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ABSTRACT
This document presents a new paradigm for learning, based on an abstraction of
the mechanisms found in biological neural networks. Biologically motivated neurons,
referred to as Dynamic Neurons are connected together in a knowledge-bearing topology
to create Dynamic Neuronal Ensembles. The neurons are developed by first identifying
key mechanisms and analyzing their computational significance. These mechanisms are
then incorporated into the implementation of the dynamic neurons that make up the
dynamic neuronal ensemble. While almost all these mechanisms have been studied and
incorporated into the development of models of biological neurons in isolation or as sub
groups, a single model incorporating these mechanisms in their computationally abstract
form has not been implemented and analyzed.
The motivation for this research is two-fold. Firstly, to provide biologists with a
modular, flexible tool, incorporating current state-of-the-art modeling and simulation
capabilities for use in hypothesis testing, development and analysis. Conversely, to
provide engineers with a new paradigm for the development of adaptable, evolutionary
systems capable of learning in a dynamic envirormient. Preliminary results of an
implementation of the DNE models in DEVS are presented. A biological model of the
Snail Aplysia and an application of its behavioral fimctionality for engineering are also
demonstrated.
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1. INTRODUCTION

This chapter presents the reader with an mtroduction to the paradigm that will be
presented in the next few chapters. The assumption made here is that the reader does not
have an understanding of some of the basic principles of neuroscience. Only very basic
knowledge of computers and simulation is assumed. This chapter provides a brief
background and history of neuroscience with respect to artificial neural networks,
definitions of keywords to be used throughout this document and the motivation and
goals of the paradigm presented here. It also provides a brief outline of the chapters that
are to follow.

1.1 BACKGROUND & HISTORY

Computers have pervaded almost all facets of technologically advanced societies.
However, they are still seen as merely tools that help increase the efficiency and accuracy of
tasks in everyday life. They are only slowly appearing as "fi"ont-end" entities for the lay
person.
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Even though these "marvels of the twentieth century" have revolutionized the way we
live our lives, they lack commonsense. We still do not see computers as entities that can leam
and control systems in a dynamic environment (without human intervention). Why?

Technological irmovation has brought with it "change," and an awareness of
society as a complex dynamic system. Entities within this system need the ability to adapt
to changes and leam from past experience. Computers of today are unable to change and
adapt in an non-deterministic setting.

For an evolutionary tomorrow, we need to develop systems capable of learning
and adapting to changes in their environment. Biological systems provide us with an
excellent template for the design and development of such systems. The mammalian brain
is the most successful attempt at developing an intelligent adaptable system. One
approach to designing and building intelligent, adaptable systems for tomorrow, is to
leam and apply the knowledge we gain from mammalian nervous systems (or biological
nervous systems in general).

Artificial Neural Networks (ANNs) are an abstraction of biological neurons.
However, while the leap from biological neurons to computational neural devices was
made in the first half of this century (1940-50), the link has experienced little, if any
interest since then. This research attempts to re-establish the link between artificial neural
networks and neuroscience and computational neurobiology.
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This is done by identifying key characteristics of biological nenrons and analyzing
their computational significance. These characteristics are then formulated into a
computational model of the neuron.
Recent advances in Neuroscience have helped identify key behavioral
characteristics of biological control and learning. Developments of hardware and software
technology provide the tools necessary for the design, development and testing (real-time
or simulation) of large-scale complex dynamic systems. The advances in neuroscience
coupled with the developments in hardware and software form the basis for the
development of a powerful tool for learning and control: Dynamic Neuronal Ensembles
(DNEs).

In the last decade or so, we have seen a resurgence in interest for artificial neural
networks. This is due, in large part, to the infiltration of computers and digital systems in
general into every aspect of modem living and the industrial successes that have
accompanied it. Today's industry and market demands more from computers. While they
(computers) were forgiven for being rigid and procedural only a few years ago; markets
and consequently industry demand real-time, apparently intelligent systems today.
Artificial neural networks, with their ability to "learn a pattern," appear to adapt to their
users' needs and provide the much needed flexibility to the traditionally rigid computer
systems.
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Artificial Neural Networks (ANNs) have recorded successes in a number of sensoiy
and simple pattem recognition domains- becoming the "eyes and ears" to the traditionally
"blind and deaf' computer systems. However, today's ANNs do have their drawbacks.

Only a few, recorded attempts have been made to develop ANNs that learn in
real-time i.e. while performing their task [1]. Most ANNs learn (or are trained) in the lab
and attempt to perform in the environment they are designed for. If the environment
changes significantly, ANNs need to be re-programmed to be able to perform adequately.

1.1.1 History of Neural Networks
The history of neural networks can be traced back to the 1940s. In 1943,
McCulloch (a neuro-anatomist and psychiatrist) along with Pitts (a mathematics prodigy)
attempted to represent the events in the human nervous system. In doing so, they
described the logical calculus of neural networks.
A few years later Donald 0. Hebb (the father of modem Neuroscience) in his
book The Organization of Behavior presented a physiologically based theory for learning
through synaptic modification, thus laying the foundation for plasticity. The Hebbian
theory provided a basis for the development of computational models of biological
neuron ensembles. It helped identify the network topologv (along with the neuron's
transfer function) as a key determinant of network behavior. Rochester, Holland, Habit
and Duda in 1956 recorded the first attempt at the development of a model that simulated
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the Hebbian hypothesis. The model demonstrated the use of simulation in analyzing and
validating physiological and mathematical theories of learning.
In 1954, Marvin Minsky presented the first doctoral thesis on neural networks at
Princeton University entitled Theory of Neural-Analog Reinforcement Systems & Its
Applications to the Brain-Model Problem. This helped established the study of neural
networks as a formal discipline. Ironically, fifteen years later, Minsky help quash further
development of artificial neural networks (ANN) in favor of symbolic artificial
intelligence (AJ). In 1956, Taylor and Steinbuch started the development of neural models
of associative memory and John vonNeumann introduced the concept of redundancy into
neural networks to enhance reliability.

Rosenblat, in 1958, is credited with characterizing neural networks as we know
them today with the introduction of the Perceptron. Since then a number of types and
forms of neural networks have been developed for application in different domains.

The shift away from ANNs was the result of a mathematical proof by Minsky and
Papert [2] that demonstrated the inability of 2-layer networks to classify non-linearly
separable data. Since no algorithm for training networks with three or more layers was
known, real-world applications of neural networks were to be limited to linearly separable
classifications. This severely limited the use and discouraged fiarther development of
ANNs.
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Ramelhart et al. in 1986, helped to revive the field with their demonstrations of
the backpropagation algorithm for three-layer ANNs. The 1970s and 1980s were
dominated by the development and successful application of networks with three (3) or
more layers to classify patterns that were not linearly separable. Since then,
backpropagation (BP) has become the most widely used neural network algorithm.

Current advances have included the development of dynamic algorithms for real
time learning and control. These will be discussed in more detail in chapter 2.2.

1.2 BASIC NEUROSCIENCE: PRINCIPLES AND DEFINITIONS

Classification provides an invaluable means to study complex systems in a
structured, organized maimer. In the field of computational neuroscience, there are three,
accepted "level" oriented classification schemes. These include: levels of analysis, levels
ofprocessing and levels of organization. All approach the decomposition problem from a
slightly different perspective.

1.2.1 Classification & Categorization in Computational Neuroscience
David Marr's levels of analysis provides the framework for a discussion of
systems from the computational context. Marr's levels include: the abstract
computational level of problem analysis or task decomposition, the algorithmic level of
analysis or specification and the implementational level of construction [3].
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The levels of processing framework is designed to accurately organize the
processing of information in the nervous system. There are no fixed levels, but all
processing is relative to one another. For example, x is at a higher level than j iff the
information processing at x is at a higher level of aggregation than the information at>'.
While this has proved to be useful in the classification of system at lower level of
information processing in the nervous system, the distributed nature and lack of
knowledge about higher level processing, renders this scheme impaired [4].

A third way of characterizing the study of biological nervous systems is based on
Gordon Shepherd's levels of organization [5]. The levels of organization refers to the
anatomical components and the structures that comprise these components. While other
means of classification do exist, the levels of organization classification scheme with its
anatomically-based analysis of behavior fits well with the goal and overall thrust of this
dissertation. Levels of organization, ask the same questions as Marr's aneilytical levels at
each anatomical layer. Thus providing a structured means of analysis and decomposition.

With the use of current technology and our knowledge of neurobiology we can
study behavior at seven (7) hierarchical levels of decomposition. At each successive level,
the structure at the preceding level is decomposed into its components. According to
Shepherd, the following currently provide an adequate means for classification of
behavioral study:
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1. Black-Box Analysis: At this level, the entire system is viewed as an entity that
produces an output when presented with an input. No effort is made to
structurally examine the internals of the "black-box."
2. Systems & Pathways: Here the above defined system is structurally
decomposed into its components and analyzed for behavioral-structural
congruency. Pathways of information processing are identified and correlated
with system-level components.

3. Local Circuits: Each component or system, is wired in a manner that will help it
achieve its goal output or objective. At this level, elements or circuits are
studied and their behavioral aspects and contributions studied.
4. Neurons: At the cellular level, the nervous systems is composed of neurons that
receive inputs and produce outputs based on their current state. Cellular
neurobiolegists smdy pattems of cellular input-output behavior and their
possible implications and effects on the local circuits.
5. Micro Circuits: While neurons make local circuits for systems level behavior.
Micro-circuits are composed of neuronal components such as axons and
dendrites connected in an intricate, dynamic pattern.
6. Synaptic Analysis: A synapse is the junction between the two connecting
neurons. Synapses can be axo-dendritic or dendro-dendritic. The type and
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characteristics of the neurotransmitter and the quanta of vesicles stored ant the
axon terminal are also analyzed. At this level of detail and analysis the synapse
and its electrochemical properties are recorded and studied for neural and
micro-circuits characteristics.

7. Membranes. Molecules & Ions: From a behavioral point of view, this is the
lowest level of detail needed. Membranes that separate regions causing ion
gradients, equalized by molecule-dependent channels are characterized at this
level of detail.
The goal of a computational neurobiologists is to develop a theory of neuronal
computation that seamlessly encompasses behavioral and anatomical characteristics from
all seven level of organization, as described by Shepherd.
This dissertation develops a methodology that attempts to integrate behavioral
aspects from levels 2 through 5 (i.e., from the systems and pathways to the level of microcircuits).

1.2.2 Neurons & Neuroscience
The human body is one of the most fascinating creations of nature. What makes us
human and differentiates us from other animals is our intelligence and consciousness. The
seat of this intelligence and consciousness lies in the complex topology and biology of the
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human nervous system. The brain lies at the very heart of this complex system of nerve
cells and bundles.
Nerve cells, also called neurons form the elementary components of this marvel
of biological and evolutionary engineering. It is estimated that on the human brain
contains in the order of lO'^ neurons. There are no structures in the brain, neurons make
up the entire nervous system.

Neurons, communicating and functioning in cooperative synchrony give rise to
the complex and sometimes rational behavior we call intelligence. Consciousness, on the
other hand, is hypothesized as emanating from synchronous oscillations of neuronal
ensembles [6, 7].

The abstract science of intelligence and consciousness are beyond the scope of
this dissertation. It was used to illustrate our lack of knowledge and treasures yet
uncovered in the area of neurobiotogy. From a more practical point of view let us review
the structure and functionality of the seemingly less mysterious, but nonetheless
interesting neuron (Figure 1.1).
Neural cells come in many sizes and shapes with different specialized properties.
The pyramidal neural cell (Figure 1.1) is one of the most common types found in cortical
neurons. A pyramidal neural cell consists of a cellbody or soma, the dendrites, and the
axon. The dendrites receive nerve impulses. The axon is the nerve impulse transmitter
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that terminates at its synaptic terminals. The most common type of communication
between neural cells is accomplished by means of a chemical synapse. Such synapses
involve the use of molecules called neurotransmitters. The synaptic terminals receive the
pre-synaptic electrical impulse from the cellbody. The synaptic terminals convert the
electrical signal into a chemical equivalent (neurotransmitter). The neurotransmitters then
diffuse across the synaptic junction converting the chemical signal into a post-synaptic
electrical signal [8]. It is assumed that the synapse is a simple connection to the receiving
neuron that can be either excitatory or inhibitory, but not both.

Each neuron contains a resting cellbody potential and a threshold. The arrival of
an excitatory impulse at a synaptic junction results in an increase in the cellbody's
potential. The arrival of an inhibitory impulse produces a decrease in the cellbody's
potential. An inhibitory impiilse tends to act as a neutralizer. The change in the
cellbody's interior potential is related to the algebraic sum of impulses received by the
dendrites. The cellbody generates a nerve impulse, or fires, when its interior potential
reaches a threshold level [9],

The resistive and capacitive electrical properties of the neuron help determine the
cellbody's integration of synaptic inputs. The electrical time constant determines how
long the cellbody's potentials will be maintained between inputs i.e. the decay constant
[10].
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dendrites
synaptic
terminal

cellbody
axon

Figure 1.1: Diagrammatic Representation of a Neuron
The change in the cellbody's potential is a time-dependent process. For a short
time after the cellbody crosses the threshold level no new stimulus will have an effect on
eliciting future response. This period of inactivity is referred to as the absolute refractory
period. After the absolute refractory period there is a period where a greater-than-normal
stimulus will be required to reach a threshold level. This is referred to as the relative
refectory period [W], If no threshold level is crossed, the cellbody's interior potential will
decay over time until new stimulus is received at the dendrites [12].

When the stimulus is above the threshold, the neuron can fire a series of output
(action) potentials. Different levels of stimulus produce output potentials of different
fi-equency (Figure 1.2). The frequency of the output is a flmction of the magnitude of the
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stimulus [12]. An action potential (or signal) is emitted if the cellbody's potential
exceeds the threshold level. Communication and systemic activity is achieved through the
propagation of signals between connected neurons in the local circuit.

Neural plasticity refers to the ability of a neuron to modify its input and output
connections. This leads to changes in the communication relationship between neurons.
This change in the neural structure involves an alteration of the synaptic connections
between neurons. The synapses may be added, strengthened, weakened or removed.

1.2.3 Learning in Neurobiologicai Systems
hi an attempt to move from the sub-cellular (specific) to the systemic (abstract)
behavior of the biological entities, an aggregation of simple behavior into more complex
and seemingly "intelligent" behaviors is essential. Learning and memory are key
components of multi-cellular organisms. Learning can be defined as a change in behavior
as a result of experience, while memory is characterized a the ability to store and recall
learned experience [13]. Although learning, being based on experience, entails having
memory our discussion in this section focuses primarily on learning.
Learning has been classified into two categories; non-associative and associative.
Habituation and sensitization are two forms of non-associative leaming that involve a
change in behavior based on experience, albeit short-term.
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Stinuiint

Figure 1.2: Stimuli Responses
Associative learning is more complex and involves two stimuli that are temporally
correlated. Pavlov's experiments of classical conditioning are ideal examples of
associative learning. Associative learning allows the animal to draw conclusions about
causal relationships between events in its environment.
In moving up our ladder of behavioral abstraction and Shepherd's levels of
organization, we start in this dissertation with the non-associative learning in the form of
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habituation and sensitization. Our goal is to move from the basic non-associative learning
to the more challenging and complex associative learning. Due to the complexity and
unavailability of the circuit maps for associative learning, no biological model of
associative learning has been demonstrated in this dissertation.

In studying the cellular correlates of behavior, the question that comes to mind is
eloquently put forth by Churchland and Sejnowski as follows: "If global leaning depends
on local changes in cells, how does a cell know, without the guiding hand of intelligence,
when it should change and by how much, and just where?"

There are a nimiber of mechanisms available for enabling these changes from both
pre-synaptic and post-synaptic ends of connections. At the post-synaptic end, new
dendrites may be created, existing dendrites may extend their connections, post-synaptic
characteristics (such as synaptic area, number of synapses etc.) may be altered. From a
pre-synaptic perspective, changes in the axon terminal, number of terminals and qiianta of
vesicles released may influence the behavior of the cell and ultimately the network.

In 1949, Donald O. Hebb articulated a cellular theory of learning. His statement is
still widely accepted and referred to as Hebb's rule:
When a neuron activates another neuron, causing it to fire, and consistently takes
part in firing it, the connections between the neurons are strengthened[\4].
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The Hebbian hypothesis was the first recorded attempt at providing a cellular
basis for classical conditioning. Although Hebb's rule provided a plausible mechanisms
at the cellular level for classical conditioning, it was incomplete in a number of respects.
• In general, details necessary to build a model for classical conditioning using Hebb's rule
were absent. For example:
• By how much should the connections between correlated cells increase?
• How does one compute the activity of the neurons?
• Do the connection strengths decease? If so, how and by how much?
• Are there any bounds for connection strengths?
• What are the conditions under which connection strengths increase/decrease?

It was not until Stephen Grossberg, in 1960, that a mathematical form of Hebbian
learning was postulated and accepted in the form of two dynamic differential equations
[15].

The Dynamic Neuronal Ensembles, presented in this dissertation, also
implements a form of the Hebbian learning hypothesis. Details will be provided in part
one of this dissertation. Let us tum out attention to the motivation for this work.

1.3 MOTIVATION FOR THIS WORK

Being an interdisciplinary study, the motivation for this dissertation can be
identified as stemming from three (3) fields of research: Modeling and Simulation,
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Neuronal Modeling and Neuroscience, and Intelligent and Dynamic Systems. While the
primary motivation for this work arises from need to integrate concepts, methodologies
and technologies in a mutually beneficial way for advancement in each of the fields
identified above, an attempt is made to clarify the motivation from each of these areas of
research.

U.l Intelligent Systems Perspective
The brain is the most sophisticated and successful attempt developing an
intelligent system. As stated earlier in this chapter, attempts at developing truly
autonomous, intelligent systems using primarily traditional engineering and control
methodologies have been less than successful.

In order for a system to be autonomous, it must have the ability to learn and adapt
to changes in its environment. Traditional AI, has not been generous with a solution to
the problems of dynamic learning and adaptation. Using biological systems as a template
has demonstrated some success and shown promise for the future. Specifically, the
successes afforded by artificial neural networks have helped strengthen the support for
biologically based models of learning and autonomous control. However, neural networks
have thus far been unable to learn too much more than patterns of input-output behavior.
There has been a lack of information exchange between neurobiologists and
system engineers. Tools necessary to support the testing, design and development of
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higher-order behavior from its cellular components have not been available. Dynamic
Neuronal Ensembles provide the paradigm for the development of a tool to support the
development of intelligent systems based on neurobiological primitives. What this
research attempts to accomplish is the development of a new biologically-based neural
network paradigm for computational and intelligent systems engineering [16].

U.2 Neuronal Modeling & Neuroscience Perspective
Neurobiologists still use artificial neural networks to approximate the behavior of
neuronal ensembles. Artificial neural network representations are at least a decade behind
computationally important and relevant finding in neuroscience. While tools for neuronal
modeling and simulation exist, they are isolated in their abilities to provide a framework
to encompass the breadth of researchers from system to cellular and molecular
neurobiologists.
While behavioral and cognitive psychologists work at levels 1 and 2 of
Shepherd's hierarchy and neurobiologists primarily work at levels 5 through 7, levels 3
through 5 are relatively unscathed. There is therefore a gap in between cellular and
molecular correlates of low-level behavior and the black-box oriented system level
behavior. This methodology provides a framework for a tool to fill in the gaps left by
neurobiologists and psychologists.
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133 Modeling & Simulation Perspective

High performance and current state-of-the-art modeling and simulation paradigms
have not made in-roads into the neuronal modeling and simulation arena. For example,
DEVS, with its ability for hierarchical decomposition and successive approximation [17]
have a great deal to offer and leam from neuronal modeling and simulation (e.g., variable
structure modeling). The paradigm presented here provides the underlying frmnework for
the modeling and simulation of neurobiological systems.
A number of mechanisms provided by biological systems are absent in
engineering environments, by adapting the simulation environment to serve the needs of
the neuroscientific community we are enhancing the capabilities of the modeling and
simulation environment currently being used by engineers and scientists, making it a
mutually beneficial endeavor.

1.4 ORGANIZATION OF THIS DISSERTATION

This thesis has been divided into two parts to separate the theory and ideas
presented to the application of them in the biological sciences and engineering. The first
two chapters provide an introduction to this dissertation and the background necessary for
a complete understanding of the concepts presented in this dissertation.
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Chapter 1: Introduction
Chapter 2: Background & Methodologies
Discrete Event Modeling & Simulation (DEVS Framework)
Neural Network Paradigms (Flexible and Dynamic)
Part one, presents the conceptual and the implementational framework for the
development of Dynamic Neuronal Ensembles as a paradigm for learning and control.
Details about the model's structural and behavioral components is presented, discussed
and verified in this part of the dissertation.

Part I: Dynamic Neural Ensembles
Chapter 3: Structural Decomposition of Dynamic Neural Ensembles

Chapter 4: Behavioral Analysis of the Dynamic Neuronal Ensembles

Chapter 5: Implementation of DNEs in DEVS
Part two illustrate the applications attempted, results obtained and future work
planned as part of the development and use of the Dynamic Neuronal Ensembles. A
model of the Snail Aplysia's gill-withdrawal reflex (habituation) and defensive gillwithdrawal reflex (hyper-sensitization) is modeled using DNEs and the behavior verified.
The engineering applications of DNEs to control and decision making is presented with

example model prototypes. We conclude with a summary of the paradigm, possible
applications and planned future work on DNEs.

Part 11: Applications & Conclusion
Chapter 6: Neurobiological Application of the Snail Aplysia
Chapter 7: Engineering Applications

(a) Dynamic Control in a Chemical Plant

(b) Visual Spatial Decision Making
Chapter 8: Conclusion & Future Research
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2. BACKGROUND AND METHODOLOGIES

This chapter provides a review of the Discrete-Event Simulation (DEVS)
formalism and the current implementation of DEVS used in developing the dynamic
neuronal ensembles. Also presented is an overview of neural network formalisms and
current trends in the development of artificial neural networks for dynamic learning and
neurobiological applications.

2.1 THE DISCRETE EVENT SYSTEMS SPECIFICATION

The discrete event system specification introduced by Zeigler [18] provides a
strong mathematical means of defining a system composed of objects [19]. Unlike
continuous systems, outputs from discrete event systems are not piecewise continuous
functions of time. Outputs from discrete event systems occur at discrete arbitrary intervals
of time. DEVS or Zeigler's specification of discrete event systems provides a simple,
modular means of representing systems or component parameters and behaviors using a
hierarchical, object-based framework. The strength of this formalism lies in its formal
representation, capable of mathematical manipulation.
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The hierarchical specification and representation scheme decomposes components
and systems at two levels of abstraction. The atomic model or single component
representation provides a means of specifying the behavior of a system or sub-system
using a single component. The coupled model provides a means of connecting two or
more atomic or coupled components with external and internal inputs and outputs. Each
of these will be discussed in more detail in the sections that follow.

2.1.1 The Atomic Model in DEVS

In DEVS, all models are at some level composed of atomic or simple component
models. A basic DEVS model (M) is defined as:
Equation 2.1:
M = < X , S , Y , 4 c / , ^int,

where:

ta>

X is the set of internal input events;
S is the sequential state set:
Y is the set of external event types generated as output;
4c/ is the external transition function dictating state transitions due to
external events;
Sint is the internal transition function dictating state transitions due to
internal events;
/I is the output function generating external events as output;

and

ta is the time advance function [20].
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Each of the above components of the DEVS atomic (or basic) model will be
considered in more detail in the text that follows.

2.1.1.1 The Model States
To model the behavior of a system, we must first have a way to measure the
changes in the system with respect to time and events that cause changes in the model.
These changes may be physical or qualitative. States are used to represent the condition of
the model.

In current implementations of DEVS, all atomic models (Equation 1) inherit from
their DEVS superclass, two fundamental state variables: phase and sigma. The phase
helps provide an identity to a specific condition of a model. This normally takes on a
descriptive value (e.g. active or passive). Sigma, is used to track the time at which the
next event (internal or external) is scheduled for that model. This is represented by a
numeric value from zero (0) to infinity (when there are no events scheduled).

2.1.1.2 The External Transition Function
The external transition flmction (<^,) defines the behavior of the model with
respect to external events. An extemal event is presented to a model on predefined
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external input ports containing some data. As a result of the external event a state change
may occur. Mathematically, the external transition fimction may be defined as follows:
Equation 2.2:
: Q X X => S

Where X is the set of external input segments. Here Q is the set of pairs containing the
model's state and the time elapsed in the current state. Mathematically represented as:
Equation 2.3:
Q := {(s, e)|s€SAO<e< ta(s)}

In other words, the external transition fimction maps the external input (given the
current state of the model) into a new state. It therefore defines how the model behaves
with respect to the external environment.

2.1.1.3 The Internal Transition Function
The internal transition fimction

defines the changes in the current state of the

model as a consequence of the value of the current state and the elapsed time. The
internal transition fimction maps the current state to a new state, given an elapsed time
period. It is used in modeling the intrinsic behavior of the model. A mathematical
representation of the internal transition function follows:
Equation 2.4:
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^im • S[p, (j]

S[piicst(p, (7), am]

where p is the phase of the model.

2.1.1.4 The Output Function
The output function (^), defines the relation between the current state of the
model and the output set (Y). It provides a means of controlling the manner in which a
model influences the external environment, represented mathematically as:
Equation 2.5:
X:Q-)> Y

The output function is thus used to define the mapping between the state set (Q)
and the set of outputs (Y). Therefore,

represents what an external observer will

measiure when the model is in state q. Often, X is a many-to-one mapping so the state
cannot be directly inferred from the value of the output.

2.1.2 The Digraph (Composite) Model
The digraph or composite model provides a method of combining atomic and/or
other digraphs models to build complex hierarchical models. Digraphs provide the intercomponent message mapping and coordination and control procedures for component
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models in the digraph. Recently, dynamic message mapping and component modification
have been added to the features supported by the DEVS digraph model.
Mathematically, a composite model (DN) is represented as:

Equation 2.6:
DN = [D, {M.I {hi {Z,j}, SELECT]
where
D is a set of component names;
for each / in D,
Mi is a component model
I, is the set of influencees for /
and for each //
is the I-to-j message mapping
and
SELECT is the tie-breaking function [20].

Advances in the DEVS implementation for the distributed simulation, have added
the concept of mail boxes to all component models within a digraph, enabling the
components to receive and process multiple messages at the same time, limiting the use
to the SELECT ftinction for prioritized processing.

2.13 The System Entity Structure (SES)
The SES (System Entity Structure) or entity structure provides a way of
organizing a single or family of possible configurations for the system or model being
designed [21].
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The entity structure is based on a tree-like graph embodying the system
boundaries and decompositions which have been conceived for the system. An
entity signifies a conceptual part of the system which has been identified as a
component in one or more decompositions [20].
The SES is capable of defining the following relationships:

Decomposition: Represents a component broken down into its constituents.
These constituents may be further broken down into sub-components. The
level of decomposition is determined by the objectives of the modeler.

Taxonomy: Provides a method for organizing information about the classification
of the components. It provides a preliminary method for categorizing
systems and sub-systems into classes and sub-classes through
specialization.
Coupling: Knowledge about the way in which models are connected together to
form composite or digraphs models at various levels in the tree is specified
through the coupling relationships. Constraints or restrictions in the way
and/or levels at which components are connected together are also
specified in the SES to aid in system configuration.
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In essence, the SES provides a means of graphically representing the system from
the root or highest level component. The SES is often used to develop an easy-to-use GUI
(graphical user mterface) for model and component management.
There are a number of axioms that need to be satisfied when creating an SES for a
model. A discussion of these axioms is provided in [21] and [19]. The SES will be used
to help describe the structure of the applications presented in the chapters to follow.
We now turn our attention to the current trends in the development of artificial
neural networks (ANN), with emphasis on those geared towards the development of real
time or dynamic behavioral capabilities.

2.2 RECENT TRENDS IN ARTIFICIAL NEURAL NETWORKS

The late 1980s and early 1990s have proved productive for the neurosciences. The
advent of technology and better analytical methods have enabled researchers to provide
great insight into the functioning of the neuron. These advances have spuned the
development of a biologically oriented artificial neural networks. It is the purpose of this
section to provide some insight into these recent developments and the functionality they
provide.

The resurgence of neural network research, as stated in chapter 1.1.1, is due to the
numerous applications of artificial neural networks (ANNs) to recognition, classification
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and supervised learning in a number of domains. Recently, however, there has been
considerable effort in attempting to make artificial neural networks capable of
unsupervised learning and behaviorally dynamic.
Leaning in most neural networks is done primarily through modification of
cormection weights. However, the topology of the network plays an important role in the
I/O behavior of the network. Therefore, while changing the weights would change the I/O
pattern to some extent, changing the network topology would have a more drastic and/or
radical effect on the behavior of the ANN. Tsaptsinos et al. have demonstrated the
advantages of optimizing network topology to the application or behavior being
represented or learnt [22].

In order to accomplish unsupervised learning, a heuristic or algorithm must be
provided to the nodes or network to enable them to change their cormection weights
and/or network topology. Hebbian learning is clearly the most popular unsupervised
learning heuristic used in ANNs (especially those designed for biologically-based
applications). However, there is no widely accepted quantification of Hebbian learning.
Recently efforts have been made to better quantify the Hebbian learning hypothesis [23],
[24].

With the tools for the development of unsupervised or autonomous learning, ANN
researchers focused on developing dynamic neural networks. These networks are capable
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of changing their weights and also their topology while performing their task. Researchers
have developed three schemes for adding nodes to the popular backpropagation. These
schemes are: the Tiling algorithm, the Upstart algorithm and the Cascade-correlation
"algorithm [25].
The neocognitron proposed by Fukushima in the 1980s also provides for dynamic
connection modification [26]. This network paradigm provides a hierarchical network
capable of dynamically altering its connections using a combination of unsupervised and
supervised learning.
Developments by Krose and vanDam [27] and Palmer-Brown [28] provide selforganizing and growing topologies where nodes can be added and removed firom the
topology in an unsupervised or supervised maimer. In short, advances have been made in
the development of ANNs to enable dynamic weight, connection and component
modification.

Another important development to ANNs has been the inclusion of processing
time into the computation of output patterns. Biological learning is time-sensitive,
animals have the tendency to forget events or inputs. Computationally speaking, the
inputs and connections have a tendency of decaying over time. Timing plays an
important role in biological computation and learning. Biological models of ANNs have
only recently began to incorporated time into their simulations [29].

42

The concept of introducing negative mputs into a network, in addition to the
positive inputs, is also a relatively recent development in ANNs. Inhibitory neurons
function in a manner identical to their excitatory (positive) counterparts, except for the
polarity of the output. This provides a new mechanism for computation and behavioral
definition [30]. Further discussion is provided in chapter 4.3.

The trends cited here are those closely related to the development of dynamic
ANNs. This section illustrates the fact that most of the mechanisms and structural
dynamics illustrated in this dissertation have been implemented and tested independently
by researcher in recent years. However, there is no evidence of a single ANN paradigm
capturing all the mechanisms and structural dynamics proposed and implement in DNEs.
This synergistic value of the combined mechanisms is what we believe will provide a
suitable environment for the development of models that can be tested and applied to
dynamic real-time learning [16].
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3. STRUCTURAL DECOMPOSITION OF
DYNAMIC NEURONAL ENSEMBLES

All systems can be viewed from two perspectives: structural and behavioral. Both
these are interdependent and often flmction synergistically to help the system perform its
task. The structural analysis deals with the physical components of the system; the
intercoimections, layout and distribution of its components and possibly sub-components.
This chapter answers the structural questions related to: what are Dynamic Neuronal
Ensembles (DNEs)? Structurally, what elements are they composed of? Does this
structure play any role in the flmction of the DNE?

3.1 DNE COMPOSITION

The DNE is a collection of dynamic neurons (Dn). Each Dn is composed of one
and only one cell body, and one or more axons and dendrites. DNE models are created by
connecting the axon(s) of one Dn with the dendrite(s) of another, forming a circuit of
Dn.s. Figure 3.1 depicts a DNE circuit with four cells, each having one or more dendrites
and axons, as illustrated by the axons and dendrite space within each Dn. Coimections are
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made between the outside world and dendrites and axons for input and output,
respectively. Each circle at the start of all connections (depicted by arrows) represents a
single output port on a single axon, while each arrowhead represents an input port on a
dendrite.

Dend(sy

Dend(sJ

Axon(s;

Axon(s]

Dend(sJ

(sV

Dend

Axon(s:

Axon(s:

Figure 3.1: A Sample DNE Circuit

3.1.1 The Dynamic Neuron
Looking at the Dn.s, we find that the each Dn has the same connection structure.
All output ports from the dendrites go to the cellbody, all output ports from the cellbody
go to the axon. However, for component management, some additional connections are
provided (figure 3.2).
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Figure 3.2: Internal Connections of the Dynamic Neuron
The connections with the large arrowheads identify connections to and from
components outside this Dn. The connections with dotted lines represent information
transfer for implementational use. The ports within the cellbody have been duplicated to
ease in diagrammatic representation. There is only one in and out port in the cellbody
model.
To summarize, structurally the DNEs are a collection of dynamic neurons (Dn.s).
Each dynamic neuron contains at least three components: a dendrite, a cellbody and an
axon.
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There may be more than one dendrite or axon in a neuron, but only one cellbody
exists per cell. The number of cells in a Dn is determined by the state of the cell with
respect to the system, or by the user at the start of the simulation.
The structure of the DNE is designed to be dynamic. For any DNE, the number of
Dn.s in the circuit, the number of axons or dendrites in an Dn, or the number of
connections between dendrites and axons are variable during the simulation. The entire
DNE can be viewed as structurally dynamic, since the removal of vital connections may
cause a particular DNE to decompose into two smaller DNEs. Structural dynamics is
further discussed in chapter 5.2.

3.2 STRUCTURE INFLUENCING BEHAVIOR

The structure of a DNE can be viewed at multiple levels of abstraction. At the
DNE layer, we have a network of dynamic neurons. The commimication between neurons
in the network, to a great extent, determines the behavior of the network. It has been
suggested [31], that the topology of a network system is the primary determinant of the
network's behavior. Traditional ANNs make little, if any, use of the net's topology. Using
the idea of topology as a behavioral parameter, we have attempted to provide the network
designer with a more conceptual means of defining behavior.
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Biological systems use cells in different, malleable configurations to elicit special
behavioral responses. Recent findings in neuroscience have provided evidence for the
regeneration and reconfiguration of dendrites and axons [32]. Our effort has been to
incorporate this capability into the design of DNEs. Recent advances (see chapter 2.2)
have attempted to incorporate autonomous changes in topology for behavior modification
i.e. changing behavior through structural changes. Some information about the problem
domain is usually available. This may help reduce the overall training time or increase
performance. However, most ANNs have no procedures to embed information into the
network. "

Procedures for representing causal and logical information in networks (or
circuits) have already been developed and are actively used in VLSI and controller
design. However, these representations are fixed in silicon and are not malleable. By
developing similar circuits a non-physical, intangible medium we provide them a virtual
malleability. Thus we enable the designer to embed information or knowledge into the
system without committing to its absolute validity for all time.

In more abstract yet familiar terms, this is analogous to the notion of beliefs we
have about our envirormient. Beliefs help shape our behavior and decision-making
process as long as there is no evidence to the contrary. Over time, these beliefs gain
strength and become harder to challenge. However, since beliefs are defeasible they can
be modified without affecting other beliefs [33].
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Similarly, DNEs are developed with embedded beliefs or assumptions about the
environment that are modifiable.

To better illustrate how knowledge (from non-biological domains) is embedded
into DNEs, a few examples of simple digital circuits (AND, OR, NOT gates) are
presented. Our tool set for building the above consists of the following (see figure 3.3):
• An element that produces a positive (or excitatory) output in response to input.
•

An element that produces a negative (or inhibitory) output in response to
input.

•

Weighted, unidirectional links used to connect elements to one another.

• Thresholds, determine if an element becomes active.
Excitatory Element
Threshold

weight ^

weighty

Inhibitory Element

Figure 3.3: Network Development Toolset
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Given these tools, we provide an illustration of some basic digital logic nodes
using simple nodes (figure 3.4).

AND-Node

OR-Node

NOT-Node

Figtare 3.4: Digital Logic Nodes

Using these simple double and single input nodes, more complex circuits
exhibiting sophisticated behavior may be developed. By adding Hebbian learning and
capabilities for nodal plasticity complex virtual circuits capable of learning and evolving
in a dynamic environment may be developed. From a neural network perspective, this
provides a methodology for the development of knowledge-based ANNs.
Braitenberg [34], in his book entitled Vehicles: Experiments in Synthetic
Psychology provides further illustrations of the development of complex behavior using
simple elements and topologies. However, he to does not explicitly propose a theory for
enabling the development of virtual malleability in behavioral networks.
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To conclude, although structure and behavior of a system seem identifiable as
aspects of a system, their influences are not, the structure of a model at different levels
may play different roles in determining the behavior of the system. Conversely, the
behavior of the a system may cause structural changes as we shall see in our discussions
in chapter 4.
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4. BEHAVIORAL ANALYSIS OF DYNAMIC
NEURONAL ENSEMBLES

Neuroscientists decompose the behavior of a neuron into mechanisms that cause it
to behave in a certain maimer. This chapter discusses the mechanisms of that have been
incorporated into DNEs and Dn.s. Most mechanisms provide a qualitative explanation for
a pattern of behavior. In order to incorporate these mechanisms into a simulation model,
certain abstractions were made to enable quantification. Each of the mechanisms included
in the DNE and Dn.s will be described and discussed in this chapter. The mechanisms
incorporated into the DNE model are;
• Synaptic weight modification using Hebbian leaning;
• Decay of memory, inputs and cell potential;
• Inhibitory dynamic neurons;
• Neurotransmitter depletion and recharge;
• Multiple output levels;
• Refractory periods;
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4.1 SYNAPTIC WEIGHT MODIFICATION: QUANTIFYING HEBBIAN LEARNING

In chapter 1.2.3. we discussed the use of the quantification of Donald Hebb's
theory for learning [14]. Here we shall discuss the effects of the dynamic modification of
synaptic weights on the beliavior of a neuron model.

A connections between dynamic neurons is pathway for communication between
the two entities. The weight of the connection has a significant effect on the input
received by a cell on a connection. There is a direct correlation between the synaptic
weight and the effect of the input received on that cormection by the cell.
Recent findings in neuroscience have verified a weighting mechanism in neurons,
playing a significant role in the behavior of the neural circuit [35].

A synapse is defined a the junction between the axon of one cell and the dendrite
of another. The cell that sends the message is known as the pre-synaptic cell, while the
receiving cell is referred to as the post-synaptic cell. Traditionally neurotransmitter is
released by the pre-synaptic cell and absorbed by the post-synaptic cell. The weight
represents an abstraction of percentage or effectiveness of the transmitter absorbed by the
post-synaptic cell.

The Hebbian hypothesis states that as the activity between two cells increase the
amount of neurotransmitter exchanged increases. This increase in the uptake of
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neurotransmitter by the post-synaptic cell represents a change in weight of the connection.
Biologically, this increase in synaptic efficacy may be caused by an increase in the
number of neuroreceptors in a synapse or by structural changes in the synaptic cleft (the
space between the post-synaptic and pre-synaptic cell) [35], [11], [13], [4].

What are the factors that affect the synaptic weight? Hebb's hypothesis clearly
identifies past experience or a memory of inputs received as being one of the major
contributors. The statement: "...and continuously takes part in firing it...." [14]
explicitly refers to keeping track of previous inputs and firings. Thus it is safe to say that
memory plays an important role in determination of synaptic weight.

The current weight of the connection is another determinant. If there are n
neuroreceptors in a synapse, changes may cause this number to increase slowly (6n). Thus
the weight is limited by the current value of the weight. While there are additional factors
that may influence the weight of a connection, the current weight and memory seem to be
the most significant factors and have therefore been incorporated into our implementation
(Eq. 5.1 and 5.2).

An upper and lower bound limit the value of the weight. Structural changes may
occur when the weight is an synapse consistently attempts to increase beyond the
maximum allowable limit. These are discussed in the more detail in chapter 5.2.

54

4.2 DECAY

Biological networks being electrochemical in nature, decay over time. A cell's
potential if not expended by an output spike decays to a normal potential level over time.
Memory of past inputs also decay over time, unless they cause longer lasting changes in
cell topology. These decays are not the same or even similar, but are nevertheless, an
important part of the behavior of the neuron.
While potential decay is exponential in nature (Eq. 5.4), the decay experienced by
memory loss is temporally weighted (Eq. 5.1). Almost ail behavioral experiments in
biology attest to memory loss, unless accompanied by physical changes [36]. Cell
potential decay has been experimentally verified as exponential in nature by HodgkinHuxley models of the cell and other cellular observational experiments [37], [38], Decay
plays in important role in simulation where the time of an input is critical in firing a cell.
For example, in a simple AND circuit the two inputs need to be concurrent to have a cell
fire. The decay constant will vary the size of the time window in which these inputs are to
arrive.
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4.3 INHIBITION IN DYNAMIC NEURONS

Inhibition, refers to the ability of a neuron to produce negative outputs. This gives
it the ability to retard the outputs of other cells in the network, providing significant
benefits for real-time proc^sing of information (see chapter 5.5).

Neurons have the ability to be either excitatory or inhibitory, but not both. While
being computationally identical to their excitatory counterparts, inhibitory neurons release
neurotransmitter that lowers the cellular potentials of the post-synaptic cells, thus have
the opposite effect of an excitatory cell [38], [30]. A number of neurotransmitter
substances have been identified as being inhibitory in nature [37].
Inhibitory cells provide a useful tool for behavioral enhancement of network
models through their ability. Inhibition as a mechanism has been incorporated into the
design of the dynamic neurons (Eq. 5.5).

4.4 NEUROTRANSMITTER DEPLETION AND RECHARGE

Neurotransmitters are the medium of communication between cells in biological
networks [13]. Synaptic weight modification provides a post-synaptic mechanism for
behavioral changes, since changes in the weight affect the post-synaptic cell and not the
pre-synaptic. The incorporation of an accounting procedure for neurotransmitter provides
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us with a tool for modifying the amount of information that we transmit (a pre-synaptic
effect).

There are always physical limits to the amount of neurotransmitter available in
the axon of a cell for release into the synaptic cleft. If a neuron starts firing vigorously,
the amount of neurotransmitter it possesses will be depleted in a short time, leaving it
with little or no neurotransmitter for future inputs. This prevents a hyperactive cell from
influencing the behavior of a network over the long-term, since significant initial firing
will deplete its neurotransmitter resources. This is referred to and incorporated into the
axon as neurotransmitter depletion. The depletion of neurotransmitter has been observed
on a number of occasions in cellular experiments [38], [37].
Where is neurotransmitter produced and how and when is it transported?
Neurotransmitter is produced in the form of packets containing multiple neurotransmitter
molecules in the cellbody. The cellbody then sends them down the axon to terminal
where synaptic connections are made. There is therefore a constant, but relatively slow
and possibly periodic recharge process for neurotransmitter packets in axon terminals
[37].

The output of a cell is directly proportional to the neurotransmitter level in the
cell. Depletion and recharge of neurotransmitters have been incorporated into all dynamic
neuron models.
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4.5 MULTIPLE OUTPUT LEVELS

Outputs are not always the same, different types of outputs are produced by cells,
at different times. These changes in output correspond to the internal state of the cell and
the input received by the cell. In the introduction (chapter 1.2.2), we saw how different
types of outputs can be produced (figure 1.2). These multiple output levels or patterns
provide an invaluable mechanism for conveying information about a local segment of a
network or significant input received by a cell to the rest of the network.

In most cases, an action potential produces one spike output. However, with
continued or increasing input levels, an action potential could produce a series of spikes
or outputs within a short period of time [37], [13].

Behaviorally, this provides a measure of drastically increasing the output without
having to wait for post-synaptic and pre-synaptic modifications. For the DNE, we have
provide a means of incorporating multiple thresholds that test the cell potential to
determine the level of output that a cell will produce for a given internal state and
potential level. A determination of the level of output to be produced is made by the
cellbody, while the output is produced by the axon. Higher activity will deplete
neurotransmitter resources quicker than lower activity, keeping the hyperactivity short
lived but rapid.
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4.6 REFRACTORY PERIOD

Outputs are produced by a cell when the cellbody's potential exceeds the cell's
threshold. Once a cell fires it takes a while for the cell's potential and components to
settle back to their steady-state levels. This period of time is referred to as the refractory
period (figure 4.1).

The reflectory period has two phases of activity. For a short period of time
following an action potential (or output), the cell does not fire, regardless of the level of
input or potential. Computationally, we could say that the threshold is infinite, so no
output will be produced. This period is known as the absolute refractory period (Ab Ref
Per in figure 4.1). The period of time following the absolute refractory period, known as
the relative refractory period, is characterized by extremely high threshold levels. We
could define this as being an exponential decay of the threshold from an infinite value
(during the absolute refractory period) to the steady or passive state level [13], [37].

Behaviorally, this prevents cells form being active (i.e. producing outputs)
continuously and makes them appear as discrete entities.

threshold
value

neuron
potenti^

Abs
Ref
Per

threshold
Relative
Refractory

output

Figure 4.1: Refractory Periods

time
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5. IMPLEMENTATION OF DNEs IN "DEVS"

This chapter provides the reader with an in-depth knowledge about the
implementation of DNEs in the Discrete-Event Specification (DEVS) [20]. The SES
provides a means of organizing the DNE models. Implementation of structural dynamics
is also presented. Each component or atomic model is presented with algorithms for the
external and internal transition, and the output functions. Chapter 2.1 discusses the DEVS
formalisms in detail. DEVS provides a modular hierarchical system specification
language for discrete-event modeling and simulation. The current version of the DEVS
environment for the UNIX environment, compiled on the GNU C++ (g-H-) compiler
supports dynamic (or run-time) modification to the atomic and digraph models. A section
on real-time application s discusses the capabilities of DNEs for real-time application.

5.1 DYNAMIC NEURONAL ENSEMBLES: ORGANIZATION

Organization of DEVS component models is done using the System Entity
Structure (SES). The SES is discussed in more detail in chapter 2 of this dissertation. The
SES provides a methodology for developing and testing experimental simulations. Most
simulations contain an experimental frame and the model that will be simulated [20].
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The experimental frame (EF) typically contains a generator, a transducer, and an
acceptor. The generator, as the name indicates, generates the input for the model; the
transducer, collects data from the simulation for measuring and capturing the behavior of
the model being simulated. The acceptor, provides the control for the simulation. The
experimental frames used with DNEs use only the generator and the transducer, since
control is autonomously handled by the model itself

The generic SES for all DNE models would consist of an EF with the generator
and the transducer, and one or more dynamic neurons (figure 5.1).
A neuronal model may be composed of one or more ensembles. A DNE is
collection or ensemble of neurons or cells. Each of these cells are dynamic in nature and
are therefore capable of changing their internal and external structure, hence the name
dynamic neurons (Dn.s). All dynamic neurons are composed of one or more dendrites and
axons, and a single cellbody.

The dendrites, axons and cellbodies are the atomic components of a dynamic
neuron. Due to the experimental nature of the simulation, there are two types of dendrites
and two types of axons. Since, dendrites are the input ports for neurons; neurons in the
first layer of the model receive their inputs from the generator and differ in their
connections from neurons in other layers. Similarly, axons are the output components of
the neurons. Neurons that make up the last layer must record their outputs in the
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transducer for behavioral and performance measurements. The Layer 1-Dend and the
Layer.n-Axon represent these specializations for dendrites and axons, respectively (figure
5.1).

DNE-Root
1

1

root-dec

1
1

1

EF

DNEs

1

1 1 1
multiple
1 1 1 decomposition

EF-dec

1
1
Generator

DNE
1

1

Transducer

DNEKlec

1
Dn.s
1 1 1
multiple
1 1 1 decomposiuon

Dn
1
Dn-dec

1
Dendrite.s
multiple
decomposition

1
CellBody

1
Axon.s
multiple
decomposition

1 1 1
1 1 1

Axon

Dendrite
11

1
Layerl-Dend

dend-spec

1
Gen-Dend

axon^spec

1
Gen-Axon

11
1

Layer.n-Axon

Figure 5.1: SES for Generic DNE Models
Behaviorally however, the specialized axons and dendrites do not differ fi-om their
generic counterparts in any way. The specialization is purely an implementational one.
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Having studied the organization of the DNE in the DEVS/SES methodology, let
us focus on the details of the more algorithmic side of the DNE. One of the key features
of the complexity of the DNE models is its ability of make decisions about its structure
and carry out its decision. Decisions about structural changes are made counterhierarchically (in a bottom-up manner). These autonomous structural changes will be
discussed in a later section. Let us look at the DNE component models first.

5.2 IMPLEMENTATION OF STRUCTURAL DYNAMICS IN DNES

Structural changes effect the behavior of the DNE by modifying the topology of
the network. Like digital circuits (composed of logic gates), that capture information
about a input-output patterns through circuit components and topology. DNEs too,
composed of Dn.s., capture the information (logical or stochastic) about the system it is
designed to mimic or control. What differentiates DNEs from digital circuits is its ability
to modify its topology (i.e. structure) and parameters autonomously, based on changing
external and internal patterns of inputs and behavior, respectively. Implementation of
structural changes in the DNE is done in a bottom-up fashion, starting with changes made
by the leaf components of the DNE (i.e. the dendrites, cellbodies and axons).
At the lowest level, structural changes are seen in the ports that connect the axons
of the transmitting neuron with the dendrites of the receiving neuron. Using Donald O.
Hebb's learning paradigm [14], as the input between two neurons A and B increase their
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weight increases or the connections between them are strengthened. While Hebb provided
no quantitative formulation of his theory the principle was simple: correlated activity is
rewarded by increased bandwidth. We have taken this idea and attempted to quantify this
principle.
Cormections are retained by labeling provided by the address of the Dn they
belong to. Each Dn in the DNE has a unique row and column address. Appended to this
address is the component name and internal address and port information. For example, a
cellbody in a Dn with an address of (3,6) will have the address CB_3_2. On the other
hand, a message from an axon in Dn (5, 2) may have the address Ax_5_2_3_l. This
address identifies the message as coming from the 1" port of the

axon in Dn (5, 2). In

this way all message to and from components within the DNE can be uniquely identified
and traced.
Inter-neuronal communication is accomplished through messages passed in the
form of neurotransmitters. These neurotransmitters (or carriers of messages) are absorbed
or accepted, in limited quantities, by the receiving neuron's dendrite. The weight is a
representation of the intake or absorption capacity of the dendrite. As the weight increases
so does the amount of neurotransmitter absorbed or quantity of information transferred
between the two neurons. As with all else, there are physical limits to the amount of
transmitter that can be absorbed. This is the maximum weight of a connection. When this
increase in weight reaches the maximum allowable weight (a user-defined parameter) and
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repeatedly attempts to increase beyond the maximum weight, a new connection is created
between the transmitting and receiving Dn.s. This alleviates the pressiare on one dendritic
connection to carry out communication with a seemingly important input source. Thus at
the lowest level, connections between neurons change the topology of the network.

Connections weights and historic information about data is stored and captured at
the dendrite. It is therefore, the dendrite that initiates a request for a new connection with
the axon. The axon responds with an address and a port identifier that is used by the
DEVS environment to create the connection.
As we move up the SES, we see that axons and dendrites can also be added.
Bottlenecks are commonplace in critical paths to accomplishing any complex task. How
do we alleviate bottlenecks formed by increasing connections on a dendrite from other
neurons in the environment? Again, a user-defined physical limit has been placed on the
number of connections supported by dendrites and axons. If and when a new connection
is requested by an existing connection in the dendrite or axons the number of available
connections are checked. If a connection is available, the connection is made. On the
other hand, if no available connections are found, a new component of that type (dendrite
or axon) is created and the new connection information is forwarded to the new
component. Thus new axons and dendrites can be added to Dn.s that make up the DNE.
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There are also provisions to define the maximum number of dendrites and/or
axons that a single cellbody can support. When this limit is reached, a new Dn can be
requested by a saturated cellbody or Dn. The new Dn will then start making new
connections and reduce the processing load of an existing Dn. This creation is done by
requesting the root node for an additional component, similar to calling a procedure at the
initialization of the model for developing the model structure.
We can therefore add new connections, internal Dn components and even new
Dn.s to change the topology and behavior of the DNE model. This enables the DNE to
cope with changes in the environment, that require additional resources in the model.
What if inputs and consequently interaction between Dn.s reduces over time and the new
connections are no longer necessary.

As with increase, a decrease in the synaptic activity between the axons and
dendrites causes the weight of the connection to decrease. A lower limit of zero is defined
for synaptic weight (the weight of any connection). If the weight of a connection reaches
zero and remains at that point for an extended period of time (a user-defined parameter),
the connection is removed.
With the removal of connections between axons and dendrites, it is possible for a
component (axon or dendrite), to be left without any connections. A provision to remove
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unconnected axons and dendrites in Dn.s has been implemented to help maximize actual
simulation or processing time.
Similarly, if a new Dn was created at a time when the DNE was temporarily
hyperactive, and all its axons or dendrites have been removed at a later time, the cellbody
of that Dn can request its own removal form the DNE. This again reduces the number of
Dn.s in the DNE and optimizes its performance. In addition to enhancing performance,
removal of connections, internal components and Dn.s modify the topology and may
produce changes in input-output behavior of the DNE model.
By changing the structure of a model and hence its topology, it is possible to
radically modify its behavior or reaction to a set input pattern. The example of the Snail
Aplysia described and discussed in the next chapter will provide an indication of these
capabilities.

5.3 DNE COMPONENT MODELS

As stated in the section on the composition of DNE models, each dynamic neuron
(Dn) is composed of atleast three components: the dendrite, the cellbody and the axon. In
this section we discuss detailed implementation of these components within the DEVS
framework. Chapter 2 provides an introduction to the DEVS formalism [20]. Appendix 1
provides the pseudo-code for the DEVS-based implementation of DNEs.
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53.1 The Dendrite Model
The dendrite is as an atomic model (figure 3.2). Each dendrite receives its inputs
from some other neuron's axonal output connections (Figure 5.2). Each dendrite can
handle up to three input connections and each connection has its own weighting factor.

Neuron6

Neuron?
Port#l

Axon I

Dendrites

Port #3
Message: (Ax-6-1-1,0.75)

Figure 5.2: Dendrite's input signal.

The input potential can be modified by its connections weighting factor. A new
weighting factor is calculated each time the connection input receives an input value. This
new weighting factor causes a modification in the strength of the connection. The
weighting factor is calculated by first summing all the cumulated weighted inputs that are
within the time period (Eq. 5.1) and subtracting the last cumulated weighted input from it.
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Equation 5.1:
n

Cumulative Sum (tiO =

S i=o

where:
Xn: the input stored in data set n
tn: the time input stored in data set n
t: current clock time
H: history (length of time for which inputs are kept).

The difference between the present and previous cumulative weighted inputs (rjt
and T]T-I) is then multiplied by a constant (K) to the old weight (6i), to scale the impact of
the value. To slow the rate of change of the weight values the constant is set to a value
between 0 and 1. The last weight value is then added to the scaled value to reach a new
weight factor (Eq. 5.2).

Equation 5.2:
New weight (ooi) = 5i + k * (T^t - Tit -i)

The input (X) is then multiplied to the new weight value (coj) to reach a new
weighted input value (Eq. 5.3) for connection /.
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Equation 5.3:
Weighted Input = X * coi

The weights are updated and the weighted input value is added to the dendrite's
potential for each input connection.

After a weight value is calculated, it is tested to ensure that it does not exceed the
preset maximum weiglit value. If the new weight value is greater than maximum weight
the dendrite will make a request for a new connection. After two "add" requests have
been received from the same axon within the predefined time period, the "add a
connection" message is outputted when the third "add" message is received. At this time,
the present weight of the axon connection is halved.

The stored weighted input values for each connection name will have its history
cleaned before evaluating its input potentials. The clean history ftmction was designed to
incorporate recent memory about past events into each cell. To improve the dendrite's
ability to modify it weights, i.e., its reaction to external inputs, the removal of old
weighting information causes the weights to reflect the latest activity at the input. If the
number of weighted input values remaining, after executing "clean history" is equal to
zero, the dendrite will request the connection's removal. This indicates that the dendrite
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has not received any significant input for a fixed period of time. After three "remove"
requests from the same axon connection have been received within a preset time period,
the connection is removed and this information is sent to the cellbody. All traces of the
connection are removed from state variables.

When all the inputs to the dendrite have been received and evaluated the dendrite
will be activated and the output signal is sent to its cellbody. The output function can
have three possible keys sum, add, and remove. The "sum" key has a float for its value,
the "add" key has a set of cormections for its value and the "remove" key also has a set of
connections for a value. The request from the dendrite to the cellbody to add or remove
cormections sets the stage for dynamic modification.

The dendrite's setup method is accessed directly by the cellbody when a new
connection to the dendrite is made. This setup method will add the axon identifier and an
initial weight value to its weight data flmction. The setup method also stores the axon
identifier (axon name) and time the connection is made. This is useful for tracking
modifications to the topology.

53.2 The CeUbody Model
The cellbody is an atomic model. All of the attached dendrites and axons' names
and pointers are stored by the cellbody. It therefore acts as the central repository for
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information within the cell. The cellbody will add and remove connections to its dendrites
and from its axons when required. When a new axon or dendrite is essential, the cellbody
will make an instance of it and add it to the parent digraph model. Messages are passed
among the cellbodies for cormection modifications.

The cellbody receives an input message from its attached dendrites (figure 5.3).
This message is a function containing three keys, "sum", "add" and "remove". The "sum"
key's value is the weighted input received from connected axons, which is surmned with
all the other input values from other active dendrites in the neuron. The "add" key's value
is the set of requested cormections to be added to the dendrite. The "remove" key's value
is the set of connections to be removed from the dendrite.

Neurons
Dendrite2

CellbodyS
Msg1:
Msg2:
Msg3;
Msg4:

Dendrites

(add (connectn-info))
(remove (connectn-info))
(sum 1.45)
(sum -0.63)

Msg2
Msg3

Figure 5.3: Cellbody's input signal "in_dend"
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The cellbody also receives an input message on port "in_cellbody" from all the
other cellbodies in the network. The message is a function containing three keys, "add",
"request" and "remove". The "add" key's value is the set of connections to be added. The
* "request" key's value is the set of cormections requiring a new axon connection. The
"remove" key's value is the set of axon cormections to be removed.

Instance variable, decay factor will influence the duration that the cellbody's
potential at time t (uO will be maintained between inputs (Eq. 5.4). The cellbody will
decay its potential level over the elapsed time between inputs (T) before adding the
summed input value to its potential level. Mathematically:

Equation 5.4:
U, = U,.,

where P is the decay constant.

The updated cellbody potential is tested against the threshold levels, if any of the
threshold levels are crossed the cellbody becomes active. Instance variable processing
time establishes the time period that the cellbody remains active. During the period the
cellbody is active it is unable to respond to new inputs. The time period where the
cellbody does not respond to new inputs closely resembles the biological neural cell's
absolute refractory period [39].
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The fire message is sent to its attached axons at the end of the input cycle and the
cellbody potential returns to zero. When the cellbody potential is below the threshold
levels the cellbody remains passive, no output is produced and the cellbody potential
remains at its present value.

The output response will vary in amplitude, producing an output signal that
approximates the variable frequency output response of the biological neural cell [12].
There are three preset threshold levels each associated with an independent, prefixed
firing level.

The cellbody has its connecting dendrites stored in a function called dendrites.
When the cellbody receives an "add" request from a dendrite it will evaluate its dendrite
function for an available connection. When a dendrite has an open connection a
cormection request message is sent to the dendrite.

With no existing dendrite connections available, the cellbody will check if the
number of its dendrites is less then the maximum number of possible dendrites. If the
number of dendrites is less then the maximum number of dendrites the cellbody will
make a new dendrite and add its pointer to the parent model. The connecting cellbody
receives the "request" message and tests if an axon cormection is available.
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When the cellbody receives a "remove" request from a dendrite it will remove the
dendrite from its dendrite ftmction and remove the connection between the dendrite and
axon.

The axons function records information about the attached axons. Keys for axons
are the axon names and the values are the axon identifiers for the active outputs.

When the cellbody receives a request for a new connection a recharge message is
sent to the axon with the corresponding connection identifier, in the original connection.
This feedback will allow an axon to increase its neurotransmitter percentage due to a
successful triggering at its input destination.

When a connection is available on an existing axon, the axon name and identifier
are returned to the cellbody requesting a connection. When no existing axon connection is
available, the cellbody will check to see if its number of connecting axons is less then its
maximum number of possible axons. If true, a new axon is created and the connection
information is returned to the cellbody.

When the cellbody receives a remove message, it will remove the axon from the
"axons" ftmction and send a message to the corresponding axon.
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Upon receiving the "add" message from another ceilbody, a connection is added to
the "dendrites" function. The dendrite that the connection is being added to will have its
setup executed. A dendrite's setup method prepares the dendrite to receive messages on a
new connection. Coupling required from the new connection's axon to the dendrite and
from the axon to the transducer is added here.

The ceilbody can add and remove the connections upon receiving the request
from the dendrite. Increasing and decreasing connections between neurons demonstrates
its ability to grow. This growth is similar to the biological neural cell's ability to make
alterations in the synaptic connections.

All outputs are stored in the output functions "output axon" (for output to the
axon) and "output ceilbody" (for output to the ceilbody). These flmctions will be
executed at the end of each active cycle and then cleared.

5JJ The Axon Model
This subsection provides a detailed description of the axon's flmctionality. The
axon receives an input from its ceilbody. Figure 5.4 shows the messages received by the
axons. The input message, a function, can consist of up to four keys "fire", "recharge",
"add", and "remove". The key "fire" has a value that indicates the fire level. The
remaining keys "recharge," "add" and "remove" have a set of axon identifiers for their
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values. This input message is broadcast to all the axons connected to the cellbody. An
axon has only two output ports. At any time both, one or none of the output ports can be
active. Which of the ports are active is controlled by the cellbody and depends on the
requirement for connections.

On receiving the fire signal from its cellbody the axon will produce an output
signal. The axon's output signal (a) is computed using the input fire signal level (cp), the
type of axon (TI, +1 or -1), the percentage of neurotransmitters (p) and the preset axon
output value (^). The key "fire" tells the axon to prepare an output signal according to
the equation below (Eq. 5.5).

Equation 5.5:
a = (p»7t*p»X

The axon's potential is the product of a constant

that determines the polarity

of the celT)^ the level of neurotransmitter in stock (p, as a percentage), a standard
output level (X) and an input threshold level (cp). When the constant is set to a negative
value during model setup, the axon output is negative and causes the neuron to be an
inhibitor. The constant will default to a positive value creating an excitatory neuron. The
percentage of neurotransmitter originally equals 100% (1.0) and is decreased by 5% each
time an output signal is sent with the value never going below 50%. The standard output
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level is a constant used to adjust the level of axon's output potential. The cost associated
with a firing of a neuron with respect to neurotransmitter quantities and the default output
levels are variables, and can be easily modified at startup. Input threshold levels can range
from 1 to 3. Level 3 being the highest. Each level has its own characteristic output and
frequency.

AxDn6

CellbodyS

Msg 1: (add (connectn-info))
Msg2: (remove (connectn-info))
Msg3; (recharge Axon6-2)
Msg4; (fire Ievel2)

Axon9

Figure 5.4: Axon Input Signal

The axon tests to ensure that the message belongs to itself by testing if the
message's axon name is itself before executing actions from keys "recharge", "add" and
"remove". If the messages belong to itself the following actions are executed.

If the axon has not received any input from the cellbody for the predetermined
time period specified by instance variable "recharge time", the neurotransmitter level will
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be reset to 80% (0.80). Each port has its own neurotransmitter value. Upon receiving the
key "recharge", the axon will test which port is to receive the recharge and then add to its
percentage of neurotransmitters an amount of fifteen points, never going above 150%.
When key "add" is received, the axon will check the axon identifier and activate the port
specified by the axon identifier. The axon will initially be setup with port one active and
port two inactive. When the key "remove" is received, the axon will get the axon
identifier name and deactivate the specified port.

5.4 lEstiNG & VALIDATION OF DYN.AMIC NEURONS

Testing and validation of the dynamic neuron (Dn) models were done firom two
complementary perspectives: structural and behavior. For each of these perspective
component level testing lead up to sub-system and system level testing. We started with
the atomic components of the Dn.s: the dendrites, cellbodies and the axons and moved up
through the testing of Dns and ultimately DNEs.
At the atomic level, there where no significant structural changes that needed to
be tested. Testing the atomic components entailed ensuring that the appropriate
behavioral changes were made that may lead to structural changes at the sub-system and
system level. Each component was independently tested to determine if input messages
elicited the expected state and variable changes. In the case of the dendrite, for example.
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messages received from axons need to be stored, history cleaned, a new weight computed
and a weighted input value sent to the cellbody. Of importance here are the sequence of
actions, the quantitative accuracy (with respect to the equations that govern the
computation) and the storage of the appropriate information in the corresponding data
structures.
Moving to the next level, a single Dn with one cellbody and two axons and
dendrites was created. At this level testing primarily ensured the accuracy of the cellbody
behavior as the information or data center of the cell. Some simulation was also
conducted to ensure that neurotransmitter recharge was being provided on a periodic
basis, connection changes were being updated and requests for addition and removal of
connections were being handled in the appropriate way. Cellular behavioral analysis was
completed to ensure that the mechanisms listed in chapter 4 were executed as per
expectations.
The system level testing entailed using between three and seven Dn connected in
five different configurations to ensure system level behavioral and structural validity.
Simple AND and OR gates were built and tested. At this level of the hierarchy,
validation became difficuh with increasing dynamics. Behavioral testing at this level in
some cases entailed some structural changes. For example, stronger inputs on a subset of
the input Dn.s should cause the connection weights to increase and ultimately create new
connections to be created while causing some weaker input connections to be broken
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(figure 5.5). In figure 5.5, the thick lines indicate new connections (A to D, D to A and
B), while the dotted lines illustrate broken connections (C to D and C to E).

Layerl

Layerl

Transd

Genr

Figure 5.5: Test Network for Validation

5.5 REAL-TIME EXECUTION & LEARNING

The following issues need to be addressed for real-time processing or
implementation:

•

Training or Learning: Does the network require training before execution?
Can the network be trained in the environment? Is training or learning
independent fi-om execution, i.e., is it a discrete or ongoing process?
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•

Environmental Characteristics: Is the environment static or dynamic, i.e., does
it change over time? For dynamic environments, do they grow in complexity?
If so, load-balancing may have to be addressed.

•

Execution Time: Is execution time constant for the network? If not, on what is
it dependent?

•

Deadlock Avoidance: Are their circular pathways? If so, can the network
deadlock by entering any of these paths? What facilities are provide for
deadlock avoidance?

In most traditional ANNs, training takes place before execution and no learning is
done at run-time. This severely cripples the network. Once trained, any modifications in
the envirormient render it useless.

Most real-world environments are dynamic in nature and require systems to adapt
to moderate changes in the envirormient. DNEs learn in an unsupervised or selforganizing way, based on Hebbian principles. Each input is evaluated with respect to the
knowledge in the network and changes are propagated. We have integrated learning and
execution, where mistakes are made part of the learning experience. Although an optimal
response caimot always be guaranteed, a good response based on the information and
experience of the DNE can be expected.
The environment for which the network is designed plays a crucial role in
determining the feasibility of a specific network. If the environment is highly volatile, the
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network must have the ability to adapt and correct errors quickly. However, traditional
ANNs have been used in relatively constrained environments- where environmental
variability is minimized.
For environments that grow in complexity, the network may need to grow in size
and robustness. DNEs provide structural variability through the addition and deletion of
connections and components (neurodes). Conversely, complex environments may
become more deterministic (less volatile and complex). In such cases, being able to
remove neurodes and connections and load-balance can significantly improve
performance. DNEs autonomously remove cormections and components when their
contributions to the network diminish below a user-defined activity level. This is done
through the development of a rule that reverses the effects of Hebbian learning.
Recurrent or circular topologies, always run the danger of deadlocking in an
infinite loop. Biological systems have provided a nimiber of mechanisms to prevent
deadlocking a network or sub-net. Refractory periods prevent a cell from firing
continuously for an extended period of time. A cell must rest for a fixed period before
being able to fire again. This period is referred to as the absolute refractory period. For
a period following the absolute refractory period, the threshold level exponentially decays
from an infinite value (during the absolute refractory period) to the normal threshold
value. This period is referred to as the relative refractory period. Inputs received during
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this period are evaluated against heightened threshold values. DNEs incorporate both
absolute and relative refractory periods.
Inter-neuron communication is accomplished through the release of
neurotransmitters. Neurotransmitters are chemical substances that are released from the
axons or output ports of neurons. The quantity of neurotransmitter in an axon is fixed. As
the neurotransmitter decreases (with activation), the output from that axon diminishes.
Rapid or continuous firing would cause depletion and eventual lack of neurotransmitter in
the cell— preventing it from communicating with other cells. This prevents a cell from
firing at its maximum frequency for an extended period of time. Neurotransmitters are
replenished by the cells periodically. Our implementation of DNEs incorporates this
mechanism for deadlock avoidance.

Negative or inhibitory inputs provide another mechanism for the deadlock
avoidance. Recurrent biological circuits often have inhibitory cells to prevent deadlock.
DNEs also provide the capacity to develop inhibitory nodes.
In real-time systems, an important consideration in network design and
development is a means for the transmission of critical inputs. An input is deemed
critical if it has a potentially damaging effect on the envirorunent or system that is being
monitored. Critical inputs are handled through the transmission of multiple output levels.
For example, a node may fire at different levels (frequency, neurotransmitter discharge)

for different types of inputs. A maximum being reserved for system critical inputs.
Weight modification may not be efficient enough for the emergency on hand.
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6. A NEUROBIOLOGICAL APPLICATION: THE
SNAIL APLYSIA

This chapter provides a case-study for DNEs used to model the neural circuit and
behavior of the snail Aplysia. A brief background is provided followed by a description
of the DNE model used to simulate it. Using the same DNE model two behavioral tests
were performed, the first tested the response of the gill-withdrawal reflex, while the other
was designed to capture the defensive gill-withdrawal which is a result of
hypersensitization.
An Aplysia is a large marine snail whose nervous system was first studied in
1803. The Aplysia has distinct neural responses to different levels of external stimuli.
One of these distinct responses is the gill-withdrawal reflex. The strength of the gillwithdrawal reflex will decrease from a recurrent mild external stimulus. However, a
potentially dangerous level of stimuli will increase the sensitivity to a mild stimulus. The
neural circuit for gill-withdrawal shown in Figure 4.1 was developed through physical
experimentation [40] on the Aplysia. This case study models the Aplysia gill-withdrawal
reflex neural circuit to show the dynamic neural ensemble's ability to leam.
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6.1

THE GILL-WITHDRAWAL REFLEX OF THE APLYSIA

There are about 24 sensory neuron cells in the gill-withdrawal reflex. Each time
- the siphon (skin) is given a point stimulus only about eight sensory neurons are excited
[40]. The sensory neurons make direct connections to at least one inhibitor intemeuron
(LI6) and two excitatory intemeurons (L22, L23). Neurons (LI6, L22, L23) supply input
stimulus to the motor neurons (L7, LDGl, LDG2, RJDG, L9G1, L9G2). The three major
motor neurons (L7, LDGl, LDG2) make direct cormections with the gill. The three
minor motor neurons (RDG, L9G1, L9G2) are assumed to make direct connections.
Removing either major motor neurons (L7 or LDGl) from the network will result in a
reduction of the reflex response by 30-40 percent [36].
The gill-withdrawal reflex is habituated by presenting a series of mild point
stimuli to the siphon once every 30 seconds. Within the first three minutes the reflex
response had decreased by more than 60 percent. After a 10 minute recovery period, the
experiment is repeated. The decrease in response is similar to the initial response but the
starting amplitude was approximately 5 percent less. Time for recovery was estimated
from repeated training sessions and it was found that approximately 80 percent recovery
is reached after a 10 minute rest period [36].
This experiment was performed by Kandel, Castellucci and Byrne [40] to
determine the cause of this response. It was found that changes in the reflex response
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occurred due to the changes within the synapses between the intemeurons and the motor
neurons.

The defensive gill-withdrawal reflex is caused by a strong or potentially
dangerous stimulus to the Aplysia body. After such a stimulus the gill-withdrawal reflex
reacts more vigorously to mild or weak stimulus [37]. A single electrical shock to the tail
of the Aplysia increases the gill-withdrawal response for up to an hour. Repeated shocks
increase the duration of the heightened response to mild stimulus. The experiments
performed by Kandel, Castellucci and Byrne to determine the cause of this response
showed that the sensory neiiron's contribution is significant while the intemeuron's
contribution is less important [40].

6.2 DNE MODEL OF APLYSIA

One model will be developed to demonstrate both the gill-withdrawal reflexes.
This model involves three layers with the first layer including eight sensory neurons (SI,
through S8). The second layer includes the intemeurons (Int.2 ensemble, LI6, L22, L23)
and the third layer the motor neurons (L7, LDGl, LDG2, RDG, L9G1, L9G2). A
generator will supply the input stimulus to the sensory neurons and the transducer will
receive the motor neurons' responses. Figure 6.1 shows the dynamic neural ensembles
gill-withdrawal reflex model configuration.
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CBV«

TRANSD
Ensemble

Figure 6.1: Circuit/Network Diagram for Gill Withdrawal

6.3 RESPONSE OF DNE MODEL TO MILD STIMULI

The generator provides a low level input every 30 time units for 10 cycles (Figiire
6.2) then no input for one 100 time units cycle to allow the neurons to recharge
themselves. After the recharge time period the low level input is repeated every 30 time
units for another 10 cycles. This cycle is repeated three times and the output results are
shown in Figure 6.3. The clean history method is set to 500 time units.
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Figure 6.2: Repeated Mild Input Stimulus
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The motor neurons output decrease in response by approximately 60 percent after
three cycles during the first simulation run. After each rest period the decrease in the
response occurred in fewer cycles. The peak output amplitude of the second and third
simulation runs were lower than the maximum amplitude by approximately 18 percent.
The motor neurons internal potential is below minimum threshold level during the ninth
or tenth cycle.

6.4 RESPONSE OF DNE MODEL TO STRONG STIMULI

The generator provides a series of inputs during the simulations. In the first
simulation run the first two inputs are weak, the next two inputs are strong, the following
inputs again are weak and the clean history time period is set to 250. During the second
simulation run the first three inputs are weak, the next four inputs are strong, the
following inputs again are weak and the clean history time period is set to 500. The third
simulation run has two weak inputs, the next seven inputs are strong, the following inputs
again are weak and the clean history time period is set to 550. Figure 6.4 shows the
sensory neurons input stimulus and Figure 6.5 shows the motor neuron's output results.
During the first simulation run the motor neurons maintain an increased output
response level, to mild stimuli, for one cycle after the two strong input pulses. The motor
neurons then display a decrease in output response seen in the previous simulation. In the
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second simulation run the motor neurons maintain an elevated output level response, to
mild stimuli, for three cycles after the four strong input pulses.
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Figure 6.4: Stimulus for Strong Input

The third simulation produces a much stronger response after the seven strong
inputs, hi the 12 cycle the sensory neurons request new connections to the intemeurons.
The new cormections cause an increase in the input drive to the intemeuron from the
sensory neurons resulting in an extended duration of increased response to mild stimuli in
the motor neuron's output.
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Figure 6.4: Output Response to Strong Input Stimulus
The model developed in the case study displayed habituation type learning
through a decrease in the strength of the gill-withdrawal reflex from a recurrent mild
external stimulus. The neurotransmitter depletion and recharge provided the dynamic
neuron ensemble with the ability to exhibit this response. An increase in sensitivity to a
mild extemal stimulus after a potentially dangerous stimulus was also successfially
modeled. The case study demonstrates the dynamic neural ensemble's ability to learn in a
manner similar to the biological neural network of the Aplysia's gill-withdrawal reflex.

6.5 BEHAVIORAL VALIDATION OF THE SNAIL APLYSIA MODEL

Validation of the Snail's behavior was done at an abstract behavioral level using
the results obtained by Kandel and Byrne [36], [40]. Quantitatively; due to the parameters
used in the models, the numbers may differ. However, behavioral they depicted the same
pattern. With mild input stimuli, the snail leams to habituate resulting in a reduction in
the output level from the circuit to the gill contracting muscle.

With strong stimuli, even after habituation has occurred, the snail became
hypersensitive to the input and began to fire rapidly when presented with mild stimuli.
The two high-level behaviors, habituation and hypersensitization, were thus validated.
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7. ENGINEERING APPLICATIONS

In this chapter two examples of engineering applications are discussed. The first is
a design for a controller for a chemical plant. The second is an application of the DNE
model of habituation and hyper-sensitization, developed for the snail Aplysia,
incorporated into a spatial decision making.

7.1 DYNAMIC CONTROL IN A CHEMICAL PLANT

This is an effort to provide an engineering application of DNEs. The advent of
sensors of different types (temperature, pressure, light etc.) has spurred on the
development of production lines that are moving towards full-autonomy. Control,
however is still done with some human intervention. The primary reason for human
process control is the uncertainty and unreliability of production parameters with respect
to time and quality.

Controllers, designed to function for fixed time/quality processes have had little
success in the real-world. Expert systems and AI based fuzzy systems have enjoyed some
success [41]. Controllers capable of mapping domain/control information and changing

96

with the environment are need. DNEs provide the support for dynamic control and enable
domain-based control information to be mapped into the network topology and weights.
The example presented here is one for a chemical production company (figure
7.1). The chemical or fluid produced at this plant contains essential, insoluble salts and
minerals. The fluid density and viscosity must be constantly checked to maintain the
concentrations needed. The motor is turned on in the storage tank to maintain optimal
fluid concentrations.

This fluid is pumped into trucks, when they arrive for sale. There is a cost
associated with keeping a truck waiting for more than the time needed to fill the truck.
The objective function uses a cost optimization algorithm to minimize this cost.
Control is accomplished through the sensors and actuators provided in the
assembly to track states and initiate actions, respectively. The state of the system is
defined as follows:
Equation 7.1:
S = {Vi, Vo, Fl, T, TL, Fd, M}
where:
Vi:

Input Valve (open=l)

Vo\

Output Valve (open= 1)

Fl:

Level of Fluid in the tank. (high=1)

T:

Truck Weight Sensor (truck-in=1)

TL:

Level of fluid in Truck (full=l)

Fd:

Fluid density or viscosity (normaI=1)

M:

Motor (on=l)

Motor

Fluid Density
(Fd)

Fluid Level

(FI)
Valve
OUT (Vo)
TruckLevel

(TL)

Truck In

(T)

Figure 7.1: Graphical Representation of Chemical Plant
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There are four (4) sensors in the system: the Fl (tank fluid level), Fd (fluid density
or viscosity), T (truck weight) and TL (truck fluid level) sensors. The three actuators
control the input and output valves (Vi and Vo) and the motor in the tank (M).

The system's state transition diagram is given below (figure 7.2). The dark lines
indicate sensory inputs into the system, while the lighter lines are actuator inputs. The
objective function is used to evaluate a conflicting scenario, where a cost-based decision
needs to be made. In the event that a truck arrives when the fluid level or density is not
optimal, the motor needs to be turned on to mix the fluid in the tank and get the correct
texture or an even density. However, the truck may have to wait while the fluid is being
mixed- this will cost the production unit. On the other hand, supplying unmixed or nonoptimal fluid will also cost the unit. Using quantitative data, available firom the sensors,
the objective flmction will determine the course of action that should to pursued to
minimize cost.

Using domain information, available firom the state transition diagram (figure 7.2)
we develop a DNE with the sensors modeled as sensory Dn.s and the actuators models as
motor Dn.s (figure 7.3).
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state = (Vi, Vo, Fl. T, TL, Fd, M)

0111011

0111110
TL=f

0011110

0111010

Fd=0
0111000

T=0
0011010

T=i
0010010

M=0

Vo=0
0101010

Fd=0

1011010

Vi=I '
Vo=0

0010000

0111001
0011000

Fd=0
0010011

M=1

0011011

1001010

M=1

TL=1

Fd=I

Fd=I
0010001

0011001

0111101

T=0
0011101

Figure 7.2: State Transition Diagram
On the DNE model, all thresholds for the intemeurons are equal to one (1), as
shown by the number in the right section of the Dn.s. Cormections that terminate in a
white circle, are excitatory or positive connections. Conversely, the connections that
terminate in a black circle are inhibitory connections. All connection weights are equal
to one (1.0) unless explicitly shown.
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In addition to the sensory, inter and motor (or output) neurons, an attention unit is
provided to activate the DNE. If any system parameter changes, an input is provided to
the attention component and signals are sent to the intemeurons in the DNE (figure 7.3).

Anennon

Objective
Function

Figure 7.3: DNE Model of Controller
A positive input to a motor neuron activates (turns on/opens) that component,
while a negative input to a motor neuron will deactivate (shutdown/close) the component.
For example a positive input to the motor will start the motor, and the same input to the
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input valve will open the valve. Conversely, if negative inputs are received by the motor
and the input valve, the motor will be turned off and the valve will be closed.

However, if both positive and negative inputs are received by the motor neurons
concurrently, no action is taken by the actuator.

Over time, given the nature of DNEs, the network will become more efficient
(through the changes made to connections and weights) at responding to system changes.
The topology provides an intuitive representation of system states and their transitions.
The next example provides a possible application for spatially orienting vision
systems using the habituation model developed in chapter 6. In addition it makes use of
another DNE model that mimics saccadic eye movements in mammals.

7.2 VISUAL SPATIAL DECISION MAKING MODEL

The visual, spatial decision making model is an application of DNEs to the
detection of important or significant visually apparent changes in the environment. With a
160 degree or greater view, it is hard to focus on all details of the visual space. Saccadic
eye movements enable us to scan this space efficiently and focus in on changes that
capture our attention. The visual space is divided into columns, each column representing
a certain focal area within the visual space.
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Given a current position, and changes in the visual scene; the system determine
where to move one's focus of attention. The granularity of the changes that will be
recorded is dependent on the size and number of habituation models used. The larger the
number, the smaller the visual field for each habituation model, and consequently the
better the granularity of changes identified.

DNE
Habit-O
Arousal fr. Habit-x
Current
Position

DNE
Habit-1

Spatail-l

Spatial
Activation

Avg.
Artxisal

Lft-side
Input

SacGen

Rt-side
Input

DNE
Habit-n

Pause

Fig\ire 7.4; Spatial Activity Model using DNEs
Figure 7.4 is a representation of the entire decision-making system. For
simulation, a generator is attached to provide input to the system, while a transducer
records the changes in focal position. The outputs from the habit-x (habituation) models
are fed into a computational model for determining the left and right inputs with respect
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to the current focal position and the general state of arousal in the system. Increased
activity increases the sensitivity of the saccade generator.
The saccade generator circuit was taken from Grossberg and Kuperstein model of
saccadic eye movements and modified for use in this case [42]. For additional
information on the saccadic circuit please refer to [43] and [42].
The circuit consists of 5 layers with feed-forward and feedback connections (figure
7.5). Any unidentifiable collection of cells are grouped as an inhibitory and excitatory cell
box (the dotted lined boxes with the shaded interior) a can be appropriately scaled.
External inputs are identified with arrowheads. Internal connections have lines that
end in a bubble. A filled bubble represents an inhibitory (negative) connection, while an
empty bubble represents an excitatory cormection. Connections ending at the edge of the
box represent cormections to both the inhibitory and excitatory cells inside the box. The
current circuit has six (6) ensembles (with atleast 2 cells) and 4 identifiable visual cortical
neurons.

The outputs provided by the circuit are in the form of a muscle activation to move
right and one to move left. The stronger of the two will cause the current focal position to
be shifted in that direction as indicated in the computational circuit (figure 7.5).
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V1

V5

V7

Lfi-side
Input

V9

Pause

Left
Output

V3
V2

V6

Right
Output

V8

V10
V4

Avg.
Arousal

Figure 7.5: Saccade Generator Circuit
The spatial model for input-output handling and computation receives inputs from
all the habit-x DNEs in the system. Given the address of the habit-x DNEs, it computes
the average input from the right-side and the left-side of the current position. The total
average arousal is also computed. A pause signal is given if the input from the current
position DNE crosses a preset significant level (threshold). The algorithms for
computation are provided in figure 7.6. A new current position is computed with
information received from the saccadic circuit, based on left and right side muscle
activation.
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Figure 7.6: Spatieil Model I/O and Computation
The system is designed to help focus visual attention on the area in space where
significant activity is taking place. With some run-time, the system will learn to ignore
routine changes (or cyclic noise) in the environment and will begin to focus in on
significant changes. This is due to the functionality of the habit-x DNE model that has the
capability to habituate to repeated mild stimulus, but responds in a hyperactive manner to
strong or significant stimulus.

The system presented here a computational abstraction of the biologically oriented
spatial decision making system. Its purpose is to illustrate possible applications of DNEs.
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8. CONCLUSIONS & FUTURE RESEARCH

In the course of this dissertation, I have attempted to illustrate the capabilities and
possible applications of dynamic neuronal ensembles (DNE) as a new paradigm for the
development of dynamic systems for learning and possible control.
Chapter 1 provided an introduction to neural networks, some basic neuroscience
principles and the motivation for this dissertation. As stated previously, the motivation
for this research is two-fold. Firstly, to provide biologists with a modular, flexible tool,
incorporating current state-of-the-art modeling and simulation capabilities for use in
hypothesis testing, development and analysis. Conversely, to provide engineers with a
new paradigm for the development of adaptable, evolutionary systems capable of learning
in a dynamic environment.
A brief overview of the DEVS framework and methodology and its capabilities in
modeling and simulation was needed to provide the reader with an understanding of how
the implementation of DNEs was carried out. A resurgence in interest for artificial neural
networks has brought with it a number of recent advances. A number of these advances
have made use of findings in neuroscience. However, we have found no multi-purpose
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environment, such as that proposed by DNEs, that incorporated the behavioral and
structural mechanisms that enable dynamic learning and simulation of biological models
and their application to engineering.
Chapters 3 through^S, provide introduce the structural components and behavioral
mechanisms that enable DNEs to fimction as autonomous systems capable of learning in
a dynamic environment.
The snail Aplysia, was used to demonstrate the ability of the DNE to closely
simulate the fimctioning of an ensemble or collection of neurons. The results of the
simulation closely matched the results obtained by Kandel [36] in his experiments with
the gill withdrawal reflex and the defensive gill withdrawal reflex.
We see two examples of engineering oriented applications where DNEs can be
used effectively. The first provides some insight into the development of dynamic
controller using DNEs, without making any significant changes to the Dn.s. We see that
domain-specific information can be embedded into the network using the sensor inputs
and actuator outputs.

The spatial decision making example is a large-scale parallel implementation of
the snail Aplysia circuit combined with a saccadic and computational models.
Implementation in DEVS provides a modular hierarchical construction environment
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where complete systems can be stored and re-used to develop larger, more complex
systems, as in the case of the snail Aplysia model.
From an implementational point of view, the dynamic neurons are designed as
independent components and can be easily executed on parallel platforms for efficient
real-time processing.
The structural and behavioral dynamics of the DNE paradigm pave the way for a
new approach to the load and resource balancing problem in computer and computer
science applications. Although some additional work is needed for a concrete
methodology for a translation to that domain, a complete collections of mechanisms has
already been provided in this dissertation.
In the course of this dissertation, we have presented a new network paradigm,
provided insights into its implementation and also illustrated its application in the
neurobiological and engineering domains.
Concrete future plans for DNEs include the following:
I. Sensitivity testing of DNE components and parameters to gain a better
understanding of its behavior. The Dn.s and DNEs rapidly become complex
systems that cannot be reasoned about intuitively. A better understanding of
the sensitivity firom a structural and behavioral point of view is needed.
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However, due to the large number of parameters that determine the behavioral
characteristics of Dn.s and the topological structures that determine the
outputs of the DNEs, sensitivity testing must be done on a domain dependent
or structure dependent basis. As the structure of the DNE is the primary
determinant of its behavior, the sensitivity of parameters with respect to one
another and system behavior may change as the network topology changes.
From a mathematical point of view, however, some analysis can be done using
the equations provided in chapter on implementation (chapter 5). A brief
discussion of the relative effects of parameters is also provided in chapter 5.
2. Incorporation of additional mechanisms for learning and control. As a next
step we plan to include additional learning capabilities that will attempt to
shorten the critical distance between the sensory input and motor output,
drastically reducing reaction time for routine tasks.

3. Implementation of the spatial decision making model presented in chapter 7.2.
4. Implementation and testing of DNEs on a parallel machine. Efforts are
currently under way to develop a version of the DNE for the IBM SP2 parallel
processing platform.
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The current implementation of the DNE is a second generation version, running
on UNIX platforms. As DEVS versions for PCs and parallel platforms become available,
the DNE models will also be migrate to these platforms.

Our long-terms goals include attempting to find applications of DNE to different
domains and measure its success as a generic learning and control paradigm.

APPENDIX 1:
DNE COMPONENT'S PSEUDO-CODE

DENDRITE

External Transition Function
1.
2.

Update Clock
Reset dendrite-potential

3. Clean-History
4.

If PORT = "Stop"
passivate
If PORT = "In"
Call Message Interpreter {content-value)

4.

If output-flag AND Phase = "passive"

Evaluate Weight ()
Hold in Phase = "active" for processing-time

Clean History
The history is stored in a linked list. Additions to the list are made at the head.
for (ptr = head, ptr != tail, ptr = ptr->next)
{

last-cumulative-value += ptr->value • (ptr->clock - (last-fire - history))
}
for (ptr = head, ptr->clock < (clock - HISTORY), ptr = ptr->next)
{
ptr->next = NULL

for (ptr = head, ptr != tail, ptr = ptr->next)

{
current-cumulative-value += ptr->value • (ptr->clock - (clock - history))
}

Message Interpreter
The content-value is a pair containing: {command, data-value).
The data-value (called axon-data) consists of a structure with the following fields:

• source-address
• port-id
• fire-value
• port-flag (new or old)
If command = TRANSMIT
get data from axon-data
If port-flag = "new"
If port is available
Add a data structure to port-data
Update port components
Send message to cellbody on available ports (add-conn-flag
else
Send message to cellbody for new dendrite
hold-in (NEW-DEND-PORT, 0)
exit
Add axon-data to dendrite inventory
Store time, data-value and source into input-port[dend-p-id]
weight = current-weight
curr = current-cumulative-value
last = last-cumulative-value
new-weight = weight + gain • (curr - last)
current-weight = new-weight
dendrite-potential = current-weight * fire-value
else
Error: Invalid command at dend-address

Evaluate Weight
Get data on current-weight and current-cumulative-value
If curr <= 0
increment delete-flag
Add clock-time
If delete-flag >= 3 in PERIOD
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Remove connection
Send message to cellbody (remove-conn-flag = 1)
If current-weight >= MAX-WEIGHT
Set current-weight = MAX-WEIGHT
Increment add-flag
Add clock-time
If add-flag >= 3 in PERIOD
Add connection
Send message to cellbody (add-conn-flag = 1)
current-weight = MAX-WEIGHT / 2
Reset add-flag

Output Function
If state = remove
send output:
port = out
value = (REMOVE-DEND, my-address...)
If state = active
If remove-conn-flag = I
send output:

port = out
value = CPORT-STATUS, del-port, my-address...)

If add-conn-flag = 1
send output:
Send output:

If state = new-dend-port
Send output:

port = out
value = (PORT-STATUS, add-port, my-address...)
port = out
value = (SUM, my-address, port-id, data)

port = out
value (NEW-DEND-PORT, cormection information received from axon)

Otherwise NO output.

Internal Transition Function
If dendrite-potential <= 0
increment delete-dendrite
If delete-dendrite >= 3
get my-address
send message to axon and cellbody to remove myself
hold-in (remove, 0)
else
hold-in (passive, PERIOD)
else
set dendrite-potential = 0

set delete-dendrite = 0
hold-in (passive, infinity)
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CELLBODY

External Transition Function
• Message on port STOP
passivate
Message on port IN
1. Call Decay Function
2. Call Message Interpreter
3. Queue messages by processing time for ordered delivery to axon
4. Update message type (RECHARGE or REGULAR)
5. Take minimum message output time
hold-in (message-type, shortest output time)

Decay Function
An exponential decay function (exp-d) is used- decay factor is set by the user or designer.
Compute time since last fired (delta = clock - last-fire).
If delta <= ARP-time
cellbody-potential = cellbody-potential • exp-d
return
If delta <= RRP-time
cellbody-potential = cellbody-potential * exp-d
compute RRP-threshold (last-foe)
If cellbody-potential >= RRP-threshold
output-flag = 1
hold-in (active, processing-time)
else
cellbody-potential = cellbody-potential * exp-d
compute fire-level
output-flag = I
hold-in (active, processing-time)

Message Interpreter
Input consists of: conunand, address, port-id, input-data-value.
Case
command = SUM
get input information (address, port-id, input-data-value)
cellbody-potential += input-data-value

output-flag =1
command = PORT-STATUS
get input-data-value and address
if message from dendrite
if add-port
decrement available ports for dendrite[address]
else
increment available ports for dendrite[address]
else (message from axon)
if add-port
decrement available ports for axon[address]
else
increment available ports for axon[address]
command = NEW-DEND-PORT
Receive axon-data message structure from dendrite
If available ports > 0 for any dendrite[/]
assign port-id and address
get information on axon and dendrite
set flag = 1
If flag != 1
create new dendrite
send message to axon with new dendrite information (new-conn = 1)
command = NEW-AXON-PORT
(same as above except replace dendrite for axon and vice-versa)
command = REMOVE-DEND
update dendrite[address] information
increment available dendrites
remove dendrite
command = REMOVE-AXON
(same as above except replace dendrite for axon and vice-versa)
end

Output Function
Send output to Axon or Dendrite for NEW Dendrite or Axon Port, respectively.
Call Evaluate Level
If message-type is REGULAR and out-flag = 1
If RECHARGE time is also current (i.e. both messages need to be sent)
Make recharge message and send to all axons.

Else
Create FIRE message.

Evaluate Level
If cellbody-potential > threshold-1
get axon-addresses
if cellbody-potential > threshold-2
if cellbody-potential > threshoId-3
set value = 3 (Level)
else
set value = 2 (Level)
else
set value = 1 (Level)
else
NULL
Create FIRE message
Set out-flag = 1

Internal Transition Function
Set clock
Call Decay Function
Remove last executed task from task-queue
If a RECHARGE was removed from task-queue
Schedule next RECHARGE
If message = FIRE and phase = REGULAR
hold-in (ARP, ARP-time)
else
hold-in (REGULAR, next-timed-event from task-queue)
out-flag = 0
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AXON

External Transition Function
Message on port STOP
passivate
Message on port IN

1. Call Message Interpreter
2.

Set out-flag = I and phase = PASSIVE
hold-in (ACTIVE, processing-time)

[note: ARP-time in the cellbody should be greater than Axon's processing time to prevent multiple outputs
from the same input data.]

Message Interpreter
Case
command = FIRE
locate all active ports
output = axon-type (+1 or -1) * neurotransmitter-level • input-level (level 1 to 3) •
output-level (user-defined constant)
neurotransmitter-level - = input-level * neurotransmitter-depletion-value
make output message for dendrite
out-flag = 1
command = ADD-PORT
get my-address
If port available
add new port
recharge new port
create new port data structure
send message to cellbody (PORT-STATUS, add-port)
decrement available ports
else
send message to cellbody (NEW-AXON-PORT)
command = REMOVE-PORT
send message to cellbody (PORT-STATUS, del-port)
increment available ports
command = RECAHRGE
If (neurotransmitter-level + recharge-level < default-neurotransmitter-Ievel)
neurotransmitter-level = default-neurotransmitter-level
else
neurotransmitter-level + = recharge-level
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If neurotransmitler-levei > max-neurotransmitter-level
neurotransmitter-level = max-neurotransmitter-level
end case

Output Function
If out-flag = 1
send output:

port = out
value = axon-data

Send PORT-STATUS messages Cellbody
Send NEW-AXON-PORT message to Cellbody
Send REMOVE-AXON message to Cellbody
[note: Its is not necessary to send this message to the dendrite, since without any output, the dendrite port
will automatically be removed]

Internal Transition Function
Reset out-flag
If connected-ports = 0
remove axon
send message to cellbody (REMOVE-AXON)
else
passivate
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