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Abstract— Self-organization is one of the few theories
that can explain significant aspects of developmental
neuroscience. Within the brain itself, various spatially or-
ganized regions, or maps, exist that emerge dynamically.
Theories and models that use self-organization have been
successful at explaining such phenomena, and while these
are not conclusive proof, they provide strong evidence
in favor of self-organized mechanisms in the brain.
Artificial Neural Networks have been developed that
make use of these models to produce pattern recognition
and classification mechanisms that have been used in
widely diverse fields. This paper describes some of the
models used to explain the emergence of various patterns
and maps in the brain and their counterparts in the
Neural Network domain. Widely used Neural Network
algorithms include the Self-Organized Map and Adaptive
Resonance Theory, that are discussed herein.

I. INTRODUCTION

There are many reasons for believing that self orga-
nization is a fundamental mechanism used in the brain.
The brain consists of approximately Oneurons,
each of which can have up to 4@onnections. Such

After these findings of self-organization in the brain
were discovered, they were embraced by the artifi-
cial intelligence community as something that could
provide clues as to what intelligence really is. The
brain is an obvious model for the construction of
artificial intelligent agents. Early research into the
brain revealed a structure comprising a complicated
inter-communicating network of billions of neurons,
with a relatively simple structure for the neuron itself
[McCulloch and Pitts 1943]. The field of connection-
ism was fostered upon the belief that global intelligent
behavior, such as memory, pattern recognition etc., re-
sulted from local interactions among a large number of
simple processing units working independently. While
the simple neuron model has long been overthrown
in the neuroscience community, the success of neural
networks in diverse application areas has ensured con-
tinued interest in them among researchers in artificial
intelligence.

The field of artificial neural networks can be said
to have begun with the seminal paper by McCulloch

a complex system cannot be encoded using genetic and Pitts [McCulloch and Pitts 1943], that described

information alone. Furthermore, the brain is not a static
object; it changes through its interaction with the en-
vironment, especially during development but even in

how neurons in the brain might work, and included
a simple neural network model based on electrical
circuits. In 1959, Bernard Widrow and Marcian Hoff

adulthood. There is also some neuroscientific evidence of Stanford developed models called "ADALINE” and
for self organized processes, such as the success of "MADALINE” [Widrow and Hoff 1960], which stand
models using Hebbian learning and the various patterns for ADAptive LINear Element and Multiple ADAp-

and maps that emerge dynamically in the brain. For
example, various models using self-organization have
successfully reproduced patterns found in the visual
cortex.

Despite this, it is not known whether other methods

of organization are also used. For instance, neurons can

release neurotransmitters into the extracellular fluid
which diffuse and can be received by a group of neu-
rons [Kelso 1995]. Nonetheless, any form of central
control cannot account for the incredible amount of
processing that goes on in the brain. It would be
impossible to keep track of all neural connections
and since the plasticity of the brain has been well
established, it cannot be formed from any sort of
template or recipe.

tive LINear Element respectively. Multi-layered feed-
forward networks, back-propagation networks, and hy-
brid networks, which were developed subsequently, use
ADALINE-like components as their basic computa-
tions units.

Though the original work by McCulloch
and Pitts was biologically motivated, it is
generally accepted that perceptrons, back-

propagation and many other techniques are not
biologically plausible [Kaplan 1991]. In parallel

with the above work, networks based on self-
organization, that used biologically-plausible
techniques such as competitive learning, were
also being developed. The pioneering work in this
regard was by von der Malsburg and Grossberg



[von der Malsburg 1973][Grossberg 1976a].
Fukushima built biologically inspired networks,
called Cognitron and NeoCognitron, that explored
related work [Fukushima 1975][Fukushima 1980].
In the 1970s, Grossberg developed his Adaptive
Resonance Theory (ART) [Grossberg 1976b], which
contained a number of novel hypotheses about the
underlying principles governing biological neural
systems. These ideas formed the basis for the three
classes of ART architectures developed by Carpenter
and Grossberg. These are self-organizing neural
implementations of pattern clustering algorithms and
are discussed in greater detail below. Competitive
learning, with lateral feedback, is also the basis for
Kohonen’s Self-Organizing Feature Map (SOFM) and
Learning Vector Quantization (LVQ) algorithms. The
SOFM is unique in effectively creating a spatially
organized internal representation of various features
of the input signal.

The rest of the paper is organized as follows. After a
brief overview of neurons in section 2, we focus on two
main aspects of self-organization in natural and artifi-
cial intelligent systems. The first of these, in section 3,
is self-organized learning, which contains descriptions
of Hebbian learning, as applicable to the brain, and
Competitive learning algorithms, that are applicable to
artificial neural networks. The description of Hebbian
learning includes simple Hebbian learning, as well as
extensions that make the learning competitive. The
Adaptive Resonance Theory, which uses competitive
networks to solve the stability-plasticity dilemma in
artificial neural networks, is also presented. The other
aspect of self-organization, discussed in section 4,
relates to models of the various topographic maps
found in the brain, including extensions to the models
created by researchers in artificial intelligence that
allow networks to do useful things, such as spatially
ordering data spaces. The paper ends with an analysis
of the various mechanisms involving self-organization
in the brain and neural networks and how they relate
to other types of self-organization.

II. NEURONS

At the cellular level, the brain and nervous system
are composed of a vast network of interconnected
cells called neurons. Neurons can be of many types
and shapes, but ultimately they function in a sim-
ilar manner. If the brain is self-organized, neurons
would be the individual elements that interact in or-
der to form a global pattern. As can be seen from
Figure 1, neurons contain long and short extensions
called axons and dendrites, respectively. The neurons
are connected to each other through these extensions.

Schematic of biological neuron.

Fig. 1. A neuron

Dendrites carry electric potentials towards the cell and
axons carry them away from the cell. The dendrite
of one cell is connected to the axon of another, with
a small gap in between called the synaptic gap or
synapse. In order to transmit information from one
cell to another the cell transmits an electric signals
that travels down the axon and causes the release
of neurotransmitters that travel through the synapse
to the other cell. Note that this type of interaction
is completely local. The connections among neurons
are not static, however. Connections are strengthened
and weakened constantly, and this type of interaction
forms the basis of learning. Although they are the
basic units that make up the brain, neurons are far
from simple by themselves. There is an abundance of
models that try to predict and explain the temporal
and electrical characteristics of neurons (for example,
[Ruf and Schmitt 1998] [Gerstner and Kistler 2002]).

IIl. SELF-ORGANIZED LEARNING

How do we manage to learn and remember complex
sequences of events that consist of multiple types
of sensory information? This integration of sensory
information during learning is all the more astonishing
when we consider that two neurons in, say, the visual
and auditory cortices of the brain, are separated by
billions of intervening neurons and share ho common
synapses that can lead to easy integration of informa-
tion. Another important aspect of learning is the ability
to distinguish important information from unimportant
information. This section tries to provide insight into
learning in self-organized systems such as the brain.
Hebbian learning, and its counterpart in artificial neu-
ral networks - Competitive learning, are presented.
Adaptive Resonance Theory, which uses competitive
learning along with some other rules to overcome the
stability-plasticity problem, is also discussed.

HEBBIAN LEARNING

The fundamental assumption used in most models
of the brain is the existence of Hebbian synaptic



plasticity, or Hebbian learning. In 1949, a Canadian
researcher named Donald Hebb proposed a mecha-
nism by which neurons change the strength of their
connections to other neurons. The rule is as follows
[Brown and Chattarji 1995]:

When an axon of cell A is near enough to
excite a cell B and repeatedly or persistently
takes part in firing it, some growth process
or metabolic change takes place in one or
both cells such that As efficiency, as one of
the cells firing B, is increased.

The original postulate has been modified and clari-
fied since its inception in order to add some key charac-
teristics. The first characteristic is that this mechanism
is local: the neurons respond to local information
through their connection to neighboring cells. This
does not rule out global control signals that may be
used to control Hebbian plasticity in a group of cells.
There is some evidence that neuromodulators may act
in this role. A second important characteristic is that
the interaction requires activity on both sides of the
synapse. This results in neurons that act on correlated
input to reinforce one another. The final feature of this
model is that the correct timing of the pre-synaptic
and post-synaptic activity (activity of cell A and cell
B, respectively) is essential in determining how the
connections are modified.

Hebbian learning is one of the most impor-
tant concepts used for unsupervised learning in
Neural Networks. One use of networks using
this rule is in creating an associative memory
[Brown and Chattarji 1995]. An associative memory is
a system that can “recall” mappings between specific
inputs and specific outputs. Also, it has been shown
that the standard implementation is optimal in finding
correlations under the assumption of Gaussian noise.
Suppose that there is a network of nodds each
connected to other nodes and the strength of the
connection between nodeand nodej is W;. The
simple Hebbian rule can be written as:

Y, = zWinj 1)
J

Awg; =1X;Y; @)

Equation 1 simply states that, the output from
neuroni, is equal tox;, the input from neuronj
(for all neuronsj connected toi), times Wi, the
weight of the connection between neuricand neuron
j- Equation 2 is the Hebbian learning rule, which
states that the change in weight between neuron
and j is influenced by the learning rate, the input
received from neuron (pre-synaptic), and the output
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Fig. 2.  The negative feedback network. Activation transfer is
fed forward and summed and returned as inhibition. Adaption is
performed by simple Hebbian learning [Fyfe 1997].

of neuroni (post-synaptic). The learning rate is usually
a small number that can be decreased through time.
Notice that this means that if the two neurons fire
simultaneously, then the weight of their connection
will increase proportionally to the strength of firing.
If Equation (1) is substituted into (2) then the result is

Aw; = nX; Zwikxk =7 Zwikxkxj (€©)]

It can be shown using this last equation that the
network using this rule is able to find correlations
in the data set [Fyfe 1997]. This simple rule is not
enough, however, because it is unstable; repeated use
can increase the weights of the connections without
bounds, and the performance will degrade since all the
neurons will be saturated to their maximum values.
This is in part due to the positive feedback in the
system: Larger weights will results in a larger output,
which will result in a larger increase of weights. It is
also biologically implausible since there is a limit on
the number and efficiency of synapses per neuron.

As a result, Oja and others [Oja 1982] [Oja 1989]
have come up with rules that have a decay term, which
can be implemented using negative feedback. The
resulting network can be seen in Figure 2. Equation
1 remains the same, but the firing from one time cycle
is fed back to the next as inhibition to give

M
Xj(t+1) < x(t) - klekjyk 4

If the same substitutions as before are made, the
resulting equation is

M
Awj = 1y (t+1) = ny; (Xj (t)— I;W“M) ®)

Here,x;(t) andx;(t+1) differentiates between acti-
vation at timeg andt + 1. With these specific changes,
the weights will converge and it has been shown
that the networks ends up doing primary component



analysis (PCA) [Fyfe 1997]. PCA finds the best linear
compression of data by finding the linear basis of a

With reference to neural networks, it refers to a fam-
ily of algorithms that use some sort of competition

data set that minimizes the mean squared error between between lateral nodes during learning. Normalization

the compressed and uncompressed data.

Another method to overcome the problem of
infinitely increasing connection weights is to re-
normalize the total synaptic weights of all the inputs,
so that the total input weight is a constant. This
results in competition, since an increase in weight from
one neuron results in a decrease in the weights of
connections to other neuron. There have been many
variations of Hebbian learning that result in very
different patterns or functions resulting.

Although Hebb could not verify his theory, some
evidence for Hebb’s rule was later found in the hip-
pocampus in the form of Long Term Potentiation
(LTP). In studies of animal brains, it was found that
certain stimulation of axons in the hippocampus lead

of the sum of inputs to a neuron, as done in Hebbian
learning is one simple form of that. This section
will discuss more complicated forms that have some
useful properties. In a typical competitive network
architecture, nodes in each layer are connected to a
layer above as in traditional neural networks, but in
addition, there are lateral connections between nodes
in the same layer which cause the competition. Com-
petitive learning includes a wide variety of algorithms
performing different tasks such as encoding, clustering,
and classification.

Competitive learning is also referred to as self-
organized or unsupervised learning. This presents it
in contrast to supervised learning (for eg., as in back-
propagation), where the network receives feedback in

to an increase in the synaptic strength as measured by the form of target outputs or environmental evaluations
the post-synaptic response. This phenomenon, named for each input. In unsupervised learning, the learner

Long-Term Potentiation, was found to last anywhere
between a few hours and a few days. LTP is an
extension of Hebb's rule and states that if a weak and
a strong input act on a cell at the same time, the weak

synapse becomes stronger [Gazzaniga et. al. 2002]. In

order for the synapse to be strengthened, the activity
must occur at the same time. Also, if a second weak
input exists but is not active while the strong synapse
is active (unlike the first weak input), it will not be

decides which aspects of the input signal structure to
capture in the output. In essence, the learner builds a
probabilistic model of input and uses this to generate a
recognition distribution, given a specific instance of the
input. Feedback in competitive networks occurs at two
levels. Firstly, the competitive network utilizes feed-
back, in the form of lateral inhibitory connections and
self-excitation, to pick the winner of the competition.
Subsequently, the winner’s weight vector is changed to

strengthened. There has been a great deal of researchminimize the error between the input and the weights.

that has attempted to explain this phenomenon in terms
of ion flows between the neurons, although that is
beyond the scope of this paper.

COMPETITIVE LEARNING

{+)

Cormpetitive
Layer

lnputs
(+/=) indicates negative/positive weight
Fig. 3. Asingle node in a network illustrating competitive dynamics

Competitive learning is an algorithmic implementa-
tion of Hebbian learning in artificial neural networks.

Thus, the error function is itself a feedback signal that
informs the network of the direction in which change
is required.

In recent years, competitive learning has received
considerable attention due to its demonstrated applica-
bility and biological plausibility. Competitive learning
algorithms employ competition through lateral connec-
tions between nodes in the same layer. In early models,
the competition, called hard competition, led to final
activity of a single node, the strongest one to start
with [von der Malsburg 1973]. More recent models
do not drive down all but one of the nodes to zero,
even though only one emerges the winner from the
competition [Nowlan 1991]. This form of competition,
called soft competition, has many advantages over hard
competitive methods.

A general problem occurring with hard competitive
learning is the possible existence of “dead units”.
These are units which, perhaps due to inappropriate
initialization, are never winners for any input signal
and, therefore, keep their position indefinitely. Those
units do contribute to the network functioning and
must be considered harmful since they are unused



network resources. Another problem with hard com- node activatiorg, is allowed to evolve by making use
petitive learning is that different random initializations  of the lateral connections, then no#tewill develop
may lead to widely differing results. The purely local a maximal value while the others get reduced. The
adaptations may not be able to get the system out of time evolution of the node is usually governed by an
the local minimum where it was started. Soft com- equation which determines the rate of change of the
petitive methods overcome these problems and, hence, activation. This must include the input from the lateral
are preferred over hard competitive methods for most connections as well as the ‘external’ input givendy
purposes. However, the comparative simplicity of hard Thus ifl is the weighted sum of inputs from the lateral
competitive methods makes them good instruments for connections
illustrating competitive learning. q

The biological plausibility of competitive learn- £:ﬁss+ﬁll —va )
ing can be inferred from the fact that the nodes
in competitive network develop into feature-sensitive wherefis andy are positive constant§, is negative
detectors. Feature-sensitive cells are also known to and they term denotes activation decay. It can be
be common in the brain, though the extreme views observed that the nodewith greatest excitatiosfrom
Suggested by proponents Of “Grandmother" Ce”s have the input haS |tS aCtiVation increased dil’eCtly by th|S
been discarded. Neural modelers have been able to @nd indirectly via the self-excitatory connection. This
suggest processes through which such cells can emergeresults in inhibition of the neighboring nodes, whose
from S|mp||f|ed membrane equations Of mode' neurons |nh|b|t|0n Of k in turn, iS then further reduced. Th|S
[Nass and Cooper 1975][Perez et. a|_ 1975] There is proceSS iS Continued Until Stablllty iS aChieVed. Thel’e
evidence that inhibition plays a similar role in various IS therefore a ‘competition’ for activation across the
brain functions, such as the creation of orientation layer and the network is said to evolve via competitive
columns in the visual cortex [Ramoa et. al. 1986] dynamics.
or sharpening receptive fields in the sensory cortex The Learning Technique

[von der Malsburg 1973][Merzenich et. al. 1988]. During the learning phase, the network is presented

Network Evolution Through Competitive Dynamics: An ~ With @ fraining set of inputs. In general, each input
lllustration is a vector. The goal for the network is to learn a
weight vector configuration that minimizes the total
error between the weight vectors and the training set.
In order to achieve this goal, the weight vectors must
be modified so that they match the training set. The
nodek with the closest vector is that which gives the
greatest input excitatios since this is just the dot
product of the weight and input vectors. The weight
vector of nodek may be aligned more closely with the
input if a change is made according to

A competitive learning network comprises the feed-
forward excitatory network and the lateral inhibitory
network. The feed-forward network usually imple-
ments an excitatory Hebbian learning rule. The lateral
competitive network is inhibitory in nature. The net-
work serves the important role of selecting the winner,
often via a competitive learning process highlight-
ing the "winner-take-all” schema. In a winner-take-all
circuit, the output unit receiving the largest input is
assigned a full value(e.g.,1), whereas all other units
are suppressed to a 0 value.

Consider a layer or group of units as shown in Competitive dynamics is useful in determining the
Figure 3. Each cell receives the same set of inputs Nodek, which is determined by the “winner-take-all”
from an input layer. There are intra-layer or lateral Strategy. Ify is the output of a node, where y is zero
connections such that each node is connected to itself for all nodes excepk, then the change in weights for
via an excitatory (positive) weight and inhibits all other ~€ach node can be shown as
nodes in the layer with negative weights. Now suppose

Aw = a(Xx—w) (8)

a vectorx is presented at the input. Each unit computes Aw = a(X—w)y 9)
aweighted suns of the inputs provided by this vector. Hence, the stages in learning (for a single vector
That is presentation) are -
1) Apply vector at input to net and evaluatefor
S= ) WX (6) each node
: 2) Update the net (in practice, in discrete steps)
Some nodé, say, will have a value of larger than according to (7) for a finite time or until it

any other in the layer. It is now claimed that, if the reaches equilibrium



3) Train all nodes according to (9)

If a network can learn a weight vector configuration
like this, without being told about the nature of the
input (existence of clusters, etc.) at the input, then
it is said to undergo a process eélf-organizedor
unsupervised learning. It is to be noted that the above
simple example applies only to hard competition.

ADAPTIVE RESONANCE THEORY

Most learning techniques (including Competitive
learning and Self-Organized maps) work only on static
input environments. If a network is trained on a set
of input vectors, it can classify the input environment
correctly only if the input environment is not dynamic.
In the presence of dynamically self-organizing data,
the accuracy of a network (such as a back-propagation
network or a Self-Organizing map) decreases rapidly
because the fixed weights prevent the network from
adapting to the changing environment. Thus, such
networks are noplastic To over come this problem.
the networks can be retrained on a new set of input
vectors. The network will adapt to any changes in the
input environment but this causes a rapid decrease of
accuracy with which it categorizes the old inputs be-
cause the old information is lost. Thus, this algorithm
is not stable

The above problem is called the stability-plasticity
dilemma [Carpenter and Grossberg 1987a]. Adaptive
Resonance Theory (ART) was designed specifically
to solve this problem. The ART uses an incremental
clustering algorithm to self-organize in real time and
produce stable recognition while learning input pat-
terns beyond those originally stored. ART incorporates
feedback both at the level of the competitive network
and between various modules at the network level.
Both inhibitory and excitatory connections are used
to achieve learning.

The simplest ART network is a vector classifier— it
accepts as input a vector and classifies it into a category
depending on the stored pattern it most closely resem-
bles. Once a pattern is found, it is modified (trained)
to resemble the input vector. If the input vector does
not match any stored pattern within a certain tolerance,
then a new category is created by storing a new pattern
similar to the input vector. Consequently, no stored
pattern is ever modified unless it matches the input
vector within a certain tolerance.

ARTs have been applied to a variety of do-
mains ranging from medical applications, such as
classifying ECG patterns [Barro et. al. 1998], to as-
sociative memory and semantic data processing
[Tan 1997]. ARTs have also found a niche in ap-
plications that require concept discovery, an ex-

ample being automatic building of expert-systems
[Ishihara et. al. 1995].

There are multiple versions of the ART — ART-
1 [Carpenter and Grossberg 1987a] is a binary
version that applies only to binary inputs, ART-
2 [Carpenter and Grossberg 1987b] is an analog
version that can cluster real valued inputs and
the ART-3 [Carpenter and Grossberg 1990] uses
'‘chemical transmitters’ to control the search
process in a hierarchical ART structure. In
additions, many variations such as ARTMAP,
Fuzzy ART, Gaussian ART, LAPART,
PROBART and MART exist (for example,
[Williamson 1996][Carpenter and Grossberg 1991]).
In this paper we will confine ourself to a description
of ART-1.

The ART-1 Network

r—— - - - - — - a1iar - -
ATTENTI()NALl I()RIENTING
SUBSYSTEM SUBSYSTEM

)

4 L —

INPUT
PATTERN

________ -

Fig. 4. ART-1 Network Model [Heins and Tauritz 1995]

ART-1 is the simplest ART learning model designed
specifically to recognize binary patterns. The ART-1
system consists of an attentional sub-system and an
orienting system as shown in Figure 4. The attentional
subsystem consists of two competitive networks, the
comparison layer F1 and the recognition layer F2, and
two control gains.

The layers, F1 and F2, of the attentional subsystem
encode patterns of activation in short-term memory
(STM). Bottom-up and top-down pathways between
F1 and F2 contain adaptive long-term memory (LTM)
traces which multiply the signals in these pathways.
The remainder of the circuit modulates these STM and
LTM processes. F1 nodes are supraliminally activated



(that is, sufficiently activated to generate output) if
they receive a signal from at least two out of three
possible input sources. The three are bottom-up input,
top-down input and attentional gain control input. If a
F1 node receives input from only one of these sources
it is subliminally activated. This is called the 2/3 rule.

The orienting subsystem contains the reset layer for
controlling the attentional subsystem’s overall dynam-
ics. The stabilization of learning and activation occurs
in the attentional subsystem by matching bottom-up in-
put activation and top-down expectation. The orienting
controls the attentional subsystem when a mismatch
occurs in the attentional subsystem. In other words,
the orientating subsystem works as a novelty detector.

The ART works by hypothesis testing to check
if the input vector can be classified into any cur-
rently existing cluster. If no such cluster exists, a new
cluster is created for the current input, and stored
in such a way that old information is not lost. The
ART-1 hypothesis testing cycle consists of four steps
[Heins and Tauritz 1995] -

1) Input pattern generates the STM activity pattern
X at F1 and activates both F1l's gain control
and the orienting subsystem A. Pattexnboth
inhibits A and generates the bottom-up signal
pattern S which is transformed by the adap-
tive filter into the input pattern T. F2 is de-
signed as a competitive network, only the node
which receives the largest total input is activated
("winner-take-all”).

PatternY at F2 generates the top-down signal
patternU which is transformed by the top-down
adaptive filter into the expectation pattérnPat-
ternY also inhibits F1's gain control, as a result
of which only those F1 nodes that represent bits
in the intersection of the input pattern and
the expectation patterd remain supraliminally
activated. If V mismatchesl this results in a
decrease in the total inhibition from F1 to A.

If the mismatch is severe enough A can no longer
be prevented from releasing a nonspecific arousal
wave to F2, which resets the active node at F2.
The vigilance parametgr determines how much
mismatch will be tolerated.

After the F2 node is inhibited its top-down
expectation is eliminated arican be reinstated
at F1. The cycle then begins aga¥ionce again
generates input patterfi to F2, but a different
node is activated. The previously chosen F2
node remains inhibited until F2’s gain control
is disengaged by removal of the input pattern.

The hypothesis testing cycle, which is a parallel
search, repeats automatically at a very fast rate until

2)

3)

4)

one of three possibilities occurs -

» a F2 node is chosen whose top-down expectation
approximately matches inpuit

« a previously uncommitted F2 node is selected

« the entire capacity of the system is used and input
| cannot be accommodated

Until one of these outcomes prevails, no learning
occurs as all STM computations proceed too quickly
for any traces to be left in the LTM. Significant
learning only occurs when the the hypothesis testing
cycle ends and the system is iresonantstate.

The above algorithm only gives a qualita-
tive, functional description of the ART-1 net-
work. More implementation details and analy-
sis using differential equations can be found in
[Carpenter and Grossherg 1987a].

IV. SELF-ORGANIZED SPATIAL REPRESENTATIONS

A major portion of experiments in neuroscience has
been directed towards mapping the brain i.e. finding
the correspondence between portions of the brain and
parts of the body they are concerned with. Another
form of mapping has been to find the correspondence
between groups of neurons and the feature of sensory
input they react to. It has been established that this
latter correspondence is spatial, meaning that groups of
neurons dealing with similar features are also located
near each other in the brain. In this section, we
present self-organized models that could explain the
development of sucbrain maps Spatial organization
of nodes in a neural network is also desirable in
pattern classification problems. Self-Organized maps,
which are essentially learning algorithms that produce
spatially oriented neural networks, are also part of the
focus of this section.

MAPS IN THE BRAIN

Some of the most striking evidence for self-
organization in the brain is the existence of various
somatosensory, tonotopic, and retinotopic maps. In
these maps, sheets or columns of neurons that respond
to similar features of the sensory input are located
near each other. In other words, the neurons organize
themselves such that a topographic map of the skin on
the body, sound frequencies, or visual features such as
line orientation is created. The somatosensory map in
the human cortex can be seen in Figure 5. Similarly,
there are maps of body motion and the visual and
auditory fields, some of which will be discussed later.
This type of emergent pattern is not fixed or stable,
and changes depending on the environment the animal
is exposed to. For instance, the somatosensory maps of
monkeys who had a finger amputated changed in such
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Fig. 5. The primary somatosensory area of the cortex is organized Fig- 6.  Composite figure showing the arrangement of orientation
in a "map” that is remarkably similar to the cartography of the body ~ domains (a single color represents a unique range of orientation
surface. This is called "smooth” somatotopy. Notice, however, that ~Preferences) and their relationship with ocular dominance column
the parts of the body used as organs of touch and feeling, such as the Poundaries (white lines). The images were obtained by optical

fingers and mouth, have disproportionately greater representation on '€cording in macaque monkey striate cortex. Note that the iso-
the cortical map. orientation domains tend to intersect ocular dominance column

borders at right angles [Swindale 1996].

a way that the areas for the other fingers expanded

into the region that was sensitive to the amputated inputs, then diagonal, then horizontal, etc. In Figure 6,
finger. Not only do the local nearby regions expand, but the patterns of selectivity that result can be seen. Each
the changes also propagate throughout the whole map color represents a range of orientation preferences,

so that many regions increase in size. This plasticity
and reorganization occurs even in adult brains. This
suggests that a template or recipe is not being used,
and the process might be self-organized. Added to this,
there have been many models using Hebbian learning
as a basis which can account for a great deal of the
features present in these maps.

Self-Organization in the Visual Cortex

The most well-studied type of sensory maps in
the brain are those located in the visual cortex. The
primary visual cortex, as discussed in the previous
section, is a topographic map in which adjacent neu-
rons respond to adjacent regions of the visual field. In
addition, different neurons respond more strongly to
particular features of the input such as ocularity (which
eye the input came from), line orientation, size, and
temporality. In general, neurons with the same feature
preferences group themselves together into columns. If
electrodes are moved vertically through the thickness
of the cortex, it has been found that most neurons have
the same orientation and ocularity preferences. If the
electrodes are moved tangentially through the cortex,
the cells first respond to left eye inputs, then both, then
right eye, then both, then left eye, etc. If the electrodes
are moved tangentially in the orthogonal direction, it
was found that the neurons are selective for vertical

while the white lines represent the borders of the
ocular dominance columns. As can be seen from the
figure, the maps are not perfectly continuous. There are
points around which the orientation preference changes
continuously in a circular fashion, called singulari-
ties or pinwheels. Between adjacent singularities there
are regions where the orientation preference changes
slowly and continuously in an approximately linear
fashion, called linear zones. There are other regions
between singularities where local minima of orienta-
tion preference in orthogonal directions exist, called
saddle points. It is also worth noting that ocularity
and orientation patterns are not independent. As can
be seen from Figure 6, the lines representing regions
of different ocularity are somewhat orthogonal to the
elongated ellipse shapes representing regions of similar
orientation.

The neuronal specialization that occurs is not hard-
wired or fixed. For example, kittens were found to have
abnormal orientation selection among neurons when
they were blinded at birth. Also, it has been found that
even an adult cortex can undergo reorganization of the
connections when experiencing sensory or cortical ma-
nipulation such as lesions. However, evidence suggests
that some specialization does occur before structured
visual stimuli is experienced, and in some animals
exists in some form before birth. Later introduction
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of structured visual input skews the distribution of
orientation selectivity. A possible solution to this
dilemma was proposed by Ralph Linsker and others
that followed him, who demonstrated that a simple
feed-forward network that used Hebbian learning could
develop orientation preference similar to that seen in
the visual cortex even given unstructured visual input.
Unstructured visual input can be spontaneously occur-
ring retinal activity, which some have even suggested
might be internally-generated input patterns encoded in
genetic information [Bednar and Miikkulainen 2003].
In order to account for the various patterns that
emerge in the visual cortex many models, most
of which use self-organization, have been proposed.
A comparison of some models including an anal-
ysis of the similarity that exists in their underly-
ing assumptions can be found in [Erwin et. al. 1995]
[Swindale 1996]. Most models are based on similar
assumptions [Swindale 1996]:

1) Hebb synapses;

2) Correlated or spatially patterned activity in the
afferents to cortical neurons;

3) Fixed connections between cortical neurons
which are locally excitatory and inhibitory at
slightly greater distances

4) Normalization of synapse strength.

In the following subsections, we will discuss the
details of two models in order to give an idea of what
they look like.

Von der Malsburg’s model

One of the first -correlation-based models
was  described by  Von Der  Malsburg
[von der Malsburg 1973]. His model first assumed
a Hebbian rule that is competitive (but in a simpler

(A) The nine different stimuli used by von der Malsburg. The large dots are active units. (B) The layout of orientation preference in
the simulated cortex after 100 learning steps. The dots represent units which failed to learn to respond to any of the stimuli [Swindale 1996].

manner than described before). Here, competitive
refers to the fact that an increase in strength to one
neuron results in a relative decrease to another. This
was enforced using normalization, which keeps the
total strength of incoming connections to a neuron
constant. This competition results in neurons that
respond to correlated inputs. If two inputs are activated
by correlated activity, then they mutually reinforce
their connections since they both work together to
activate the target cell. This type of positive feedback
was discussed earlier in this paper.

Von der Malsburg had two types of cells: cortical
cells (both inhibitory and excitatory) and retinal cells,
representing a two layered network (although one
layer is just the input given to the system). There
were a fixed number of excitatory and inhibitory
cells connected together in a fixed manner such that
the inhibitory connections went slightly farther than
excitatory, which is something that is thought to occur
in real animal brains. Each excitatory cell had con-
nections to all 19 retinal input neurons and each reti-
nal neuron was connected with every excitatory cell,
whose weights were random at first. The following
non-linear differential equation was used in order to
model the changes in response of the cells:

dH,(t)
dt

N M
= —oHy (1) +|; PicH (1) +Z§kAi*(t) (10)
k=1,...,N

The first term on the right hand side of the equation
represents the decay of a neuron with timg.is the
decay constant and,(t) is the response of the cell at
time t. The second term represents the excitation and
inhibition from other lateral cellsp,, is the connection
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Fig. 8. The RF-LISSOM model. The lateral excitatory and lateral
inhibitory connections of a single neuron in the network are shown,
together with its afferent connections [Miikkulainen et. al. 1997].

strength between cell and cellk and H(t) is the
value of H,(t) after the application of a threshold
function. The last term is the effect of the retinal cells,
wheres, is the strength of the connection an(t)

is the stimulus strength of retinal céllafter applying

a threshold function to it. The rule for changing the
weights of the input connections (between retinal and
cortical cells) was as follows:

As, OAH;

After each learning step, the total of the synaptic
strengths coming into each cortical cell was normalized
by multiplying it by a factor proportional to /Iy;s,.
Note thatp,, the weights between lateral cells were
not changed and remained fixed. Figure 7 shows the
inputs given to the system and the resulting map
which demonstrates orientation preference. This model
was the first to produce this pattern, and the first to
use local connectivity that had short range excitatory
connections and long range inhibitory connections in
a sheet of cells.

The model was later extended by Malsburg and
others in order to account for retinotopy, orientation
columns, and ocular dominance.

RF-LISSOM

It is important to distinguish lateral and afferent
connections existing in neuronal structures. As shown
in Figure 8, lateral connections are the inhibitory and
excitatory connections among neurons, and afferent
connections are connections among different layers
(for example between retinal and cortical cells in Mals-
burg’s model). In most models, the lateral connections
are assumed to be fixed with the excitatory connections
being shorter range than inhibitory connections. One
model, called RF-LISSOM (Receptive Field Laterally
Interconnected Synergetically Self-Organizing Maps)

(11)

develops both afferent and lateral connections together,
and can account for orientation, ocular dominance, and
size selectivity columns as well as low-level phenom-
ena such as tilt aftereffects [Miikkulainen et. al. 1997].
The RF-LISSOM model uses layers of sheets of
interconnected neurons (as seen in Figure 8). Through
afferent connections each neuron receives input from
a receptive surface and also has reciprocal lateral in-
hibitory and excitatory connections. As before, lateral
inhibitory connections run for longer distances than
excitatory. This is related to the Self-Organizing Maps
used in artificial intelligence, discussed later. Each
neuron in theN x N network receives input from
a receptive field of sizes x s where s is half the
size of the retina (the receptive surface). The weights
of both afferent and lateral connections have positive
weights, start out at random, and change using similar
Hebbian rules. The initial responsg of neuron(i, j)
is calculated as:

n; =0 ( > ‘grl,rzuij,rlr2> (12)
T2

Here <§r17r2 is the activation level of the retinal re-
ceptor(ry,r,) within the receptive field of the neuron,
Hij rr, is the strength of the afferent connection, and
o is a piecewise linear approximation of the sigmoid
activation function. At each step, the response of the
neurons changes as follows:

MO =0 (Y &y, + Yeg Eij aMa (t = 81)

| _%Zlij,klnkl(t_at))
’ (13)

The first term is the afferent connection, the second
term is the effect of the excitatory connections, and the
third term is the effect of the inhibitory connections.
andy are just scaling factors determining how much
lateral excitatory and inhibitory interaction is desired.
At first, the activity on the receptive field is spread
out across the map, but after a few iterations it will
stabilize in a patch of activity. After this, the weights of
the connections (both afferent and lateral) are modified
by the following rule:

Wij ,mn(t) + anij xmn
2mn [Wij,mn(t) + O”Iijxmn}

Wi ma(t+1) = (14)

This is basically a normalized Hebb rule. Both
the inhibitory and excitatory lateral connections are



strengthened by correlated activity, and since corre-
lated activity is rare among neurons far away from
each other the long range connections eventually be-
come weak. These weak connections are manually
pruned by the system periodically if they become
too weak, reflecting evidence that such connections
die early in development in animals. The radius of
lateral excitatory interactions starts out large but is
decreased until it covers only nearest neighbors. As
the system goes through many iterations, the activity

cells at a time gives the active response to the current
input. The locations of the responses tend to become
ordered as if some meaningful coordinate system for
different input features were being created over the
network. The spatial location or coordinates of a cell
in the network then correspond to a particular domain
of input signal patterns.

Kohonen maps bear strong physiological links to the
structure of the human brain and the working of a Ko-
honen network has been shown to be biologically plau-

pattern decreases in radius and eventually converges sible [Kohonen 1993]. Many brain maps, especially

to small activity areas called “activity bubbles”. A
more detailed explanation and many simulation results
can be found in [Miikkulainen et. al. 1997]. Although
more complicated than other models, it is able to
account for a wide range of patterns and correlations
that occur in real animals. This model and others like
it use a class of more general mechanisms called Self-
Organizing Feature Maps, which are discussed in the
next section.

SELF-ORGANIZING FEATURE MAPS

input vector

Fig. 9. Activation in a Kohonen Network [Kohonen 1990]

Self-Organizing Feature Maps (SOFMs)
[Kohonen 1982], also called Kohonen maps or
Kohonen networks after their inventor, are neural
networks that effectively project input space on
prototypes of low dimensional regular grids. This
property makes them extremely useful in visualization
and exploration of data properties. Another important
property of Kohonen networks is that they preserve
the topology of the input space during mapping.
A Kohonen network implements soft competitive
learning in a sheet-like artificial neural network
(Figure 9), the cells of which become specifically
tuned to various input signal patterns or classes of
patterns through an unsupervised learning process. In
the basic version, only one cell or a local group of

those in primary sensory areas, are ordered according
to some feature dimensions of sensory signals. These
include the tonotopic maps of the auditory cortex and
the somatotopic map discussed earlier. Some of these
maps represent abstract qualities of sensory and other
experiences, an example being the organization of
neural responses according to categories and semantic
values of words (cf. [Caramazza 1988]). It thus seems
that internal representations of information in the brain
are generally organized spatially, although there is only
partial biological evidence for this.

The Self-Organizing Map Algorithm

The Kohonen network uses a soft competi-
tive learning algorithm as explained here (from
[Kohonen 1990]). Letx = [X;,X,,...,%] € On be
the input vector (in matrix notation). Thus input
is connected in parallel to all the neuronsin
the network. The weight vector of cell is m; =
[m;;,M,y,...,m; T € On. The simplest analytical mea-
sure for the match ok with m; is the inner product
mei. However, the euclidean distance betweeand
m; can also be used, in which case the winner is
the node with the least distance. Lateral interaction is
enforced in a general form by defining a neighborhood
setN; around a cellc. At each learning step, all the
cells within N; are updated while those outsitig are
left intact. The neighborhood is centered around the
cell for which the best match with inpwt is found
(the winner in a “winner-take-all” network) :

[ X —me [|= min{[| x —m ||} (15)
The width or radius of\; can be time-variable. For
a good global orderingNe should initially be large
(up to half the size of the network) and should shrink
monotonically with time. This may be explained by
observing that an initial coarse spatial resolution in
the learning process, that induces rough global order,
can be followed by finer adjustments. The updation
process can be expressed as -



C[mi) +a®)xt) —m 0] i Ng(t)
m(t+1 = {mi t) it ¢ Ne(t)
(16)

where a(t) is a scalar valued “adaptation gain”
0 < a(t) < 1. This is the Hebbian learning rule for
the competitive network. Alternatively, this may be
accomplished by introducing a scalar “kernel” function
he = hg (t),

my(t) = my(t) + hy (0)[x(t) — my (1)

The definition ofh; can be general, one of the com-
monly used ones being the “mexican hat” waveform
shown in Figure 10. This function encodes long-range
inhibitory and short-range excitatory connections that
are similar to neuron interactions in the brain.

7)

activation

b L
\/ | \:/ lateral distance

Fig. 10. Mexican Hat Neighborhood Function

The Kohonen learning algorithm is then simply the
updation of the weights using equation 17 on the
neighborhood centered on the winner of the compe-
tition. This simple algorithm provides spatial ordering
of any input domain where a set of features of interest
are defined.

Ordering in Kohonen networks

This section illustrates the working of Kohonen
networks through some demonstrations of the ordering
process. The examples highlight the effect of the
weight vectors approximating the the density function
of the input vectors in an orderly manner. The input
vectors x;(t) are drawn from this density function
independently and at random, after which they cause
adaptive changes in the weight vectars. The m,

and m; are connected only if the corresponding units

i andj are adjacent in the array. In Figure 11(a),

the arrangement of cells is rectangular, while in Fig-

ure 11(b), the cells are connected in a linear chain. The
figures also show the intermediate phases during the
self-organization. Figure 11(c) shows the application

of the Kohonen network to the Travelling Salesman

Problem. The network configuration is a closed chain
of 100 nodes. The tendency of the network to preserve
neighborhood results in attempting short tours as the
final configuration. In the figure, the network finds the

shortest possible tour, though this is not always the
case.

The results are more interesting if the dimension-
alities of the input and weight vectors differ, as in
Figures 11(b) and 11(d). In the latter figure, a two-
dimensional grid approximates a three-dimensional
probability grid.

Applications and Variations

Self-organized networks have been applied to pat-
tern recognition [Kohonen and Somervuo 1998], im-
age analysis [Villman and Mernyi 2001], process-
control [Kasslin et. al. 1992], data mining and analysis
[Honkela et. al. 1996], analysis of financial statements
[Deboeck 1998], to name a few. Similarly, a large
number of variations and improvements on the basic
learning algorithm exist. These include various meth-
ods of finding the winning node and different methods
of defining the neighborhood function.

While the Kohonen network uses unsupervised
learning, “fine-tuning” of the learning process and
its speed-up may be accomplished by using su-
pervised learning. Algorithms for this purpose are
calledLearning Vector Quantization (LV@Igorithms
[Kohonen 1990]. These are not discussed here as they
do not involve self-organization.

Since the learning process is stochastic, the final
statistical accuracy of the mapping depends on the
number of steps, which must be reasonably large.
Typically, about 100000 steps are required, though
some applications may require as few as 10000 steps.
Also, if the neighborhood is too small to begin with,
the map degenerates into various mosaic-like partitions
with no global ordering. A phase-transition map based
on the behavior of the network with respect to the vari-

appear as points in the same coordinate system as ation in neighborhood size can be built analytically for

that in which thex;(t) are represented; in order to
indicate to which unit eacn, value belongs, the points

corresponding to then; array have been connected by
a grid conforming to the topology of the processing
unit array. In other words, the weight vectors,

the simplest cases, but requires lengthy mathematical
analysis, and hence is not presented here. Behavior
varies from a uniform distribution across nodes to
sharply clustered outputs with sharp phase transitions
among the various phases [Graepel et. al. 1997].



l‘.i e e
I=.

i S|
T

o Sy ALy

P
2]

()

Fig. 11.

of a 3D array by a 2D array.

V. DISCUSSION

There has been a great deal of neuroscientific and
theoretical research investigating the mechanisms that
enable the brain. Self-organization is a likely candidate
and has been successfully applied to model the brain.
In fact, most of the successful models use Hebbian
learning, in which neurons use only local informa-
tion. These models have many of the characteristics
needed in self-organized systems. One example is the
feedback that occurs when correlated inputs are fed
into a Hebbian learning system, as discussed in this
paper previously. Other possible mechanisms seem
unlikely, usually simply because of the complexity and
plasticity of the brain. We will now discuss the other
possible mechanisms and argue why they probably
cannot account for the full functionality of the brain.
According to [Camazine et. al. 2001], the four other
forms of organization are: leader, blueprint, recipe,
template.

One "leader” neuron or section of the brain probably
cannot keep track of the billions of neurons in the
brain, and such a scheme would leave even a small
amount of brain damage fatal if it was in the right
place. This does not, however, rule out a hierarchical
system of leadership when looked at from a larger
scale. For instance, the brain has been shown to be

(d)

Evolution of Kohonen networks in different applications [Kohonen 1990]: (a) Weight vectors during ordering: 2D array. (b) Weight
vectors during ordering: 1D array. (c) Solving the TSP problem for 30 cities: The iterations shown are 5000, 7000, and 10000. (d) Representation

made up of somewhat specialized regions that do par-
ticular things well. This has been discovered through
imaging of the brain (eg. using fMRI) to see which
parts are active during specific tasks. One well known
example is that the hippocampus has been found to
be involved in the functioning of memory. Looking
at it from this perspective does not rule out self-
organization, since the parts themselves are made of a
great deal of neurons that are left to be explained for.
It is entirely possible that the self-organizing process
results in the specialization of various parts of the
brain; that could be the pattern that emerges. There
is some precedence for this in the visual cortex, since
individual neurons develop specializations to different
features of the input.

DNA can also possibly act as a blueprint for the
brain, but it does not have enough information to
account for all of the connections in the brain from
an information theoretic point of view. Furthermore,
it is well known that everyone has a different brain
especially when it is developed or experiencing differ-
ent environments. This is true even for identical twins
who have the same DNA. The information contained
in DNA is unlikely to contain contingencies for all
possible environments the brain might encounter. An-
other method, a recipe, is also unlikely for the same



reasons: It would encounter the same information size
problem.

It is not obvious at first whether the brain could be
formed from a template. One definition of a template
is as follows [Camazine et. al. 2001]:

“A full size guide or mold that specifies the
final pattern and strongly steers the pattern
formation”

It can be said that the environment (which includes
the body of the animal itself) “strongly steers the
pattern formation”. The various somatosensory maps
such as those found in the visual cortex reorganize
themselves depending on the visual input it is given
throughout its lifetime (especially during development
but even during adulthood). The final pattern, however,
is certainly not encoded or specified in the organism
itself. It is also not necessarily exactly the same shape
or size, although the relative sizes might have some
strong correlation. This is certainly true for other
examples of self-organization since the environment
ants live in shapes the pattern, but is not located inside
the organism itself. Hence, this form of influence does
not seem to fit this specific definition of a template.

The success of models of visual cortex development
provides some clue that self-organization might be the
process causing these patters in the brain, although
it is not certainly not hard proof. It is also likely
that self-organization arises in many forms; differ-
ent Hebbian rules could be used in the brain, with
different patterns and results emerging. Also, there
is some evidence that genetically determined eye-
brain and fiber-fiber markers are needed to control
the activity dependent self-organizing process in or-
der to account for various experimental data found
in animals [Cowan and Friedman 1995]. Hence even
though none of the other organizing principles can
account for the complete brain, this suggests that not
only one mechanism is involved. Since the brain is
such a complex system, it could be that all of the
various organizing methods are used, including self-
organization. Fortunately, advances in technology used
by neuroscientists might allow a greater understanding
of these processes in the future.

Self-organized artificial intelligent systems were de-
signed to specifically incorporate mechanisms that are
active in the brain. However, in keeping with the

different application needs, there has been a divergence

between biology and Al. While feedback mechanisms
exist at different levels in the neural network struc-
tures discussed previously, not all of these lead to
self-organized behavior. In Competitive learning, for
example, feedback occurs at both the neuron (or node)
interaction level, and during modification of weights.

Feedback through lateral inter-neuronal connections
leads the emergence of a 'winning’ node solely through
local interactions and constitutes self-organized behav-
ior. However, the modification of weights is done with
the aim of driving the weight vectors closer to the
input. Here each node receives the input vector and
hence, this constitutes global knowledge. The changes
in the system are also made keeping in mind the final
goal to be achieved, i.e. a matching of input and weight
vectors. Similarly, in the ART-1 network discussed pre-
viously, feedback occurs in the F1 and F2 modules that
are competitive networks. Mutual positive feedback is
also active between the attentional and orientational
sub-systems and leads to resonance’. which in turn
results in learning. The learning, however, is not self-
organized in that the resonance state is not brought
about by any self-organized mechanism operating at
the module level of the network.

Kohonen networks achieve topological ordering
through a competitive network that has a neighbor-
hood function associated with weight changes. As
before, self-organization occurs at the neuronal level.
In addition, the network also organizes itself topo-
logically relative to the input through only local in-
teractions. The weight adaptations in local (neigh-
borhood) regions leads to a spatially grouped repre-
sentation of the input. A consequence of using such
a mechanism is that the accuracy of the network
increases monotonically both with increasing num-
ber of nodes and with greater learning experience
[Goppert and Rosenstiel 1993]. This is not the case
with, say, back-propagation networks that can suffer
from over-learning where the network accuracy de-
creases with more learning.

In the Al domain, unsupervised learning is also re-
ferred to as self-organized learning. However, this does
not necessarily imply any self-organized mechanism at
work. It is self-organized in the sense that no output
is produced that specifies the direction in which the
network adaptation should be performed. In contrast,
back-propagation networks produce an error signal on
which gradient descent is executed to achieve learning.
Thus, while unsupervised learning methods exist that
are truly self-organized (such as Competitive learning),
there also exist Bayesian probabilistic learning meth-
ods that are unsupervised but not self-organized.
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