry2s) to the row indices | = a +
(n — 1)b and column indices ¢ = s + (n — 1)t. The eigenvectors are
(WA Wi, Wi Wit - -+ s WigWibs - -+ 5 WinWin) L with Y 3, weiwpwejwy; = 4.
Since there are at most n nonzero fourth order cumulants k; of the independent
components there are at most n significant cumulant matrices corresponding to
the diagonal elements k; of the cumulant tensor. These matrices are determined
by the eigenvectors rearranged as weight matrices wyw; T, where w; denotes the
i-th column of W. This yields the sum in eq. (17) to be only over n elements

0, diag(WTNCDW]? (18)
with NWa) = (Zle 22:1 K(4)(ZZ‘, Zj, Zry Zs) War Was )ij

In [1] the first n eigenvectors of the n? x n? 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 v =
1/40 s = 0.025 Hz was resolved. Each image vector contained m = 4015 pixels
arranged as a 55 X 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.
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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.

2 x/t 1l f/ Hz
= 500

: 0 %LWW“JMMM -
-0.0
5 i i

=50
0 60 120 180 240 500& 025 05 075 1

0 0.02
00 MMWWWWO .
e %NMM

- o

-0.1% -50 0
0 60 120 180 240 200& 025 05 075 1

0.02

-0.0 N
20 et 0

0 60 120 180 240 ;oo& 025 05 075 1

0.05 0.01
0 0 0.005
~0.0 JW '

-20 0
0 60 120 180 240 0 025 05 075 1

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 n? x n? 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.

Acknowledgement. We thank J. Frahm, P. Dechent, and P. Fransson (MPI
BPC, Gottingen) for very stimulating discussions and for providing us with the
data.
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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-G7, 2001.
© Springer-Verlag Berlin Heidelberg 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 [T4][T3] 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 [I1][9] in which neurons are deterministic and have a contin-
uous transfer function. The other [I3] 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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visual

auditory

somatomotor

frontolimbic

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 [3].

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. S0, 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 [I5]. The number of connections reported by Young [12] between these
areas is 1139 in the cat (Fig. [[) which represents 27.4% of all possible connec-
tions (only ipsilateral connections are considered). The number of connections
reported in the macaque [I5] 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. [l 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 [B]), 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. B]b) for example does not allow a two-stage hierarchy
to develop. An architecture as in Fig. [J ¢) 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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Fig. 2. Three different model architectures. In each of them the activations x on the
input units are represented by hidden unit activations w. 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 Vi1 (top) allow each hidden neuron to take part in a
representation w; on a lower and w2 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 {x*}. If the data are independent, we have:

p{e V) = [[plav) = / [ o, wlV) du

where w is the hidden unit activation vector. The data x* 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 w 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.[Bl the integral over the hidden code is replaced by
the “optimal” hidden code vector u°P! which generates a certain data item with
highest probability. This estimates a current system state w which relates to an
observed process through € = Vu + e with noise e. With a linear transform
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Maximum likelihood

[p(x ,u|V)du = p(x ,u™|V) uefl,0,1}
w=-vT w=v! w=vT W,V separate
Kalman filter ICA Boltzmann machine Helmholtz machine

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
[B]. A practical but heuristic algorithm to train this network is the wake-sleep
algorithm [g].

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 x* 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 u°P! 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. @, left. Input units (below) are linear and receive the data. Recogni-
tion weights Wi transfer information from the input units to all hidden units.
Generative weights V{; transfer information from the hidden units to the input
units. Lateral weights Wi, and V77 transfer information from all hidden units
to all hidden units. They are also distinguished into recognition weights, Wi,
and generative weights, Vi1, 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, W7o = Voiq and Wy = Vf{.

Activations: The data cause an activation vector « 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 u;. 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 us. Note that both activations, w; and ws, 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 Zo(¢) on the input units and #;(¢) 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: To(t) = z — Vorua(?)

i’l(t) = Wloiz'()(t) — V11u2(t)

(ii) adjust hidden unit activations: hi(t) = ui(t) + €, ((26 — 1) WioZo(t)
+ (1= 8) Viruz(1))
hg(t) = UQ(t) + ey Wlli‘l(t)

where transfer functions wi(t+1) = f(h1(t)) and wus(t+1) = f(ha(t)) are
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used. ¢, denotes the activation update step size and 3 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 ) according to:

i w i o~] ik w1~k
Awyy = efpuy Ty Awy] = efjus 7

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 infer hidden code: ’U,Tf = f%(Wlow) ué” = f%(Wllu“l")
phase  oconstruct input: s¥ = Viju¥ sy = Voruy

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

AV = en (uf = s) - (uy)” AV = eon (z — s§) - (uf')"

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.

initiate hidden code at highest level: s5 = f3(0)
Is)i?:spe generate input code: s8 = fi(Vi183) sy = Voist
reconstruct hidden code:  uj = f3 (Wigs§) ud = f2 (Wiis])

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

AWy = e10 (s —uf) - (s3)7 AWy = e (85 —uj) - (s5)7

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 Wi or from other lateral
neurons via Wiy but not both.
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— In the Kalman filter model, recognition weights w% from input neuron j to
hidden neuron i and lateral recognition weights wi% from hidden neuron k to
hidden neuron ¢ receive the following activity dependent weight constraint
which is added to the weight learning rules:

ijconstr

A I &

AwE = = X R wik [

where A% is a scaling factor. ||w?||? = E (wit)? + El (wi)? is the sum
of the squared weights to all N input units and all H hidden units and
|h?| = |hi| + |h%| 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. Vo = Wi and Vi; = Wi.

— 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 ©(z) = 1, if 2 > 0, otherwise 0, we can write:

AwijCG"Str — _)\W hz z z] Z@ )

where h = u¥ +u¥ +uj + uj is the sum of all actlvatlons which have been
induced by the recognition weights. The indices j, 7’ 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 Vy; and V77 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

2h;
1+ h?

f(hi) = hi — X~
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Fig. 4. Neuronal transfer functions.

is depicted in Fig.[d, left, with the two different values of the parameter A
which controls the sparseness of neuronal firing. Larger values of A 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. @] right):

ehi +m
ehi+m+n

fm(hi) =

By this function, the stochastic “ON”-state can be traced back to two distin-
guished sources. First, the activation from the neurons input, h; 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 x 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. Bl 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. [T41[13)).

» EEE USSR NEFAE
b =S o mlll =01 B8 K

Fig. 5. Examples of stimuli & 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. Bl b).

3.2 Results of Training

Parallel Structure: Parts a) of Figs. [d and [[ 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 [ 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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Fig. 6. Kalman filter model results. Left: the recognition weight matrices Wio and
right: the lateral recognition weight matrices Wi, after training. Each square of the
weight matrices shows a receptive field of one of the 4 x 6 hidden neurons. Each neuron
has weights to one of the 5 x 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 Wi 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 Wio while mainly
neurons in the upper half group together some of the neurons in the lower half via Wi;.
Receptive fields which code for lines of 45° orientation are marked by a frame.
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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



Emergence of Modularity within One Sheet of Neurons 65

Wio Wi
) [ :
] B
o Jiad 5
T
AR
LR
S g
b)

| L~
-
‘.

-
-

=

o
by

|

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 Wig 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 Wio 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.
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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. § 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.

1
1I
11l Xo w=flhy) ° A w=fhy)
v W.x, e Oipir W, u,
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‘ J
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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 xo 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 w1, uy 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
[I]. 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”.
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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., [12l22]). 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 [1822]. 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 [2338]. 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 [TOIT3IT7I36]. 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” [IOJI7I27], 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 [IJ2]. Another demonstrated that inhibitory callosal
connections produced slower convergence and different activity patterns in two
simulated hemispheres [I1]. 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 [T9J4T)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 [I534]. 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
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[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 [26/28J30/3951]. 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 [8I37/53/55]. 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 [420021]. 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 [31132].

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. [l 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, ¢ = 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. [ 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
[@2/50]. 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. Bb), depending on callosal strength (con-
trast with the symmetric case, Fig. 2h). Lateralization tended to occur most
readily and intensely when callosal connections exerted predominantly an in-
hibitory influence, i.e., Fig. Bb 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 [43J50)]. 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. B 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. Bc 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. Bk vs. Fig. Ba). 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.[@h). In contrast, when
excitatory callosal influences existed, the intact, non-lesioned hemispheric region
also often had a drop in mean activation (Fig. @b), 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. E)). 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. Bh). 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. Bb), 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 [3T32], 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], [L9]. 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. [I1] 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 [§] 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], [I6]. 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__z 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



Explorations of the Interaction between Split Processing and Stimulus Types 87

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[Il 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 [I7]. 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.
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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 [[] 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 B)). 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. 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 M). 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. 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[H). 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[d]). 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[T). There are main
effects of letter position (F(2, 36) = 6.04, p <j 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 [@). The nonsplit model solves the task by reflecting the characteristics
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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 [l The summation of the ILE and ELE
in the split model is plausible given Figurdl 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 B and @), 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 Al,
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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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 Al model of biological intelligence.

ANNSs 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 [LO] 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 |53], 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 [43]. 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 [34,165].) 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 Al 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 Al systems
focussed on only a restricted set of capabilities such as reasoning in a particular
domain , @] 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, @]

Around 1986 a new paradigm based on greater modularity became estab-
lished in mobile robotics HE] This paradigm, behavior-based AI (BBAI), fa-
vored niche-specific solutions for CAA. BBAT 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, 135, 154]. 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, I38]. 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
BBALI 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 [§].

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 2l 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 [g].)
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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 [, 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 Al 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),162]. 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 Al 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 In this
section, we will explain this model.

(a) Complete Model (b) Skill Modules

PSTM

(c) Expressed Behavior (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 . 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 we provide first a time ac-
cumulator (TA) as proposed by Poppel [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 Al
graphics packages which allow for the generation of smooth images from a script
of discrete events |2, l4]. 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 Al 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.
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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 [I] 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 [23] 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 x N matrix T'{7*. 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]

Grpai(2,y) = ™", (a™"*(x — 2p) — a™"(y — 2q))
Wy, = ¥ (x cos(l6y) + ysin(l0,), —xsin(l16,) + y cos(10y)) (1)

and the mother wavelet is given by
Pz, y) = —eHOH) [em - e*”ﬂ (2)
9 m .

In the above equations 6y denotes the step size of each angular rotation, [
the index of rotation corresponding to the preferred orientation 6;, 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 Kk = 7
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 l,‘c/plql 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 [ and to stimuli at the centre location specified by
the indices pqg. 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 AZP for each location ij in the visual field.
The mutual connection (i.e. bilateral) between a pool Akvplql in V1 (or V4) and

a pool AE—P in PP are therefore defined by

_G=p)?+(G-9)?
252

quij = Ae - 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

aVl

7o Alpat(t) = = Alp(t) + aF (A (1)) DF (A" () + Lipg (1)

kpql kpql kpql

PP @) + I;;{I;IT(t) +1Iy+v

(4)
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where the attentional biasing due to the intermodular “where” connections with
the pools in the parietal module PP I;/blfp P is given by

PP () = Z Woqii F (ALF (1)) (5)

and the attentional biasing due to the intermodular “what” connections with
the pools in the temporal module IT I ,i;lql*IT is defined by

Ilz;{zl ) = chkmlF (AT(®)) (6)

where werpq is the connection strength between the V1 pool AkVI}ql and the IT
pool AT 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 7 in
eq. (4) for pools corresponding to different octaves. Higher resolution octaves
have a smaller 7 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:

TpgtAf V1) = = AL + e D F (A @) —aF (A7) (@)

P,q,l

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

o _
atAPP( )= —ALP(t) + aF (ALP () — bF (APP (1) + ILP V) + 1S54 + Iy + v

(®)

PPA Jenotes an external attentional object specific top-down bias and

where I

the mtermodular attentional biasing IZ-?P ~V1 through the connections with the
pools in the module V4 is

[;;PiVl Z quZJ kpql (t>) (9)
k,p,q,!

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

8
TPaALPP(t) = —ALPP () +CZF (AFP (1)) — dF (ATPP (1) (10)

The dynamics of the inferotemporal module IT is given by

PO AT (1) = — AT () 4aF (A () =bF (AMT (@) + 1TV ) + 1T + Ty +v

ot
(1)
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where I — ¢!T+4 denotes an external attentional spatial specific top-down bias

and the intermodular attentional biasing I/7~V* between IT and V1 pools is
IcIT7V1(t) = Z Wekpgl F' (Akvplql(t)) (12)
k,p,q,l

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

TP%AI’IT(t) = —AMT () + Y F (AT () — dF (AT (1)) (13)
c

During a learning phase each object is learned. The external attentional location
specific bias in PP IZ; "® 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 IT4 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 werpqr are trained through the following Hebbian rule

Wekpql = Wekpql + 77F (AéT(t)) F (A}c/plql (t)) (14)
being ¢ large enough (i.e. after convergence) and 7 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 I'T>4 is set so
that only the pool ¢ corresponding to the category of the object to be searched
receives a positive bias while the external attentional location specific bias in
PP IiI;P’A is set zero everywhere. The external attentional bias I/7+4 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 [ Z-P- P4 i 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 I/7*4 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 I'T 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 x 66 image (N = 66).
The V1 hypercolumns covered the entire image uniformly. They was distributed
in 33 x 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 x 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 I'T 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.



Biased Competition Mechanisms for Visual Attention 123

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.
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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 7 in eq.
(4) for pools corresponding to different octaves. Higher resolution octaves have
a smaller 7 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
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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 & = 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.
© Springer-Verlag Berlin Heidelberg 2001



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

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.

higher region higher region

feature evaluation

based on context
7//
lower region
lower region S
feature measurement
=
T =

input

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 V2 V1
long-range connections
response to
e illusory contours yes no
e corners no yes

bipole properties
o RF size ~ 8 ~3
(multiple of resp. feedforward RF size)
e combination of lobes nonlinear “AND”-gate linear
e feature compatibility  circular boundary segments boundary segments of same
orientation only
e 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).

4

J ; - d = 4

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.

h2 layer
T

Kanizsa 1

09 b .

g IC averag
Shipley-Kellman —+——

contour strength

IC average —<—
e Lesher-Mingolla —-

contour strength

T TR
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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S B

"

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



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

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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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.
© 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 «). The diffusion
term describes the nearest-neighbor coupling N; 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

OU; = —alUi + Ki+ > (U= U) Py , (1)
JEN;
reaction term diffusion term

where J; denotes partial differentiation with respect to ¢. Discrete spatial lo-
cations are denoted by ¢ and j. The nearest neighbor coupling is given by
N; = {i—1,i+1} for the 1D case and N;; = {(i—1,j), (i+1,75), (j—1,4), (j+1,4)}
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]:

o0U; = (—aU; + K;) Z; + Z (U; =Ui) Pj . (2)
JEN;

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

where (3 is a scaling parameter, and ¢ 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
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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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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 Cy 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 Cy and feedback inputs Wy are added
and subject to shunting interaction

netg = Cy + oy Wy , (4)
0V = —ay Vg — By Vg netyg + nety . (5)

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

(6)

The weighting parameter dy = 2 is chosen so that dimensions of Cy and Wy are
approximately equal, the decay parameter ay = 0.2 is chosen small compared
to netg and [y = 10 scales the activity to be sufficiently large for the subsequent
long-range interaction. For the first iteration step, feedback responses Wy are set
to C@.

nety
Vo = .
o =0v ay + nety
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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 By. 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) = [Vb*V(aJ+*Be ; (7)

where x denotes spatial correlation and [z]7 = max{z,0} denotes half-wave
rectification.

The profile of the bipole filter is defined by a directional term D, and a
proximity term generated by an isotropically blurred circle C;. * G, where r = 25,
o = 3. The detailed equations read

Boaro(x,y) =Dy - CrxGy (8)
D - cos(%mgo) ifo<a (9)
v 0 otherwise ,

where ¢ is defined as atan2 (|yg|, |z¢|) and (x4, y¢) T denotes the vector (z,y)T ro-
tated by 6. The parameter o = 10° defines the opening angle of 2« of the bipole.
The factor %/2 maps the angle ¢ in the range [—a; a] to the domain [—m/2; 7 /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 g, ¢,
0, = 0.5, and spatial neighborhood G Osur = 8,

Osur)

net, =net; ® Go,.0 * G (10)

where () denotes correlation in the orientation domain. The orientational
weighting function g,, ¢ is implemented by a 1D Gaussian g,,, discretized on
a zero-centered grid of size onyax, normalized, and circularly shifted so that the
maximum value is at the position corresponding to . 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

OWy = —awWy —n~ Wynet, + Buw Vo (1+nT net)) . (11)

Osur

The equation is solved at equilibrium, resulting in a divisive interaction
Vo (1+ 0T nety)

W =
o= Bw aw+n*net9_

(12)
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where nT = 5, n~ = 2 and By = 0.001 are scale factors and ayp = 0.2 is a decay
parameter. The multiplicative contribution of Vj 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.
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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
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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[I][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
coeflicients 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

—Cv=gr(v—up) + ggn*(v —vK) + gnam>h(v — vNa) + u (1)
n=a,(l—n)—03, (2)
1t = (L= m) ~ fum )
h = ap(l—h) = Brh (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. vy,vk,vN, are the reversal potentials of the leakage, potassium and
sodium channels respectively. The maximal conductances of these channels are
9L, 9K, 9Na- o; and 3; are the forward and backward rate constants of the first
order kinetics of the state variables m,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

T = fi(X) + giug

and the output
y(t) = h(X) (6)
where z 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 x; and g; are constants such that in the original equations only g; 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

X = Ag(X) + A (X)u (7)

where Ag and A; are the Lie derivatives

i 0
Ay = Z;f"(X)aT;i

= )
A = Zgi(X)axi
i=1

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 Bl and [ is formed by Peano-Baker
iteration. It has been shown to be [3]

y(t) =5= h\Xo + ZAleji . 'Aju(h)\onjv s %5 R
v>0

where S is the mapping between the free monoid Z* constructed from the
alphabet zp, z1 into $ and the subscript |X; means evaluated at the initial
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conditions of the state vector z. Each word z1z; . .. 2z, corresponds to the iterated

integral
t T1 Tu—1
/ uy(71) / ui(73) ... / Uy (T)dTy . . . dTidTy
0 0 0

defined recursively on its length, (ug is defined to be unity). The coefficient
of the word z1z; ... 2z, is the iterated Lie derivative A, ... A; A; 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 successiv