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Preface

The computational paradigm considered here is a conceptual, theoretical and
formal framework situated above machines and living creatures (two instantia-
tions), sufficiently solid, and still non-exclusive, that allows us:

1. to help neuroscientists to formulate intentions, questions, experiments, meth-
ods and explanation mechanisms assuming that neural circuits are the psy-
chological support of calculus;

2. to help scientists and engineers from the fields of artificial intelligence (AI)
and knowledge engineering (KE) to model, formalize and program the com-
putable part of human knowledge;

3. to establish an interaction framework between natural system computation
(NSC) and artificial system computation (ASC) in both directions, from
ASC to NSC (in computational neuroscience), and from NSC to ASC (in
bioinspired computation).

With these global purposes, we organized IWINAC 2005, the 1st International
Work Conference on the Interplay Between Natural and Artificial Computation,
which took place in Las Palmas de Gran Canaria, Canary Islands (Spain), during
June 15-18, 2005, trying to contribute to both directions of the interplay:

I: From Artificial to Natural Computation. What can computation, artificial
intelligence (AI) and knowledge engineering (KE) contribute to the under-
standing of the nervous system, cognitive processes and social behavior?
This is the scope of computational neuroscience and cognition, which uses
the computational paradigm to model and improve our understanding of
natural science.

II: From Natural Sciences to Computation, Al and KE. How can computation,
AT and KE find inspiration in the behavior and internal functioning of phys-
ical, biological and social systems to conceive, develop and build up new
concepts, materials, mechanisms and algorithms of potential value in real-
world applications? This is the scope of the new bionics, known as bioinspired
engineering and computation, as well as of natural computing.

To address the two questions posed in the scope of IWINAC 2005, we made use
of the “building of and for knowledge” concepts that distinguish three levels of
description in each calculus: the physical level (PL), where the hardware lives,
the symbol level (SL) where the programs live, and a third level, introduced by
Newell and Marr, situated above the symbol level and named by Newell as “the
knowledge level” (KL) and by Marr as the level of “the theory of calculus.” We
seek the interplay between the natural and the artificial at each one of these
three levels (PL, SL, KL).
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1. For the interplay at the physical level we consider:

— Computational Neuroscience. Tools: Conceptual, formal and com-

putational tools and methods in the modelling of neuronal processes
and neural nets: individual and collective dynamics. Mechanisms: Com-
putational modelling of neural mechanisms at the architectural level:
oscillatory /regulatory feedback loops, lateral inhibition, reflex arches,
connectivity and signal routing networks, distributed central-patterns
generators. Contributions to the library of neural circuitry. Plasticity:
Models of memory, adaptation, learning and other plasticity phenomena.
Mechanisms of reinforcement, self-organization, anatomo-physiological
coordination and structural coupling.

Bio-inspired Circuits and Mechanisms. Electronics: Bio-inspired
electronics and computer architectures. Advanced models for ANN.
Evolvable hardware (CPLDs, FPGAs, etc.). Adaptive cellular automata.
Redundancy, parallelism and fault-tolerant computation. Retinotopic or-
ganizations. Non-conventional (Natural) Computation: Biomaterials for
computational systems. DNA, cellular and membrane computing. Sen-
sory and Motor Prostheses: Signal processing, artificial cochlea, audio-
tactile vision substitution. Artificial sensory and motor systems for hand-
icapped people. Intersensory transfer and sensory plasticity.

2. For the interplay at the symbol level we consider:

— Neuro-informatics. Symbols: From neurons to neurophysiological sym-

bols (regularities, synchronization, resonance, dynamics binding and
other potential mechanisms underlying neural coding). Neural data
structures and neural “algorithms.” Brain Databases: Neural data anal-
ysis, integration and sharing. Standardization, construction and use of
databases in neuroscience and cognition. Neurosimulators: Development
and use of biologically oriented neurosimulators. Contributions to the
understanding of the relationships between structure and function in
biology.

Bio-inspired Programming Strategies. Behavior-Based Computa-
tional Methods: Reactive mechanisms. Self-organizing optimization. Col-
lective emergent behavior (ant colonies). Ethology and artificial life.
FEvolutionary Computation: Genetic algorithms, evolutionary strategies,
evolutionary programming and genetic programming. Macroevolution
and the interplay between evolution and learning. Hybrid Approaches:
Neuro-symbolic integration. Knowledge-based ANN and connectionist
KBS. Neuro-fuzzy systems. Hybrid adaptation and learning at the sym-
bol level.

3. For the Interplay at the knowledge level we consider:

— Computational Approaches to Cognition. Al and KE: Use of Al

and KE concepts, tools and methods in the modelling of mental processes
and behavior. Contribution to the Al debate on paradigms for knowl-
edge representation and use: symbolic (representational), connectionist,
situated, and hybrid. Controversies: Open questions and controversies in
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AT and Cognition (semantics versus syntax, knowledge as mechanisms
that know, cognition without computation, etc.). Minsky, Simon, Newell,
Marr, Searle, Maturana, Clancey, Brooks, Pylyshyn, Fodor, and others.
Knowledge Modelling: Reusability of components in knowledge modelling
(libraries of tasks, methods, inferences and roles). Ontologies (generic,
domain-specific, object-oriented, methods and tasks). Knowledge repre-
sentation methodologies and knowledge edition tools.

— Cognitive Inspiration in AI and KE. Synthetic Cognition: Bio-
inspired modelling of cognitive tasks. Perception, decision-making, plan-
ning and control. Biologically plausible (user-sensitive) man—machine in-
terfaces. Natural language programming attempts. Social organizations,
distributed AI, and multi-agent systems. Bio-inspired Solutions to En-
gineering, Computational and Social Problems in Different Application
Domains: Medicine, image understanding, KBSs and ANNs for diag-
noses, therapy planning, and patient follow-up. Telemedicine. Robotic
paradigms. Dynamic vision. Path planning, map building, and behavior-
based navigation methods. Anthropomorphic robots. Health biotechnol-
ogy. Bio-inspired solutions for sustainable growth and development.

IWINAC 2005 was organized by the Universidad Nacional de Educacién a Dis-
tancia (UNED) in cooperation with the Instituto Universitario de Ciencias y
Tecnologias Cibernéticas de la Universidad de Las Palmas de Gran Canaria and
the Las Palmas UNED Associated Center.

Sponsorship was obtained from the Spanish Ministerio de Ciencia y Tec-
nologia and the organizing universities (UNED and Las Palmas de Gran Ca-
naria).

The chapters of these two books of proceedings correspond to the talks de-
livered at the IWINAC 2005 conference. After the refereeing process, 117 papers
were accepted for oral or poster presentation, according to the authors’ pref-
erences. We organized these papers into two volumes basically following the
topics list previously mentioned. The first volume, entitled “In Search of Mech-
anisms, Symbols, and Models Underlying Cognition,” includes all the contribu-
tions mainly related to the methodological, conceptual, formal, and experimental
developments in the fields of neurophysiology and cognitive science.

In the second volume, “Artificial Intelligence and Knowledge Engineering
Applications: A Bioinspired Approach,” we have collected the papers related to
bioinspired programming strategies and all the contributions related to the com-
putational solutions to engineering problems in different application domains.

And now is the time for acknowledgements. A task like this, organizing a
work conference with a well-defined scope, cannot be achieved without the ac-
tive engagement of a broad set of colleagues who share with us the conference
principles, foundations and objectives. First, let me express my sincere grati-
tude to all the scientific and organizing committees, in particular, the members
of these committees who acted as effective and efficient referees and as promoters
and managers of preorganized sessions on autonomous and relevant topics under
the IWINAC global scope. Thanks also to the invited speakers, Joost N. Kok,
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Dana Ballard and Juan Vicente Sanchez Andrés, for synthesizing the plenary
lectures. Finally, thanks to all the authors for their interest in our call and their
efforts in preparing the papers, condition sine qua non for these proceedings.

My debt of gratitude to José Ramén Alvarez and Félix de la Paz goes fur-
ther the frontiers of a preface. Without their collaboration IWINAC 2005 would
not have been possible, in the strictest sense. And the same is true concerning
Springer and Alfred Hofmann, for being continuously receptive and for collabo-
rating on all our editorial joint ventures on the interplay between neuroscience
and computation, from the first IWANN in Granada (1991, LNCS 540), to the
successive meetings in Sitges (1993, LNCS 686), Torremolinos (1995, LNCS 930),
Lanzarote (1997, LNCS 1240), Alicante (1999, LNCS 1606 and 1607), again in
Granada (2001, LNCS 2084 and 2085), then in Maé (Menorca) (2003, LNCS
2686 and 2687) and, now, the first IWINAC in Las Palmas.

June 2005 José Mira
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Abstract. Virtually from its origins, with Turing and McCulloch’s
formulations, the use of the computational paradigm as a conceptual
and theoretical framework to explain neurophysiology and cognition has
aroused controversy. Some of the objections raised, relating to its consti-
tutive and formal limitations, still prevail. We believe that others stem
from the assumption that its objectives are different from those of a
methodological approximation to the problem of knowing.

In this work we start from the hypothesis that it is useful to look
at the neuronal circuits assuming that they are the neurophysiological
support of a calculus, whose full description requires considering three
nested levels of organization, one of circuits, other of neurophysiological
symbols and another of knowledge, and two description domains, the
intrinsic to each level and that of the external observer.

1 Introduction

The general aim of this work is to present a wider and more comprehensive view
of the Computational Paradigm (CP) than is usual and propose a way of using it
that makes it possible: (1) To help Neuroscience and Cognitive Science, including
the possibility of explaining the latter as a result of the former. (2) To estab-
lish an interaction framework between Natural System Computation (NSC) and
Artificial System Computation (ASC), thereby posing a series of appropriate
questions in both directions of the interaction, from ASC to NSC (in Computa-
tional Neuroscience), and from NSC to ASC (in Bioinspired Computation).

The principle of the cross-fertilization potential between ASC and NSC was
initially proposed by Wiener [30] and McCulloch’s [13,12] Neurocybernetics,
when they identified that both living creatures and machines, can be understood
using the same experimental methodology, the same analysis procedures, the
same formal tools and the same organizational and structural principles: Those of
Physics, Logic, Mathematics and, Engineering and, embracing all of them those
of the Computational Paradigm, interpreted the paradigm concept according
to Thomas Kuhn [7]. In both instances, living creatures and machines, we are
talking of systems determined structurally by their constituent elements and by
the stable causal relations between these elements inside the system and between
the system and its environment, as they have evolved jointly over time.

J. Mira and J.R. Alvarez (Eds.): IWINAC 2005, LNCS 3561, pp. 1 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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We start from the hypothesis that it is useful to look at the nervous system
circuits assuming that they are the physiological support of a calculus and that
the CP helps us interpret the results of this calculus at the physical, symbol
and knowledge levels. The rejection of the CP in some sectors of Neuroscience
and Cognitive Psychology is possibly a result of a simplistic interpretation of
what computation really means by just associating it with the physical machine
supporting it. This limited interpretation of the knowledge involved in a calculus,
when this calculus is described at only one level and without reference to the
external observer, provides a reductionist view of computation and consequent
apparent impoverished analogies of the type “Brain-Hardware”, “Mind-Software”
and the conclusion that “Thinking is equivalent to Computing”. Nevertheless, by
considering the three levels of description of a calculus (the physical machine,
symbols and programming language, and conceptual and formal models) and
then distinguishing the descriptions in each level “own” domain from these other
descriptions in the same level but now in the domain of an external observer, the
CP substantially expands its capacity to explain Neurophysiological processes
from which Cognition emerges.

This wider view of the CP, where the meaning of a calculus at three ab-
straction levels and in two causally distinguishable phenomenological domains is
described and interpreted, with the corresponding emergence and reduction pro-
cesses between levels, allows us to accommodate different theoretical positions,
like emergentism or physicalist monism. The CP thus becomes a methodological
approximation (set of intentions, questions, experiments, methods, and expla-
nation mechanisms) to the problem of knowing. In other words, it becomes a
tool and test bed for evaluating hypotheses, theories and experimental results in
Neuroscience and Computation.

In accordance with Maturana and Varela [11,10,27], a key point in the right
use of the CP in ASC and NSC is that you need to “know how to do the ac-
counting well” and not mix entities, semantics and causality in the description of
a calculus in a specific domain and level with others substantially different that
correspond to the description of the same calculus in another domain or level.
Only an external observer who knows and distinguishes the constituent entities,
relations, language, causality and semantic tables of all the levels in all the do-
mains, and also the reduction and emergence processes linking them, could have
a global view of the calculus.

The rest of the paper is organized as follows. Section 2 is a summary of
the building of the knowledge involved in the calculus carried out by a neural
network. Sections 3, 4, and 5 describe the ascending path common to reverse neu-
rophysiology. This ascending path allows us to consider the different knowledge
components associated with a neuronal network, the need to model abstraction
processes between the different levels of description and the additional knowledge
that the external observer needs to obtain a total understanding of the meaning
of the calculus carried out by a neuronal circuit. Finally, in section 6 we end by
considering right and wrong objectives in the use of the CP.
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The theses that we defend in this work are: (1) That knowledge (cognition)
that each level (physical, symbol or cognitive) can accommodate is associated
with the network of sensory, motor and association mechanisms that characterize
this level as a class, as an autonomous organization, with its own language [9].
(2) That, consequently, just knowledge of the physical level (PL) of the NSC
is not enough to understand cognition. It is necessary to inject the knowledge
associated with the neurophysiological symbol level and associated with the last
emergence of the calculus at the knowledge level (the cognitive model) [14, 16].
(3) Additionally, it is crucial to understand that all this injected knowledge
(abstractions, symbols and emergences) only exists in the external observer’s
language.

2 The Building of the Knowledge Involved in the
Calculus Carried Out by a Neural Network

This building has three levels and two domains in each level (figure 1). The three
levels (“storeys”) of this building are the physical level where the anatomical cir-
cuits live, the symbol level where the neural programs live (the neurophysiologi-
cal symbols) and the third level, located over the symbol level and which Newell
called “the knowledge level” [20] and Marr [8] “the theory of calculus” level. This
third level is the house of natural language and cognition.

The basic idea behind this architectural metaphor is that the first floor, where
the physical circuit lives, is not sufficient enough to complete the description of a
calculus. We also need to have the description of the neurophysiological symbols
(“the program”) and the emergent conceptual model.

In order to complete our understanding of the meaning of a calculus at the
three levels described above we use a new distinction inside each level between
two description domains: the level’s own domain (OD) “apartments to the right”,
and the external observer domain (EOD), “apartments to the left”. The intro-
duction of the figure of the external observer and the differentiation between a
mechanism and its description comes from physics and has been reintroduced
and elaborated in biology by Maturana [10] and Varela [27] and in computation
by Mira and Delgado [15,18,17].

When we acknowledge the existence of an observer external to the computa-
tion in natural systems we are introducing the idea of different reference systems
in which entities, relations, and their meanings are represented. Everything that
happens in the descriptions in the level’s own domain is causal. What “has to
happen”, happens because there is a coincidence of structure and function. In
the physical level’s OD, processes cannot be separated from the processors (neu-
ronal mechanism) realizing them. Inverters invert, and adders add, and in every
mechanism the semantics is intrinsic.

A frequent source of misunderstanding, both in ASC and NSC, is the mix-
ing of OD entities and relations with others in the EOD with which there is no
causal relation. Varela [27] clearly distinguishes between the explanations in the
EOD and the operational and causal explanations in the OD. In both instances,
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Fig. 1. The function of each neural network can be described at three levels (PL, SL,
KL) and in two domains (EOD, OD). The reverse neurophysiology pathway starts at
the PL in the OD (1st right “apartment”) and ends in the KL in the EOD (3rd left
“apartment”)

the level entities and processes are described in two languages, which are inde-
pendently consistent and subject to crossreferencing. The difference lies in the
fact that in the operational descriptions (in the OD), the terms used to refer
to processes cannot leave the domain in which they operate either in syntax or
in semantics. On the other hand, the terms used in descriptions in the EOD
belong to the natural language of an external observer and refer to the domain
knowledge, although their referents are not obliged to follow the EOD laws. The
EOD links do not operate in the OD unless we limit ourselves to the models
that the observer possesses at the physical or symbol level. That is to say, unless
we limit ourselves to electrical signals, differential equations, electronics, logic
or automata theory. The rest of the meanings, including the concepts of neural
code, neurophysiological symbols and knowledge itself, are always in the EOD,
in the observer’s language [9].

3 The CP at PL: Mechanistic Models in a Language of
Signals

When we use the CP at the PL to represent the functions of the nervous system
we are associating the calculus with the neurophysiological mechanisms sup-
porting it. In other words, we model the neuronal function in terms of the local
function done by the simple constituent units in each sublevel and by the in-
terconnection schemes specifying the architecture of the composed units in this
sublevel which, in turn, are simple constituents of the upper sublevel. The simple
constituent units of a mechanistic model can be individual units (ionic channels,
synaptic contacts, neurons) or collective entities (neural ensembles). Similarly,
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the composed units can be circuits of synaptic contacts or neurons, result of the
interconnection of individual units, or aggregates of neural ensembles [26, 3].

From the point of view of the EOD, the process of modeling by mechanisms
begins with an initial distinction between environment and system to be able to
talk of “inputs”, “outputs” and system dynamics. Or, expressed differently, to be
able to talk of mutual disturbances and structural coupling [10, 27].

In all the cases mentioned above, the formal underlying model to modeling
at the physical level is a three-dimensional hierarchical, recursive and recurrent
graph where each node can unfold into a new graph with nodes of less granularity
and, in turn, can form part of the network specifying a node of greater granular-
ity (Fig. 2). Each node accepts an external (functional) description and another
internal (structural) with the explicit and detailed specification of the mecha-
nism (composed unit) from which the observed functionality emerges. Similarly,
each arc of the graph accepts an external description of its function of modu-
lated transmission of the information, and another internal description specify-
ing the learning mechanism from which the plasticity observed in this connection
emerges.

Fig. 2. Hierarchical, recurrent and recursive three-dimensional graph underlying all
our mechanistic models of neurons and neural nets at the physical level

The equivalence between graphs and finite state automata (FSA) means that
it is possible to model recursivity in terms of deterministic or stochastic mea-
surements. Each internal state of a given level of description (macrostate) can
be interpreted as the result of a measurement over the set of microstates, which
specify this FSA at a lower level of granularity.
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For the graph to operate, each node must be modeled using a function of
local calculus, generally parametric, and each arc must be modeled using a new
function of calculus of the temporal evolution of the value of this connection
(“learning”). The repertory of analogical and logical functions of local calcu-
lus is well known (linear and non-linear differential equations, convolution-like
functionals, and sequential logic). The repertory of supervised and correlational
learning models is also well known [16].

The capacity to accommodate knowledge at the physical level is a result of
the high quality of the nervous tissue (of its constituent elements) and of the
different levels of nested organizations that evolution has superimposed [9, 19].
In other words, the neuronal calculus at the PL emerges from the successive
layers of superimposed architectural mechanisms which, always preserving the
organizations supporting them, have complicated the language of biochemical
and electrical signals and converted them into a language of mechanisms. From
each new stable set of these mechanisms (from each superimposed architecture,
the external observer would say) emerges the capacity for accommodating again
a new “‘common knowledge space.”

From the topological point of view, all the neuronal circuits can be mod-
eled using a very limited set of basic structural elements, as can be seen in
figure 3.a (modulated transmission, delays, signal routing convergent and diver-
gent circuits). From the composition of these structural elements many other
autonomous mechanisms can be synthesized of a higher level of integration, as
can be seen in figure 3.b.

A mechanism (single and multiple, positive and negative feedback loops, “heb-
bian” and “supervised” learning circuits, recurrent lateral inhibition or associa-
tive reflex arches) becomes stable and autonomous when it provides functionality
(control, rhythm generation, plasticity, spatial and/or temporal contrast detec-
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tion or accumulation of coincidences) relevant for survival. We should however
remember that all these concepts (control, plasticity, ...) only exist in the EOD,
in the observer’s language.

4 In Search of a Library of Neurophysiological Symbols
(NSs)

At the end of the analysis and modeling stage of neuronal circuits at the PL we
have the following knowledge:

1. A set of patterns of concurrent temporal sequences of biochemical and elec-
trical signals (slow potentials and all-or-nothing action potentials).

2. A set of local non-linear operators that fits reasonably well the continuous
transformations of these sequences of signals.

3. A sketch of a language of neurophysiological signals (neural “code”) to de-
scribe membrane phenomena, excitatory and inhibitory processes, adaptive
thresholding, oscillatory and regulatory processes and some plasticity phe-
nomena.

4. A library of the most frequently found neural mechanisms and connectivity
patterns.

Let us assume for one moment that we have a complete theory of the physical
level. In other words, that we know everything about signals, circuits and local
operators, similar to our knowledge about digital electronics and computer ar-
chitecture. Would we know what the brain is calculating? Would we know the
“program” and the emerging cognitive processes? Of course, not. From just the
knowledge of the PL of a neuronal calculus it is not possible to obtain either the
algorithm or meaning of this calculus. This description needs to be completed
with the descriptions corresponding to the intermediate symbolic level (the “pro-
gram”) and to the knowledge level, both based on elements of knowledge associ-
ated with the structure of the external environment. Evolution, culture, history
and civilization do not appear explicitly in the anatomy and signals of the cal-
culating mechanism. It is necessary to inject them to understand the meaning
of the calculus.

What the CP suggests to us now is to follow the ascending path of the building
of levels and domains to find a symbolic description of the neuronal calculus. In
other words, we accept the conjecture that neuronal networks have accumulated
enough knowledge in their structure throughout evolution to be able to accom-
modate a superimposed organization consisting of a set of neurophysiological
symbols (NSs) and relations between these symbols (“programs”), (figure 44).

Seen from the EOD the NSs are abstractions of the cortical representations
of the internal and external environment, a result of the process of biological and
hereditary adaptation, selected throughout evolution and modified by learning
[14,16]. The NSs are the sensory, motor and association entities in the internal
language from which cognition emerges and they have their own causal real-
ity at an intermediate organizational level, superimposed at the PL level, but
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Fig. 4. Neurophysiological symbols as abstractions from neural mechanisms and spe-
cific patterns of spatio-temporal signals relevant for survival

different from it. The causality of a language of NSs is effective for all neurons
systems that have the mechanisms for generating and interpreting this code. The
possession of this language allows the nervous system to construct a new level
of reality, an internal creation of an environment with “objects”, “events”, “be-
havior modes” and “associations” that are unitary and autonomous, beyond the
reflex responses associated with threshold values of the individual signals that
constitute these spatio-temporal patterns. Both, the patterns and the individual
signals, are intervening at the same time [19]. This internal language makes it
possible to handle heterogeneities in the external world in the same way by as-
sociating meanings to classes of specific experiences in a specific environment to
which the animal responds in a unitary way. Subsequent instantiations of these
equivalence classes are “re-known’”by activating the same support mechanisms of
these NSs and “trigger” the same behavior patterns. We should remember that
the concept of NSs proposed here is not the one proposed by Newell and Simon
[21] in their “Physical Symbol System Hypothesis” because in our proposal the
NSs are connectionist and grounded in the mechanisms and they are not pro-
grammable in the conventional sense, but via dynamic adjustment processes of
synaptic efficiency, controlled by the states of activity in the network.

Seen from the EOD these NSs designate: (1) Entities in the external envi-
ronment relevant for survival in this environment (ranges of energies, nocirecep-
tors, ...), (2) multimodal and temporal relations between these entities (objects
and events), (3) primary conceptualizations (warning signals and homeostasis),
(4) compensatory reactions and other internal strategies related to the conser-
vation of the species (sexual, aggression or escape symbols, and descriptors of
internal needs, like sleep or thirst) [14, 16]. All this semantics only exists in the
observer’s language (in the EOD) but not in the OD, where it is implemented
in the functional architecture of the PL mechanisms [9)].

The conditions necessary for the emergence of these symbols [19] are: (1) The
existence of a rich and structured environment, where the possibility and conve-
nience exists of distinguishing “objects” and “events” as autonomous entities in
addition to the signals constituting them. (2) The constitutive plasticity of the
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biological tissue (that does not possess, for example, the silicon crystal of com-
puters) that allows the clustering of signals by selective synaptic reinforcement
and (3) the environment-system interaction at an appropriate time scale.

Considered now in their OD the NSs are active and dynamic entities as-
sociated with specific patterns of spatio-temporal signals (electrical, chemical
and electronic) that are presented repeatedly in a stable, independent and au-
tonomous way and associated with specific referents in the organisms internal
and external environment [14, 16]. These patterns (“keys”) are moored to the PL
via neuronal mechanisms that distinguish and recognize them, giving them a uni-
tary response (“doors” opened by these “keys”). From the first sensory processing
stage to the motor stage these cortical keys act as internal representations re-
placing their referents in all the association processes, which are thus converted
into what the external observer describes as “associations between representa-
tions”. These representations have developed throughout evolution as “meaning
modules” because of their usefulness for constructing an economical and sim-
ple representation of the external environment, which in turn permits a unitary
response in efficient time. The semantics of the NSs is in their syntax, it is not ar-
bitrary, but to know it the external observer needs to know the evolutive history
of the interaction with the environment from which the symbol emerged, (i.e.
the goals served by this particular way of clustering signals). It seems reasonable
to assume that the support mechanism of this structuring of neuronal signals in
significant terms of clusterings, in classes, is the selective synaptic reinforcement
and that the candidate mechanisms for controlling this selective map of rein-
forcements are two types: (1) Correlational, which are only connected with the
characteristics of the cluster of signals where the selection is going to be done
(spatio-temporal coincidence of states of activity, concomitance, regularities) and
(2) Reinforcement, which are connected with comparing the characteristics of a
cluster of signals with those of a prototype (filtering, tuning and resonance, fea-
ture extraction, discrimination, and classification) [28].

5 The Computational Paradigm at the Knowledge Level:
Symbolic, Situated, and Connectionist Approaches

Let us assume for one moment that we have the complete repertory of sensory,
motor and association NSs and the connectionist processes of learning that fully
describe the calculus done by the nervous system at the symbol level . Let us
also assume that we know the neuronal mechanisms that generate and recognize
these NSs. Would we now know the meaning of what this nervous system is
calculating? Would we know the purposes, goals and intentions of the behavior
of an animal in a specific environment? Of course, not, because we do not have
the constituent elements of cognition at the knowledge level. These elements
and their relations constitute a new organization superimposed on that of the
symbols and, again, with its own causality and characterized by the language
which identify and specify this organization as a class [9]. Maturana’s hypothesis
is that these constituent elements of cognition at the KL reside in the observer’s
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natural language and that, consequently, the conceptual and formal architecture
of cognition is indistinguishable from the conceptual and formal architecture of
natural language.

If we accept this hypothesis the work now consists of specifying a new ab-
straction process that enables us to link the entities and relations at the symbol
level, both in the OD and EOD, with the corresponding entities and relations
at the knowledge level, without any change in the underlying causal structure
(figure 5).

|| { {Patterns of Signals
& Mechanisms

Fig. 5. The two-step abstraction process from SL to KL. (1) From patterns of signals
to formal models. (2) From formal models to inferential schemes in natural language

In direct engineering the reduction process of a knowledge model to a program
is done in two phases. First it passes from the conceptual model to the formal
model and after the formal model is programmed [15]. If we want to proceed by
analogy in the reverse process we need:

1. To link the symbols (patterns of signals) and their relations (mechanisms)
with the entities and relations of a formal model.

2. To establish a table of correspondences between the entities and relations in
the formal model and in a conceptual model whose constituent elements are
the same as in natural language (concepts, inferential verbs and “if-then-else”
control structures).

A major problem in the first step of this abstraction process is that we do not
know the formal architecture of cognition. We are not sure that we have the nec-
essary mathematics and logic to describe the mental processes exactly [16, 23].
In fact, the only complete formal architecture available is the deterministic and
probabilistic modular theory of finite state automata (FSA) proposed by W.S
McCulloch [13, 12] and later refined by von Neumann [29], Kleen [6] and Moreno-
Diaz [23] among others. In this formalization, states of activity are associated
with internal states of FSA, patterns of signals are associated with FSA “in-
puts”, and “outputs”, and support mechanisms of the dynamic activity linking
the temporal evolution of these patterns of signals are associated with the FSA
state transition functions.
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If we start from an FSA, the second stage of the abstraction process poses
fewer difficulties. Syntactically, a table of correspondence is sufficient to associate
the FSA with an inferential scheme where the concepts (nouns) represent (play)
input and/or output roles in the inferences (verbs) of the functional scheme re-
sulting from analysis of the FSA. There are currently three ways of establishing
this correspondence between FSAs and conceptual models, which correspond
to three different approaches to the problem of knowledge modeling in AI and
resulting in three computational views of cognition: (1) representational (sym-
bolic), (2) situated, and (3) connectionist.

The representational approximation (symbolic) is the top-down. It starts from
declarative descriptions in natural language of entities (“concepts”) and relations
between these entities (“inferential rules”) and associates reasoning with the ma-
nipulation of these symbolic descriptions. From the first works where inference
was associated with a search in a symbolic problem-space, the symbolic per-
spective has evolved first by separating generic components of knowledge (tasks,
methods, inferences, roles and control structures) from others that are specific
to each application domain [25]. After it has progressed to the construction of li-
braries of reusable components of modeling, essentially problem-solving methods
and ontologies.

The main problem of the representational approach as a useful paradigm in
neuroscience and cognition is that it does not have any direct correspondence
with the lower organizational levels. Here the FSA states and their transitions are
not connected to the NSs or with the mechanisms and the patterns of signals at
the PL. The causal structure is not preserved when moving up one level. In other
words, correspondence between causality at the KL and underlying causalities at
the SL and PL is lost. This is the result of thinking of the computer as a general
purpose programmable machine, instead of thinking of it as a biological machine
which, if we wanted to maintain an analogy with physical machines, we would
say that it is a special purpose adaptive machine, whose function is modified as
a result of the interactive activity of its mechanisms with the mechanisms of the
environment.

The situated approach, called thus to highlight that all perception and all
action are structurally coupled to their environment [1,24], is also based on nat-
ural language descriptions of the activities of an animal in its environment, but
now these descriptions are of an ethological nature and are not modeled from
high-level cognitive entities (“concepts” and “inferences”), but from elementary
behaviors like “obstacle avoidance” or “standing-up”. This approach is also there-
fore known as “behavior-based”, or “reactive”. A behavior is defined as a direct
mapping between a class of “input pattern” and a predefined “pattern of motor
actions”, so that the correspondence with the FSA is immediate: “Behaviors” are
associated with states or secuences of states, including, oscilatory loops, input
patterns are associated with abstract symbols of the FSA input alphabet and pat-
terns of actions with the elements of the FSA output alphabet. Observe however
that in this approach the structural correspondence is also lost with the lower

”ow

organizational levels, because we talk of “behaviors”, “patterns of perceptions”,
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and “patterns of actions”, but we do not say anything about the correspondence
between these natural language terms and the neurophysiological mechanisms
supporting them. The difference with the symbolic approach is that it now sug-
gests starting with simpler systems in less complicated environments, so that we
can make some conjectures about the support mechanisms of the perceptions
and actions observed.

The only alternative to storing the description of a calculus (to build up a
program for a general purpose computer) is to specify the mechanism support-
ing this calculus, the circuit, its constituent elements and its connections (its
architecture) and the set of “labeled lines” that allow signals never to lose their
identity. This is the proposal of connectionism which, also at the knowledge level,
continues to have a modular and distributed architecture with a large number
of low granularity formal processes and programming replaced by learning. Here
the causal structure of FSA is preserved. At the PL the calculus units are rep-
resented operational descriptions of dynamic systems or with automata of two
states and the networks of N elements with automata of 2V states where each
element contributes with a variable of the pattern of signals. On passing to the
SL, the FSA “inputs”, “outputs” and “states” are associated with measurements
on the activity of microstates of neural ensembles, but the resulting macroscopic
FSA maintains the structure. Finally, the formalization of the step to the KL
needs to be based on the structural composition of these measurements [16].

A conjecture of potential usefulness is to consider this structural composition
as a cooperative process of almost a social nature, where the different areas of
the cortex contribute with “factors” to the global functions that the external ob-
server calls “perception”, “language” or “memory”, for example. The transitions
in this FSA are guided by what the external observer calls purposes, intentions,
motivations or desires, but we have done little to bridge the gap between neu-
rophysiology and cognition if we are not capable of constructing correspondence
tables between these EOD entities and the corresponding neuronal mechanisms
that embody them in the OD. In other words, between nouns and verbs in nat-
ural language and circuits of the type suggested in Figure 3. We should however
recognize that the CP at the KL still does not have the right formal tools for
tackling the formalization of these concepts with the clarity and precision with
which we are modeling at the PL with mathematics from physics. Formal cog-
nition architecture has still not been discovered.

6 Conclusions

Many of the criticisms about the validity of the CP in Neuroscience and Cog-
nition are based on arguments that misunderstand its real objectives. We are
not saying that computation in general and Al in particular are equivalent to
natural intelligence and human thought nor that silicon machines possess the
same functionalities as the biological tissue and, consequently, that calculating
is equivalent to possessing a mind. We are not saying that the brain is a Turing
Machine or a network of “formal neurons” as defined by McCulloch and Pitts.
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Neither are we stating that simulation in a digital computer of a neuronal model
can replace the network that it is modeling, because its constituent elements are
different and “all knowledge depends on the structure known”. Finally, neither
do we tackle the problem of semantics other than by affirming that it is a con-
cept inherent in the EOD and that in the own domain it emerges as a result of
the sensitivity of the nervous tissue that allows this kind of organization. Con-
sequently, it is wrong to argue against the CP using these false objectives as a
starting point.

What we have defended in this work is that the CP, understood in the broad
and structured sense in which it has been presented here, is a useful epistemo-
logical and constructive approximation for understanding neurophysiology and
cognition. In other words, the CP is a conceptual and theoretical non-exclusive
framework situated above machines and living creatures (two instantiations),
sufficiently solid and formalizable to allow us: (1) to ensure that the “facts” (our
data) are the relevant facts to which we must pay attention and are not clouded
by incorrect statements about the functioning of the nervous system. (2) To
structure these facts and the available relational knowledge. (3) To interpret
and use them. (4) To raise new issues and make reasonable speculations. (5) To
plan new experiments and (6) To leave room for self-criticism.

We would like to stress that the capacity of calculus of the neuronal tissue,
the possibility of classifying the structure of the environment into symbols and
the subsequent emergence of cognition in natural language is the direct con-
sequence of the special nature of the biological tissue that allows this kind of
superimposed and nested organizations with their own causalities. Neuron, sym-
bol and cognition phenomenologies are constitutive, ontological, consequences of
the nature of the nervous system, and of the wealth of environments to which it
has had to adapt.

Finally, we would like to highlight three points of our proposal. The first is
the importance of the intermediate level (neurophysiological symbols) to facil-
itate the link between Neurophysiology and Cognition. The second is the need
to prepare and formalize in greater depth the two abstraction processes that
link the three organizational levels. The third is the importance of the figure of
the external observer whose natural language embodies the three organizational
levels, the two domains and the CP.

If these three arguments (symbols, abstraction and observer) are handled with
precision, it is thus possible with the CP to accommodate basically very differ-
ent proposals like those of Craik [2], Fodor [5], Pylyshyn [22], or Johnson-Laird
on the one hand, together with those of Clancey, Searle, Dreyfus [1], Edelman
[4] or Gibson on the other. This view of the CP makes it possible to combine
mechanistic physicalism (PL in the OD), associated with the description of a
calculus in the OD at the PL, with emergentist thought, based on two abstrac-
tion processes that complete the description of the same calculus in the two
superimposed causal organizations (SL and KL, in both the OD and EOD). All
we need, Maturana tells us, is to know how to do the accounting well.
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Abstract. The paper presents arguments for why AI methodologies
should be informed of both behavioural science and neuroscience stud-
ies, and argues why this is possible. Through identifying the resemblance
points, we will discuss whether findings of ethology and neuroscience can
be used in the process of design and development of non-classical Al sys-
tems. To this end, we focus on a specific example that has long been in-
vestigated in all the concerned disciplines: the action selection problem.
The paper overviews action selection mechanisms in behaviour-based Al
and neuroscience in order to identify the commonalities that underly the
understanding of action selection in different disciplines, and that may
constitute the pieces of a common language with which AI can commu-
nicate ideas and findings to and from ethology and neuroscience.

1 Introduction

This paper voices the idea that Al systems should be informed of both behav-
ioral and neuroscience studies. David Marr’s work on vision [1] points to three
stages underlying the computation involved in the nervous system:’task analysis’,
‘algorithm and representation’, and 'implementation. Our initial hypothesis is
that Marr’s account does align well with Al researcher Chandrasekaran’s 'task-
structure’ approach [2] to knowledge modelling and this parallelity can best
be reflected through a mapping between behavioural attitudes and neural sub-
strates. Although Chandrasekaran’s account is mostly used in ’classical’ Al by
knowledge modelling and reuse community, one of his main points is rather use-
ful when considered in the context of nonclassical-Al methodologies. The point
is that a task (e.g., selection of the next motor action) can be realized through
several alternative algorithms or methods (in Chandrasekaran’s term ). However,
when several alternative algorithm may realize a particular functionality, it is not
an easy job to discover them all and even more difficult is to find out which one
is the best. The size of the search space of the algorithms is only limited with the
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imagination of Al researchers, and hence, rather large. So, an informed search is
needed. One rational way to take, in order to overcome the intractability of the
search space, is to get inpired from neuroscience that investigates the mapping
of functional behaviour to the neural substrate for describing the subject matter
algorithm. Thus, a neuroscience-inspired methodology is suitable for design and
development of AT systems since it brings a solution to the intractable search
space problem.

Another reason for supporting the use of neuroscience-inspired methodology
is to avoid the interface problem Brooks [3] mentiones when he criticizes the
traditional Al approaches. This resembles a problem hidden in Minsky’s idea of
"Society of minds’[4] envisaging mind as a collection of highly interacting agents.
If we view agents as modules responsible for certain functionalities, we should
ensure that they are interoperable in order that they collectively can manage
to exhibit a larger functionality. The use of brain as a source of premises and
constraints when implementing functionalities(e.g., navigation,or active percep-
tion) of agents may spare us from encountering problems at the time of putting
together the functionalities designed in isolation and on different assumptions.
After all, the brain works quite well as a whole!

So, we have important reasons to suggest that Al design and development
methodologies should be nformed by neuroscience. The question is then whether
and how this could be done. Through scanning the literature in both AI, ethology
and neuroscience we try to identify the points of agreements, and will see whether
these commonalities may constitute a basis for suggesting that neuroscience
findings should be a justified part of Al

The subject of section 2 is classical Al methodologies, suggesting that classical
AT methodologies can be modified so that neuroscience can inform AT systems. In
section 3 we review Al ethology and neurosceince models of a concrete example:
action seleection mechanisms. In section 4 we try to identify points of agreements
between the architectures we considered in section 3. Finally, section 5 provides
our conclusions.

2  Design Methodologies in (Classical) Al

Although never has been explicitly formulated as a methodology per se, Newell’s
knowledge level hypothesis [5] bears the taste of a methodology as it puts an
order on the description of knowledge and its representation. Newel argues for a
level called knowledge level(KL)where knowledge is explicitly handled indepen-
dently of how it will be represented and used at the second level; the symbol
(implementation) level. He neither types nor structures knowledge at KL. His
successors, however, structure knowledge by emphasizing the task knowledge and
the hierarchical structure between a task and its subtasks, at the KL level.
Marr’s account of nervous system divides the analysis of computation into
three levels: (i) General analysis of the task: Answering the question of what
to do (e.g., grasping an object, deciding the next motor action), (ii) The ques-
tion of how to accomplish this task: description of input-output relations, and
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the algorithms, (iii) How the actual implementation will happen: relates to the
wetware, the brain areas.

Chandrasekaran, who was concerned with identification and reuse of the the
generic modules in the knowledge-based systems provides some guidelines for
designing KB systems [2]. His "task structures’ approach makes a distinction be-
tween goals, tasks, and methods. Researchers in knowledge modeling and reuse
community agree on that an overarching task needs to be decomposed into
smaller tasks, recursively, until reaching 'primitive actions’ that are immediately
executable. The 'methods’ are the elements that describe how to decompose a
task into its subtask. The tasks and methods upward in the decomposition tree
correspond to high-level tasks and methods while methods at the lowest level
of such a ’task tree’ correspond to primitive actions. Chandrasekaran makes
one point which is important for our argument: a task can be accomplished in
different alternative ways, i.e., ‘'methods’ (see Our interpretation of the 'task
structures’ approach is that, for example, the task of grasping an object may
be accomplished by different methods, one for human, another for a monkey,
and yet another for a lion. Fig. 1). The methods (i.e., the ’algorithm’, in Marr’s

realized-by / \

method-1 method-2
decomposed - into

task-2 ‘ task-3 ‘ task-4 ‘

S | .

co_gnigive task-5 phys\cal
primitive action

Fig. 1. An interpretation of 'task structures’ - a task with two alternative methods

terms) in Al may be inspired from human, monkey or lion biologies, or designed
entirely independently from biological models. So, there may be a one-to-many
mapping between a particular functionality (of a task) and the corresponding
algorithms and their implementations. An AT methodology should describe how
this mapping takes place. A significant amount of Al research relies on behav-
ioral sciences as an inspiration source for identification and analysis of a 'task’.
Ethology, for example, has extensively been relied upon for this purpose. How-
ever, when it comes to the mapping between the task analysis in one side and
algorithm and representation on the other side, existing Al methodologies do not
provide clear guidelines. A key question is whether one sensible way of describing
the methods/algorithms could be drawing upon neuroscience. A possible positive
answer to this question is conditioned on the existence of a common currency
for the interaction between AI and other disciplines.

In this paper, through elaborating the agreement points between A, cognitive
psychology, neuroscience and ethology we seek such a currency. For this purpose,
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we will be using the ’action selection’ problem as a concrete example which has
been of particular importance in both ethology, Al, neuroscience, and cognitive
psychology.

3 Overview of Action Selection

Action selection defines the situation where more than one sub-system (of an
agent) demand control of the scarce motor resources. The way one sub-system
wants the motor unit to act may conflict with what another sub-system wants.
An example is an intelligent agent that is both hungry and thirsty seeking both
food and water. When the water and food resources are at a distance from each
other the agent should decide which one to prioritize at a particular moment
in time. A decision mechanism is, therefore, needed to coordinate the ultimate
motor behaviour. Numerous action selection mechanisms have been proposed in
AT so far, most being inspired from behavioural sciences, in particular ethology.
In the rest of this section we give a brief overview of the most known action
selection models, both in behaviour-based AI (BBAI) and in neuroscience.

3.1 Action Selection in AI

BBAI, pioneered by Brooks [3], provides a good example for the relationship
between behavioral sciences and Al - without including much neuroscience.
The suggested architectures are, nevertheless, inspired from physiology, although
loosely - especially, the ones that have a ’connectionist’ spirit (e.g.,[6]).

We start our review by Brooks’ subsumption architecture [3]. His action se-
lection algorithm rests on a number of layers that work in parallel. At the lower
layer are the most primitive behaviours (e.g., avoid objects ) while at the higher
levels are the increasingly complex behaviours(e.g., explore environment). All
layers receive input from the environment simultaneously. So, here are the layers
vertical’. Brooks’ approach to action selection is priority-based, i.e., higher layer
modules have priority over lower layers. We can call it a loose form of hierarchy -
although it has been consider as non-hierarhical by some researchers. Priorities
are predefined at design time, and are enforced through inhibition of outputs
and suppression of inputs to lower layers.

Maes improved Brooks’ approach by making the action selection process more
distributed and flexible. Her behaviour networks architecture is a non-hierarchical
feed-forward network. The network consists of a number of behaviour nodes that
have relationships to goals and external resources, and are linked to each other
via three different types of links. Each behaviour node receives a set of inputs
and employs spreading of activation through its links to other nodes. Behaviour
nodes don’t have any kind of design-time defined priorities. The degree of impact
of internal (goals and drives) and external (related to the environment, e.g., food,
water, etc) type of inputs are parameterized, and determined at design time. The
behaviour that gets most activation at a moment decides the motor action - a
distributed winner-take-all algorithm.
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Rosenblatt’s ”Distributed Architecture for Mobile Navigation” is imple-
mented on a mobile robot system that receives information from several dif-
ferent sources (e.g., video cameras, sonars) and performs diverse tasks involved
in navigation, such as following roads, avoiding obstacles, and reaching goal des-
tinations [7]. The system is implemented as a set of distributed behaviours that
communicate their suggested action to a centralized module that takes the ulti-
mate decision on how the motor subsystem will behave. Behaviour nodes sends
their votes to the centralized unit, which in turn, combines the votes of the
behaviour subsystems, so that no possibly useful information is lost. No commu-
nication exists between behaviours, contrary to Brooks and Maes’ architectures.
The control is, thus, distributed among behaviour nodes, but centralised at the
voter.

Arkin [8] identifies two types of schemas: perception schemas and motor
schemas. He states that schema theory ’helps to define brain functionality in
terms of concurrent activity of interacting behavioural units’ -schemas. Each
schema is a generic specification of a particular task. A motor schema such as
‘obstacle avoidance schema’ is responsible from keeping the robot away from
the obstacles. For accomplishing this, the motor schema needs to communicate
with ’obstacle detection’ perceptual schema. Arkin’s ’divide and conquer’ strat-
egy resembles Chandrasekaran’s task structures. Coordination of the schemas is
realized through behaviour fusion in form of vector summation of the individual
schema outputs. Schemas are implemented as independent asynchronous compu-
tational agents executing in parallel. Arkin’s architecture is significatly different
from Brooks’ as it attaches explicit ’algorithms’ to behaviours(i.e., schemas),
and as such they may have much more complex computational capabilities com-
pared to Brooks’ finite state automatas. Arkin’s approach to the combination of
schemas and neural networks opens up integration of reactive and deliberative
behaviour. The resulting design process allows a combination of a top-down ap-
proach (i.e., the task analysis level of the design) and a bottom-up approaches
(the neural network implementation). Arkin’s work gives us fortunate clues re-
garding the cooperation between Al, ethology and neuroscience.

3.2 Biological Action Selection

Similar to ethology and BBAI, functional decomposition is the main strategy
used in understanding brain. In neuroscience, the action selection function is
commonly attained to a brain area called basal ganglia (BG). Although there is
not yet a consensus on the exact roles of basal ganglia, it has been conjectured
to be involved in both motor behaviour and cognitive functions, e.g., sensory-
motor associative learning, reinforcement learning, the formation of temporal
sequences of actions, choosing between competing actions, and the initiation of
voluntary movements.

BG include the following five nuclei: the caudeta, putamen, globus pallidus,
subthalamic nucleus, and substantia nigra (see Fig. 2 ). Neuroscientist believe
that different parts of BG have different neuronal structures and different func-
tionalities, indicating a modularity and possibly a hierarchical organisation.
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striatum
(caudate & putamen)

Globus pallidues(GP)=
Globus pallidus external (Gpe) +
Globus pallidus infemal (Gpi)

Substantia nigra (SN)=
substantia pars compacta (Snc) +

Subthalamic substantia nigra reticulate (SNr)
nucleus (STN)

thalamus

Substantia nigra (SN)

Fig. 2. Schematic representation of the anatomy of basal ganglia. Adapted from [10]

Striatum and STN (see Fig. 2 )have been identified as the input nuclei while
SNc and GPi are the output neuclei of BG. Striatum receives its input from sen-
sory and motor cortex, associational area, as well as from hippocampal formation
and amygdala. So, the type of input BG receives is both motivation-related in-
put (e.g., reward-punishment craving and hunger-thirst-mating hormones) and
sensorimotor stimuli[9]. The output of BG is sent to frontal cortex via thalamus,
and to the brainstem.

The information flow starting from the cortex, projecting to BG, and back
to cortex is called cortico-basal ganglia loop. This loop has been anticipated to
take a role in the action selection mechanism. Yet, the precise localisation of the
action selection process in the whole BG enterprise is not so easy as there may
be partially segregated parallel processing streams (i.e., the pathways) going on
in the cortico-basal ganglia loop.

The key function of BG in action selection is to enable desired actions and
to inhibit undesired ones. The selection mechanism is a result of a combinations
of inhibitory and excitatory connections between the neurons of the BG nuclei
named above. Cortex has an excitatory connection to striatum, which inhibits
the activities of GP, which in turn inhibits the activity of thalamus. The total
effect is disinhibition of the parts of thalamus that, in turn, excites only the part
of the motor cortex that relates to the desired action. This is a clear example to
hierarchical organisation of control.

There is huge amount of literature targeting the functionality and circuitry of
the BG, with both agreements and conflicts. Our interpretation of this literature
jungle is that there are two important issues responsible from the most of the
differences between action selection models (i) how does the information flow
from one nucleus to another within BG, (ii) how is the decisions taken - and
where, (iii) how is learning realized. Regarding the information flow we see two
main groups of ideas: convergence model and multi-channel model. According
to the convergence model, information coming from cerebral cortex converges in
the striatum which is relatively small compared to the cortical area that project
onto it, and then striatum projects to pallidum which is smaller, which in turn
projects to the motor areas. Here the important issue is the convergence process
itself. The other group of BG models suggest multiple channels of information
processing within the cortico-basal ganglia loop [11]. This account suggests that
striatum is topographically organized. For example, each cortical area projects
to a certain part of the striatum that topologically correspond to the cortical
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area from which it receives information. This topological structure is kept in
GP as well, so that there are multiple parallel channels of information. Montes-
Gonzales [12] embeds this model into a robot. As it comes to decison taking the
most important aspect is distributed versus centralized control of selection of
action, One of the popular approaches favors a combination of distributed and
centralized decision processes: each topologically distinguished part of striatum
receives competing inputs and employs a local winner-take-all process enabling
one single action. As there are several such distinguished areas in striatum more
than one non-conflicting actions may be enabled in this way. Learning is one
of the most controversial subjects. However, researchers agree that substantia
nigra part compacta facilitates learning through projecting into striatum and
effecting dopaminergic receptors.

In the next section we try to identify the points of agreements between the
basal ganglia models and BBAI models of action selection.

4 Points of Agreements

We attempt to enumerate a set of criteria through which the various action se-
lection architectures can be compared. Our criteria will be different from the
criteria used for performance measurements (i.e., energy consumption, life span,
goal-orientedness, situatedness, persistence, etc. [13]) Our criteria are modular-
ity, hierarchy, layered structure, distributed vs centralized control, cooperation
vs competition, an learning.

Modularity: Both BBAI and basal ganglia models rely on the notion of modu-
larity, both functional and architectural. The question of what qualifies as mod-
ule is not easy to answer. Modules are conceptualized and realized in somewhat
different ways. Architectural modularity in neuroscience is based on the types
and connectivity of nerve cells as well as the underlying functional requirements.
Common to all disciplines is that a modular entity has a particular role or re-
sponsibility (i.e., function) in accomplishing an overarching task. As we have
seen, a module can be a sophisticated agent (e.g., as intelligent agents field),
finite state automata (i.e., corresponding to ’behaviours’ as in Brooks’ architec-
ture), or a brain area (e.g., striatum in neuroscience). BG models also recognize
functional decomposition and functional modularity. The adopted modularity
notion allows information flow between modules through specific pathways with
special missions. Different forms of ’communication’ is used between modules,
spanning from special languages (e.g., KQML in multiagent system field), to
inhibition and excitation signals (neuroscience), or inhibition and suppression
links (e.g., subsumption architecture). Each module, hence, is the connection
point of 'what, ’how, and 'where’ questions of Marr’s: each module has a re-
sponsibility (i.e., what), an algorithm (i.e., how), and an implementation of the
algorithm(i.e., where).

Hierarchy: A dimension along which the action selection algorithms are of-
ten differentiated is the hierarchical organisation. Even though talking about
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hierarchical organisations is very common we find it difficult to decide whether
a certain architecture is hierarchical or non-hierarchical. For example, Brooks’
subsumption architecture is not counted as hierarchical, yet the outputs of the
higher-level elements may override the suggestions of the lower-levels. We believe
the best way to talk about hierarhy is to look at how the control and information
flows through the modules. There isa connection between the notions of hier-
archical structures and layers. In the existence of layers, hierarchical relations
are more explicit. This is also closely related to which type of information is
available to which layer. For example, existence of reciprocal inhibition relations
between the elements within a layer imposes that only one element is allowed
to pass its activity /information into the next level (e.g., as anticipated in most
models of basal ganglia). In basal ganglia models striatum receives input from
different parts of cortex simultaneously, and there is a more ’hierarchical’ re-
lation between striatum and GP, compared to Brooks’ approach. Most of the
models we have seen in this paper (both AT and neuroscience) don’t encompass
a uniform hierarchical structure, but involve a mixture of different types of hi-
erarchical relations. Of the architectures we have had an insight into, the only
pure non-hierarchical one is Maes’ architecture.

In general, advantages of hierachies have been articulated in connection with
the reduction of he complexity of decision making.

Layers: This issue relates to the issue of hierachical structures. Architectures
are often classified in Al as either non-layered, vertically layered or horizontally
layered. Horisontal layering indicates a pure hierarchy where reactive behaviour
is managed at the lowest layer and the deliberative planning at the highest level,
and control flows from the bottom towards the top. Many early Al approaches
employ such a horisontal layering for combining reactive and deliberative be-
haviour. 'Layer’ notion in biological models is richer where horizontal and vertical
layers are combined within the interactions between the modules that ’cooper-
ate’ for exhibition of a larger functionality. For example, cortical inputs project
to modules in more than one layers of basal ganglia (i.e., layer’ in a loose sense),
to both the striatum and the subthalamic nucleus, while inputs from striatum
converges to a smaller area in the GP. So, not all information striatum receives
is passed to the GP. Also, in AI models such as DAMN, behaviours are repre-
sented at a vertical layer where all nodes receive all external stimuli which, in
turn, send their decision to the centalized arbiter module in the next level of
hierarchy which fuses the commands sent by the behaviour modules.

Distributed or centralized control: This issue also has to do with hier-
archical versus nonhierarchical structures. Fully distributed architectures such
as in Maes’ excludes strict hierarchies while centralized approaches imply the
existence of a hierarchy such as in Rosenblatt’s system and many basal ganglia
models. In fully distributed architectures each module may need to have a con-
nection to all other modules which means that number of connections is much
higher compared to centralized (e.g., command fuser) architectures.
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Competitive versus cooperative coordination: Since the different subsys-
tems want require the same motor elements, it is fully possible that they demand
conflicting actions. Architectures differ in the way they implement conflict res-
olution. Some architectures apply winner-take-all as the coordination strategy
which may lead to the loss of useful information. For example, a strictly com-
petitive action selection mechanism cannot accomplish multiple non-conflicting
actions such as walking and chewing. Some basal ganglia models that opera-
tionalize multiple parallel channels allow achievement of multiple goals simulta-
neously. For example, Gurney et al [11] anticipate several intermodules in the
striatum that receives different stimuli from cortex. Within each module there
is competition because stimuli concurs for the same motor areas while different
modules focuse on different motor resources, and don’t concure. DAMN also
involves a cooperative architecture relying on command compromise.

Learning and adaptation: Learning and adaptation is almost absent from the
existing Al approaches. It seems that neuroscientists have put more effort into
the combination of learning and action selection. Many models of basal ganglia
point to the interconnection between various roles of BG, among others action
selection and reinforcement learning. Learning in BG models has been related to
the notion of closed-loops, the feedback connections. In some recent models of
BG actor-critic model of reinforcement learning has been integrated. Although
AT has been investigating reinforcement learning quite some time, for example,
in machine learning, few AI architectures combines action selection and learning;
one is Blumberg’s [14] system that incorporates temporal-difference learning on
top of Maes’ behaviour networks.

Incrementalism: Most BBAI approaches we have seen are concerned mostly
with only motor actions, that is 'physical actions’ and they don’t address what
we may call 'mental actions’. They were rather limited to reactive behaviour.
Do reactive and deliberative processes rest upon the same architecture? That
is, whether incrementalism applies in building a deliberative architecture based
on a reactive architecture? Brooks’ position was that such an incremental de-
velopment is possible. Not everybody agrees with him. Rosenblatt’s approach
facilitates incremental development of reactive and deliberative behaviour in a
special way. In neuroscience we see that vertebrate BG has attained roles related
to both motor behaviour and cognitive functions. Maybe an evolutionary per-
spective can give us some hints on this issue, on the basis of differences between
the BGs of vertebrates at different levels.

5 Conclusions

One of the main issues that will invade the research agendas in the near future
is Al design and development methodologies that are biologically-informed. A
lot of loose threads should be connected on the way of solving the puzzle. If our
intention is to develop a robot with sophisticated functionalities then we need
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a holistic functional analysis including both perceptual, cognitive, and motor
functionalities. Some functionality can be discussed by referring to brain regions,
and some others at a more micro level, even down to the neuronal level. Al needs
a uniform methodology that is operational at all levels of granularity. That is, a
methodology is needed that works for all types of functionalities (e.g., perceptual,
behavioural, cognitive), and at all levels of functionality (e.g., neuron level, or
system level).

Ethology guides Al scientists in a top-down manner where an overall task or
functionality is decomposed into simpler, lower-level tasks. We would then need
to specify the 'methods’ (as in Chandrasekaran’s terminology) or algorithms
that realize the corresponding tasks. This perspective may seem too traditional,
but it is still useful if we manage to be careful not to fall into the same trap
as the traditional AI did. What we need is to open up for a bottom-up ap-
proach in the stages of algorithm specification and algorithm implementation.
Chandrasekaran’s idea of multiple methods for a task fits very well here. The
challenge is choosing among the algorithms. The algorithms can be symbolic or
subsymbolic in nature. The role of neuroscience is exactly at this decision point.
If AT chooses to use neuroscientific findings, then the mission of neuroscience
would be putting constraints on the description of algorithms so that the re-
searchers’ search for algorithms becomes more efficient, and systems developed
as such will exhibit higher performance.

Finally, the important question: does our initial hypothesis on the need of
neuroscience for Al methodologies evaluates to true? We belive yes. There are
enough points of agreements between Al, ethology, cognitive psychology and
neuroscience, as highlighted in section 4, for building a bridge connecting these
disciplines for the benefit of AI research.
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Abstract. In Cognitive Science, recently Dynamical Systems Theory
(DST) has been advocated as an approach to cognitive modelling that
is better suited to the dynamics of cognitive processes than the sym-
bolic/computational approaches are. Often the differences between DST
and the symbolic/computational approach are emphasized. However, if
two approaches are used also their commonalities can be analysed, and a
unifying framework can be sought. In this paper the possibility of such a
unifying perspective on dynamics is analysed. The analysis does not only
cover dynamics in the cognitive discipline, but also in other disciplines:
Physics, Mathematics and Computer Science. The unifying perspective
warrants the development of integrated approaches covering both DST
aspects and symbolic/computational aspects.

1 Introduction

Due to dynamics the world occurs in different states, i.e., states at different points
in time that differ in some of their state properties. In recent years, within Cog-
nitive Science dynamics has been recognized and emphasized as a central issue
in describing cognitive processes; for example, (Port and Gelder, 1995; Kelso,
1995). Van Gelder and Port (1995) emphasize and position dynamics as op-
posed to the symbolic/computational approach and the connectionist approach.
The Dynamical Systems Theory (DST) is advocated as a new paradigm that is
better suited to the dynamic aspects of cognition.

The notion of a state-determined system lies at the heart of DST. This type
of system is based on the assumption that properties of a given state fully de-
termine the properties of future states. Taking this assumption as a premise, in
this paper the explanatory problem of dynamics is analysed in more detail. The
analysis of four cases within different disciplines (Cognitive Science, Physics,
Mathematics, Computer Science) shows how in history this perspective has led
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to a number of often used concepts within these disciplines. In Cognitive Science
the concepts desire and intention were introduced, and in classical mechanics
the concepts momentum, energy, and force. Similarly, in Mathematics a num-
ber of concepts have been developed to formalise the state-determined system
assumption. Derivatives (of different orders) of a function, and Taylor approxi-
mations are examples of such concepts. Furthermore, also transition systems, a
currently (within Computer Science and related areas) popular format for speci-
fication of dynamic systems can be interpreted from this perspective. One of the
main contributions of the paper is that the case studies provide a unified view
on the explanation of dynamics across the chosen disciplines. All approaches to
dynamics analysed in this paper share the state-determined system assumption
and the (explicit or implicit) use of anticipatory state properties. Thus it places
explanation and modelling of cognitive phenomena on one line with explanation
and modelling of other phenomena in Nature.

Within Cognitive Science realism is one of the problems identified for the sym-
bolic/computational approach, i.e., how do internal states described by symbols
relate to the real world in a natural manner. As DST is proposed as an alter-
native to the symbolic/computational approach, a natural question is whether
for DST the realism of the states can be better guaranteed. As a second main
contribution the paper provides an evaluation of DST compared to the sym-
bolic/computational approach, which shows that in this respect, i.e., for the
realism problem, DST does not provide a better solution than the other ap-
proaches. This shows that DST and the symbolic/computational approach not
only have the state-determined system assumption and the use of anticipatory
state properties in common, but also the realism problem.

2 Dynamical Systems Require Anticipatory State
Properties

Assuming that the world (including the mental world) occurs in different states
(i.e., states at different points in time that differ in some of their state proper-
ties), and given a particular state that just changed with respect to some of its
state properties, it is natural to ask for an explanation of why these new state
properties occurred. In a state-based approach, as a source for such an explana-
tion, state properties found in the previous state form a first candidate, and for
dynamical systems they are assumed to form the only candidate source. Thus,
to analyse the claims underlying Dynamical Systems Theory, a main question
becomes how to determine for a certain state that it is going to change to a
different state, and, more specifically, how to determine (on the basis of some of
the state properties in the given state) those state properties for which the new
state will differ from the given one. This poses the challenge to identify state
properties (or combinations of state properties) occurring in a given state that
in some way or the other indicate which of the (other) occurring state properties
will be different in a subsequent state; by having these properties the state an-
ticipates on the next state: anticipatory state properties. If such state properties
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(historically sometimes called potentialities) are given, anticipation to change is
somehow encoded in a state. The existence of such properties is the crucial factor
for the validity of the assumptions underlying the Dynamical Systems Theory.
In Ashby (1960), a similar claim is expressed as follows:

‘Because of its importance, science searches persistently for the state-determined. As a
working guide, the scientist has for some centuries followed the hypothesis that, given a set
of variables, he can always find a larger set that (1) includes the given variables, and (2) is
state-determined. Much research work consists of trying to identify such a larger set, for when
it is too small, important variables will be left out of account, and the behaviour of the set will
be capricious. The assumption that such a larger set exists is implicit in almost all science,
but, being fundamental, it is seldom mentioned explicitly.” (Ashby, 1960), p. 28.

Ashby refers to Temple (1942) and Laplace (1825) for support of his claims.
He distinguishes phenomena at a macroscopic level for which his claim is assumed
to hold from phenomena at the atomic level, for which the claim turns out not

to hold.

3 Explaining Changed States by Introducing
Potentialities

In this section only concepts that relate to states are included in the ontology
to conceptualise reality. We focus on the possibility to include concepts in the
ontology to conceptualise states that are useful to describe properties of changed
states. Aristotle did introduce such a concept; he called it potentiality (to move),
or movable. The difference between the arrow at rest and the snapshot of the
moving arrow at time t at position P is that the former has no potentiality to be
at P’ whereas the latter has. This explains why at a next instant t’ the former
arrow is still where it was, at P, while the latter arrow is at a different position P’:

Why is the arrow at t’ at position P’?

The arrow is at position P’ at t’ because

at t it was at position P, and

at t it had the potentiality to be at P’, and

at t nothing in the world excluded it to be at P’

Aristotle did not only consider changes of positions (due to locomotion), but
also, for example, a young man becoming an old man, and a cold object be-
coming hot. For each of these types of changes a specific type of potentiality is
considered; e.g., the potentiality to be at position P’, the potentiality (of a young
man) to be an old man, the potentiality (of a cold object) to be hot. In general,
if the potentiality (occurring in a state S) to have state property X has led to
a state S’ where indeed X holds, then this state property X of state S’ is called
the fulfilment or actualisation of the potentiality for X occurring in state S.
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4 Mental State Properties as Potentialities

In the previous section the examples refer to motion of non-living objects. An-
other type of motion to be explained is motion of a living being. Often used
explanations of human (or animal) actions refer to internal mental states. For
example, for a person B which has the capability to move:

Why is person B at t’ at position P’?

Person B is at position P’ at t’ because

person B was at position P at t, and

at t person B had the desire to be at P’, and

at t nothing in the world excluded B from being at P’

The type of explanation discussed in Section 3 has some similarity to an
explanation of human behaviour from internal mental state properties such as
desires. In the example, the desire (which is often considered as a kind of future-
directed mental state property) plays a role similar to that of the potentiality
for being at P’. Indeed this similarity can be traced back in history, for example,
to Aristotle. For example:

Now we see that the living creature is moved by intellect, imagination, purpose, wish,
and appetite. And all these are reducible to mind and desire. (Aristotle, 350 BC, De Motu

Animalium), Part 6

He describes what today is often called means-end reasoning. He explicitly sum-
marises that ‘things in the soul’ control action:

Now there are three things in the soul which control action and truth - sensation, reason,
desire. Of these sensation originates no action; this is plain from the fact that the lower
animals have sensation but no share in action. (Aristotle, 350 BC, Nicomachean Ethics), Book
VI, Part 2

Based on Aristotle’s analysis the pattern to explain motion of animals or humans
is as follows:

at any point in time

if A has a desire D

and A has the belief that X is a (or: the best) means to achieve D
then A will do X

This form of analysis has been called ‘practical syllogism’.

5 Giving Potentialities a Place in Physics

In later times successors of Aristotle, such as René Descartes (1596-1650), Chris-
tiaan Huygens (1629-1695), Isaac Newton (1643-1727) and Gottfried Wilhelm
Leibniz (1646-1716), among others, have addressed the question how to further
develop the phenomenon of change or dynamics and, in particular, the concept
potentiality within physics. Contributions of these will be discussed in this sec-
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tion and in Treur (2005); for more specific references, see there. Indeed they
succeeded in giving certain types of potentialities a well-respected place in mod-
ern physics (actually in more than one way).

5.1 Potentialities in Physics

Descartes took the product of mass and velocity of an object as an appropriate
foundation for its potentiality to be in a changed position, or quantity of motion.
Thus he related the vague concept potentiality to other, better known concepts.
Notice that this anticipatory state property ‘quantity of motion’ is a relative
potentiality: the actualisation of a given quantity of motion entails being at
another position as specified by this quantity relative to the current position
(and not as being at some absolutely specified position). Descartes also expresses
a law of conservation for this quantity of motion.

In modern physics this ‘quantity of motion’ concept is called linear momen-
tum, or just momentum, and the conservation, for example, during elastic colli-
sions, is called the ‘law of momentum conservation’. Newton incorporated this
notion in his approach to motion. This is one way in which a concept ‘poten-
tiality’ was given a well-respected place in physics, in particular in classical
mechanics.

Huygens (1629-1695), and later his student Leibniz (1646-1716), used a dif-
ferent way to give a concept ‘potentiality’ a place in physics. Leibniz called this
concept vis viva (living force) or motive force, or moving force, or force of mo-
tion, or simply force or power. Leibniz claimed that the potentiaility ‘motive
force’ was propertional not with velocity as in the case of ‘quantity of motion’,
but with the square of velocity. In this way Leibniz put the foundation for the
law of conservation of energy, in this case involving kinetic energy (which actu-
ally was later taken 1/2 mv?) and potential energy, and exchange between the
two. For more details, see the extended version Treur (2005).

5.2 What Kind of State Property Is a Potentiality?

Within physics, potentialities have found their place in different manners. Basic
concepts in classical mechanics such as momentum, kinetic energy and force can
be considered variants of potentialities. In Section 5.1 the first two of these con-
cepts are discussed; the concept force will be discussed in Treur (2005) in the
context of higher-order potentialities and exchange of potentialities by interac-
tion. Both for momentum and kinetic energy a conservation law has been found,
and both concepts can be expressed in terms of mass and velocity. Does this
mean that in these two forms, potentialities have become genuine state proper-
ties, which are even definable in terms of other state properties? Even leaving
relativity theory aside, this is not a simple question. A straightforward answer
would be: indeed, potentialities are genuine state properties because they are
defined in terms of mass and velocity which are assumed to be genuine state
properties. For the sake of simplicity accepting this claim for mass, a question,
however, remains what kind of state property velocity is.
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A first approach is to take velocity to be distance traversed divided by time
passed over some chosen time interval from t’ to t; i.e.: v = (x(t) — x(t")) /(t — t’).
This definition involves states at different points in time, so it is not based on
one state at one time point. This notion of velocity actually is velocity over the
given time interval from t’ to t, so a property of a sequence of states indexed by
the time points of the interval, or, to simplify it a bit, a property of a pair of
states for the starting point and the end point of the time interval. This is not
what one would call a genuine state property.

A second approach is to identify velocity at some point in time with what
a speedometer displays. Indeed at a point in time t the position of the pointer
of a speedometer is a genuine state property. Would this offer an appropriate
solution? A first objection may be that this property is just the position of
the pointer, not velocity. For every type of object and speedometer a different
state concept would arise: think of speedometers for cars compared to those of
airplanes, ships, rockets; and what about the velocity of a bird or an approaching
meteor. Even if for a certain class of objects, such as cars, a standardisation
would be reached for a speedometer, then still the position of the pointer of
the speedometer is itself not velocity; at most it has a relation to velocity. In
particular, the pointer position itself does not affect the (changed) position of
the car at the next instant; velocity does affect this position. However, for such a
relation between pointer position and velocity we are still in need for a genuine
state property velocity; apparantly this problem was not solved by the pointer
position.

As a further objection, the position of the pointer of a speedometer results
from (or is affected by) the actual motion, so there is a small time delay between
having some velocity and what the pointer displays. Therefore the pointer actu-
ally indicates speed over time points t* < t, which, although close to t are not
equal to t. Thus the pointer position, which is a state property of the state at t,
actually relates to states at t’ < t , so even if it would be related to a certain
velocity state property, this would be a state property of the state at some t’ < t,
not a state property of the state at t. This makes clear that the speedometer
concept will not help to make velocity a genuine state property of the state at t.

A third approach is what is sometimes called the notion of instantaneous ve-
locity. In modern physics and mathematics, for continuous processes that satisfy
sufficiently strong conditions of smoothness, this is usually defined as a limit:

v(t) = limpy (x(t) - x(8)) / (¢ - )

Note that this limit is defined in terms of the whole family or sequence of
states around t, i.e., in terms of the state properties x(t’) for all t’ in a neigh-
bourhood of t. In mathematical terms this limit can be defined as

Ve 030 >0V8 [0 < |t -t ] <d=| (x(t)) - x(t) /(£ -1)-v(t) ] <é]

It is clear that this statement refers to a whole sequence of states for time
points t” around t. In this sense the notion of instantaneous velocity does not pro-
vide a better solution for a foundation of potentialities as genuine state properties
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than the other two approaches. Moreover, behind the assumption of smoothness
some further assumptions are hidden, namely, to obtain such smoothness, either
some inertia of speed has to be assumed (e.g., in free space), or otherwise a type
of persistence of other state properties inducing velocity, which may be strongly
situation-dependent.

In summary, it turns out that for all three approaches discussed the notion
used to define potentiality for a state at one time point t takes into account
different states, not only the one state at t. So, do we have to admit that ad-
dressing motion and change by extending the state ontology by some form of
additional state properties for potentialities has failed? The answer on this ques-
tion seems to be: yes and no. The answer is ‘yes’ in the sense that in the three
possibilities considered there has not been found anything physically real in the
state as a basis for a potentiality as a genuine state property. The answer is ‘no’
in the sense that the historical developments as discussed in this section have
provided quite powerful mathematical means (calculus, differential equations) to
model all kinds of problems in diverse application areas. In our daily life we all
rely on artefacts constructed using classical mechanics; e.g., bridges, buildings,
transportation means. Given that this conceptual machinery works quite well
in predictions, makes that the question is still there: what is it that makes this
machinery so successful?

6 Transition Systems and Potentialities

An often used method (in Computer Science and related areas) to specify how
a state in a system may change is known as ‘transition systems’. These are
collections of specifications that each consist of a pair (p,1), also denoted as
¢ — 1 and sometimes called a transition rule with antecedent ¢ and con-
sequent 1. In this specification:

— the first description ¢ indicates a combination of state properties for the
current state

— the second description v indicates one or more state properties for the next
state

The idea is that if the combination of properties specified in the first description
holds in a (current) state, then in a next state the properties specified by the
second description will hold. This is illustrated by a simple model of agent be-
haviour based on beliefs desires and intentions. Consider an agent walking down
a street and observing an ice cream sign at the supermarket across the street
he believes the supermarket sells ice cream. Based on this belief (b1) the agent
generates a desire (d) for ice cream. Given this desire, and the belief (b2) that
the supermarket is reachable (by crossing the street) the agent generates the
intention (i) of having ice cream. Given this intention and the belief (b3) that
no traffic is on the street he actually crosses the street and obtains the ice cream
(e). In this case the state ontology is described by six basic state properties: b1,
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b2, b3, d, i, e. The simple scenario can be described in transition system format
as follows:

bl — d
b2Ad—i
b3 Ai— e

Based on such a specification a trace of subsequent states is made as follows.

— Given a current state S, take the transition rules for which the antecedent
holds in the current state. This is the set of applicable rules.

— Collect the consequents of all applicable rules and obtain the next state S’
by modifying S so that all these consequents hold in S’ (and the rest of S is
persisting).

So, for example, the subsequent states for a given initial state for which the three
beliefs hold are as follows:

0 [b1, b2, b3]

1 [b1, b2, b3, d]

2 [bl, b2, b3, d, i

3 [bl, b2, b3, d, i, €]

How can this be interpreted in terms of potentialities. For example, consider state
1. As in the next state, state 2, state property i holds, in state 1 the potentiality
for i to hold has to be present. On the other hand, i occurs in state 2 because of
the second transition rule. Taken together this means that this transition rule
can be interpreted for state 1 as indicating that, due to the occurrence of both b2
and d in this state, also the potentiality p(i) for i occurs in state 1. Similarly the
other transition rules can be interpreted as indications of which potentialities
occur in a given state. In general, according to this interpretation a transition
system specifies for each state which potentialities occur: for each transition
rule ¢ — 1, if in a state S its antecedent ¢ holds, then in this state S
also the potentialities p(¢)) for ¥ occur. Thus a transition rule ¢ — @ can
be interpreted as an implication ¢ = — p(¢), describing a logical relationship
between state properties in a given state. In the example scenario the subsequent
states can be described as follows:

0 [bl, b2, b3, p(d)]

1 [bl, b2, b3, d, p(i)]

2 [bl, b2, b3, d, i, p(e)]
3 [bl, b2, b3, d, i, €]

In principle, other variants of transition systems are possible as well, for ex-
ample, for nondeterministic behaviour where only one (choice of an) applicable
transition rule at a time is applied. The analysis of such variants is similar.
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7 Conclusion

Dynamical Systems Theory (DST) has recently been put forward in Cognitive
Science as an approach to the dynamics of cognitive processes, and proposed
as an alternative for the symbolic/computational approach; for example, (Port
and Gelder, 1995; Kelso, 1995; Gelder and Port, 1995). The notion of a state-
determined system (Ashby, 1952) is central for DST; such a system is based on
the assumption that properties of a given state fully determine the properties
of future states. As DST has been advocated as a better alternative to sym-
bolic/computational approaches, the question may be raised whether this fun-
damental assumption is what makes it distinctive from these other approaches.
The answer to this question has been shown to be ‘no’. It turns out that the
state-determined system assumption, and the use of anticipatory state proper-
ties it entails, unifies different approaches to cognitive processes that are often
seen as mutually exclusive. Moreover, it places the explanation and modelling
of cognitive phenemena on one line with the explanation and modelling of other
phenomena in Nature.

As within Cognitive Science one of the problems identified for the sym-
bolic/computational approach is the problem of realism (i.e., how do internal
states described by symbols relate to the real world in a natural manner), a
further relevant question is in how far DST does better in this respect than the
symbolic/computational approach: in how far is the realism of the states better
guaranteed by DST.

Thus for the explanatory pattern for dynamics based on anticipatory state
properties that is considered here, the commonalities were summarised for ap-
plicability in the different scientific disciplines Cognitive Science, Physics, Math-
ematics and Computer Science. One of the main contributions of the paper is
that this provides a unified view on the explanation of dynamics across these
different disciplines. This unified view is at a high level of abstraction; it does
not deny that at more detailed levels there are differences between these disci-
plines as well. For example, some of the disciplines (Physics, Mathematics) allow
for an appropriate form of quantification, whereas for other disciplines (Cogni-
tive Science, Computer Science) such a quantification is not possible, or at least
debatable.

The different examples in different disciplines show that the postulation of
new anticipatory state properties in addition to the basic state ontology is a
fruitful approach to describe dynamics based on the state-determined system
assumption, as DST does. The question in how far these additional ‘synthetic’
state properties are genuine or ‘real’ state properties was shown to be a hard
question that is not simple to answer, even in Physics. Nevertheless, the fruitful-
ness of having such state properties added is uncontroversial; for example we all
trust artefacts in our environment that were constructed based on physics and
mathematics using such state properties.

Given the assumption on state-determinedness, anticipatory state properties
are essential to DST. In an explanatory context the question of realism of these
anticipatory state properties in DST has to be answered. The analysis made in
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this paper, however, answers this question negatively. It is shown that even in
Physics the foundational question on whether such postulated anticipatory state
properties are genuine, real state properties cannot be answered positively.

As an evaluation of DST compared to the symbolic/computational approach,
this shows that not only the two types of approaches have the assumption of
state-determined systems, and the use of anticipatory state properties in com-
mon, but also share the realism problem: DST does not provide a better solu-
tion than the symbolic/computational approach. However, the investigations in
the history of other scientific disciplines also have shown that this shortcoming
does not necessarily stand in the way of fruitfulness of any of these approaches
within Cognitive Science. It may well be the case that DST will develop fur-
ther, especially to address cases where the timing aspects are crucial, whereas
symbolic/computational approaches will still develop further for other cases, for
example, where more complex types of states are relevant, such as in reasoning
or language processing.

Given that the approaches are not as exclusive as sometimes suggested, as
shown by the commonalities found in this paper, integrated approaches will be
developed, in which both DST aspects and symbolic aspects can be covered.
Proposals for such integrated approaches can already be found, for example, in
Sun (2002), or Jonker and Treur (2002, 2003) and Jonker, Treur, and de Vries
(2002). In Jonker and Treur (2002) it is shown how the expressive temporal
symbolic language TTL can be used to model cognitive phenomena, including
their quantitative and continuous temporal aspects, and it is shown how DST
techniques fit in this language. Sun (2002) claims that quantitative, continuous
modelling approaches (such as DST) are suitable to address the implicit, non-
representational internal agent states, whereas symbolic, discrete approaches are
suitable for more explicit, representational internal agent states. He also shows
the crucial role of the interaction between the two types of states, and is an
advocate of hybrid modelling approaches where both types of aspects play a
role.

Potentialities as postulated state properties often have relationships to other
state properties of the state in which they occur (they can be said to be re-
alised by these other state properties). But potentialities usually also relate, in
a temporal manner, to state properties in other (past and future) states. These
realisation relationships and temporal relationships can be exploited to obtain a
further analysis of the foundational question. Such a further analysis is the focus
of current research.
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A Novel Intrinsic Wave Phenomenon in Low
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Abstract. Based on a novel concept of a functional unit a mathemati-
cal model of a segment of the gut is developed. Numerical investigation
into the dynamics of the electromechanical wave phenomenon reveals the
fundamental principles of wave initiation, formation, and propagation
along electrically anisotropic longitudinal and isotropic circular smooth
muscle syncytia. A pattern of self-sustained electrical activity with the
formation of spiral waves is discovered in the longitudinal syncytia and
is attributed to the change in conductivity in the syncytia as a result
of mechanical deformation of smooth muscle fibers. Although no direct
experimental comparison to the theoretical findings is possible at this
stage, the model provides new insight onto the basics of physiological pro-
cesses — slow wave activity, electromechanical conjugation, and a clinical
entity, gastrointestinal dysrhythmias.

1 Introduction

Electromechanical conjugation, a fundamental neuromuscular phenomenon in
the gut, is responsible for the major motor functions, mixing, grinding, and
propulsion of the intraluminal content. The temporal and spatial pattern of
conduction of electrical activity determines to a large extent the type of contrac-
tions of the organ. Motility studies have long been dominated by single-electrode
and/or intraluminal pressure recordings. Recently, however, there have been de-
partures from this tradition. Thus, with the application of high resolution electri-
cal mapping technique it has become possible to reconstruct a variety of modes
of the spread of excitation within the smooth muscle layers of the gut [IT}12].
Multiple foci of electrical activity along with the formation of self-sustaining
waves have been found. Clinically identified as spontaneous gastrointestinal dys-
rhythmias they are attributed to manifestations of diabetes, anorexia nervosa,
overabundance of prostaglandins, and drug overdose, e.g., erythromycin or at-
ropine [IL6L[7]. As a possible mechanism of the initiation, wandering pacemaker
activity and/or abnormal conduction — the analogous events that are respon-
sible for trigger and reentry phenomenon in the heart — have been proposed.
However, the primary pathological feature of reentry in heart muscle is either a
myocardial ischemia or an ectopic beat. The first condition is incompatible with
viability of the gut, while the exact role of the second proposed mechanism in a
low excitable smooth muscle syncytium is uncertain.

J. Mira and J.R. Alvarez (Eds.): IWINAC 2005, LNCS 3561, pp. 38-E7 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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Much of the theoretical work in intestinal motility has concentrated on the
separate analysis of the mechanical aspects of the phenomenon [3,4], and only a
few studies have been dedicated to model the electrical processes [2[16]. These
(and many other) models have shed light on some of the general mechanisms of
the propagation of action potentials, slow wave and bursting activity, migrating
motor complex, and shape change of the organ. However, they do not reveal the
fundamental principles of the origination and propagation of the electromechan-
ical wave phenomenon in the gut. One regrettable consequence of this deficit lies
in the prominence of gastrointestinal dysfunction in medicine and the limited
effectiveness of existing methods to treat it.

It is our intention here to formulate a mathematical model of a segment of
the gut and to study the dynamics of the electromechanical wave propagation
within it. We provide numerical results of normal and self-sustained spiral wave
formation in the electrically anisotropic longitudinal smooth muscle layer and
attempt to expose the fundamental physiological processes underlying its cause.
To maintain focus on key ideas and to avoid unnecessary repetition in the dis-
cussion of general physiological facts, which support the basic scientific concepts
implemented in the model, we omit the topics, which are relevant to our subject
but have been analyzed in full detail in our previous publications [13]-[17].

2 Model Assumptions

The principle anatomical, morphological, electrophysiological, and mechanical
properties of organization of the functional unit, a segment of the gut, are spec-
ified as the following assumptions:

A1l. The functional unit is the underformed tubular locus of a given length
and radius is modeled as a thin soft orthotropic shell.

A2. The wall of the unit is composed of two muscle layers, embedded into
the connective tissue network. Muscle fibers in the outer layer are oriented in
the longitudinal direction of the organ and muscle fibers of the inner layer are
arranged in an orthogonal, circular direction. Mechanical properties are different
for the two layers but are assumed to be uniform along the wall. The constitutive
relationships for the biocomposite are nonlinear and are an approximation of
experimental data. Deformations are finite.

A3. Both muscle layers are electrogenic, two-dimensional bisyncytia with elec-
trical cable properties: the outer layer exhibits anisotropic and the inner layer
has isotropic electrical properties.

A4. Smooth muscle cells form a continuum of spatially distributed autono-
mous oscillators connected weakly and homogeneously to form a syncytium. All
oscillators can be divided into pools according to their natural frequencies. If
two oscillators have nearly equal frequency, they weakly communicate in the
sense that the phase of one of them is sensitive to the phase of the other. If two
oscillators have equal frequencies then they are strongly connected; and if two
oscillators have essentially different frequencies then their phases uncouple and
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they are disconnected. Strong connections among pools are frequency modulated.
Each oscillator is in a stable (silent) state. Transition to an excitable state occurs
as a result of an external input.

A5. The electrical activity of the myogenic syncytium, either slow wave or
bursting, represents the integrated function of ion channels, presumably: a) Ca?*
channels of L- and T- types, b) Ca?T-activated KT channels and potential sensi-
tive KT channels, and c¢) leak CI~ channels. Slow waves have a natural frequencys;
the discharge of pacemaker cells (ICC-MP) is responsible for their generation.

A6. ICC-MP modulate the properties of L-type Ca?* channels via cholinergic
synapses; this effect is mainly chronotropic with an increase in the time of perme-
ability for calcium ions. The synapses are modeled as a null-dimensional three-
compartment open pharmacokinetic model. All chemical reactions of neuro-
transmitter transformation are described by Michaelis-Menten kinetics.

A7. Electromechanical coupling in muscle layers with the generation of defor-
mation and forces are considered a consequence of the evolution of the excitatory
wave. It assumes that the ”internal” Ca?*, which enters the cell during the pe-
riod of excitation, activates the contractile protein system.

The above basic physiological assumptions have been implemented in the
mathematical formulation, numerical algorithm and the computational plat-
form — Gut Discovery©(Ain Company, LLC, USA; www.aincompany.com). The
following results of numerical simulations have been obtained using
Gut Discovery©.

3 Results

Under normal resting physiological conditions, the functional unit displays stable
periodic electrical activity, which is a result of the dynamic interplay of the ion
currents through the L- and T-type Ca?t, Ca?T-activated K+, K*, and leak
Cl~ channels. As a consequence of the balanced activity of the ionic currents,
slow oscillations of the membrane potential (¢) are generated. They have a
frequency 0.18 Hz and constant amplitude of approximately 25 mV. The wave
of depolarization achieves its maximum, exhibits a short plateau of duration,
and decreases slowly to the resting value, o= -51 mV.

Discharges of the interstitial cell of Cajal (MP) located on the left bound-
ary of the functional unit precedes electrochemical coupling at the ICC-MP-
syncytium synapse. The depolarization of the presynaptic membrane activates
a short-term influx of calcium into the terminal. The concentration of cytosolic
Discharges of the interstitial cell of Cajal (MP) located on the left boundary of
the functional unit precedes electrochemical coupling at the ICC-MP - syncytium
synapse. The depolarization of the presynaptic membrane activates a short-term
influx of calcium into the terminal. The concentration of cytosolic C'a?* rises to
5.55 mM and is sufficient to initiate vesicular acetylcholine (ACh) release. With
the achievement of a sufficient free concentration, the release of acetylcholine
into the synaptic cleft begins. The main part of acetylcholine in the cleft reaches
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the postsynaptic membrane and reacts with the choline receptors on the soma
of the secondary sensory neuron and causes the generation of fast excitatory
postsynaptic potentials (EPSP). The EPSP has the maximum, 87.1 mV. rises to
5.55 mM and is sufficient to initiate vesicular acetylcholine (ACh) release. With
the achievement of a sufficient free concentration, the release of acetylcholine
into the synaptic cleft begins. The main part of acetylcholine in the cleft reaches
the postsynaptic membrane and reacts with the choline receptors on the soma
of the secondary sensory neuron and causes the generation of fast excitatory
postsynaptic potentials (EPSP). The EPSP has the maximum, 87.1 mV.

The generated EPSP exceeds the threshold value for the activation of the
smooth muscle syncytia — longitudinal and circular muscle layers. The waves of
depolarization, ¢; and ¢, (subscript [ refers to the longitudinal and subscript ¢
to the circular smooth muscle layers, respectively), have an average amplitude
68-70 mV. The velocity of the wave of excitation is not constant but is associated
with the mechanical deformation of the wall. Thus while the wall of the functional
unit is in underformed state, the wave ¢; has a velocity 0.45 ¢cm/s and ¢, —
0.5 cm/s. In time the velocities of propagation decrease and are: 0.37 cm/s for
¢ and 0.38 cm/s for ¢.. At this time the functional unit of the gut accommodates
three waves of depolarization (fig. [Il). The anisotropic electrical cable properties
of the longitudinal layer make the front of the wave non-uniform, while in the
electrically isotropic circular layer it remains uniform throughout.

The waves of depolarization ¢; and ¢. establish strong connections among
spatially distributed oscillators and cause cyclic transitory changes in their myo-
electrical patterns: a stable slow wave mode transforms to bursting chaos followed
by regular bursting with generation of spikes on the crests of slow waves and
finally converts back to slow wave mode. The frequency and the amplitude of
slow waves remain unchanged throughout. Fast action potentials are generated
at the top of the plateau of slow waves at a frequency of 19.5 Hz, have maximum
amplitude of 72 mV, and oscillate at a frequency of 21 Hz.

The dynamics of the total forces in the longitudinal (7") and circular (7°)
syncytia demonstrates a development of the electromechanical waves of the
length 0.3 cm and amplitude 15.6 g/cm (T%) and 20.6 g/cm (T°), respectively,
close to the left boundary. Because of electrical anisotropy of the longitudinal
layer the anterior front of the wave T* has a form of an ellipse. The front of the
wave T¢ has the shape of a ring of contraction. A uniform wave of contraction is
developed in both muscle layers close to the aboral. However, the contraction in
the outer longitudinal layers exceeds the wave of contraction in the circular lay-
ers. The maximum 7" = 16.9 g/cm and T°¢ = 43.9 g/cm are produced. Strongly
connected oscillators in both syncytia supply a homogeneous stress-strain dis-
tribution in the wall of the bioshell. The active force of contraction has average
amplitude 17.2 g/cm in the longitudinal and 26.9 g/cm in the circular layers. The
waves of contraction propagate in the aboral direction at a velocity 0.08 cm/s.

At t = 13.3 s there are two visible contractions in the smooth muscle syncytia
with the fronts located to 2.7 cm and 0.3 cm in the longitudinal and 2.6 cm and
0.28 cm in the circular layers, respectively. There is a decrease in magnitude of
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Fig. 1. Development of the wave of depolarization (left column) and the total forces
in the longitudinal (middle) and circular (left column) smooth muscle syncytia

total forces 7% and T° to 15.8 g/cm and 18.2 g/cm. At this stage the maximum
amplitude of the wave ¢; and ¢, reduce to 63 mV and it affects the connectivity
among oscillators.

At t = 30 s the wave of depolarization, y;, splits into two separate waves
in the middle part of the functional unit. It is important to note that at this
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Fig. 2. Dynamics of the generation of self-oscillatory activity in smooth muscle syn-
cytium

stage of the dynamic process the deformation of elongation is the highest in this
region. The velocity of the propagation of ¢; is not equal but is slower along the
stretched regions of the bioshell. As the waves of average amplitude 55.7 mV
reach the right boundary they vanish while their tails collide with a significant
rise in the amplitude 70.8 mV. After reflection from the boundary a spike of am-
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plitude 65 mV is generated that propagates backwards. It reaches the middle of
the segment and produces a circular wave (fig.[I). At t = 42.2 s the wave ¢; cov-
ers the entire surface of the gut. Again two tails are seen in the proximity of the
right boundary. They again collide and another set of spiral waves is generated.
The process is repeated as above. The amplitude of the spiral waves are above
65 mV and provide strong connections among the spatially-distributed oscilla-
tors. Therefore, the pattern of electrical activity causes retrograde propagation
of the mechanical wave of contraction-relaxation in the longitudinal syncytium.
Above changes with the formation of the self-sustained spiral waves are not pro-
duced in the electrically isotropic circular smooth muscle layer. There is a split
of the wave of depolarization, ., at any time of the dynamic process. The wave
. reach the right unexcitable boundary of the functional unit and abolish.

3.1 Effect of Lidocaine N-Ethyl Bromide Quaternary Salt QX-314

In an attempt to convert the system back to normal, i.e., the aboral spread of
the electromechanical wave, we simulated the effect of a sodium channel blocker,
Lidocaine. Quaternary Lidocaine derivative blocks both fast, Na™-dependent ac-
tion potentials and voltage-dependent, non-inactivating Na™ conductance. Its ef-
fect has been achieved in the system by decreasing the parameter of permeability
of sodium channels, g, = 0 mSm/cm? (normal value) to 70 and 50 (mSm/cm?),
respectively. A slight decrease in gy, does not affect the dynamics of the elec-
trochemical processes. The self-excitatory spiral wave activity persists. Further
decrease in permeability of sodium channels, gy, = 0 mSm/cm?, abolishes the
generation of the wave of excitation ¢;, and the spiral wave phenomenon. The
segment of the gut returns to a silent state.

4 Discussion

Since the ”rediscovery” of the migrating complex phenomenon it has been the
subject of enormous scientific research and debate [I8]. Much of in vivo and in
vitro work has been done on the investigation into the physiology of the phe-
nomenon and its role in the pathogenesis of gastrointestinal motor dysfunction.
The scientific explanations to the questions about the origin, propagation, effects
of the intrinsic and extrinsic regulatory mechanisms, neurotransmitter involve-
ment have been proposed. It has been postulated that the complex is a result
of interrelated electrical — slow wave and spiking, and mechanical-contractions
of smooth muscle, processes. Based on a pure visual perception and a pri-
oriassumptions of the propagation rather than a scientific analysis of the event,
the terminology and quantitative measures from physics of waves (e.g., veloc-
ity, frequency, amplitude, etc) have been adopted to describe the dynamics of
migration. However, whether slow waves and the migrating complex are indeed
propagating phenomena have never been questioned.

If one assumes that slow waves do really propagate, then a simple analysis
of the experimental data indicates that the wavelength of the slow wave varies
within 2-110 cm! The result is based on the fact that frequency of slow waves
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varies between 0.01-0.3 (Hz) and velocity — 0.6-1.1 (cm/s). If we disregard wide-
range variability, which is not unusual in biological observations, the results
imply that smooth muscle syncytia could be viewed as an infinite number of
dispersed areas of myoelectrical activity, which are either connected over a long
distance (110 cm) of the gut or represent spatially distributed units 2 c¢m in
length. The convincing proof of that comes from the experiments on isolated
preparations of smooth muscle syncytia [8/[I1]. Using a brush of (24x10) elec-
trodes arranged in a rectangular array the authors studied patterns of electrical
activity over a large area, and the effect of a single and multiple dispersed pace-
makers on the spatial conduction of the wave of excitation. However, within
the frame of old concepts of gastrointestinal motility no reasonable explanation
was given to their remarkable observations. Thus, a superposition of slow waves
traces obtained simultaneously from 224 points (fig. ) [10] shows that at the
resting state, when no pacemaker activity is present, there are no significant
phase and amplitude differences among all slow waves recorded. This simple
analysis leads to suggestions that: i) smooth muscle syncytium is formed of a
continuum of spatially distributed autonomous oscillators, and ii) slow waves do
not propagate in the silent state.

A spontaneous discharge of a pacemaker preceded the spread of high am-
plitude action potentials on crests of the slow waves. Remarkably, the analysis
of figs. 3 and 6 (see [10]) shows that in excited media slow waves recorded at
different points of the syncytium have equal frequencies. This condition per-
sists with every excitatory input provided by the pacemaker. This experimental
evidence confirms our thought that the external excitatory input connects spa-
tially distributed oscillators. The propagating calcium waves have been offered
as a possible mechanism that sustains the spread of the electromechanical wave.
However, the electrical wave propagates at higher velocity, 2.3-10.8 (cm/s) de-
pending on the species and tissue, compared to the always delayed mechanical
wave of contraction-relaxation that moves at 0.2-0.41 (cm/s) [5]. Also, the in-
tracellular calcium waves cannot provide the extensive, ten-of-inches conduction
within morphologically inhomogeneous smooth muscle syncytia.

Experiments demonstrated that action potentials in smooth muscle propa-
gate over a short distances 1.3-12.8 (cm) [8]. Therefore, another mechanism must
be involved in the efficient spread of the excitation along smooth muscle syn-
cytia. There is compelling evidence of the crucial role of the interstitial cells of
Cajal (ICC-MP) in the generation and the conduction of slow waves. They form
a planar neural network that topographically lies between the elements of the
enteric nervous system and smooth muscle. But the detailed analysis of the ex-
act mechanisms of the coordination of slow wave electrical activity by ICC-MPs
is beyond the scope of this investigation. With our approach we have tried to
eliminate the mistakes and misinterpretations of the physiological findings that
have been dominating the field for several decades.

The concepts and assumptions employed in our model comprise real anatom-
ical, morphological, physiological and pharmacological data about the function
of the longitudinal and circular smooth muscle syncytia of the gut. Despite the
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fact that the syncytia are inherently spatially inhomogeneous, we treat them as
homogeneous low excitable media. The results of numerical simulations provide
an insight into the processes of electromechanical wave formation and suggest a
possible self-sustaining spiral wave phenomenon in electrically anisotropic lon-
gitudinal smooth muscle syncytium. Earlier we studied the effect of mechanical
deformation on the propagation of the electrical wave of excitation in a longitu-
dinal smooth muscle fiber and we found the condition that blocks the spread of
excitation along it [I7]. Extrapolating the result onto a two dimensional syncy-
tia, which possesses cable and oscillatory electrical properties, explains the split
in the wave of depolarization, ;.

Remarkably, the organized wave of contraction is lost in the longitudinal layer
with the development of electrical spiral waves, while the pattern of contractile
activity remains unchanged in the circular smooth muscle layer. The disrupted
mechanical activity could be an explanation to gastrointestinal dysrhythmias
with the failure of propulsive activity.

There is no direct confirmable experimental evidence to our theoretical find-
ings, at the moment. In view of the new concepts formulated above, some existing
data could be re-interpreted to support our results. Thus, what the authors re-
fer to as a spatial distribution of multiple spike patches, (see fig. 2; [I1]) could
actually represent self-sustained electrical activity reproduced numerically. A
mixed pattern of motor activity including ”broad peristaltic, narrower propa-
gated (ripples) and longitudinal muscle rhythmic contractions” (see fig. 2; [5]) is
comparable to the total force dynamics (7") in the longitudinal smooth muscle
syncytium. According to the experimental measurements, the velocity of propa-
gation of the spontaneous wave of contraction is 0.41 cm/s, while the resulting
simulations demonstrate its variability from 0.3 to 0.4 cm/s.

With the model we were able to study the effects of Lidocaine on the dynam-
ics of the propagation of electromechanical waves. Lidocaine effectively blocks
sodium conductance and thus abolishes the spread of the electrical wave along
the syncytium. This pharmacological property has been used successfully to
treat cardiac arrhythmias. The choice of Lidocaine as a pharmacological tool to
suppress self-sustained spiral wave formation in the longitudinal syncytium was
arbitrary. There is no data in medical literature to support the idea that it has
been or can be used in treatment of gastrointestinal dysrhythmias.

5 Conclusion

A mathematical model of the gut has been develo&ed and implemented in form
of a novel computational platform Gut Discovery™ (Ain Company, LLC, USA)
that has demonstrated its effectiveness in the simulation of electromechanical
wave phenomena and pharmacological interventions. A new numerically discov-
ered pattern of self-sustained spiral wave formation in electrically anisotropic
longitudinal smooth muscle syncytium could explain normal and pathological
motor patterns produced by the organ and observed in wvitro. The basis of the
theoretical results needs to be established and verified experimentally. It would
have enormous implication for our understanding of motor disorders of the gut.
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Abstract. In general, this paper concerns the topic “From Artificial
to Natural”, namely the subject “Computational Neuroscience” (with
emphasis on the subsubject “Plasticity”), as well as the subject “Neuro-
informatics” (with emphasis on the subsection “Neurostimulators”). The
paper also includes some basic considerations and real examples related
to the topic “From Natural to Artificial”, namely the subject “Bio-
inspired Circuits and Mechanisms” (“Electronics” and “Sensory and mo-
tor prostheses”).

1 Introduction

The conceptual level of modeling natural mechanisms of psyche means pene-
trating into it from the top to the bottom - from certain psychical functions to
information principles of its physical realization, i.e. from the psychical result to
the information mechanism of its obtaining [1]-[4].

Thus, the conceptual model determines (using top-theme) “the understand-
ing of the relationships between structure and function in biology”.

Information processes taking place in the physical substance of nervous sys-
tem consist of two main classes: purely combinational processes (as unrelated
to memorizing) which occur in sensory organs, organs moving control etc., and
combinational- accumulating processes which occur in the memory.

One should consider that thinking processes as a starting postulate belong to
these processes (including processing of both the input and output information
coming into and out of the memory, respectively); i.e. the memory is also a
thinking medium encircled into the total neural net of the whole nervous system.

Where is the limit of the memory and how is it organized?

We shall consider below the conceptual model of the memory and processes
which occur in it, and direct our attention both to the recognition function relat-
ing to the memory concept as itself and the function of solving problems already
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relating to purposeful thinking as the most important one for metabolism. These
functions are dominating for artificial intelligence problems and the conceptual
model (CM) will, therefore, be of interest within the subject “From Nature to
Artificial”.

2 CM — Memory and Recognition

The memory functions include such concepts as “recognizing”, “remembering”,
“imagining” etc. Unlike perceiving the information from environment, it is suit-
able to represent all these actions as demonstrating the so-called “mental sight”,
i.e. a look which is initialized within the memory and acted as exciting the cer-
tain sensory memorized structures in the memory network, their combination
etc. So, what is this structure?

To answer this question and understand the global defining principle of the
memory organization (that is required for the conceptual model), it is necessary
to start with the basic hypothetical prerequisite which ensues, as it were, from
“common sense” (but doesn’t coordinate with experimental data which it doesn’t
follow since it is impossible to observe sufficiently in general and in details).

And such a prerequisite as the main basic hypothesis is the following one:

“The pattern reconstruction in the memory (imagination, mental sight) is
determined by exciting all its elementary components which took part in the
pattern perception”.

It would be considered as a law of nature, as an immutable but inexplicable
fact. Really, how does it happen that fluctuations of the potential of the neural
net components are transformed to, visible inside (also audible, tangible, palpa-
ble) patterns? But it happens, isn’t it? So, this fact should be the basis for the
further constructions.

These constructions should already result in capability to form the signals
inside the memory. These signals are able to excite the components of the pattern
perceived and fixed in the memory, and there is already no information about this
pattern at the memory input. Concerning this initial information, the internal
exciting signals are the information flow, which is reverse with regard to the
information formed in the memory. Fig. 1 illustrates the aforementioned fact:
memory is represented with its main fields (see below) and the arrows denote
delimitation between the direct and inverse information. So, we conclude that
the “memory” begins, in fact, where the reverse bonds finish. They finish just at
the level of “c¢” conceptors, which repeat “r” receptors. Reverse bonds shouldn’t
extend over “r” receptors since the illusions occur during the mental sight, i.e.
one sees, hears and touches that it isn’t sensed at present time. So, the memory
limit is just positioned between “r” receptors and “c” conceptors; therefore,
duplicating the first ones by the last ones is necessary for it.

The latter ones, “c” conceptors, are actually the smallest sensory components
of the perceived patterns and the most elementary sub-patterns regarding to the
Pattern. These sub-patterns hierarchically and naturally group together into
larger sub-patterns, then the latter ones group in even larger sub-patterns, etc.,
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Fig. 1. Elementary structures of pattern perception, memorizing and recognition

up to the sensory concentration of the whole Pattern in the single structure unit
which denotes only its symbol.

Thus, when constructed information signals enter the memory from outside,
the nonlinear pyramidal model of the pattern expressed by this information will
be constructed in the memory. The down-going reverse bonds from the top of
the pattern pyramid up to its base (consisting of conceptors which repeat input
receptors) are necessary for memorizing the pattern, i.e. for making possible the
pattern reconstruction by “mental sight” according to the aforementioned main
hypothesis. So, the model of the concrete pattern, both as an object and as a
structure in the memory, is the pyramid hierarchical construction with up-going
convergent inductive (from partial to general) bonds and down-going divergent
deductive (from general to partial) bonds.

The memory as a whole consists of the set of such models as the memory
loops associatively bound by the general components. The memory is a structural
realization of the semantic network as a system with knowledge fixed in it.

The aforementioned fact can be illustrated with the network, which is enough
simple for visualization (Fig. 1). The network consists of fully constructed (i.e.
fixed in the memory) ABCD pattern and CDEF pattern entered into the memory
but not fixed in it.

It is caused by the fact that the pyramid (i.e. the model) of the ABCD
pattern already has reverse bonds and pyramid of the CDEF pattern isn’t still
constructed in full.

These patterns have one general CD sub-pattern which is the associative ele-
ment of both pyramids. Such using of the general parts of the pattern provides:
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first, economy of constructing the semantic structures in the memory; second,
spontaneous (i.e. self-originated) parallelism during processing the pattern in-
formation in it that is essentially favorable for effectiveness of this processing
(see below). Finishing the construction of the CDEF pattern means creating the
reverse bonds in it (shown via dotted line).

Finishing the construction, i.e. changing the model of demonstrated pattern
into the memorized one, can be performed by several successive demonstrations
of the same pattern that results in beating the genetically innate reverse bonds
or even in their appearance.

The creation of the pattern structures in the memory (models) is scientif-
ically valid. The aforementioned conception on constructing these structures,
nevertheless, requires the following plausible hypothesis: constructing the direct
up-going bonds for perceiving the concrete patterns by the memory precedes an
appearance of the reverse down-going bonds which ensure their memorization
(see the main hypothesis) by learning.

Thus, a brain memory medium of a new-born child (or other individuals
with enough developed nervous system) is already saturated by bonds needed
to obtain the information from organs of sense. The memory itself is originated
in full by constructing the already reverse bonds in metabolic process begun
from the birthday (and while preparing the relevant capabilities even before it).
Therefore, the brain as the thinking mechanism creates itself but under the envi-
ronment impact. Let rather look aside and notice that so-called innate abilities
are apparently caused by peculiarities of the genetically innate direct bonds.
The demonstration of these abilities (as the construction of the relevant full
pattern structures in the memory) already occurs as a result of learning; i.e.
phenomenal talents appear as a result of coincidence of two factors: the geneti-
cally constructed relevant structures in the memory Medium and its subsequent
learning as an impact of external factors.

As a consequence, the brain’s memory in its conceptual representation is a
hierarchical semantic network restricted from above with ending of ascending
connections (straight lines coming from sensory organs) and from bottom - with
ending of backward connections to structure units, which directly perceive infor-
mation entering the memory (formed with specific sensory organs from specific
signals). And whole thinking from simple recognition of pattern information to
its analysis and synthesis and subsequent actions on sets of patterns, connected
with creation and transformation of different situations, are performed in the
closed restricted space, connected with dual-side informational links with exter-
nal (toward it) environment. The first link is intended for information perceiving
from the environment, the second - for information (directing, informative and
other, created directly in memory) production into the environment.

Now we consider recognition as the simplest psychical function, which deter-
mines the presence of the model of the recognized pattern in the memory as its
definite structure.

If such structure exists (e.g. abcd model described in Fig. 2) then the sec-
ondary spike of exciting this structure already passed by the reverse bonds will
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Fig. 2. Model’s work result of pattern recognition process: a) Inputs to memory onto

elementary conceptores (receptors exits) b) Lower lever elementary conceptors’ output

with presence of backward links c¢) Lower lever elementary conceptors’ output with

presence of broken backward links

take place after presenting the prototype of the structure and its switching-off,.

It means implementing the “mental sight” i.e. recognizing the presented pattern

in accordance with the main hypothesis. If the fully reverse bonds are absent,

i.e. the pattern isn’t filled in (such as cdef in Fig. 2) the secondary spike will not

take place.
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Thus, it is hypothetically claimed that recognition of the demonstrated pat-
tern is determined with the secondary spike of exciting the relevant structure as
its remembrance.

This hypothesis in supported by modeling of the components of the olfactory
sensory system (performed by neurophysiologist G.S. Voronkov (Moscow State
University, Russia). Results of computational experiment represented on Fig. 2
were obtained by PhD students (Tkachuk. S, Yamborak R., Yamborak V.), with
assistance of biological network modeling tools developed by them (the secondary
spike doesn’t occur if the existing reverse bonds in the olfactory sensory system
are interrupted and it obviously occurs if the reverse bonds exist, i.e. there is the
full model of the demonstrated pattern in the memory). Since exciting processes
can be both probabilistic and possibilistic, the results are not defined in full and
misoperations (e.g. due to associative bonds (cdef) between the models of two
patterns) are certainly possible in a recognizing process. But this indeed takes
place in fact.

“Recognizing” in the presented above interpretation is the function imple-
mented quite automatically in any living organism, which has the relevant ner-
vous system. The implementation of this function in the broad sense of this
term already including “comprehension” should relate to the thinking process in
which described actions are implemented only as its first stage. During the con-
struction of mathematical models of memory patterns the apparatus of growing
pyramidal networks [5] can be effectively used, as a type of semantic networks.

3 CM — Memory and Purposeful Thinking

Introduced conception of pattern structures in the memory as their models is
general for all thinking functions since it is a basis for organizing all the memory.

It is very important for modeling the human thinking processes to consider
the memory as a whole system consisting of two subsystems: sensory one, lingual
one [2] and higher associative subsystem, which store the patterns and their
lingual notations and notions. The structures of these subsystems are interrelated
by direct and reverse bonds, which define a correspondence between them and
their mutual effect by transfer of the excitation. Note, that language variety is
realized by the additional lingual subsystems, whose structures wouldn’t bind
with the sensory system structures but interact with it only by the structure
of subsystem of single language. The type of bonds between sensory and one or
another lingual subsystems defines capability and the level of recognized thinking
in one or another language.

The process of human thinking, as specified above, is determined by interac-
tion between the sensory and lingual subsystems of the Medium at the cognitive
and intuitive (as uncognitive) levels.

The cognitive thinking is organically bound with the lingual expression of
thoughts, i.e. individual talks, as it were, with himself or herself. Thus, the cog-
nitive thinking is called verbal although the language wouldn’t be a speech. For
example, the relevant signals even enter the organs of speech in the first dom-
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inating case. The principally sequential character of cognitive thinking results
from it, because it is impossible to pronounce more than one thought at the
same time.

In general, the cognitive thoughts are represented by the so-called “complete”
dynamic structures, which integrate the relevant excited structures of the sensory
and lingual subsystems at different levels of their hierarchy.

Excitement of incomplete structures is related to uncognitive thinking, which
isn’t restricted by strong interaction of structures of the sensory and lingual
subsystems.

Therefore, such dynamic structures can arise at once at different levels of
these subsystems not resulted in “pronouncing” the excited “sense”.

So, the amount of information processed (even spontaneously) can be much
greater here than during cognitive thinking.

Furthermore, such combinations can arise at the intuitive thinking level,
which do not have lingual equivalents and so they don’t rise to the consciousness
level (e.g. savage thinking).

Therefore, the component of uncognitive intuitive thinking is of great impor-
tance besides the cognitive component of the purposeful process of solving the
problems (man does think!).

The following hypothesis will be quite natural in accordance with aforemen-
tioned facts [I].

The Problem to be solved is specified in the memory by the models of orig-
inal and goal situations, and its solution is an activated chain of cause-effect
bonds that results in transforming the first one to the second one. The process
of constructing the chain consists of two interrelated processes operating at the
same time: sequential cognitive process (as reasoning) and spontaneous activa-
tion of the structures in the memory by their associative bonds with the models
of the original and goal situations. We shall ignore below the “model” term and
terminologically equate the structure in the memory to the situation itself.

Realizing the problem to be solved (the Problem situation) creates, some
“tension” in the memory, and so the special “problem generator” (PG) [I] term
is very useful for obvious illustrating and considering the process specified in the
hypothesis, which poles are the original and goal situations and its “tension”
maintains the existence of the problem situation.

Creating the activated chain, which locks these poles and means solving the
Problem, liquidates this “tension”, i.e. terminates the PG existence. The links of
the specified chain are intermediate situations between the original and goal sit-
uations (Fig. 3) and they can be defined not only by single-sided transformation
but also by cross-transformation of these situations. However, the locking chain
wouldn’t be created in the continuous process (e.g. if there isn’t enough knowl-
edge in the memory) that promotes creating the new intermediate PG which
defines the break in the constructed chain of its poles locking, i.e. a new pair of
original and goal situations.

The Problem solution can result in creating the new structure (i.e. the new
knowledge) in the memory due to beating the new bonds between its compo-
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nents. If there are enough intension and lifetime of the dynamic structure, this
process is similar to conversion of the information dynamically stored (i.e. as a
short-term memorizing in the statistically fixed memory).

As the “distance” between the original and goal situations decreases due to
creating the links of the required chain, which locks them, increase of the activity
of the second process and the process as a whole can result in avalanche sudden
locking of the PG poles, i.e. solving the Problem as a result of enlightenment.
Furthermore, it can occur quite unexpectedly and accidentally just as a result
of the second process, only if the first process which is the cognitive reasoning
doesn’t exist. The second process occurs nevertheless because PG is already
excited.

Problem situation

A
. N
T s
Initial I Target
situation sttuation

F Y (
Intermediate situations

Fig. 3. Chain of the problems’ solution as a pattern situations transmission

In general, enlightenment is a property of creative processes, which can be
schematically considered as a sequence with step-by-step domination of cognitive
and intuitive thinking [6].

In the first case, the obtained result is comprehended and the new interme-
diate chain (sub-chain) is proposed. In the second case (i.e. at the next stage),
this sub-chain is already reached and changed, if possible, up to obtaining the
final result. Thus, the total process of solving the problem is probabilistic (or
possibilistic) with a wide range of its quantitative characteristics. So, the rate
and the time of its proceeding depend on the degree of the PG excitation and
the complexity of the solved problem, respectively. The fact how man occupies
himself with this problem determines the first factor. The length of the chain of
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interrelated structures, which connect the original and goal situations (i.e. the
distance between them), determines the second one.

In general, the above mentioned conceptual model explains a number of psy-
chological phenomena of the thinking process and illustrates the material sub-
stance of its mechanisms including human talents, erudition, quickness of wit,
inspiration etc.

4 Possibilities of CM Bionic Use

CM, which is constructed using the idea “From Artificial to Natural”, has already
essential bionic value in addition to the cognitive value in accordance with the
idea “From Natural to Artificial”. It makes no sense to apply nature as a whole to
machines (e.g. legs and wheels). For example, when implementing the analogues
of CM characteristics in computer architecture, it is necessary to remember its
destination first of all.

For developing the universal high-performance and high-intellectual comput-
ers (i.e. computers which have enough advanced internal intelligence), it is quite
reasonable to reflect the following characteristics in their architectures (as some
analogues of the main CM principles):

- Distributed processing the information and its operational storage (i.e. pro-
cessing part of the machine is to be some memory-processor medium).

- The two-component machine computational process: first, the successive
one which perceives the user’s tasks, initiates, organizes and controls the process
of their performing; and second, parallel one which is the component of the
total computational process and is responsible for performing the tasks in the
corresponding branch.

- Machine tasks and knowledge representation as semantic and associative
networks realized by graphs and their hierarchical processing; knowledge is rep-
resented by complex date structures at its upper level and in details at the lower
level.

- Possibility to adapt to tasks and to organize the total computational process
step-by-step with its dynamic scheduling and controlling the results obtained at
each step.

The universal computer with the architecture, built on the basis of spec-
ified principles must promote the effective realization of different information
technologies of alternative classes: a symbolism and connectualism including
neural-computer ones. But, in the second case the technologies are realized at
the program models, which can also have sufficiently high characteristics (e.g.
large number of neuron-like elements) and can be structurally realized in part
by paralleling processing in memory-processor medium. Furthermore, such com-
puter must promote the effective technology realizing and integrating where
different technology processes would alternate step-by-step including logic pro-
cessing and learning (e.g. realizing the sequence of “rational” and “intuitive”
conclusions [6]-[7]).
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A new class of multimicroprocessor cluster computers with specified prop-
erties (the so-called intellectual solving machines (ISM)) and, in particular, its
models for broad using were developed at the Institute of Cybernetics of NASc
of Ukraine with the assistance of one of the authors of this paper, Rabinovich
Z. (this work was supported by the grant from the USA, chief of the project -
Prof. V. Koval).

ISMs, in accordance with aforementioned fact, combine the distributed infor-
mation processing with the internal higher-level language (which has the devel-
oped means of knowledge presenting and processing) and dynamic centralized-
decentralized (successive and parallel, respectively) control. Exactly this set of
characteristics stipulates the belonging of ISMs to a new class [8]-[10].
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Abstract. Many cells in the primary visual cortex respond differently
when a stimulus is placed outside their classical receptive field (CRF)
compared to the stimulus within the CRF alone, permitting integration
of information at early levels in the visual processing stream that may
play a key role in intermediate-level visual tasks, such a perceptual pop-
out [11], contextual modulation [7,3,4], and junction detection [13, 3, 5].
In this paper we construct a computational model in programming envi-
ronment TiViPE [9] of orientation contrast type of cells and demonstrate
that the model closely resembles the functional behavior of the neuronal
responses of non orientation (within the CRF') sensitive 4Cg cells [5], and
give an explanation of the indirect information flow in V1 that explains
the behavior of orientation contrast sensitivity.

1 Introduction

Neurons in the primary visual cortex (V1) respond in well defined ways to stim-
uli within their classical receptive field (CRF), but these responses can be mod-
ified by additional peripheral stimuli. The size of the periphery (non classical
surround) provides input from a larger portion of the visual scene than origi-
nally thought, permitting integration of information at early levels in the visual
processing stream. Recent works indicate that neuronal surround modulation
at cross-orientation, an orientation orthogonal to the preferred orientation of
the classical receptive field, might play a key role in intermediate level visual
tasks, such as perceptual pop-out [11], contrast facilitation [2,15], and contex-
tual modulation [7,3,4]. The strength of this contextual influence on a neuron
can be predicted from a model of local connection based on simple overlap with
particular features, which indicates that local intra cortical circuitry could en-
dow neurons with a graded specialization for processing angular visual features
such as corners and junctions [13, 3, 5].

Depending on the orientation of an inner and outer grating pattern, these
neuronal cells have the tendency to respond strongly to a center orientation
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preference or orientation contrast! between inner and outer pattern. Neuronal
output activity was enhanced in both cat and macaque primary visual cortex
(V1) when, a surrounding field at a significantly different orientation (30 degrees
or more) was added to the preferred orientation of the classical receptive field
[13]. Cells in layer 4C3, which are non-orientation sensitive within their CRF,
also show these response profiles indicating that there must be a strong feedback
from other areas (within V1) that create these more complex profiles. We assume
that these cells obtain feedback from complex cells in layers 2, 3, 5, and 6 of V1.
The aim of this paper is to setup a computational model of this type of cells
which we will term orientation contrast cells, and to simulate these cells in visual
programming environment TiViPE [9].

The paper is organized as follows: Section 2 elaborates on the properties of
non orientation tuned cells with respect to orientation contrast, their pathway
in early vision, and provides a computational model. Section 3 gives a TiViPE
simulation that provides the results of this model when applied to the stimuli
given by Jones et al [5]. The paper finishes with a discussion.

2 Non Orientation Tuned Cells

In primate V1 cells 94 percent had a response to orientation contrast stimuli that
exceeded the response to the inner stimulus alone, independent from the diameter
of the surround patch, while the responses were somewhat inhibitory when the
orientation of the inner and outer stimuli were the same, compared to the response
to the inner stimulus alone [5]. They found that the responses of 4Cf cells could
be modulated by varying both orientation of a center grating patch (inside the
CRF) and a surround grating patch (outside the CRF), despite the cell’s lack of
orientation tuning within the CRF. Its response output was extremely sensitive
to orientation differences between center and surround patches.

The LGN parvo cellular cells (P) have center-surround shaped receptive field
profiles which optimally respond to a spot of light. In a feed-forward processing
stream one could expect a similar receptive field type in layer 4CS. For instance,
a set of center-surround profiles that are aligned in a certain way, may respond
strongly to a line or bar of a specific orientation. However, such profile does
not provide center orientation preference nor is it able to provide a measure for
center-surround orientation contrast. The modulation of its response behavior
must be caused by an indirect (feedback loop) information stream, as illustrated
in Figure 1.

2.1  Organization of the Primary Visual Cortex

The primary visual cortex (V1) consists of six layers (1-6) between the pial
surface and the underlying white matter. The principal layer for inputs from the

! Orientation contrast is the difference between preferred orientation of a center patch
(which roughly covers the CRF) and preferred orientation of a surround patch (out-
side the CRF). This contrast is strongest when the center and surround orientations
are orthogonal and weakest when both are the same.
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Fig. 1. Information flow in the primary visual cortex (V1) based on anatomical con-
nections [6]

lateral geniculate nucleus (LGN) is layer 4, which is subdivided into four sub
layers (4A, 4B, 4Ca, and 4Cp), see also Figure 1. This flow can be described by
means of input, intra cortical, and output connections [6]:

— Inputs. Axons from magno cellular (M) and parvo cellular (P) cells in the
lateral geniculate nucleus (LGN) end on spiny stellate cells in the sub layers
of 4C, and these cells project axons to layers 2, 3, or 4B. Axons from cell in
the intra laminar (I) zones of the LGN project directly to layers 2 and 3.

— Intra cortical connections. Axon collaterals of the pyramidal cell in layers
2 and 3 project to layer 5 pyramidal cells, whose axon collaterals project both
to layer 6 pyramidal cells and back to cells in layers 2 and 3. Axon collaterals
of layer 6 pyramidal cells then make a loop back to layer 4C onto smooth
stellate cells.

— Outputs. Each layer, except for 4C, has outputs and each is different. Cells
in layers 2, 3, and 4B project to extra striate visual cortical areas. Cells in
layer 5 project to the superior colliculus, the pons, and pulvinar. Cells in
layer 6 project to claustrum and back to the LGN.

The assumption that a 4CS cell receives input from simple (layer 2) or com-
plex cells (layer 3) through layers 5 and 6 makes it plausible that these cells have
a far more complex receptive field profile than one can expect from a feed-forward
mechanism alone.

2.2  Orientation Sensitive Input Responses

In order to model the profiles suggested by [5] we assume that layer 4Cj receives
complex cell (indirect) input from layers 2, 3, 5, and 6. A computational model
of simple and complex cells [8,14] is used to form the input of the orientation
contrast cells and is introduced only briefly.
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The receptive fields of simple cells can be modeled by complex valued Gabor

functions: ) -
N . Ty 7+ 7Y

Goo(x,y) = —— 1

o(x,y) =exp (z \@m\) exp ( 52 > (1)

where i = /=1, 1 = zcosf + ysinf and y; = ycosh — xsinf. Parameters
o, A, v, and 6 represent scale, wavelength, spatial aspect ratio, and orientation,
respectively. These Gabor functions have been modified, such that their inte-
gral vanishes and their one-norm (the integral over the absolute value) becomes
independent of o, resulting in G, g(z,y) = n@o’g(ay), where n = n;;_ for the

positive valued real part of @, 1 = 7, for the negative valued real part of @,
and 1 = ny, for the imaginary part of G. For details about these constants see
[8]. A spatial convolution was used to transform input image I(z,y) by these
operators to yield the simple cell operator, and the amplitude of the complex

values [10]
Cop = |l + Gopll (2)

was taken to obtain the complex cell operator.? This operator forms the basis
of the orientation contrast cell operator O to be described later in this paper.
A high value at a certain combination of (z,y) and 6 represents evidence for
a contour element (bar or edge) oriented orthogonally to 6. Orientations are
sampled linearly 6; = 7/N,j = 0,...,N — 1, and the scales are sampled o}, =
Ok_o+or_1,for k=2...5—1, where o9 and o represent constants.

2.3 Orientation Contrast and Center Orientation Preference

Neuronal cells in area V1 respond to both orientation contrast and center orien-
tation. Depending on the size and orientation of the peripheral patch compared
to the preferred orientation of the center patch (which covers the CRF) the re-
sponse is inhibitory or excitatory. When the patch is similar in size compared to
its center patch the cell tends to respond strongly to orientation contrast, while
a patch that has a diameter of four times the diameter of the central patch tends
to respond strongly to the preferred orientation of the central patch [5]. These
findings suggest a varying gain value that depends on the size of the surround
patch. This is modeled as follows:

252 s 2 20
] , (3)

Gals) = {_ 30 10 3
where s denotes the surround patch diameter in degrees, and [2]2° = z if > 0
and 0 otherwise. The curve obtained by varying the surround patch diameter is
illustrated in Figure 2a.
The normalized response profile (weight matrix) is modeled as a blend be-
tween orientation contrast preference and preferred center orientation:

W (cp, Coy Cs, S0, Ss) = Go(8s/¢5) X (Coy 50) + GeClcp, o), (4)

2 The preferred orientation 6 € [0, ), since Co,9 = Co,047-
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where ¢, ¢,, and ¢, denote the preferred orientation, used orientation, and di-
ameter of the center patch, all between 0 and 360 degrees. Likewise s,, and s,
denote the used orientation and diameter of the surround patch. The normalized
orientation contrast profile is as follows:

B |co—so|m . <
X(coy80) = {0'5 0.5(:08( We > if ax(Co, 80) < Wa : (5)

1 otherwise

where W, = 90 degrees is a constant, and ax(c,, 8,) = min(|c, — 8o/, 360+ ¢, —
S0, 1360 + s, — ¢o|). The normalized preferred center orientation is

‘Cp*Co|TF .
Olepres) = {0.5 co8 (T) 105 if ac(cy, o) < We | o

0 otherwise

where W, = 90 degrees is a constant, and ac(cp, ¢,) = min(|cp, — o), 360 + ¢, —
Col)-

The response of the 4Cg cell as measured by [5] in Figure 6 shows a maximum
response of around 70 while the minimum response is around 15. To obtain the
response profile as given in Figure 2b-d the following response was used:

Ry = T0(W +0.2). (7)

2.4  Orientation Contrast Cell Operator

The response of a center patch which covers the CRF is obtained as follows:

CO’,CS = Co’,ei * ch/Ga (8)

where 0; = ir/N,i=0,...,N, and g,(z,y) = 1/(270?) exp(—(2? + y?)/20?) is
a 2D Gaussian function.

The response of a surround patch is obtained by taking the maximum re-
sponse of differently sized surround patches

ot @ = X (W (e, o 0,50, 52) = W) mas (Cop, () - (9)
zl,y

where CAg,gi = Cpp, * Ys., /67 Bs; = J(Smax — Smin)/(Q — 1) + Smin has a linearly
increasing patch size between Spyin and smax, 7 = 0,...,Q — 1, and Q is_the
number of surround patch sizes. Let jmax denote the index j for which holds C, g,
is maximal. Weight W from (4) is in the 0 to 90 degree range, since we assume
that the grating pattern is static rather than moving in a specific direction, Wy is
an inhibitive weight, and (21,y1) are the spatial positions of the outer stimulus.
Since these patches largely overlap resampling is used to reduce computational
time. Preferred center orientation c,, center orientation c,, surround orientation
So, and surround patch size sg are as follows:
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Fig. 2. Modeled response profiles (7) of a non orientation tuned layer 4Cg3 cells to
varying the orientation of both center and surround patch, for a comparison with the
measured responses, see Fig. 6 of [5].a) Blending curve between orientation contrast
and center orientation preference. b) Modeled profile for s; = 0, which gives solely
a preference to orientation contrast. c-e) Profiles for s = 0.5, 1.0, and 2.0 degrees,
respectively. f) Modeled profile for s; > 2.5, which solely prefers the center orientation.

Parameters used are preferred center orientation ¢, = 0 degrees, and center radius
¢s = 0.5 degrees
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180:/N if i < N/2
Cp = Co = i/ ) . / (10)
180(N —4)/N otherwise
. Smax — Smin
Ss = Smin +]maxan1 (11)
1 ‘maX i .max g
5y = 807 /N if j : N/2 (12)
180(N — jmax)/N otherwise

The cross-orientation operator which comprises a center response and a sur-
round response that depends on the center response is as follows:

Oavcsvsmin75nlaxaQ = (CO',CS + wsa7csysxnin7smax;Q) * ng/G’ (13)

where weight w = C, ., /R is a weight that is dependent on the center response
C. In all simulations constant R = 255 was used to bound w between 0 and 1.

3 Responses to Test Patterns

The input stimuli used in the simulation have a center radius of 24 pixels and
surround radii of 24 (Figure 3a), 48, 72 (Figure 3b), or 96 pixels. The block
gratings consist of alternating black and white bars which are both 8 pixels wide.
A complex cell operator C, g with o = 44/2 and an orientation # corresponding to
the preferred orientation of the grating pattern yields an optimal response (255),
see also Figure 3a, for the complex cell operator C in the center of the input
stimuli of Figure 3a and b. When the center-only input stimulus is applied to
orientation contrast operator (O) for the preferred horizontal center orientation
the O-operator has a very similar response profile compared to the C-operator,
but where the results of C-operator remain the same, the O-operator is influenced
by its surround as illustrated in Figure 3b (“Orientation contrast fixed center
1:3”). The profile is very similar to the one given by [5].

The orientation contrast cell operator O from (13) has been implemented in
visual programming environment TiViPE [9]. The orientation contrast simula-
tion that is represented by a network of connected icons consists of a “Read-
Image” icon which generates the input stimulus, its connected “Display” icon
yields the images provided in Figure 3a and b. The “ComplexAndEndstopppe-
dResponse” produced the responses of the C-operator (2). Its output forms the
input of the “ComplexCrossOrientationResponses” and gives the responses of
the O-operator (13). The values at the center of the two other “Display” icons
have been used to construct Figure 3c.

4 Discussion

Many neurons in primary visual cortex (V1) respond differently to a simple vi-
sual element presented in isolation compared to when it is embedded in a more
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Fig. 3. Response characteristics of orientation contrast sensitive cells, see Figure 4A-F
from [5]. a) Input stimuli with preferred orientations of 0, 45, 90, 135, and 180 degrees,
and below the response profiles to these stimuli of the measured V1 cells, complex
cells (C-operator) and orientation contrast type of cell (O-operator). b) Input stimuli
with surround, with preferred center orientation of 90 degrees and varying surround
orientation from left to right from 0 to 180 degrees. The ratio between center and sur-
round of these stimuli is 1:3 (top). Response profiles for measured cells and center-only
(1:1), and center-surround (1:2, 1:3, and 1:4) stimuli. Responses have been normalized
to the maximum response of the modeled complex cells (255). The inhibitory weight
Ws = 0.45 which yields similar response profiles as the measured V1 cells
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complex stimulus. Typically the surround influence was suppressive when the
surround grating was at the neuron’s preferred orientation [2], but when the
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orientation in the surround was perpendicular to the preferred orientation fa-
cilitation became evident [13,12,2,5]. The difference is in the modulation by
surrounding elements, hence it could provide neurons with a graded specializa-
tion for processing junctions [13,3]. These neurons also respond to a grating or
a single bar of a preferred orientation and are in that respect too general to be
purely responding to junctions. In the monkey the majority of cells showed re-
sponse suppression with increasing grating patch diameter [1, 13] therefore it is
likely that a group of these neurons responds to junctions and facilitates pop-out
patterns [11].

The proposed model for orientation contrast cells uses complex cell input that
is provided by the indirect pathway from layers 2, 3, 5, and 6 of V1 and yields
appropriate characteristics to test patterns as used by Jones et al [5]. Future
work will involve patterns for junction detection, pop-out, and will be applied to
natural images. The model itself will be integrated into a highly parallel vision
system that will be used in a humanoid robot.
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Abstract. The issue of classification has long been a central topic in
the analysis of multielectrode data, either for spike sorting or for get-
ting insight into interactions among ensembles of neurons. Related to
coding, many multivariate statistical techniques such as linear discrimi-
nant analysis (LDA) or artificial neural networks (ANN) have been used
for dealing with the classification problem providing very similar perfor-
mances. This is, there is no method that stands out from others and the
right decision about which one to use is mainly depending on the par-
ticular cases demands. Therefore, we developed and validated a simple
method for classification based on two different behaviours: periodicity
and latency response. The method consists of creating sets of relatives
by defining an initial set of templates based on the autocorrelograms or
peristimulus time histograms (PSTHs) of the units and grouping them
according to a minimal Euclidian distance among the units in a class and
maximizing it among different classes. It is shown here the efficiency of
the method for identifying coherent subpopulations within multineuron
populations.

1 Introduction

Understanding how information is coded in different sensory systems is one of the
most interesting challenges in neuroscience today. Technology is now available
that allows to acquire data with more accuracy both in the temporal and the
spatial domains. However this process produces a huge neural database which
requires new tools to extract the relevant information embedded in neural record-
ings.

While the neural code is partially understood in the auditory [I] and olfactory
systems [2], the visual system still presents a challenge to neuroscientists due
to its intrinsic complexity. Different studies have used different analysis tools to
approach the decoding objective. Fitzhugh [3] applied a statistical analyzer to
the neural data in order to estimate the characteristics of the stimulus, whereas
Warland used linear filters [4] for the decoding task. Other approaches used

* Corresponding author: p.bonomini@umbh.es

J. Mira and J.R. Alvarez (Eds.): IWINAC 2005, LNCS 3561, pp. 68-[76] 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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to get insights into the coding process are discriminant analysis [5], principal
component analysis [6] and supervised and non-supervised neural networks [7].

The nearest neighbour clustering decomposes the whole population in disjoint
groups, minimizing the distance betwween the elements of a group and maxi-
mizing the avaraged squared distance between the centroids of different clusters.
This division will achieve temporal boundaries for classificating the neural re-
sponses according to their periodicity or PSTH schemes.

In this paper, it is developed and validated a simple method for classification
based on two different parameters: periodicity and latency response. The process
consists of creating sets of relatives by defining an initial set of templates based on
the autocorrelograms or PSTHs of the neural population response and grouping
them according to a minimal Euclidian distance among the units in a class and
maximizing it among different classes.

The method was implemented using the K-means algorithm [§]. This clus-
tering method was found to be slightly more robust to large amounts of noise in
neuronal data than others [9].

It will be shown here the efficiency and robustness of the method for identi-
fying coherent subpopulations within multineuron populations.

2 Materials and Methods

Experimental data was obtained from rabbit retina recordings using a one hun-
dred multielectrode array (Cyberkinetics Inc.)[I0]. Visual stimulus consisted of
full-field flashes at 0.5 Hz with a 300 ms ON period. Units were sorted using
a free open-source program, Nev2lkit, (source code and documentation is freely
available at http://nev2lkit.sourceforge.net) by means of principal component
analysis (PCA), specifically the correlation method.

Afterwards, the autocorrelograms and PSTHs were calculated on each of the
cells in the dataset at two different bin sizes, 50 ms and 100 ms respectively.
For the autocorrelation, a maximum lag of 200 was used such that the complete
occurrence of a flash transition at any of the former bin widths were included.
Accordingly, a 2 second window was chosen for the PSTH computation. For each
bin size, either the autocorrelograms or the PSTHs fed a partitional clustering
method for the creation of a number of clusters which varied between two and
five. For the clustering method, the nearest-neighbour or k-means approach was
used. This approach decomposes the dataset into a set of disjoint clusters and
then minimizes the average squared distance from a cluster centroid among the
elements within a cluster, while maximizes this distance when regarding the cen-
troids of the different clusters. This defines a set of implicit decision boundaries
that separate the clusters or classes of units according to their periodicity when
clustering their autocorrelograms or to its response delay when clustering their
PSTHs. In this way, we end up with groups of relatives that are a subset of the
entire array.

In order to validate the efficiency of the method, a first graphical arrangement
of the units was accomplished for a fast visualization of the coherence in the clas-

69
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sification among different number of classes and bin widths. Then, a quantitative
analysis based on population responses was done. On each class, a population
response was build up by summing up all the single response trials from each
item within the class at a 5 ms bin size. On these signals, the autocorrelation
and correlation with stimulus was calculated.

3 Results

In order to test the accuracy of the method either for an autocorrelation-based
or PSTH-based classification, we first arranged the classified units in a graphical
way for an appropriate first visual inspection. For both of the two bin sizes
used for the analysis, a diagram as the one in Fig. 1 showing the classification
performance, was built up for each of the autocorrelation and PSTH approach
as well as for each number of clusters.
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Fig. 1. Graphical representation of the k-means output for five different classes. On
each column it is shown the autocorrelograms of the classified units belonging to a
same class. Left panel: autocorrelation calculated at a bin size of 50 ms. Right panel:
autocorrelation calculated at a bin size of 50 ms. Maximum lag used: 200. Legends
on top of the autocorrelograms describe unit identifiers. For clarity reasons not all the
units of the original dataset are presented

Specifically, Fig. 1 shows in a graphical fashion the output of the k-means
method for the autocorrelograms of a number of units at two bin sizes; 50 and 100
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ms respectively, both of them with a maximum lag of 200. All the units belonging
to the same class are aligned in the same column. Legends on top of each plot
represent the unit identifiers. In the case shown in Fig.1, the dataset was disjoint
into three different clusters while in Fig. 2 original data were split into five sets
of relatives. Not all of the units are shown for clarity reasons. Notice that units
belonging to the class represented by the middle column in both panels present a
strong periodicity, following the periodic stimulation while units grouped on the
third column do not respond consequently to, at least, the applied stimulation.
The same holds when increasing the number of classes, as seen in Fig. 2, with the
advantage that the cell periodicities can be clustered in a more graded fashion.
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Fig. 2. Graphical representation of the k-means output for five different classes. On
each column it is shown the autocorrelograms of the classified units belonging to a
same class. Left panel: autocorrelation calculated at a bin size of 50 ms. Right panel:
autocorrelation calculated at a bin size of 50 ms. Maximum lag used: 200. Legends
on top of the autocorrelograms describe unit identifiers. For clarity reasons not all the
units of the original dataset are presented

Once the qualitative assessment of the performance for different bin sizes and
number of classes was done as explained above, a more quantitative analysis of
how efficiently the method separated units was carried o