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Abstract

Natural networks have been used during several years te slasgsifica-
tion problems. The performance of a neural network depemedstty on

the design of the hidden layers, and in the calculation ofithights that
connect the different nodes. On this project, the struabfitbe hidden
layer is not modified, as the interest lies only on the catoartaof the

weights of the system. In order to obtain a feasible reshiét,weights
of the neural network are calculated due a function cost. Hetie algo-
rithm approach is presented and compared with the gradesaeaht in
failure rate and time to obtain a solution.

1 Introduction

Neural networks is a computational model based on the neonalections of human brain.
With this approach, the graph that defines the network carnvided into 3 layers: input,
hidden and output (see Figure 1). While the hidden layer cangédathe structure adopted,
the input and output layer remain stable all the time, asrthatiand outputs of the system
must remain the same.

Figure 1: Structure of a neural networkm@fnputs,n outputs and 2 hidden layers.

The objective of a neural network system is to give an outpe some input signals.
Before the training of the neural network, ths system idadhited to its defaults values,
and all the outputs (possible answers of the system) haveaime probability. While

the network is trained, the weights that define the connedigween notes modified the



value, and depending on the input and hidden values, thetsteucan be also changed.
That implies that it is possible to optimize the neural nekganodifying the structure of
the solution and modifying the way that the weights are dated. During this project,
two different approach have been used and compared on tbaglatédn of the weights:
back-propagation and genetic algorithm.

1.1 Geneticalgorithm (GA)

The genetic algorithm is a search technique based on theepbif evolution[1], and
in particular with the concept of the survival of the fitt@3§t[ The application of genetic
algorithm on neural network make an hybrid neural networlerghthe weights of the
neural network are calculated using genetic algorithmagoghr. From all the search spaces
of all the possible weights, the genetic algorithm will gete new points of the possible
solution.

The first step to calculate its values, is to define the solutiomain with a genetic rep-
resentation (problem encoding) and a fitness function terdene the better solutions.
Those two component of a genetic algorithm are the only proldependent of the genetic
algorithm approach. Once an initial population of eleméaitsomosomes or genotype[3])
have been created, the techniques used by this algorithoent@rge to a solution of the
problem are related to the evolutionary theory:

1. Selection— some chromosomes of the current population are selectectéal b
a new generation. A small number are selected randomly wihdeothers are
selected depending on how they fit better with a fitness fancti

2. Genetic operations> once the first chromosomes have been defined by those that
fits better the fitness function, the rest of the populatiogaeg to be created
using genetic operations. The fitnesses of those new chamexsswill also be
checked and compared with the worst chromosomes of thedastgtion in order
to decide who will stay into the population.

(a) Mutation— modifying one or more bits (gens) of some chromosomes of the
population.

(b) Crossover— crossing two or more chromosomes of the population between
them.

A pseudo-code for this algorithm is:

1. Creation of the initial population.
2. while (Isolution)

(a) Evaluate the fitness of all the chromosomes of the pdpulat

(b) The best chromosomes will be selected to reproduceg usintation and
crossover.

(c) Substitute the worsts chromosomes of the previous géoarby the new
produced chromosomes.

This process wass refered to as Simple Genetic Algorithm([4]
Finally, the fittest chromosome will be selected as a sahutio
1.2 Description of the problem

The problem used to test the performance of the two meth@lB#dance Scale, where the
objective is to classify the inclination of a balance depegan the inputs. In this problem,



the data set has 4 attributes (input of the system) and thsifitation of the data (desired
output of the system). From this data, it is possible to defieenputs and outputs of the
system as:

Input:

Left weight.
Left distance.
Right weight.
Right distance.

A

Output:

Left balanced.

A .

. Balanced.
3. Right balanced.

Finally the data given was dividen in two sets. Then, on the fittempt, the first set will
be used as training data for the two approximations, and ¢n®ymands will be tested.
After that, the first set was used as test data instead ofricattata and the same process
was made.

2 Implementation

Recalling the objectives of the project, it is necessaryrtd fne weights that determine the
connexion between the nodes. Two methods are going to biedtumhck-propagation and

genetic algorithm approach, with the same network topol@tys topology is determined

with the nature of the solution, as the relation between tipeiti and the output of the

problem is non-linear. That implies that, to be able to sdhie problem, at least one

hidden layer must be used.

The topology finally chosen was one hidden layer with 3 notlhed with the specifications
of the problem makes a neural network of 4 inputs, 1 hiddeerlaf3 nodes and 3 outputs
(see Figure 2). To solve this problem, a bias node must betasdd the hidden layer.

Figure 2: Structure of a neural network4inputs,1 hidden layer o8 nodes an@ outputs
with 0 hidden layers.



2.1 Back-propagation implementation

The training of the network using the back-propagation angntation is directly related
to the function cost chosen. Defining the squared error costion.

T(w) =53 (5~ outa®) @

The next value for each weight is calculated from the gradiéthe cost function.

dJ(w)
ow

As itis indicated in its name, back-propagation implieg tha first weights to be calculated
in each iteration are the weights between the hidden layeéti@output layer. After this
first calculation, the weights of the previous level are glted and so on, until finding the
new values of the weights between the input and the first hitieer.

w=w—u
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2.2 Genetic algorithm implementation

Recalling the necessities of a genetic algorithm, a fithasstfon and a representation
model are required. The solution with the genetic algorittypproach is going to use
Equation (1) as the fitness function. To represent a chromesa string of bits will be
used, and the crossover operation will be made only withdfalfe cromosome (see Figure
3).

Chromosome i Chromosome j

010101010

010101010|011101010 010101111

Figure 3: Crossover operation.

It is also important how the chromosomes are representechewdwe select or create
new chromosomes from the fittest elements. For each weightécessary to create some
generations of chromosomes to find a good candidate, andlirgeseration it is necessary
to haven chromosomes to select the fittest. In that problem: 50 chromosomes per
weight and generation were chosen to try to find the solutltat,makes a total number of
600 chromosomes.

For simplicity, the cost function is calculated only for bawde that we are working with,
without crossing results, that could archieve a very higmpotational cost. Then, the
algorithm to all the weights on each iteration will be:

Creation of the initial population of 12z50
chr onosones.

for (all _training.data)
for (all _weights)



for (i=1:50)

- Evaluate the fitness of all the chronpbsones of
t he popul ati on.

- The best chronpsones will be selected to
reproduce, using nutation and crossover.

- Wth the new chronosones created fromthe
fittest of the previous generation, a new
generation is created.

end for

Eval uate the fitness for all the chronpsones of

t he popul ati on.

Sel ect the fittest chronosone of the popul ation

as the new wei ght.

end for

end for

3 Simulation. Results

The comparation between the two methods gives interestisigts. As expected, the GA
approach gives better results than the back-propagatidhoghevith almost all the itera-
tions used (using 6% and 50% as mutation and crossover glitikah Only when the
number of iterations is very small, the back-propagatiothoe gives better precision per-
formance.

In time consumption for the two algorithms, the result wasswpositive for the genetic
algorithm, although the time performance was still bettentusing back-propagation (see
Table 1).

Table 1: Back-propagation vs Genetic Algorithms
Back-propagation  Genetic algorithm

Time 86 72
Hits train data 36 46
Hits testdata 32 37

4 Conclusions

The results of this project gives a good approximation ofttéeefits of a neural network
system using genetic algorithms in front of back-propagmetnethod, being superior this
first method in precission and time consumption. But theeenaore variables to consider;
in this problem, the values of the weights were "more or’ldasown, so one of the prob-

lems related with the genetic algorithm approach was solVéaat would have happened
if the margin of the weights was not known? The search spacthéogenetic algorithm

would be much larger that the one that we were supposed tolseard the solution not
only will converge slowly, but also with less precision.

Also, the back-propagation method uses a static value f(gee Equation 2) that makes
the weights converge in a non optimal way to the expectedevaluproper calculation of
« each iteration will increase the performance of the methtilpugh it will also increase
the computational time.



It seems that using the genetic algorithm with neural ndtwan make the neural network
improve the results, although it is not necessarly surelfdh@ network topologies (or, at
least, can not be deduced from the results obtained). Iddmiklso interesting to include
other paradigms to the genetic algorithms, as the Baldwatef], that could accelerate
the learning of the algorithm increasing the average fitoé® individuals over a number
of generations.

In future work, it can be also interesting a prior calculatio determine the topology of the
best (calculated) network(][], and related to the weighHtekation, calculate initial values
of the weights using GA and iterate using back-propagatibmose are problems of the
neural network that can be solved using genetic algorithms.

Another fields where evolutionary algorithms can be appbetide the physical structure
of the network are:

1. If the method selected is back-propagation, and a nostantw is chosen to
solve the problem, finding the is a search problem that can be solved with GA.

2. Inside the programation of the genetic algorithm, to iheilee the margin of val-
ues of the weights.

3. Reduce the space of the training data to some data thatsdfie output with
fidelity.
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