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Abstract - The human brain and related concepts such
as learning, knowledge and computing are discussed.
The Artificial Neural Network (ANN) paradigm is
introduced as a modd of computing. Some aspects of
the brain and a neural network such as knowledge
representation are discussed. Some small prototypes of
artificial neural networks systems, like a pattern
recognition system, an associative memory systemand a
natural language processing (NLP) system are
introduced. All the ANN systems are simulated on a PC-
platform.
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INTRODUCTION

The ability to lean is an important part of human
intelligence The brain’s ability to learn and adapt makes
it unique in nature. New data system try to imitate the
way the brain solves problems by learning to perform
the different tasks. The knowledge of the brain is
represented in a distributive manner. Onetries to imitate
the way the brain bath codes and processes knowledge
by building artificial neural networks (ANN) that have
built-in mechanismsfor leaning in the system.

The achitedure of such systems is
distributive, and ANN consists of many small units that
are mnneded into a large network. The main difference
between neura networks and conventional computer
systems is the masgve paralldism and redundancy they
exploit in order to ded with the unrdiability of the
computing units.

THE HUMAN BRAIN

The human brain is in many ways the most complex
objed in our universe. The nervous system of the brain
is an information processng totality. Signals from the
environment are mded and procesed to evoke an
appropriate response. Moreover, biological networks are
self-organising systems, and each neuron itself isalso a
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sdf-organising  structure  capable of processng
information in many different ways. The human
nervous system is composed of millions of
interconneded nerve cdls or neurons where each of
them is a very complex arrangement deding with
incoming signas in many different ways.

Massve and Herarchicd networking o the
brain seens to be the fundamenta precndition for
emergency of consciousnessand complex behaviour. So
far, biologists and neurologists have concentrated to
uncover the properties of the individual neurons. The
medhanism of production of transport signals from one
neuron to the next is a well-understood physiological
phenomenon, but how these individual systems co-
operate to form complex and masdve parallel systems,
capable to cary out incredible complex information
tasks, isfar from being understood.

NEURAL NETWORKS

Artificial neural networks are an attempt a modelling
the information processng capabilities of the nervous
system. Neurons are dow compared to eledronic gates.
These @n achieve switching times of a few
nanoseconds, whereas neurons need  severd
millisecnds to react to a stimulus. Nevertheless the
brain is capable of solving probems which no dgitd
computer can yet efficiently deal with.

An atificiad neural network is a system where
the dtructure is only partially determined. Several
parametersin the systems are not yet determined to give
the solution of the problem. It is our task to determine
these parameters. The adjustment of the parameters will
be done through a learning algorithm This is not
through explicit programming, but more through an
automeati c adaptive programming method.

The interplay between the dedrical
transmisgon of information in the cdl and chemical
tranamisgon between cdls is the basis for neurd
information processng. Cells process information by
integrating incoming s€ignals and by reacting to
inhibition. From this an abstract neuron can be
modelled which contains dendrites, a cell body and an
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axon. The dendrites recéve signals from the other
neurons, the cdl body provide the supports function of
the cdl and the axon is the output mechanian for the
neuron that conducts signals away from the cél to the
other neurons via the interconnedions points, the
synapses. The same mmponents will also ke present in
the atificial computing neuron.

Each processng wnit of an ANN has multiple
input arriving from the other units. Each connedion has
asciated a srength (weight), given as wy Wa,....., Wy,
The processng unit performs a weighted sum on the
inputsto compute its output. Thisoutput is snt to all the
the output connedions of this unit. In atypical network
organisation of a neural network paradigm known as
backpropagation, the network has different layers of
processng units. The first layer is the input layer, the
middle layer or the “hidden” layer, consists of “feature
detedors’- units that respond to particular features that
may appea in the input pattern. Sometimes there is
more than one hidden layer. The last layer is the output
layer. The activities of these units are read as output of
the network. In some dassgfications, the output units
stand for different clasdfication of the patterns.

Neural networks are not programmed; they
lean by example. The @nnedion strenghts that are
associated with each interconnedion are adjusted during
the training o the leaning of the network. Most
networks undergo aleaning procedure during which the
network weights are adjusted. The leaning procedure
may be supervised in which case the network is
presented with target answers for each pattern that is
input. In some network the leaning agorithm is
unsupervised — the network adjusts its weights in
response to input patterns without the benefit of target
answers. In unsupervised leaning the network classfies
the input patternsinto similarity categories.

LEARNING, KNOWLEDGE AND COMPUTING
Learning

Human leaning is a very complex phenomenon and
consists of aspeds like acquisition of knowledge,
development of strategies to solve problems and abil ity
to lean new patterns. Man has the ability to acquire
knowledge in many areas and may learn in many ways.
He has the ability to acquire bath declarative and
procedural knowledge. By dedarative knowledge we
mean facts and rules and by procedura knowledge we
mean algorithmic knowledge. The first type may be
characterised by the word what and the second type by
the word how. To be more mncrete, a grammar is for
instance a declarative description of a language.
Recognition on the other hand is a process that describes
how to determine whether a particular string is a valid

expresson or not based upon the grammatical
description of the actual |anguage.

Knowledge

How do we know something? Knowledge is a very
strange @ncept. It is difficult to discussit because we
nead knowledge to do so. Knowledge is therefore a
curious self-referential or recursive concept. To explain
what knowledge redlly is, is very difficult, but how it
may be described is a far more interesting asped.
Knowledge has to ke represented in some way. Thisisa
very important point whether we speak about the brain
or a mmputer system. Knowledge is represented in
many different media, like books, disks, CD, film and
video. It is easier to describe knowledge by use of
processes than by use of properties. Knowledge may in a
way be saved, moved, retrieved and processed like avy
other material objed we find in the world, but at the
same time knowledge is abstract and non-material.

Humans express knowledge by use of their
language. The natural languege is only one way to
represent knowledge, and not always the ided one.
Humans communicae and understand each other by use
of the language. We aso would like cmputers to
process natural language. Automatic natural language
processng is therefore an active research area in
computing to day.

Knowledge has structure, but a fundamental
problem is whether we @n structure it without knowing
how it is to be used. This is like finding a convincing
argument for the existence of a universe without any one
observing it. Equivalently, it is difficult to find a
convincing argument for the existence of knowledge
without a consciousnessor brain that wantsto useit.

Information and Computing

Knowledge is a salf-referential concept and dfficult to
define. Information on the other hand may be defined
more predsdy like Claude Shannon dd it in 194. He
defined information by use of redundancy. When
information is represented, the coding of data is an
important asped. Coding plays an important role in
information processng because when noise is present,
information can till be tranamitted without loss if the
right code with the right amount of redundancy is
chosen.

In his clasdcd pape from 1936 “On
Computable Numbers with an Application to the
Entscheidungsproblem” Alan Turing introduced the
concept of computability. In his classcd modd
computability was defined by a Turing machine, that is
composed o an infinite tape, in which symbols can be
stored and read. A read-write head can be moved to the
left and to the right according to its interna dtate and is
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updated a each step. The Turing thesis states that
computable functions are those which can be eomputed
with this kind of device The Turing approach made
clear for the first time what “programming’ really
means, curioudy at a time when no computer had yet
been built.

An artificial neural network may be mnsidered
to be another approach to the problem of computation.
We may ask what information capabilities sich
primitive emputing units may have? What can redly be
computed with these networks. How can the networks
determine ther structure in a self-organising manner? In
biological neurad networks the information is stored at
the ntact points between different neurons, in their
synapses. The neurons themselves are mmplex sdlf-
organising systems of signaling. Synapses determine
the diredion of transmisgon of information. Signals
flow from one neuron to another in a well-defined
manner. A well-defined dredion of information is a
basic dement in every computing mode!.

A MEDICAL CLASSIFICATION
SYSTEM

Systems that may identify and classfy two-dimensional
images based on their shapes are very much needed in

Backpraopagation network isused for such a sudy. Both
the input and the output layer isarranged as two-
dimensional grids (7x9) and the hidden layer has 12
processng units.

Thetraining set in this case @mnsists of four
medical images that have been simplified in the pattern
recognition task. The four images are based on shapes of
different one-cdl organisms. The organisms may be
amoeboid cdl s, distinctable by the thicknessof their
membrane and the organising o their nucleus. We see
onetraining of the patternsin figure 1. Thetraining set
isa onsiderable simplification of red li fe images that
may be scanned from red cdl tisaues. Thetraining set
was presented to the network about 1000 times, and the
network was then able to classfy all theimagesin the
training set. In addition good performancewas achieved
on atest with noisy pictures.

The target outputs of the neural network are
given by avertical bar of activity. The bar isto appea at
a different place based on the network’ s classfication of
the cél type. There aein this experiment four different
positions of the bar, corresponding to the four different
cdl types. This is only one way of coding the target
pattern and is done more for pedagogical reasons. To
clasdfy four different cdl types only two hLts are
nealed. A screen dump o the training sesson of the
neural netwok is illustrated in figure 2. In this case only

many software applications. In figure 1 a threelayered two hidden units  have  been used.
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Figure 1. A three layered Backpropagation network may be trained
to classify different cell types.

AN ASSOCIATIVE MEMORY SYSTEM

A quite different neurd network architedure is a
Hopfield network. A binary Hopfield network has only
one singlelayer of processng elements. Each processng
unit has an activity or state that is binary. The entire

network is considered to have a state at each moment.
The date is given by a vedor of Os and 1s. The
processng elements are fully interconneded - each unit
is conneded to every other unit. Each connedion has a
strength which is denoted aweight. The weight w;; is the
strength of the wnnedion from unit i to uwit j.
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Figure 2. A screen dump of the classification system of different cell types.

In the Hopfield network we assume that w; is equal to
w; — the weights are symmetrical. It can be shown that
under this condition the network is able to converge ad
eventualy attains a stable state.

Initialy, the network is asdgned a state for
each processng node. One unit is updated a a time.
The updating procedure affects the state of each unit,
sometimes changing it and sometimes leaving it the
same. In the updating procedure each neuron takes a
weighted sum of itsinputs, that is Sj= ¥ a; w;. Each unit
evaluates this aim. When the sum is greater or equals 0
the output of the node is set to 1, and if it islessthan O
the output isset to Q.

One method for updating is to update in
sequence and reped the process until a stable state is
attained. However, this was not the updating process
chosen by Hopfield. He dose an updating mecdhanism
where the next unit to be updated was picked at random.
In this way all units were dlowed to have the same
average updating rate. Usually many updates must be
done before the network reaches a dable state. The
random updating process in the Hopfidd network
provides an important difference between this neurd
network and aher paradigms. If we @mpare thisregime
with what is happening in the brain, such asynchronous
updating is closer to hiological redlity. In the brain the
neurons update their states due to eventsimpinging upon
the neuron. The events are not synchronised for the
neuronsin the brain.

In an asociative memory each “memory” is represented
by a vector. Each memory vector is a dtate that
corresponds to a minimum value of a network energy or
cost function. The network starts in an initial position,
and the updating procedure move the network until it is
in one of the “memoaries’ of the network. We may say
that the network converges to the memory state that is
accessble from the initial state. Often one cdls such a
state an attractor. The network is expeded to converge
to the memory that is most accessble to itsinitia state.
If the pattern is noisy, the network will till converge to
the @rred state. The orred data would then in
principle be recovered in spite of noisein the data.
Unfortunately, a Hopfidd network has many
limitations to be put into red use. First, the evoked
memory in not necessrily the pattern that is most
similar to the inpu pattern. Sewnd, sometimes the
network evokes -called spurious states - patterns that
were not stored in the memory. There is aso a
maximum limit to the number of memories that can be
stored in a Hopfield network. This number increases
when the number of nodes increases. The total number
of memories is 0.15N, where N is the number of
processng nodes in the network. The result has been
found by experimenting with simulations. If theresult is
applied to the brain and the number of neurons here set
equal to N = 10", the memory capacity of the brain is
calculated to about 10 memory patterns — a number
that may not be too far from redlity.
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Figure 3. A Hopfield network illustrating an associative memory system

In figure 3 we have used a Hopfield network to build a
practicd asociative memory system. Our associative
memory consists in this case of an archive of criminals
in a police regiser with different attributes like ee
colour, hair type, height, sex, etc. Each memory vedor
consists of 16 hits, 12 hits or neurons to code the
different attributes and four bits to code the names of
each criminal. Four bits are used to map between the
attributes of the criminals and their names. In this case
each node is updating in sequence We ae letting the
updating procedure iterate 10000 iterations, and we will
asaime that this number wil | be grea enough to stabili se
the network. A posshle application of this memory
system may be that a witness has for ingance seen a
person and has noticed some of his attributes like sex,
hair type, height, etc. These partiad data should in
principle be sufficient for the network to recall theright
person.

A NATURAL LANGUAGE PROCESSING
APPLICATION

In this s edion we ae going to sudy a
counterpropagation network and see how this network
architedure may be applied in a naturd language
processng applicaion. Counterpropagation combines
two different layers from other paradigms and congtruct
a new type of network that may be suitable to handle
recmgniton of different characters of a language. The
network architedure mnsists of 3 layers. theinput layer,
the hidden layer that is a Kohonen layer with
competitive units that do unsupervised leaning and the
top layer that is a Grosserg layer. The top layer is not

competitive. The Grosderg layer is trained by a
Widrow-Hoff learning rule [1].

Firg, an inpu pattern is presented to the
network. The nodes of the hidden layer sum the inpus
and compete to best respond to the input pattern. A
single unit wins the ampetition and bemmes activated.
The remaining nodes become inactive. The winning
node represents the dassfication category of the input
pattern. The winning node's activation leve is st to 1
and the activation level of the other hidden units are set
to 0. The unit that wins the cmpetition activates a
pattern in the top layer. The winning uwit is fully
conneded to the top layer and each connedion has a
weight.

In a Counterpropagation network there ae two
layers of weights represented by two vedors. The first
one represents the weights incoming to a competetive
unit j and the second one from the competiti ve unit to an
output unit k. The two vectors often also have to satisfy
some normalisation conditions. During training bah
layers are updated. The first after a competitive winner
is chosen. The @mpetitive winner is chosen in response
to an input pattern. The network’s output values are
compared to the target pattern and the seacond layer of
weightsisthen updated. Each layer also have aleaning
constant that is usualy chosen between O and 1

A number of variations can be made to the
standard Counterpropagation training scheme. The
network may be trained in two steps. In the first step
only bottom weights of the battom layer are adjusted. In
the second training step the second layer of weights are
adjusted aone. The reason for this training scheme is
that the sewond layer' s weights do not develop
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meaningful weights before the first layer has undergone
some training. In the natural language gplication in
figure 4 thiskind of training scheme has been used.

Recognition of characters

To demonstrate how the unterpropagation network
works, the network is trained to remgnise some
characters. Each character is represented in a 5x5 grids
structure in the input layer as $own in figure 4. In the
next layer the inpu values are transformed to satisfy a
normalisation condition. The third layer in figure 4 is
the competitive layer which is a Kohonen layer. The
fourth layer is the Grosderg layer that is used to
reaognise the different characters.

Tean_g.ienk.jenning

The program aso contains a test pane to test the
different characters that the network has been trained on.
We may also set the different values of the nodes of the
input layer (0 or 1) in an interactive way to seehow the
network caegorises the character. The last window in
figure 4 is not part of the neural network, but is a
Separate graphical window that is used to interpret the
result of the Grosserg layer to seeif the character is one
of the characters the network has been trained on.

We may also introduce noise in the inpu
patterns which are presented to the network and seehow
much the input patterns may be disturbed before the
network isnot able to recognise the character.

Kohonen_lag

Figure 4. A simple demonstration of an ANN natural language application.

CONCLUSION

The human brain and related concepts uch as leaning,
knowledge and computing have been discussd in the
paper. ANN has been introduced as a mode of
computing and related to the @ncept of a Turing
machine. In fact, it cen be shown that these two models
of computing are ejuivalent.

Some small prototypes of neura network
applications have been developed to show how different
paradigms such as Backpropagation, Hopfied and
Counterpropagation may be used in real applications. A
course in ANN should be introduced with emphasis on
the practical aspeds of ANN. It is quite esentid that the
students develop their own models and implement them.
The students sould experiment with the models to see
how they function in practice The more theoretical
aspeds of ANN, combined with advanced applications

[2,3,4] should ke taught when the students have acquired
a solid understanding of the different subjeds.
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