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ABSTRACT

In a cooperative genetic neural network the genetic algorithm optimizes the hidden
weights in a 3 fayer feed-forward neural network. Perceptron training optimizes the output
layer of the network and the trained weights of the output layer are used as a meaéure of
fitness for each weight vector in the hidden layer. The hidden weight vectors compete
through genetic evolution to produce an optimal transformation for the output layer.
Common weight vectors in the output layer provide a sharing function between the hidden
weight vectors. This produces a cooperative genetic environment that allows the total
population to find the optimal hidden weight matrices. This approach is simulated using
different benchmark datasets. This neural network and gernietic algorithm hybrid achieves
performance during testing comparable to the backpropagation aigorithm on these datasets

in terms of accuracy and elapsed time.
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CHAPTER I.
INTRODUCTION

A. Genetic Algorithm and Neural Network Hybrids

Alan Turing, often called the "father" of artificial intelligence, launched the fieid in
1950 when he posed the question, "Can a machine think?" [10]. The goal of artificial
intelligence researchers since that time has been to create computer programs that can
solve probiems in a way that is considered intelligent if done by a human. Neural networks
and genetic algorithms are two developing technologies in the field of artificial intelligence.

Neural networks have been used successfully in many pattern recognition tasks
including image and speech processing, robotic control, and signai processing [2]. Genetic
algorithms have been used in many applications including optimization of gas pipelines,
VLSI circuit layout, and job scheduling [1]. Recently, several techniques called genetic
neural networks have been developed for using genetic algorithms to optimize neural
networks {3, 4, 5, 13, 16, 17, 19, 20]. With each of these techniques the genetic algorithm
simultaneously examines many different neural networks. This means that multiple neural
networks must be stored simultaneously and trained separately which requires a lot of
memory and system resources [32].

This thesis investigates a different way of combining genetic algorithms and neural
networks called a cooperative genetic neural network (CGNN). A EGNN stores and trains
a single neural network by using the genetic algorithm to optimize its hidden weights. The
purpose of this investigation was to find out if the genetic algorithm can be effectively used
in this way.

A cooperative genetic neural network is based on a 3-layer feed forward neural

network architecture with bimodal thresholding in the middie and output layers. A CGNN




uses perceptron training to optimize the weights in the output layer and the genetic

algorithm to optimize the weights in the middle layer. Each of the weight vectors in the
middle layer is encoded as a genetic string and the trained weights of the output layer are
used as a measure of fithess for each weight vector in the hidden layer. The hidden weight
vectors compete within a genetic evolution context to produce an optimal transformation
for the output layer. The use of common weight vectors in the output layer serves as a
fitness function with sharing between the hidden weight vectors. This produces a
cooperative genetic environment that allows the total population to find optimal hidden
weight vectors.

Chapter Ii contains a review of the current literature that is relevant to the
cooperative genetic neural network including topics on genetic algorithms, neural networks,
and genetic neural networks.

Chapter il describes tiie cooperative genetic neural network in detail. This chapter
also contains a discussion of why the CGNN technique works.

Chapter 1V describes an implementation of the cooperative genetic neural network
and the rezults of testing it on five benchmark datasets. The performance of the
bacxpropagation neural network was comparea with CGNN on four of these datasets. The
pertormance of the backpropagation algorithm is often used for comparison with other
techniques [5, 13, 28]. Averaging over the 4 comparative benchmarks, the
backpropagation algorithm was 1.82% more accurate, but CGNN &ained 2.81% faster.
This indicates that CGNN can be used instead of backpropagation for problems where

training time is more important than accuracy.



CHAPTER Il

LITERATURE REVIEW

A. Genetic Algorithms
A.1 Concepts

A genetic algorithm is an algorithm that is loosely based on the Darwinian evolution
concept and is used to optimize a population of coded solutions [1]. The genetic algorithm
was conceived by John Holland in 1962. It has been developed by him and his colieagues
and students at the University of Michigan. The greatest advantage of using genetic
algorithms is that they are robust.

The basic version of the genetic aigorithm introduced by Holland is called the
simple genetic algorithm (SGA). The simple genetic algorithm starts with a randomly
generated population of individuais. Each of these individuals is a coded representation of
a possible solution to the problem that the GA is being used to solve. The population is
replaced repeatedly using the genetic operators of reproduction, crossover, and mutation
until an adequate solution is found.

The reproduction operator is used to choose a subset of the current population that
will be used to create the next population. This subset of individuals is called the breeding
pool. Selection of these individuals is based on their fitness. Fitnggs is a measure of
success that an individual might have on the problem expressed as a single positive
number. The breeding pool is selected from the population by giving individuals with
higher fitnesses a greater chance of being selected, and then selecting individuals based
on this chance. A breeding pool is a subset of the entire population, and can have multiple

occurrences of the same individual. A typical breeding pool is hali the size of the




population. A small breeding poo! size produces a more elitist algorithm. This means that

individuals within the population that have lower fitnesses have a smaller chance of having
their genetic material p‘assed on to the next generation.

There are many methods for determining which individuals to select for breeding
based on their fithesses [7]. The most common method, and the one used in the simple
genetic algorithm, is called the roulette wheel method. Using the roulette wheel method,
each individual is assigned a number that represents what percentage of the total fithess of
the population it represents. This number is computed by dividing the individual's fithess
by the total fitness of the population as shown in equation 1. In this equation y, represents
the rih individual, X& represents the £th individual, ) is the number of individuals in the
population, and pgeject(Xy) is the it individual's probability of being selected in a single

selection.

_f_itness( X.)

pselccl (Xr ) =
i fitness(y : )
&=l

Equation 1. Percent Fitness

For each individual that is needed for the breeding pool, a random number
between zero and one is picked. This number is a random cumuiative probability that is
used to select an individual from the population. Next, the list of individuals is traversed
and the selection probability of each individual is added into a cumulative sum. During this
traversal, if the cumulative sum is greater than or equal to the cumulative probability, the

most recent individual whose selection probability was added into the cumulative sum is

put into the breeding pool.



After the breeders have been selected and put into the breeding pool, pairs of
individuals called parents are picked at random from the breeding pool and one or two new
individuals are created using one or both of the parents. Each newly created individual is
inserted into the new population. The number of offspring produced is dependent on the
creation tachnique. Individuals are created until the new population is filled.

The new individuals are created by copying one of the parents, or by applying
another genetic operator called crossover. Simple crossover involves cutting each parent
into 2 sections with the first section of the each parent being of the same length. Then the
two front or back halves are swapped and the result is used to create two new individuals
that are put into the new population.

There are 2 other types of crossover that ars often used called k-point crossover
and uniform crossover. Simple crossover is a special case of k-point crossover where k is
1. In k-point crossover k points are chosen at random along the length of the
chromosomes. Each of the parents is broken in these places, and then every other
corresponding part of the parents is swapped to produce 2 new individuals.

Uniform crossover is also a special case of k-point crossover where k is equal to
the number of characters in a chromosorne. This is also known as shuffle crossover.
Uniform crossover is considered disruptive by some [3], and it is considered to be better
than lower order crossovers for some problems by others.

The mutation operator is used on newly created chromosqqnes. It is the small
random chance that an individual bit in the chromosome will be altered. Mutation can
introduce new genetic material into a population, or it can recover genetic material that has

been lost in pravious generations [1].




The reproduction cycle is usually repeated for a number of generations or until a

certain fitness is achieved. For most problems a usable population consists of at least 50
individuals and reproduction continues for 50 to 100 generations.

The genetic algorithm operates on string structures. These structures represent
encodings of solutions that are used to search a solution space. The use of string
structures that are encodings of solutions differentiates genetic algorithms from other
learning algorithms. Other learning algorithms represent learned knowledgé about how to
achieve the solution. For example, many learning algorithms construct decision trees while
learning [22]. GAs do not use domain specific knowledgs to search for a solution. This
means that the genetic algorithm is a weak technique. This is in contrast to a strong
technique which uses specific domain knowledge to soive a probiem [31].

Since genetic algorithms search using a population of solution encodings, they do
not search the solution space irom a singie point. Thus, in céntrast to highly directed
search procedures like hill climbing, genetic algorithms tend not to converge to local
optimums because they look at more than one point in the search space at once.

The genetic algorithm combines parts trom each of the solutions that it examines
to pick new solutions to be examined. This causes it to perform better than an algorithm
that performs a directed search of a solution space from many difierent points. This gives
the genetic algorithm and inherent paralielism that makes it desirable for many
problems [1]. -

Many different types of encodings are used by genetic algorithms. An encoding is
a representation of a solution. The most common encoding is to use a binary
representation of the decision variables for the solution. These encodings parallel

chromosomes in biological systems, and the bit positions paraliel genes. The encoded

solution is cailed the genotype and the decoded string is referred to as the phenotype.



Using this encoding technique, a string of binary bits is built up. Aithough the binary
alphabet is usually chosen for the strings in a GA, other alphabets can be used. For
exampie, the alphabet used in hurman DNA uses 4 values, each expressed as a different

chemical, adenine, guanine, thymine, or cyicsine.

A.2 Mathematical Foundations

The mathematical foundations of genretic algorithms are based on the concept of
schema [1]. Genetic encodings can all be simplified to the binary alphabet A={0,1}. Each
chromosome is composed ¢f a list of characters in this aiphabet. A 7 bit string S=0101101
can be represented as S=51525354555gS7, where each s; represents a single gene. The
values of each s; is called an allele.

Schema are chromosome templates. They are used when comparing strings. For
exampie, "*1°***"" is a schema that represenis strings on S that contain a "1" in the second
position and "0"s or "1"s in all the other positions. All work with schema in GAs is based on
the assumption that the solution to a problem is composed of parts that contribute to the
solution and the presence of parts of a solution can be reflected in an organisms fitness.

The order of a schema is the number of fixed positions in the schema. A fixed
position in a schema is one that has a value indicated. The schema H="1****1 has an
order of 2 which is indicated as o{H)=2. The detining iength of a schema is the distance
between the end most fixed positions in the schema. The end most fixed positions are
known as sentinel positions. In the schema H="1"***1 the detining length, d{H), is 5.

The cuncept of schema can be used to show that selection, crossover, and
mutation will produce increasingly fit individuals in the population over time. An equation

that indicates this can be built up by considering each of these genetic operations in turn.




The primary operator used by the genetic algorithm is selection. If the average

fitness of individuals possessing a schema H is used in equation 1 it wili produce the
average percent fithess for ingividuals possessing the schema H. The percent fitness of an
individual detarmines the chance that it is picked during breeding. The average percent
fithess multiplied by the size of the new population and the number of individuals that
contain the schema will give the number of individuals in the new population that contain
the schema H. The average fitness of members of a population is determined by dividing
the sum of their fitnesses by the nuinber cf individuals in the population. This means that
the number of individuals possessing a schema in the new generation is determined by
multiplying the number of individuals possessing the schema in the old population by the
average fitness of individuals possessing that schema and dividing this by the average
fitness of the old population. The equation for this is calied the reproductive schema
growth equation [1]. The reproductive schema growth equation {equation 2) indicates that
usefui schema are reproduced more often than lesser useful schema. In this equation, H is
the schema, t is the time siep, m(H,1) is the number of examples ot schema H at time t,
and m{H,t+1) is the nuimber of examples of scherna H at time t+1. Also, f(H) is the
average fitness of strings that have schema H at time t, and f is the average fitness of the
population at time t.

m(H, Df (H)

m(H,t+1) = - .

Equation 2. Reproductive Schema Growth Eguation

This indicates that the schema grows as the ratio of the average fitness of the
schema to the average fitness of the population. if {(H) is greater than f then m(H.1) is

muitiplied by a number that is greater than 1, so m(H,t+1) will be greater than m(H.1).



Conversely, it f(H) is less than f, then m(H.t) is multiplied by a number that is smaller than
1. so m{H,t+1} will be less than m(H,t). A schema with a fitness that is above the average
fitness of the population has a higher chance of being present in individuals in successive
generatiorns.

Now suppose that a particular schema has a new fithess ¢ * f wherecis a
constarnt that is greater than 1. By substituting this in the Reproductive Schema Growth

Equation a new equation (equation 3) is derived.

m(H,t+1) = m(H,t)%

{1

=c¢-m(H,t)

Equation 3. Adjusted Schema Difference Equation

It a schema has above average fitness then there will be more instances of it in
each successive population. The scieina difference equation represents exponential
growth. This indicates that genetic algerithm reproduction awards exponentially increasing
numbers oi trials to above average schemata.

Next, the effect of crossover an the populations fitness needs to be considered. A
schema survives when the crossover site falls outside the schema. If the crossover site
falls inside a schema then the scheina is lost in an individual unless the schema appears in
both parents. The probability that a given schema will survive a crc:ssover operation can
be computed. This is shown in Equation 4. Here P is probability of a schema surviving
crossover, and A is the defining length of the schema. The actual probability may be
slightly higher because the schema may not be destroyed, but this will not adversely affect

the proof.




p-1. 44D
A-1

Equation 4. Survival Probability of a Schema under Simple Crossover

in most genetic algorithms there is a probability that crossover will occur. If this is
taken into consideration, the equation for the survivability of a schema (Equation 5) is

derived by multiplying equation 4 by this probability and subtracting it from 1.

-d(H)
A-1

Equation 5. Survival Probability of a Schema

P>1- P

Here P is the survival probability of the schema, and p is the probability of using the
crossover operator.

Multiplying the probability ot a schema surviving reproduction by the probability of
a schema surviving crcssover gives the probability of @ schema surviving both. This is
shown in 2quation 6. Equation 6 shows that schiema with above average fithess and short

defining lengths will be present in exnonentially larger amounts in successive generations.

m(H,t+1) = m(H,;)-¢-[1 —-Ef_i?]

Equation 6. Combined ffect of Reproduction and Crossover

-

In addition to reproduction and crossover, mutation has an affect on the
survivability of a schema. For a schema to survive, all of its fixed positions must survive.
A single allele will survive with probability (1 - u), where u is the probability of a single allele

being changed by mutation. A particular instance ot a schema survives if all of its alleles

10



o{H) survive. Given this information the probability of a schema surviving mutation

(Eguation 7) is derived.

l) - (l ~ u)()(ll)

Equation 7. Probability of a Schema Surviving Mutation

Ignoring some terms in the final reproduction difference equation and multiplying it
by the probability of crossover and mutation survival yields the final equation (Equation 8)
which considers the effects of all three operators.

Equation 8 shows that the adcition of mutation to the equation changes the
outcome very little for very small mutation probabilities. The rname of this theorem is the

Schema Theorem or the Fundamental Thieorem of Genetic Algorithms [1].

d(H)

m(H,t+1)2m(H.t)-¢c-[1-p- 1

-o(H)-u]

Equation 8. Probability Schema Survives Reproduction, Crossover, and Mutation

A.3 Niching and Speciation

Niching and speciation are factors that can be introduced into a genetic algorithm
to make it possible for subsets of the population to specialize and Igverage subdivisions of
a problem [1]. The idea of niching and speciation was developed directly from biological
models. It is obvious that different organisms exploit different parts of the environment.
For example, there are organisms on earth that thrive in volcanic vents in the ocean in a
sulfurous environment as there are animals that survive the harsh Arctic areas of the polar

regions.

1



A niche is an organisms place in the environment, and a species is a group of
organisms that have certain characteristics in common. In the biclogical examples the
niches are the areas around volcanic vents, and the Arctic polar regions. The species in
these examples are bacteria, and polar bears. The GA counterpart of species are subsets
of the population of strings with common schema, and the counterpart of niches are
subsets of the domain of a function. The simpla genetic algorithm alone does not
encourage the development of niche and species.

Niching and speciation are advantageous 1o life on earth because they allow life to
spread as widely as possible. They also make life more able to adapt to fluctuations in the
environment. It is advantagaous in some problems to introduce niche and species into the
genelic algorithm to gain similar benefits.

As an example of how niche and species are advantageous, consider a fitness
function that has many global maxima. If the simple genetic algorithm is used to find the
individual with the maximum fitness, then eventually most of the solutions will fall on a
single peak. f the desired resuit is to devslop stable subpopulations that indicate each of
the peaks it is necessary to modify the GA somewhat.

Also, consider a function with unequal peaks. It is desirable, in some instances to
find the peaks in a function of this sort also, even though some of the peaks are less than
the global maximum. The simpie GA clusters most of the individuals around the highest
peak. The introduction of niching into the GA enables the new aigarithm to allow
individuals to exploit a subdomain of the problem and preduce individuals that are
clustered around each of the peaks. it might also be desirable that the modified algorithm
cluster a percentage of the population around each peak that is directly proportional to the

height of each peak. The number of individuals clustered around a peak wouid then
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represent the relative desirability of each solution. The proper use of niching achieves all
of these goals. |

A simple example of how niching can be added to a genetic algorithm is called
two-armed bandit with sharing among individuals and is detailed by Goldberg [1]. In this
example there is a jackpot machine with two levers. There are also two queues that
individuals can line up in corresponding to the two levers. The chromosomes in the GA
encode the queue that the individuals will line up in. During the evaluation phase of the
geneltic algorithm, each organism pulls the laver that corvesponds to the queue that it is in.
An individual that pulls the lever for queue 1 is awarded $75 and an individual that pulls the
lever for queue 2 is awarded $25. If the population size is 100, then it is expected that the
sitnple genetic algorithm will cause the population to change so that most of the 100
individuals are lined up in queue 1. To extend the genetic algorithm and introduce niching,
the individuals in each queue are made to share in the payoff of its corresponding arm. |f
ali of the 120 individuals end up in queue 1 then each individual will be awarded $75/ 100
=$.0.75. On the other hand, if all of the individuals line up in queue 2, their reward will be
$25/100 = $0.25.

It is clear at this point that in each case an individual stands to benefit greatly by
changing queues. In the first case an individual switching queues will gain $25 - $0.75 =
$25.95 and in the second case an individual will gain $75 - $0.25 = $74.75. f individuals
are allowed to shift untii there is no benefit from switching cues, the population will reach a
stable point where 75 of the individuals are in the $25 queue, and 25 of the individuals are
inthe $75 queue. If g4 is the payotf for the laver for queue 1, o is the payoff for the lever
tor queue 2, g4 is the number of individuais in queue 1, g is the number of individuals in

queue 2, and M is the population size, then equation 9 can be used to determine the

solution for the general case.
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Equation 9. Population Distribution for 2-Armed Bandit with Sharing

A.4 Analysis

Genetic algorithms are used for optimization. A GA is a weak technique for
searching a solution space. The fuiidamental theorem of genetic algorithms indicates that
schema that contribute to a higher fitness appear with greater frequency in successive
generations of the genetic algorithm. The genstic algorithm will produce more fit
individuals in successive populations if the schema that contribute toward higher individual
fitness can be combined to find the optimal solution. Somie probiems can be deceptive 1o
the genetic algorithm. Deceptive prchlems are created when shont schema that contribute
to high fitnesses combine to form longer schema with lower fitnesses. This can be
remedied by the correct selection of « fitness function and probleri encoding.

A chromosome can represent and optimize the machinery of pattern recognition
tasks, but the genetic algorithm is not specifically tailored to pattern recognition tasks. The
simple genetic algorithm has been extended in many ways including niching, speciation,
and a muititude of breeder seiection iechniques. It alsc appears that the algorithm itself is
highty configurable and parameters may need to be adjusted for egch problem for maximal
performance. There also does not seem to be any guararitee as to when the algorithm will
converge, but that it will given sufficient time and population size, a good genotype, and a

good fitness function.
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B. Neural Networks
B.1 Concepts

Neural networks are processing algorithms or devices that are inspired by the
werkings of the animal brain. A neural network is composed of simple processing units
called "units", "processing elements”, or “neurodes” [2], and connections between these
units called "connections” or "channeis". These correspond to neurons and dendrites in a
biological brain. A neural network is sometimes called an artificial neural network (ANN) to
differentiate between it and the neural networks in the animal brain.

The neurodes in an ANN each have a numerical value associated with them called
an activation. A typical neurode performs a weighted sum of its inputs and passes this
through an activation function to determine its activation. Each connection has a
numerical weight associated with it that atfects the flow of activity through the network. A
neural network has a training rule that is used to adjust the interconnections between
neurodes on the basis of patterns that are presented to it. A neurode may be connected
directly to inputs, or it may get its inputs from itself or another neurode. Two typical
activation functions are the sigmoidal function and the threshold function. A sigmoidal
functicn is one that is bounded and differentiabie. A threshold function is a stair-step
function that can output different values based on whether or not orie or more thresholds
are met.

-

Most neural networks are consiructed with their naurodes arranged in layers. Each

of these layers are usually fully connected to other layers and activations flow in one

direction through these layers.
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B.2 Mathematical Foundations

Training rules are used in NNs to adjust the weights on connections. In addition,
some training rules adjust other network parameters. There are many different
architectures and training rules used for neural networks. The training rule that is used by
CGNN to train its output layer is called the perceptron training rule. The perception training
rule is normally used to train a two-layer network on linearly separable data. Linearly
separable data is data that can be separated into solution categories by a hyperplane in the
input data space. To train on nori-linearly separable data requires at least three layers.
The perceptron training rule is used in a cooperative genetic neural network to adjust the
connections between the middie and output layers. The perceptron, one of the oldest
neural models, was introduced by Rosenbilatt in 1957 [29, 30]. The elementary perceptron
is a two-layer feed forward network. The elementary perceptron is a heteroassociative,
nearest-neighbor pattern matching algorithm. The architecture of the elementary
perceptron is visually represented in figure 1.

The perceptron training algorithm uses data space hyperplanes represented by the
network weights to separate the data into 2 classes. During training the hyperplanes are
rmoved until the best hyperplane positiosi is found. The perceptron network adjusts the
hyperplanes by attempting to minimize the error between the expected and computed

outputs.

The training procedure for perceptron networks follows [2].
1} Assign random values in the range [-1, +1] o all weights in W.

2) For each pattern pair in the training dataset, (A, B) do the following.

7

a) Transfer Ato X, filter X activations through W to get the new 2 activations.
I ifx >0

{
foreachk=1..ndo z, = f( Y w,. -a, | where f(x) = L.
) (?‘ | ’) ' {-1 otherwise

i=0
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b) Compute the error between the computed and desired output.
for each k=1..n do dj = 2 - by
¢) adjust the W connection weights.

for eachk = 1...ndo

for each i=1..1do
Awj = o " ay " di
Where the o is a positive constant between 0 and 1, which is used to
control the learning rate.
3) Repeat step (2) until the error correction value is sufficiently low or a sufficient number

of iterations has been performed.

B.3 Backpropagation

Backpropagation (BP) is a training rule for neural networks. A neural network that
uses this training rule is called a backprdpagation network. Werbos (1974) discovered the
backpropagation algorithm, calling the algorithm dynamic feedback. But it was Rumelhait,
Hinton and Williams in 1986 that showed the power of the backpropagation algorithm and
excited the scientific community, reviving interest in neur.i networks [2]. A
backpropagation network always has at least 3 layers, the input layer, the middle layer, and
the output layer. The classic BP network has 3 layers that are fully connected between
layers. Being fully connected between layers means that each neJrode in the middle layer
receives input from all of the neurodes in the input layer, and each neurode in the output
layer receives input from all of the neurodes in the middle layer. Although this is the

traditional way that a backpropagation network is presented, the backpropagation algorithm

can be used with any multi-layer neural network topology.
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Backpropagation is based on the propagation of error corrections in the reverse
directron from the normal feed-forward flow in a netwotrk. It has been used with good
success on a wide variety of practical applications. In addition, backpropagation is a
supervised learning technique. This rmeans that training a BP network requires that the
training data include the correct output for each set of inputs so that the weights in the
network can be adjusted.

Training in a BP network consists of a cycle that continues until the network error
has reached a desired minimum or for a given number of iterations. During each cycle a

pass is made through the training data in which each input pattern is propagated forward

through the network. Next, each output activation is compared with the desired output and

an error is determined. This error is then used to adjust the weights in the output layer and

the errors for the output layer and the weights between the middle and output layers are

used {o adiust the weights going into the middle layer.

The full backpropagation training procedure follows [2].
1) Assign random values in the range |-1, +1] to all weights :n V and W where V is the
matrix that contains the weights between the input and middle layers and W contains

the weights between the middie and output layers.
2) For each pattern pair in the training dataset, (A, B), do the following.

a) Transfer A to X, then filter the X activations through V and caiculate
“Ae

the new Y activations.

[
foreachj=1.mdoy,; = f(ztv).i -xi)

i=0 :

Where f(x) is the threshold function.

b) Transfer the Y activations through W to compute the Z activations.

foreachk=1..ndo z, = f(zwkj -yJ}

N j:l)
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¢} Compute the error between the computed and desired output.

for eachk=1..ndo d, :zk(l - zk)(bk -zk)

d) Compute the error for the middle layer weights.

foreachj=1.mdoe; =y (1 - yj)(ilwkj ~dk)
k=1 g

e) Adjust the middle to output layer weights W using the following equation.
for each k=1..n do
for each j=1.m do
Wy =W, toy;-d,
Where o is a constant positive constant between 0 and 1, which is used to contro}
the learning rate.
f)  Adjust the connection weights V using the delta rule.
foreachj=1..mdo
for each i=1..tdo
Vi =V +[- X, e
Where 3 is a constant positive scalar value between 0 and 1, which is used to
control the learning rate.
3) Repeat step (2) untif the error correction vaiue is sufficiently low or a sufficient number

of iterations have been performed.

The backpropagation algorithm uses a sigmoidal threshold function. A sigmoidal
function is continuous, S-shaped, monotonically increasing, and asymptotically approaches
fixed values as the input values approach plus and minus infinity. Typically, the sigmoid
function used is f(x) = 1/(1+ex). This function approaches zero at negative infinity and +1
at positive infinity.

The output layer weights in & backpropagation network are adjusted in a way that is

simifar to the way that the weights of a perceptron network are adjusted, but this cannot be
20



used to compute an adjustment for the middle layer weights. The problem with using the
deita rule here is that there are no known desired activations supplied for the middle layer.
The answer to the problem is to notice that bad activations in the output layer can be
blamed on both the weights between the middle and output iayers and on the activation
levels of the middle layer. So, the error correction for the middle layer neurodes must be
based on a portion of the error they are associated with in the output layer. This is done in
step (2.d) by weighting the error for each PE in the output layer with the connecting weight
for the middle layer nieurode that thie error is being computed for. The activation function
for the output layer must also be taken into account, and this is done by multiplying the
weighted error by the derivative «f the threshold function. The threshold derivative helps
stabilize the network by preventing overcorrections of large weights and error terms in the
outout layer with small activations in the miiddle layer [11].

In addition to the outlined procedure, imost backpropagation networks use a
threshold for each processing element that is adjusted during training along with the
waights. Also most BF networks use a momentum term iiat changes ihe error correction a
small amount based ori previous corrections. The momenturn term was first discovered by
Rumelhart, Hinton & Williams in 1986 [2].

In addition to the momentum term, there has been a lot of research with variants of
the BP network to make it converge faster. Hush and Saias (1988) extended the original
idea of momentum to use several past error corrections. Some research has also been
done with using several times the error gradient (Cater 1987). It has also been shown that
the performance is enhanced by using a sigmoid function that goes from -1 to +1 (Stornetta
and Huberman 1987). Many more complex enhancements have been tried with some

success [2].
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B.4 Analysis

Perceptron networks have been shown to converge only on linearly separabie data
[30]. Linearly separable data is data't‘hat can be divided into the solution categories by a
plane in the input space.
The backpropagation aigorithm was responsible for the rebirth of the field of neural
networks. This is because a backpropagation network can solve problems that were not
solvable using early networks like the peiveptron. A backpropagation network is able to do
this because the backpropagation network uses more that two layers of processing
elements.
The strength of the backpropagation algorithm is in the procedure for updating
weights for neurcdes that are rot in the output layer. The problem of updating the weights
for layers that are not directly connected to the output layer is known as the credit
assignment probiem, because it is difficult to determine which weights in the middle layer |
cause incorrest output. Because of its strength the backpropagation aigorithm and BP ‘
networks are the subject of a lot of research.
The primary drawbacks of BP networks are that they train very slowly and can get
stuck in local error minima because they follow the error gradierit which can have many
critical points. Because the BP network has been studied so extensively, it is an ideal
candidate for benchmark compariscn against other newer network algorithms and

T

topologies.
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C. Genetic Neural Networks
C.1 Concepts

Aitempts have been made to integrate neurai networks and genetic algorithms to
try to combine the benefits of both. These GA and NN hybrids are called genetic neural
networks (GNNs). There are two types of GNNs which are classified according to what part
of a neura! network they optimize. In the first type the GA is used to optimize the NN
architecture, and in the second type the GA is used to optimize the NN connection weights.

In both approaches the chromosomes represent a whole neural network specification {32].

C.2 Optimizing Network Topoiogy

Several researchers have used genetic algorithms to find optimum network
architectures [14,15). The teams of Harp, 5amad, and Gutha and Milter, Todd, and Hegde
both published papers on this in 1989 [3].

Miller. Todd, and Hegde published in 1989 on using genetic algorithms to find
network fopologies. They used an i x n+1 learnability matrix converted to a bit string to
determine necessary connections for a neural network. The learnability matrix's rows are
used for connections to neurons and the columns are used for connections from neurons or
bias nodes. If a cell contains a 1 then there is a connection and if there is a 0 in the cell
there is no connection. The rows in the matrix are then laid end—tg-end to form a bit string
representing a chromosome. This process is illustrated in figure 2. In this example a
network with 2 input neurodes, 2 middle layer neurodes, and 1 output layer neurode is

encoded. The encoded string for this neural network is

“00000000000011G001110001601101",



from

1 2 3 4 5

1j]0 0 0 0 O

210 o 0 O O

to3 |1 0 0 0O 1
411 0 0 O {1

5¢{0 0 1 O 1

network learnability matrix

Figure 2. Neural Network with Learnability Matrix
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C.3 Optimizing Network Weights

Several attempts have been made at using genetic algorithms to find optimum
weights in a neural network [5,3,16,17]. Caudell and Dolan, Montana and Davis, and
Whitley and Hanson all published work in this area in 1989 [3].

Montana and Davis took the approach of encoding the weights of a neural network
as a string in the genetic algotithm. The GA worked with a population of neural networks.
For exarnple, using the network shown in tigure 3, the encoding would be; (.3, -4, 1.2, .8, -
3,-.1,.7,-6.3). They used a fixed number of layers and nodes. In addition, each layer of
the network was always fully connected.

Montana and Davis compared the genetic neural network with backpropagation
and showed that the GNN did not get stuck in false minimums like the BP algorithm. The
GNN showed better performance as shown by the graph in figure 4.

Hiroaki Kitano [20] has done work showing the speed of convergence ot using a
genetic algorithm with a population of neural networks. This work also pointed out the
major twe problems encountered in using this approach: 1) failures in fine-tuned local
search, and 2) a trade off between population size and speed of convergence. When
genetic algorithms are used for finding network weights they will converge very quickly at
the beginning of training (outperforming backpropagation), but they eventuaily fail to
reduce the error as much as backpropagation at the end of training.

Maureen Caudill [32] has pointed out the Lamarkian flavor of this approach.
Lamark was a biologist who believed that knowledge acquired during an organisms lifetime

could be tranismitted genetically. These ideas do not fit our current knowiedge of Darwinian

genetics.
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C.4 Analysis

Genetic Algorithms have been used successfully to optimize neural networks.
Different approaches have been successful, but both of these approaches to genetic
algorithm and neural network hybrids are plagued by the sarme problem, they require huge
populations, Secause each individual in the population represents and entire network. For
real problems the string encoding is very large [32].

Genetic algorithms converge very quickly during the beginning of training, but fail
to fine tune at the end of training. This problem may be overcome by further research in

this area.

27



CHAPTER Il

COOPERATIVE GENETIC NEURAL NETWORK TRAINING
A. System Overview

The system presented here is called CGNN for Cooperative Genetic Neural
Network. The system simulates an interacting genetic algorithm and neural network. The
neural network has a feed-forward architecture with 3 layers. Both the genetic algorithm
and perceptron training are used to adjust the weights of the neural network. The basic

procedure underlying CGNN is as follows.

1)  Initialize the middle layer weights randomly

2) Initialize the output layer weights to 0

3) Make a small number of passes through thé training dataset performing
neural network feed-forward computations and adjusting the output layer
weight vectors using Perceptron training rules.

4)  Use the resulting weights in the output layer as fitnesses for a genetic
popuiation composed of individuals representing weight vectors in the
middle layer and perform genetic selection and recombination to form new
middle layer weights. ‘

5) Repeat steps 2 through 4 for a predetermined number of iterations.

~

B. Genetic Encoding

_ Each weight vector in the hidden layer is coded into one individual in the
population. The individual is a string of binary bits. The string is formed by concatenating

the binary representation of a scaled integer representing each component of the weight




vector. Several other ways of encoding the weights were considered for use in CGNN,
including fixed point representation and floating point representation. Scaled integer
representation was chosen because it seemed fo be the most predominant in the literature
on genetic algorithms. The number of bits allocated for each number in the weight vector
is variable and may be assigned in the configuration file. An example will make the
representation technique more clear. If a weight vector in the middle layer is [0.2 -0.4 0.33]
and 8 bits have been allocated for each weight vector component, the string representing
the weight will have 24 bits, and each group of 8 bits will be a scaled integer between 0 and
255 representing each weight vector component. In order to scale floating point numbers a
minimum and maximum value must be known. CGNN normally uses -1.0 and +1.0 as the
minimum and maximum weight vector components. This value can be changed in the
configuration file. So, using these mirimum and maximum va_lues the resulting scaled
integer representation for the weight vector in question is [153 76 169]. Each of the scaled
components was derived by using Equation 10. In the equation I' is the floating point

number and ¢ is the scaled integer representation.

c = [%—112550

Equation 10. |ntegei' Scaling

The binary string resulting from concatenation of the binary represéhtation of these écaled
values is "1001100101001 10010101001". If only a few bits are allocated for the encoding
the search will be coarse, and conversely, if many bits are allocated, the search will be

more fine. Of course, longer bit strings mean that the search space will be bigger and the

algorithm will take longer to converge.




C. Output Layer Training and Fitness Determination

CGNN training is an iterative procedure. During a training iteration several passes
are made through the training dataset and perceptron training is used to adijust the
connections between the middle and output layers, and then the genetic algorithm is used
to generate new middlé layer weights. The outputs from a cooperative genetic neural
network are -1 or +1, because of the perceptron architecture of the output layer.

In the internal genetic algorithm the fitnesses of individuals are derived from the
weights that go from the individuals corresponding neuron to output layer neurons. The
fitness is found by summing the absolute values of these weights. Consider the fully
connected 3 layer CGNN network of figure 5. Bias nodes have been used in CGNN, but
they have been left out of tha diagram because they are not used in fitness determination.

If the individual represeriting neurode j in the middle layer is being evaluated and
the number of output layer neurodes is n, then the fitness of the weight vector associated
with the middle layer neuron is computed using Equation 11, because it contributes to the
output of each neurode that it is connected to in the output layer, and the weights onthe
connections 1o the output layer indicate the extent to which the output from the middle layer

node affects the output of the output layer neurons.

fitness(j) = i ij!
k=1

LY

Equation 11. Fitness Determination for CGNN

D. Internal Genetic Algorithm

CGNN uses the genetic algorithm to optimize the middle layer weights. The
version of the genetic algorithm used differs from the simple genetic algorithm in one
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respect, it uses a selection technique called the stochastic remainder algorithm (SRA).
This variation was chosen because it has been shown to give a better distribution of
breeders than the roulette wheel method.

Using SRA, fithesses are laid out end to end. Then, the total fitness is determined.
The fitnesses as they are laid out must be traversed by finding an initial stariing point and a
delta. The delta fitness for traversal is determined by dividing the total fithess by the
number of breeders wanted. The initial starting point is a random number between 0 and
the defta. A moving sum is setto 0. As a final preparation a target sum fitness is
initialized to the starting point.

The list of individual fitnesses is traversed adding in each fitness to the moving
sum. When the sum exceeds or meets the target sum fitness the current individual is put
into the list of breeders, and the target moving sum is incremented by the walk delta. As
an example of stochastic remainder algorithm consider the pophlation and fitnesses%shown
in table 1. If tr:e breeding pool size is 4, the population size is 8, and the sum of all
fitnesses is 38, then the initial delta is 9.5. The initially generated search sum, whicﬁ has
been determined randomly is 4.

The individuals in the populatior: are traversed until the moving partial sum bf
fitnesses is greater than or equai to 4. This is found at individual 1. A copy of individual 1
is placed into the breeding pool. Next, the delta, 9.5, is added to the search sum giving
13.5. The individuals are then traversed until a partial sum that magts or exceeds the
search sum is found. This is found at individual number 5. This individual is also placed
into the breeding pool and the search for breeders continues until the breeding pool is
filled. This is shown in table 2.

Using this method only one random number has to be determined, and the

fitnesses are traversed only once. Using roulette wheel selection a random number must
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Table 1. Partial Sums for SRA Example

iINDIVIDUAL | 0 1 2 3 4 5 6 7
FITNESS § 3 2 1 6 7 4 10
PARTIAL 5 8 10 |11 17 |24 | 28 38
SUM
Table 2. Example Trace of SRA

iINDIVIDUAL | SUM SEARCH SUM COMMENTS

0 0 4

1 5 4 0 is a breeder

1 5 13.5

2 8 ‘ 13.5

3 10 13.5

4 11 13.5

5 17 13.5 4 is a breeder

5 17 23

6 24 23 5 is a breeder




be computed, and the traversal of the fitnesses must be performed for each individual in
the breeding pool. This means that the stochastic remainder algorithm is faster than the
roulette wheel method. It has also has been shown to produce a better distribution than the

roulette wheel selection method.

E. Justification of Technique

The convergence of CGNN relies on fitness determination. The mathemati(;s of
the genetic algorithm has already been shown in previous sections. Given a fitness
function that awards better than average fitnesses to more desirable strings and a gqod
solution encoding, the genetic algorithm will converge on a near optimum solution. The
output layer's weights will converge on a solution that minimiz_es the error between the
desired and real outputs, because it uses the perceptron training rule. This also has been
shown in previous sections. It is the job of the genetic algorithm in CGNN to deterrhine the
weights for the middle layer neurons. This is analogous to the backward propagatioh of
error in the BP algorithm.

To adjust the middle layer weight vactors the algorithm must determine what must
be adjusted, or in this case which weights must be changed and how much they must be
changed to minimize the error in training. This problem is known as the credit assignment
problem. Because of the way the genetic algorithm works, the moxg fit strings or important
parts of strings survive reproduction and appear with more frequency in successive
generations, and less fit strings or parts of strings appear with less frequency in successive
generations. If the fitness function for CGNN awards higher fitnesses to weight vectors that
produce usetul output and helps to minimize the training error, and the fitness function

awards lower fitnesses to weight vectors that do not prove useful and do ot help to reduce
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the training error in the output layer, then the error will be reduced on the average in
successive generations. Thus, in order for CGNN to work, it must be shown that the fitness
function used reflects the utility of the weight vectors of the middle layer. The fitness
function used is mathematically very simple. the fitness is equal to the sum of the absolute
value of the weights on the connections ieading out from the middie layer neuron that uses
the weight vector.

Consider the fully connected 3 layer network in figure 6. The network has ! input
neurons, m middle layer neurons, and n output layer neurons. Bias nodes are used in
CGNN, but they have bsen left out of the diagram because they are not used in fitness

determination.

If the individual representing neuron j in the middle layer is being evaluated, then

its fitness is given by equation 12.

n

fitness(j) = 3,

k=1

ij|

Equation 12. Fitness Function for CGNN with Muitiple Output Layer Neurodes

In the simple case, where there is only one cutput layer neuron, the fitness of a middle
layer neuron is equal to the absolute value of the weight on the connection from its neuron
to the output layer neuron. The fitness equation for the general network with one output

neuron in figure 6 is shown in equation 13.

fitness(j) = ijl

Equation 13. CGNN Fitness with 1 Output
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Figure 6. Fully Connected 3 Layer Network
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There is currently no proof that the method that CGNN uses for adjusting the

weights in the middle layer will converge. The performance of GAs and NNs using
perceptron training are known. A justification for the CGNN technique is formed by
ensuring that these two techniques are sufficiently linked so that the requirements ofjeach
are met. The primary requirement that must be examined in detail issthat the ﬁtness} for
chromosomes in the middle layer reWards chromosomes that are useful for producinb
middle layer activations that prove useful during Perceptron training of the output Ia)fter.

It can easily be deduced that a weight of 0.0 on an output layer weight mean; that
the output from the neuron that it is connected to does not influence the output of thg
output layer neuron. No matter what the inputs are and no matter what the middle Ia;yer
weight vector is the resulting term in the single layer feed forward equations will always be
zero. This means that the associated weight vector does not contribute to the output of the
network, and does not affect the error of the trained network. This indicates that the
associated middle layer weight vector has not been utilized. This would indicate that the
weight vector is not useful and should have a low fitness if the genetic algorithm is to
correctly optimize the middie layer. This is in fact the case for the fitness function used in
CGNN. i wj = 0 then {(j) = Wj = 0, which is the lowest fitness that can be used by the
simple genetic algorithm.

Another case in which it can easily be shown that CGNN's fitness operator is
correci is where the dataset is linearly separable and one of the weight vectors in the
hidden layer causes its neurode to output values which are nearly equal to the required
output of the output layer. If the outgoing connection from this neurode has a weight that is
very close to one and all other connections in the output layer have weights that are very
close to zero, then the middle layer neuron in question has a great effect on how well the

network performs, and so it has been utilized to a high degree by the output layer. Since
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the CGNN fitness function uses the absolute value of the weights on the outgoing
connections, the fitness of the node that is used will have a fitness that is very close to one
and the other nodes wiil have a fithess that is very close to zero.

it is important to recognize here that the outputs from the middle layer neurons are
thresholded. This means that a middle layer neuron can only output @ +1 ora -1. This
causes the output vector from the hidden layer to be the ccordinates of vertices on a
hypercube. It also introduces a valuable regularity to the middle layer outputs. If noi for
this it would be more difficult to correlate the output layer weights with the middle IaYér
neuron utilization. Consider what would happen if the threshold function was not uséd. Ifa
middle layer weight vector is very large and another middle layer weight vector is very
small, but they are both equally usefui in the output layer, the second weight vector will
require a much stronger weight going out from it than the first in order to equally use it's
outputs in the final result. Using the threshold function, the dot broduct is normalized and
weight vectors with equal utility will have similar associated cutput layer weights.

Similarly, if there are two or more neuron weight vectors that correctly partition the
input dataset then perceptron training wil! either divide weights between their associated
outgoing connections or give a larger weight to a subset of the neurons. The CGNN fitness
function works in this case also because high fitnesses are awarded to more useful weight
vectors. When it takes a combination of middle layer neurons to be used in the output
layer, the Perceptron training in the ouiput layer will cause the assagiated weights in the
output layer to use the neurode's activation and assign noticeable weights to the useful
middle layer neurons. Any middle layer neurons that have weights that generate middle
layer activations that contribute to the training error wilt be diminished toward zero, or they

will be canceled out by opposing vectors.



Finally, it is important to examine the case where weight vectors in the middie
layer have associated weights in the output layer that cause their effects to be canceled
out. The network in figure 7 is an example of a network with this property. In this network
the weights along the connection from y1 to z1 and the weights along the connection from
y3 to z1 cancel each other out if wi=w3.

Whatever the inputs on yq and yg are, their outputs will be canceled when.
computing the output 24, because thé middie layer weight vectors associated with y1 and
y3 are exact opposites. Itis important to inspect the general case where there are two or
more weight vectors connected to the middle layer that cancel each other out during
computation of the output layer activation. CGNN requires that the weights going to the
output layer indicate utility so that the absolute values of the weights can be used as a
measure of fitness. Although individually each of the canceling weight vectors are needed
to cancel other weight vectors, the canceiing weight vectors do not contribute to the output
or performance of the network. Very large weighis can be assigned to conneciions to the
output layer from the canceling nodes with no eifect on the cutput of the network as long as
the weights cause the input to middie iayer weight vector activations to cancel. It can be
shown that canceling weight vector fitness is never greater than uiilized weight vector
fitness for CGNN using a network with 3 middie layer nodes where two of their outputs are
always equal in magnitude but opposite in sign. For cases with larger numbers of middle
layer neurodes and canceling weight vectors it has been experimestally verified that this

requirement is met also.

Consider the case of a cooperative genetic neural network with { input neurodes
Xq.-..X, 3 middie layer neurodes y1, y2, and y3, and 1 output layer neurode z4. The

desired output for 24 during training is z!a79€t. The network uses the threshold function
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Figure 7. Middle Layer Activation Canceling
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-1 ifx<0
f(x)= . for both the middle and output layers. Vectors v, vo, and v3 are
1 otherwise

the weight vectors between the input and middle layers connected into y4, y2, and y3
respectively. The scalars w1 wo, and wg are the weights along the connections to the
output neurode from neurodes Y1, y2, and yg respectively. Also, v4 is equal to -V3
because they are the canceling weight vectors. Because v1=-v3 and
ij =0Y; -(z‘“’“ - zl) for j e {1,2,3}, it can be shown that y, = —y,. During output
fayer training for CGNN the output layer weights are initialized to 0 and then perceptron
training is used to modify the output layer weights while the middle layer weights are held
constant. CGNN uses the absolute value of the weights w, wp, and wg to determine the
fitness of weight vectors vy, v, and va. It will be shown that the relation |w, | <|w,| 2 |w;|
is maintained during output layer training.

Without loss of generality y4 = 1, and yg = -1. Because of the threshold function

Zarget - 1 or +1. If z = 218M9€then Aw, =0 for alli e {1,2,3}. If z# 2™ then
: target __
Aw, = { =20y, if z*% =-1 ) (arget

target

. Also,ifz#z then z = —2"®", because z and

2ay, if 2=+
Z1arget can only be -1 or +1. Since initially, wj = 0 for i e {1,2,3}, and Aw;=0 when
z=z1arg€et there will be no weight adjustments when the network is performing correctly.

This means that if the network is performing correctly the relationship |w,| < |w2| 2 |w3| will

hold.

The remaining cases to be considered deal with weight adjystments when the
network produces an incorrect output. First, consider cases where the training data is
consistent. Consistent training data will always have the same 2!2"9€t whenever a given
set of inputs appears in the training dataset. If z1arget-_1, then Awq=-20,, AW2=-2aty5, and
Awg=+20.. If 218M081us1, then Awq=+20, Aw2=+20yp, and Awz=-20.. y2is -1 0r +1.
Because only 1 middle layer node y2 is used to compute 21, there must be a linear

relationship between y2 and z1.
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Thus, training adjustments can be divided into two types, each with two subtypes.
In a type 1 adjustment z=-yo. Intype 1 subtype 1,z=+1andyp = -1. Intype 1 subtype 2,
=-1andyp = +1. Intype 2 adjustments z = yo. Intype 2 subtype 1z = +1 andyp = +1,
and in type 2 subtype 2 z = -1 and y» = -1. Type 2 adjustments and type 1 adjustments will
not both occur in a consistent training dataset, because the data would then be
inconsistent. A training dataset that causes only type 1 adjustments is called a type 1
dataset and a training dataset that causes only type 2 adjustments is called a type 2

dataset.

For type 1 subtype 1 adjustments Awq=-20,, Aw2=+2a., and Awg=+2c.. For type 1
subtype 2 adjustments Awq=+2a, Aw2=+20, and Awg=-2a. Fortype 2 subtypé 1
adjustments Awq=-20., AW2=-20, and Awz=+2x. Lastly, for type 1 subtype 2 adjustments
Awq=+20, AW2=-20., and Awg=-20.

Now, consider inconsisient data. Inconsistent data in a type 1 dataset will cause an
adjustment of type 2, and inconsistent data in a type 2 dataset will cause an adjustment of
type 1. Let p,, be the probability of inconsistent data, and let pq be the probability of type 1
data. This means that 1-p, is the probability of consistent data and 1-p1 is the probability
of type 2 data.

Using this information the vaiues of the w1, w2, and w3 at a finite time t can be
derived. In this derivation all sums are considered to be over the range from 1tot. For
type 1 data -

w, =[(Z20)p, +(T -20)(1-p,)](1-p.) +[(Z-20)p, +(F20)(1-p,)]p..
w, = 201(1-2p, )(1-2p,),

=(320)(1-p,)+(T 20)p..
w, = 20t(1~2p, ),

w, =[(3-20)p, +(T20)1-p))|(1-p.) [(220091 +(¥=2a)(1-p,)]p..
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w, =2at(2p, -1)(2p, -1),

and for type 2 data

w, =[(3 -20)p, +(T20)(1-p)]1-p,) +[(T20)p, +(T2a)1-p,)]p..
w, =2at(1-2p, )(1-2p,).

w, =(32a)(1-p,)+(T 20)p..

w, = 20Lt(l -~ 2pu).

w, =[(T2a)p, +(T-2a)(1-p,)|1-p.)+{(X-20)n, +(Y2a)(1-p,)]p..
w, = 20t(2p, -1)(2p, -1).

It is assumed that p4 = .5 which means that data of subtype 1 and subtype 2 are of

approximately equal distribution in the training data. It is also clear that p,, << .5 because

of its definition. Substituting the derived values of the weights into |w1| s |w2| 2 |w3] gives
|t-2p,] |1 2|2p, — 1] fortype 1 data, and |1 ~2p,| €|-1/2|2p, ~1] for type 2 data.
Since p¢ has a range of 0 to 1, this gives a maximum of 1 for all weights for both types of
data. It should also be noted that if p is close to .5, then the approximate fitness assigned
to the canceling vectors will be 0 and the vector that is utilized will have a fitness of 1.
These relations hold for the constraints given for pq, so this proves that for a cooperative
genetic neural network with 3 middle layer nodes and no bias nodes, canceling weight
vectors in the middle layer will not be awarded a fitness that is greater than the fitness
assigned to the weight vector that is utilized.

It should also be noted that CGNN works with larger amougygs of middie layer
neurons than are necessary so that the genetic algorithm has a large enough population to
work with. There is a high probability that these canceling weight vectors will be lost during
crossover, because they are opposites.

Another way of examining CGNN's fitness function and its correctness is to look at

the utility of a middle layer weight vecter from another viewpoint. Another way of gauging
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the utility of a middle layer neuron is by looking at how much effect severing the

connections out from that neuron has on the resulting output of the whole network. By
considering the output layer feed forward equation and an input dataset with average
distribution it is evident that severing stronger connections (those with higher weights) has
a total effect that is much greater than severing connections with lower weights. This is
because severing a connection is, in effect, dropping a term from the output layer equation.
The larger the constant associated with the term, the bigger the overall effect during a
training pass. By looking at the fitness functiori in this way, it also seems to hdld up to the
conditions for a good fitness function. This is also another answer to the problem of two
neurons that have outputs that cancei one another in the final equation. They are each
very necessary for the overall performance of the network, because if one of them is lost,
the overall results produced by the network will be greatly affected, although a network
using them would not be minimal. |

These two different ways of locking into the fitness function used in CGNN have
shown that the fitness function of CGNN indicates utilization and that utilization directly
indicates coniribution towards performance, which in turn serves to produce more weight
vectors during successive generations that contribute toward better networkvperformance.

This means that the performance of the network will get better with training.

F. Summary -~

The CGNN algorithm starts with random weights in the middle layer. It then makes
a small number of passes through the training dataset and adjusts the output layer weights
using the perceptron training rule. A variation of the simple genetic algorithm that uses the

stochastic remainder algorithm for selection is used to create a new set of middle layer



weights. The process repeats, making passes through the training data for a number of

generations.

The fitness for a middle layer weight vector is equal to the sum of the absolute
values of the weights on the connections leading from the associated middle layer neuron
to the output layer. CGNN relies on the fact that the its fitness function indicat‘es the
utilization of the middle layer weight vectors. It has been shown that because;of this,
CGNN will try to minimize the training error.

A complete proof of CGNN's convergence has not been constructed. This
suggests that experimentation with this platform must be used to get a feeling for the

convergence of the algorithm.

45



CHAPTER IV.

SIMULATION RESULTS AND CONCLUSIONS

A. Problem Selection and Benchmarks

The selection of benchmark problems for examining a new connectionist algorithm
is complicated. The only standard is the XOR or parity problem, but this is considered a
"toy" problem. The XOR problem is one of the simplest classification problems that is not
linearly separable. There are no real standards, although some problems are common
between two or more papers in this field. One method of selecting a benchmark is to look
for a problem that cannot be solved using a common architecture like backpropagation.
This was the approach taken by Karunanithi when the “two-spirals” problem was selected
[13]. Also, some work has been done with encoder/decoder probiems. CGNN and many
other algorithms easily solve the XOR problem. CGNN does it in one generation.
Contrived probiems seem to be somewhat artificial, and so they may not show real-world
performance.

The approach taken in testing CGNN was to try several different types of problems.
First, CGNN was tested with a wide range of data using a Nx1 decoding problem generator.
Next, CGNN was tested with 3 sets of data taken from the CMU-based coliection of
learning benchmarks for neural networks [9]. The last set of data selected falls into the
contrived database category, and is based on a chactic function wl‘{ich is difficult to }earn
because of its seeming randomness. The wide range of different types of training data
shows CGNN's overall performance.

For each of the benchmark datasets, a raw dataset containing all data was
obtained. The raw datasets were then row scaled so that the minimum and maxirnum

dimension for each parameter was -1 and +1 respectively. Each benchmark dataset was
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also modified so that it had 1 discrete out‘put that is either +1 or -1. During testing the
output from the backpropagation algorithm was thresholded so that an output below 0.5
was considered to be -1 and an output equal to or above 0.5 was considered to be +1. The
training and testing datasets were then taken from this raw dataset by random sampling.
All reported results are the average results from 5 trials using the same parameters and a

different random sample of the raw dataset for both the training and testing datasets.

B. Simuiation Platform

CGNN is computationally intensive on large problems. This is also true for BP and
other NNs. Initial tests with both aigorithms were performed on an IBM 386/SX/PC with a
numeric coprocessor. The code, which is written in C, was then poried to a Silicon
Graphics IRIS 4D/240 GTX which had become available for experimentation. This
machine has performance in the 10 MFLOP range. Although the machine has 4
processors, the code runs on only 1 processor because it has not been optimized for four,
and a vectorizing C compiler was not available. Some code development was also done
on a Silicon Graphics Indigo workstation. The Indigo is binary compatible with the IRIS 4D,
but it has only one CPU and achieves around 4 MiPS. Data reduction was done on an IBM

compatible with a Pentium CPU and 8 megabytes of RAM.

C. General Parameter Settings

The CGNN algorithm and the backpropagation algorithm both contain many
parameters. To aid in comparison of these two algorithms, and to show the overall
performance of CGNN only one parameter was varied for each of these algorithms. A

good general set of values for the other parameters was determined through a lot of initial
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experimentation and tweaking. The parameter that was chosen to be varied for CGNN was
the number of data points that the network was trained on, and the parameter that was
varied for the backpropagation algorithm was the size of the middle layer. By gathering
data with various training set sizes, the generalization capabilities of CGNN are shown, and
by changing the size of the middle layer of the BP algorithm, its best performance is
shown.

The perceptron trainihg for the output layer of CGNN was run for a maximum of 20
epochs for each generation of the genetic algorithm and CGNN was run for 100
generations. This gives CGNN a maximum of 2000 output layer training epochs. The
learning rate adjustment constant for the output layer was set t0 0.01. Ten bits were used
for the scaled integer representation of each weight in the middle layer. The activation
threshold was set to 0.0. The mutation probability was set to 0.005 and the crossover
probabiiity was set to 0.9. The population size, which is also thé number of weight vectors
in the middle layer, was set to 100 and the breeding pool size was set to 50. CGNN was
trained on 10, 50, 100, 150, and 200 data points for each benchmark.

The backpropagation algorithm was ruit for 2000 epochs. This number was chosen
because it yielded similar execution times for backpropagation and the CGNN. It is also
the maximum number of output layer training epochs that the CGNN algorithm was
allowed. The alpha and beta learning rate adjustments were both set to 0.1. In addition
the momentum term was set to 0.9. The backpropagation algorithm.was tested with 10,

20, 30, and 40 middle layer nodes.

D. Automatically Created Artificial Data

The first data tested on CGNN was automatically created by a program called

MAKEDATA which was written for this research. MAKEDATA creates a random feed-



forward network of the desired complexity and pushes data through it to produce training

datasets. This approach to dataset creation allows for experimentation with datasets with a
wide variety of complexity. An added advantage is that there is aiso a known solution for
each dataset created. There are 11 input parameters, 1 output parameter, and 200 data
points in the dataset that was used for this experiment. The random network contained 3
layers and used bimodal thresholding in the middie and output layers.

The best accuracy obtained for CGNN on this dataset was 77.69% and the worst
accuracy oﬁ this dataset was 59.40%. The execution time increased with increasing
training set size, from a minimum of 32.6 seconds to a maximum training time of 968.2

seconds.

E. Tic-tac-toe Endgame Database

A database that encodes the complete set of 958 possible board configurations
that can occur at the end of a Tic-tac-toe game was used as a training set. Each board
configuration is represented by a record that is a sequential listing of the cell contents of
the board followed by a "positive” if the board represents a game in which x won or
"negative" if x did not win. There are & total of 9 attributes for input and 1 for output.
There are about 65.3% winning boards for x in the dataset. A program was written to
convert this data into a format suitable for CGNN. Each input X was represented by a -1.0.
Each O was represented by a +1.0, and each blank cell was repre;énted by a 0.0. Awin
for "X" was converted to +1.0 and a loss for "X" was converted to a -1.0. The dataset
contains 65.3% wins for "X".

This dataset has been used by several researchers. CITRE was applied to a 100
instance training set and 200 instance test set, in a study using different amounts of

domain-specific knowledge [25]. Its highest degree of accuracy was 76.7% using the final
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decision tree created for testing. Similar experiments, also using CITRE [26], included
learning curves for up to 500-instance training sets and all of the database for testing.
Accuracies in this instance reached above 90%.

D. W. Aha. (1991) used instance-based constructive induction with 70% of the data
used for training and 30% used for testing evaluated over 10 trials. Results ranged from
82.0% for IB3 to 99.1% accuracy for IB3-CI [27).

The results for CGNN are shown graphically in figure 8. The worst accuracy is '
60.8% in 94.8 seconds using 10 data points. The best accuracy is 82.02% which was
obtained in 1391.59 seconds using 200 training data points. CGNN's accuracy went up
when given more training data points.

Backpropagation was also trained on the dataset. The worst accuracy obtained
using backpropagation was 85.00% in an elapsed time of 603 seconds using 10 middie
layer neurodes. The best accuracy obtained was 85.93% using 40 middle layer nodes
during a run of 1550 seconds.

The graph in figure 9 indicates that accuracy increases with middle layer size for
backpropagation. Although better performance was obtained using more middle layer

nodes, The difference between the lowest and highest accuracies was 0.94%.

F. Pima Indians Diabetes Database

The Pima Indians Diabetes Database was the second stana.ard database chosen
for testing the performance of the Cooperative Genetic Neural Network. This is a database
of 768 data points. Each data point has 8 inputs and 1 output and represents a subset of
medical data taken from a Pima Indian. The expected output that the network is trained to
predict indicates whether or not the Indian has diabetes, and the inputs are various medical

readings that were thought to be relaicd to diabetes [9].
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The worst accuracy obtained for CGNN was 68.18% in 387.6 seconds using 50
training data points. The best accuracy obtained was 70.99% during a run time of 1489.00
seconds.

The relationship between accuracy and training set size for CGNN u§ing the Pima
Indian diabetes data is shown in figure 10. It shows that the best accuracy was obtained
using a population size of 150. There is a noticeable dip in accuracy between a population
size of 10 and a population size of 150.

Figure 11 shows a trace of the total error on the last pass of each generation while
CGNN is training on the pima diabetes database. This graph shows that the total error
decreases initially, but that the convergence stops at generation 5. The pattern of error
convergence represented by this graph occurred when trairing on all of the benchmark
datasets.

The worst accuracy obtained for backpropagation was 72.27% in 498 seconds
using 10 middle layer nodes. The best accuracy was 74.11% during a run time of 1048.00

seconds using 20 midd!e layer nodes.

G. Breast Cancer Databases

The third database selected from the CMU-based collection of learning
benchmarks for neural networks contains breast cancer data. This breast cancer database
was obtained from the University of Wisconsin Hospitals, Madisonm;rom Dr. William H.
Wolberg [23,24]. There are 699 data points in the database. Each data point has 10 inputs
and 1 output. The 10 inputs are taken from various medical tests thought to be related to

breast cancer, and the output indicates whether the cancer was benign or malignant. The

inputs represent the sample code number, clump thickness, uniformity of cell size,

52



Percent |
Correct

65 + ' A
10 50 100 150 200

Traing Set Size

Figure 10. Etfect of Training Set Size on Accuracy for CGNN on Diabetes Data

Total
Error

Generation

Figure 11. Changes In Total Error During Training of CGNN on Diabetes Data

53



uniformity of cell shape, marginal adhesion, single epithelial cell size, bare nuclei, bland
chromatin, normal nucleoli, and mitosis.

This dataset has been growing continually as Dr. Wolberg gathers new data. Dr.
Wolberg has used hyperplanes to try to separate the data. Atthe time it consisted of 369
patterns. Only one trial was attempted. Two pairs of parallel hyperpianes were found to be
consistent with 50% of the data, and to achieve an accuracy of 93.5% on the remaining
data. In addition, three parallel hyperplanes were found to be consistent with 67% of the
data, with an accuracy of 95.9% on the remaining data [24].

The worst accuracy for CGNN on this dataset was 89.87% in 426 seconds using 50
training data points. The best accuracy for CGNN was 95.79%, used 200 training data
points, and took 1642 seconds. The results are graphically depicted in figure 12. This
graph shows that the network performs better when it has been trained on more data
points.

The backpropagation algorithm had the worst accuracy (94.96%) when it was given
10 middle layer neurodes. This result was achieved in 897 seconds. The best accuracy
was 95.85% in 1774 seconds using a middle layer of 40 neurodes.

The results obtained using backpropagation on this dataset are shown in the graph
in figure 13. CGNN achieved 95.79% correct, while BP achieved 95.85% correct. For this
performance CGNN took 1642 seconds and BP took 1774 seconds.

-~

H. Predicting Chaotic Time Series

The final database chosen for testing CGNN was created with the purpose of
testing a network’s ability to predict future values of a chaotic time series, as described by

Moody and Darken [4]. This is a difficult task to ask a network to perform, but many real-
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world problems are based on chaotic patterns. The chaotic time series described by

Moody and Darken is based on the Mackey-Glass differential Equation (equation 14).

it} =—bx[t]+ a(——ﬂt—“ 1 5 )
t 1+ x[t-T]

Equation 14. Mackey-Glass Equation

The Mackey-Glass equation has also been used by Matrinetz, et. al. for testihg the
"neural gas” Network [28]. They trained the network for 200,000 iraining steps and 100,000
training pairs. Each training point in their data represented x[t], x{t-6], x[t-12], and x|t-18}.
To produce the training data, values chosen for a, b, and T were 0.2, 0.1, and 17
respectively. The substitution is shown in squation 15.
dx[t] K[t-17] )

——=-0.1x[t}+0.2| —
dt xtl (l+x[t—17]‘°

Equation 15. Revised Mackey-Glass Equation

Equation 14 is taken directly from Moody and Darken [4]. The specific parameters for
equation 15 are taken from Choate [5]. The characteristic time (also called wavelength) of
the series is approximately 50. The chaotic time series database was generated for 1000
data points each with 4 inputs and 1 output using numerical integration. Numerical
Integration is necessary to produce the time series, because using'?he difference equation
with each output depending on the last introduces a lot of error after a few iterations. The 4
inputs for each point are taken around a time t in the chaotic series. The 4 inputs are x[t),
x{t - D}, X[t - 2D}, and x{t - 3D] where D is 6. The output for the data point is x[t + F}, where

Fis 85. Fwas chosen to be greater than the characteristic time for the series. Thigis



important because traditional techniques are no better than chance at predicting the series
beyond its characteristic period.

Since CGNN uses the perceptron training rule to produce its output, the output can
only be +1 or -1. This means that it cannot be used to predict the actual value of the time
series at x[t+85). Because of this, the desired output for this dataset was modified so that it
was either -1 or +1. When the desired output was below the average of the maximum
output and the minimum output it was replaced with a -1, and when the desired output was
equal to or above the average of the minimum and maximum desired outputs it was
replaced with a +1. There is no proof that the transformed outputs are chaotic, but initial
experimentation with both CGNN showed that these outputs were not easy to predict.

The results achieved using CGNN on the chaotic time series are graphically
depicted in figure 14. The total error for the last training data pass for each of the training
set sizes was 0.0, but that the accuracy increases as the training set size increases. The
best accuracy was 92.82% in 167.60 seconds when the network was given 200 training
data points. The worst accuracy was 83.90% in 7.8 seconds using 10 training data points.

Figure 15 shows the total error during the last pass made through the training data
during each generation. This graph shons that CGNN converges to a minimum error at
generation 12. It also shows that the error is higher for several generations after 12, but
that the error again reaches this level at generatior: 28. There are big peaks in the data
before generation 12. This kind of noise was noticeable in all trainjpg runs for the
cooperative genetic neural network.

The best training accuracy obtained for backpropagation was 93.08% during a run
time of 214 seconds using 10 middie layer nodes. The worst accuracy was 76.68% using

50 middle layer neurodes in an elapsed time of 4897 seconds.
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I. Conclusions

On the average CGNN trained 2.81% faster than backpropagation, but
backpropagation was 1.81% more accurate. On the tic-tac-toe dataset, CGNN trained
10.26% faster, but backpropagation was 3.91% more accurate. On the Pima Indian
diabetes dataset backpropagation trained 42.08% faster and it was 3.12% more accurate.
On the breast cancer dataset CGNN trained 21.36% faster and it was 0.03% more
accurate. Lastly, on the chaotic time series dataset, CGNN trained 21.68% faster, but
backpropagation was 0.26% more accurate.

CGNN trained faster on all the benchmark datasets except the Pima Indian
diabetes dataset. The longer training time on the Pima indian diabetes dataset may have
been caused by a heavy load on the computer during CGNN training.

Backpropagation was more accurate on three of the benchmarks. This may be
attributed to the sigmoidal threshold function it uses. The use of a similar threshold
function in CGNN may improve its accuracy.

There are several changes to the CGNM algorithm that shiould make it faster and
more accurate. Other areas of future research include more powerful output layer training
rules, improved threshold functions, other middle layer feed-forward techniques, and
paralielization.

As a contribution to creating standard benchmarks against which other
architectures can be compared, the results of these experiments wqi-II be submitted to the

CMU-based collection of learning benchmarks for neural networks.
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