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Abstract

In this paper, we present a comparative study of several methods that combine
evolutionary algorithms and local search methods to optimize multilayer percep-
trons: A method that optimizes the architecture and initial weights of multilayer
perceptrons; another that searches for training algorithm parameters, and finally, a
co-evolutionary algorithm, introduced in this paper, that handles the architecture,
the network’s initial weights and the training algorithm parameters. Our aim is to
determine how the co-evolutive method can obtain better results from the point of
view of running time and classification ability. Experimental results show that the
co-evolutionary method obtains similar or better results than the other approaches,
requiring far less training epochs and thus, reducing running time.

Keywords: evolutionary algorithms, artificial neural networks, multilayer per-
ceptrons, hybrid algorithms, optimization, G-Prop, co-evolution

1 Introduction

Designing an Artificial Neural Network (ANN) is not an easy process [29]. It
requires setting a layer structure with connections among the different com-
ponents, tuning several parameters (such as initial weights) and the definition
of a set of learning constants. Subsequently, a training method is used, which
is usually an iterative gradient descent algorithm designed to minimize, step
by step, the difference between the actual output vector and the desired one.
For multilayer perceptrons (MLPs), algorithms such as backpropagation (BP),
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QuickProp (QP) [33] or RPROP [95] are commonly used. However, in practice,
gradient descent methods, successful as they are in many fields, do encounter
certain difficulties: (i) the convergence to the global optimum tends to be
extremely slow and is not guaranteed, and (ii) learning constants and other
parameters, such as layer size must be found heuristically.

These problems have traditionally been approached using various optimization
procedures, such as incremental/decremental methods [1,86,85,87,88,76,102]
or evolutionary algorithms [103,16]. Incremental algorithms add hidden neu-
rons to the smallest possible network until the required precision is reached.
They start off with a few hidden neurons which increase in number until the
error is small enough. The problem is that once the hidden neurons have been
added, they cannot be suppressed to reduce the network size, thus resulting
in unwieldy ANNs. In general, as J. Hwang et al. proved in [54], adding new
units leads to overfitting. Nevertherless decremental algorithms start off with
a network with a high number of connections and remove them one by one
(or set them to zero) to obtain a smaller network with the same (or better)
classification ability. Normally, the ANN must be re-trained after pruning. If
the selection criteria (the units to be discarded and the order in which they
will be removed) are guessed correctly, it is possible to obtain a good solution.
As in other gradient descent optimization methods, learning constants must
be established and they may reach the local minimum closest to the search
space point where the process started, with the difference being that incre-
mental /decremental methods unfold the solution space by adding a certain
number of neurons [2].

Furthermore, due to their great importance [57,18], both the learning parame-
ter and the number of training epochs (i.e. training set presentations) must be
established. A small value of the learning parameter may slow down the con-
vergence and trap the gradient descent algorithm in the local minima, while
a value higher than the required could result in an overstepping of the opti-
mum. Rumelhart et al. [97] have proposed suitable values for this constant,
which would allow the algorithm to resolve a wide range of problems. On the
other hand, a low number of training epochs might not be enough to learn the
training set, whereas a higher number of training epochs than the one required
may result in overfitting.

Overfitting can be avoided by taking into account the generalization error
and stopping the training [82] if the minimum has been detected, although
it is not easy to establish the point at which training has to be stopped.
Generalization ability may vary during the training process, to the extent
that at a given point, the generalization error reaches a minimum, after which
it starts to grow [94] since the network learns some characteristics that are not
representative of the training set. Thus, early detection of overfitting occurring
during supervised training is important in order to prevent the error from



increasing. In this sense, experiments carried out by Keesing and Stork [57]
show the importance of the number of training epochs. In a given population
of ANNSs, applying either very little or too much training leads to a very slow
evolution, the optimal usually being an intermediate amount.

One effective way to resolve overfitting and parameter setting is the use of
evolutionary algorithms (EAs) [103,105]. However, as the optimization of all
possible parameters would result in too large a search space, some authors
propose the use of co-evolution [83,53].

Summing up, designing a neural classifier from scratch involves searching in
the architecture and learning parameters space for a solution that is optimal
from the point of view of its classification ability.

In this paper, we take the research already carried out on evolutionary op-
timization of MLPs (G-Prop method) presented in [10,15,18] a step further.
G-Prop is a hybrid algorithm that leverages the capabilities of two classes of
algorithms: the ability of the EA to find a solution close to the global opti-
mum, and the ability of the QP algorithm to tune a solution and reach the
nearest local minimum by means of a local search performed from the solution

found by the EA.

Our aim is to compare several hybrid approaches to optimize the MLP, taking
into account the classification ability, and at the same time, trying to reduce
the number of training epochs: as the training time decreases, the required time
to design an MLP with good classification ability will decrease too. Hybrid
methods compared in this paper are the following:

e G-Prop (see Subsection 3.1), an EA designed to optimize MLPs. This
method optimizes the neural network structure, establishing the number of
hidden units and initial weights.

e Sequential QP evolution (see Subsection 3.2), an EA that searches for
the optimal QP algorithm parameter values: number of training epochs and
learning constant value.

e Co-evolutive (see Subsection 3.3), introduced in this paper, where a popu-
lation of QP evolves in parallel with a population of MLP. Both populations
cooperate to optimize the network architecture (number of hidden units and
connection weights) and the training parameters (learning coefficient and
number of training epochs) to solve a classification problem. We expect to
obtain good generalization error, while reducing the running time.

We intend to show the aspects where the co-evolutive method yields better
results, compared to other methods.

The rest of this paper is structured as follows: Section 2 presents the state
of the art in co-evolutionary algorithms for neural network optimization. Sec-



tion 3 describes the proposed methods. Section 4 describes the experiments,
and Section 5 presents the results obtained, followed by a brief conclusion in
Section 6.

2 Related Research

EAs [75,32] are global optimization methods, based on the theory of evolution
of natural species and on its molecular basis [24]. EAs carry out a multidi-
rectional search by maintaining a population of potential solutions, creating
and interchanging information in all directions within the search space. The
population undergoes simulated evolution: In every generation the best solu-
tions mate and get copied, while the worst disappear. In order to distinguish
between good and bad solutions, an objective function (evaluation or fitness
function) that measures the quality of the solution is used.

Evolutionary neural networks are an efficient way of searching the problem
space of the neural net [103,3,22]. The initial approach consisted in restricting
the search space to a few parameters. Thus, several authors have suggested
evolving ANNs by coding the weights and learning parameters of the indi-
viduals of EA, pre-establishing the number of neurons and the connectivity
between them [47,49,71,90,48,64]. However, these representations can lead to
a lack of precision by restricting the search to just a part of the possible space.
Leung et al. [64] proposed the tuning of the parameters of a neural network
using an improved genetic algorithm (GA). However, the number of hidden
nodes must be chosen manually by increasing it from a small number until
the learning performance is good enough. The method proposed in [68] tries
to avoid overfitting by encoding the number of training epochs as a bit string
in the individual chromosome. Another approach based on Simulated Anneal-
ing that searches for the network learning parameters was proposed by the
authors in [14].

Such methods focus on optimizing a part of the ANN, since the optimization
of all possible parameters would result in too large a search space. For this
reason, some authors propose the use of co-evolution (the mutual evolutionary
influence between several species) [83,53], whereby several populations evolve
in different EAs. According to dependencies between species, interactions be-
tween populations of different classes of individuals, the following classification
could be made:

e Competitive co-evolutionary algorithms [96,81]: The fitness of an individual
depends on how it performs in competition with individuals from other
species (each species competes with the remainder).

e Cooperative co-evolutionary algorithms [91]: The fitness of an individual



depends on its ability to cooperate with individuals from other species in
order to solve a target problem.

In those cases where the problem can be divided into interrelated subproblems,
a cooperative model is suitable [91].

Many authors have successfully used co-evolution in conjunction with different
methods [21]. Historically, Hillis [51] was the first person to propose the op-
timization of sorting networks using a cooperative co-evolutionary algorithm.
One species represents sorting networks and the other tests cases by sorting
number. The interaction between the two species adopts the form of com-
plementary fitness functions: a network is evaluated on how well it sorts test
cases, while the test cases are evaluated on how poorly they are sorted.

Several authors have proposed the use of cooperative models to design only the
network architecture. One example is the work of Moriarty and Miikkulainen
[79,80] who developed a method for designing ANNs based on two EAs: a pop-
ulation of nodes and another of networks (different ways of combining nodes
of the first population). The nodes are coded by using floating point vectors
to represent weights. A population of networks evolves records of neurons that
work well together. The fitness of a neuron is computed as the average fitness
of the best networks it participates in.

A more complex system was proposed by Zhao in [106]. His method breaks
down a pattern classification problem into several functions (one per class) and
assigns a module-network to each function. Thus, the whole classifier (net-
work) consists of N sub-systems, and these sub-systems (module-networks)
are in turn explored by evolution using several EAs. In [107], he addresses the
problem by focusing on the evaluation of the modules which form the whole
classifier, applying a cooperative co-evolutionary model to the evolutionary
design of radial basis function ANNs.

Similar cooperative methods try to develop subnetworks (modules) instead
of whole networks [91,66,40,41,43]. These modules, which must cooperate, are
combined forming ensembles which make up a network. The fitness assignment
is based on both competition within species and cooperation among species.
The method proposed by Chandra and Yao [19,20] uses a multi-objective
evolutionary algorithm for the construction of neural ensembles. It tries to
find an optimal trade-off between diversity and accuracy and it searches for
an ensemble for some particular problem by treating these two objectives
separately.

Hallinan and Jackway [50] propose a cooperative feature selection algorithm
which utilizes a genetic algorithm to select a feature subset in conjunction
with the weights of an ANN. Each network is encoded as a single binary
string, whereby every eight bits represents either a feature or a weight. This



type of codification may result in a loss of precision, and good solutions could
be lost due to its limitations.

The co-evolution of multiple cooperative species has been applied to job-shop
scheduling [52], and a dual-species cooperative model has been applied to
Goldberg’s three-bit deceptive function [84]. These species have a symbiotic
relationship whereby the second species used the representations co-evolved
by the first species.

Other authors present non-cooperative methods. Smalz and Conrad [98], for
example, propose the use of two populations separately evolved: a popula-
tion of nodes, divided into clusters, and a population of networks which are
combinations of neurons, one from each cluster. This method neither induces
competition among the neurons of the same cluster nor enforces cooperation
among the different neuron clusters.

Nearly all of the methods previously discussed concentrate on optimizing the
network structure and ignore the importance of training parameters. We have
detected that not only should the network architecture and weights be opti-
mized, but also the training parameters through a co-evolutionary method.

3 Hybrid Methods

We have studied different hybrid systems for ANN optimization in the present
document. In general, hybrid systems, combine global with local search meth-
ods (for instance, Lee in [62] combine genetic algorithms and ant colony opti-
mization algorithms with local heuristics to improve the final result). Methods
described in the following subsections are designed to search not only for the
network architecture but also for the training algorithm parameters, because of
their influence on both the classification ability and on the algorithm running
time [57,18].

3.1 Single-population Method for MLP Optimization (G-Prop)

In G-Prop, an EA carries out the evolution of an MLP population. It searches
for the best architecture (network structure and initial weights) for that prob-
lem and tries to optimize the network classification ability. This method makes
use of the capabilities of two types of algorithms: the ability of EA to find a
solution close to the global optimum, and the ability of the QP algorithm to
tune a solution and to reach the nearest local minimum by means of local
search from the solution found by the EA.



The complete description of the method and the results obtained using classi-
fication problems have been presented elsewhere [12,13,15,10,9,11,17,18]. The
designed method uses an elitist [100] algorithm and is specified in Figure 1.
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Fig. 1. EA pseudocode.

In G-Prop, an individual is a complete MLP with two hidden layers. The
representation ability of a neural network depends on the number of layers,
on the number of neurons per layer and on the connectivity between layers.
It was demonstrated that a network with two hidden layers can solve any
pattern classification problem [65,6,94]. On the other hand, several authors
have proven that any function approximation problem can be solved by using
one hidden layer [60,38,37,23].

An EA requires that each individual is encoded as a chromosome for it to
be handled by the genetic operators of the EA. Some authors use binary
or real encoding (representation of the networks in a binary or real number
string), as proposed by [26,30], or indirect coding, as proposed by [7,48]. G-
Prop evolves the initial parameters of the network (initial weights and learning
constants) using specific genetic operators. At the lowest level, an MLP is an
object instanciated from the MLP C++ class. The data structure of this class
is an array of vectors of neurons, where each neuron is a vector of weights.
However, the EA does not take into account binary strings, but MLP objects
and neurons.

The genetic operators act directly upon the ANN object (instead of performing
hieralchical evolution at the neuron level [78]), but only initial weights and
the learning constant are subject to evolution, not the weights obtained after
training. In order to calculate the fitness, a clone of the MLP is created, and
thus, the initial weights remain unchanged in the original MLP. Only when the
training operator is used, changes are saved back into the individual genetic
code that remains in the population.



When a genetic operator changes an MLP, it considers each hidden neuron
(and its input and output weights) as a “gene”, so that if two MLPs are
crossed, complete hidden layer neurons are interchanged (and weights to and
from it are treated as one unit), as proposed in [99,71,70].

Six genetic operators were designed to evolve MLPs:

e The mutation operator randomly changes the weights of certain neurons (see
Figure 2), depending on the application percentage. This operator resembles
that of Montana and Davis [77] and the algorithm presented by Kinnebrock
in [59]. Modifications consist of changing the in and out weights of a neuron
by adding a small random number uniformly distributed in the interval
[—0.1,0.1]. Mutation also affects the learning rate, which is modified by
adding a small random number that follows uniform distribution in the
interval [—0.05, 0.05].

e The crossover operator performs two point crossover between two MLPs to
produce two new MLPs. The hidden layer neurons are a mixture of those of
the two parents: some of the hidden neurons, together with the in and out
connections from each parent, make up one offspring, and the remaining
hidden neurons comprise the other (see Figure 3). Finally, the learning rate
is swapped between the two nets.

e The training operator is used to improve the individual MLP through a
local search (applying QP), as suggested by Montana et al. [77] and Yao
et al. [104], who proposed applying backpropagation (BP) as a variation
operator that tunes an ANN. When applied, the operator takes an MLP
that is trained for a specified number of epochs, and returns it, with the
trained weights, to the population.

e The operator that adds hidden neurons and the following one (elimination)
attempt to solve one of the main problems of BP and its variants: the dif-
ficulty of guessing the number of hidden layer neurons (see Figure 4). By
means of the addition of hidden neurons, it is no longer necessary to set the
size of the EA search space. This operator is intended to perform incremen-
tal design: it starts with a small structure and increments it, if necessary, by
adding new hidden units. Now, however, the dilemma of overfitting arises:
small networks generalize well, but are slow at learning, whereas big net-
works learn fast (needing fewer training epochs to obtain similar precision),
but generalize badly [5,4]. The way to obtain good generalization ability is to
use the smallest network that can learn the input data efficiently [93,94,103].
For this reason, this operator is combined with the following one. In addi-
tion, it is compensated with the component of the fitness function that
penalizes the network size.

e Removing hidden neurons operator is intended to perform decremental ANN
design: it prunes certain nodes and, if this is performed properly, obtains
better generalization results and a smaller network [56,89,4]. This means,
to a certain extent, that the networks are prevented from growing too much



and reaching an excessive size.

e Substitution operator replaces one hidden layer neuron at random with a
new one, initialized with random weights. This operator may be considered
a kind of macromutation that affects only one gene. Macromutation can
destroy whatever the net learned, but can act as a jump in the search space
to other areas, so that the MLP can fall in a good one and, by means of
another operator of refinement can obtain a good solution.

W -0

Fig. 2. The mutation operator randomly changes the in and out weights of certain
neurons.

Tw-T Y

Fig. 3. The crossover operator takes two MLPs. Some of the hidden neurons make
up one offspring and the remaining hidden neurons comprise the other.

=

Fig. 4. The operator that adds hidden neurons inserts a new randomly initialized
neuron. The removing hidden neurons operator prunes certain nodes together with
the in and out connections.

The fitness function of an individual (MLP) is given by the number of
correctly classified patterns obtained on the validation process that follows
training. In the case of two individuals showing an identical classification error
(measured as the number of incorrectly classified patterns), the one with the
hidden layer containing the least number of neurons would be considered the
best, (the aim being small networks with a high generalization ability).

G-Prop does not need to set by hand any of the MLP parameters (except the
number of training epochs to evaluate the population individuals, since, de-
pending on the problem, a higher or lower value will be necessary). Obviously,



the EA constants (some of them concerning the initial population, and others
concerning the genetic operators) need to be set. Influence of these parameters
was analyzed in a previous work [18] where the most suitable values for each
parameter were determined. The methodology used and the values obtained
are detailed in subsection 4.3.

3.2 Single-population Method for QP Optimization (evQP)

This method evolves the QP parameters, trying to reduce the number of
epochs in order to minimize running time. If the number of epochs is re-
duced, then, the fitness computation is faster, and the global running time
decreases. The designed algorithm follows an elitist schema [100] and is spec-
ified in Figure 1.

This EA works on a population of individuals, coding the number of epochs
and the learning coefficient used to apply the QP algorithm to train an MLP.
The chromosome is composed of an integer number which codes the number of
training epochs and of a floating point number that codes the initial learning
coefficient value.

The evolution of this kind of individual is made by means of the application
of two genetic operators:

e Mutation operator changes the number of training epochs, adding a ran-
dom number uniformly distributed in the interval [—10, 10]. It changes the
learning constant by adding a small random number uniformly distributed
in the interval [—0.01, 0.01] too.

e (Crossover operator exchanges the number of training epochs and the learn-
ing constant between two individuals.

At startup, the method randomly generates 10 MLPs with random weight
values in a specified range, and random hidden layer sizes (ranging between 2
and 90). Those MLPs are not changed during the run. To obtain the fitness
of an individual, the parameters being coded by this individual are used to
train those 10 MLPs (the validation error is obtained and the average value is
used as fitness value). This method does not use any operator to change the
network size.

The average classification ability obtained is used as the first criterion of the
fitness. In the case of two individuals showing an identical classification error,
the one with a smaller number of training epochs will be considered the best.

10



3.8  Co-evolutive Method for MLP and QP Optimization

This option is inspired by the method proposed by Potter et al. in [91]: a
system where two species evolve in a cooperative way, and we are introduc-
ing it for the first time in this paper. The architecture is an ecosystem of
two species, which are genetically isolated by simply evolving them in sepa-
rate populations. The species interact with each other through their fitness
functions and maintain a cooperative relationship (Figure 5). Thus, proposed
model consists of two processes that are executed in parallel:

e One FA evolves a population of QP algorithms that optimizes the training
algorithm parameters (number of training epochs and initial learning pa-
rameter). This algorithm is identical to the single-population method used
to optimize QPs, described in subsection 3.2. However, to evaluate an indi-
vidual (QP), several MLPs taken from the other population are used.

e The second FA evolves a population of MLPs to optimize both the network
architecture and the initial weights. This EA optimizes the MLP classifica-
tion ability and simultaneously searches for the network architecture (num-
ber of hidden units) and the initial set of weights. This algorithm is identical
to the method described in subsection 3.1, although in order to calculate
the MLP fitness, a QP taken from the other population is used to train the
network.

In each generation, the EA that evolves MLPs needs to evaluate the offspring.
The MLP evaluation consists of the network training for a number of times
(using the training set) and using a learning constant value. The method G-
Prop (described in subsection 3.1) requires that these parameters are manually
established before the EA is run. Nevertheless, in this third method, a second
EA searches for the number of training epochs and the learning constant value.
Thus, these training parameters are obtained from a non-evaluated individual-
QP sent from the second population.

At the same time, the second EA has generated several individual-QP in the
previous generation. In order to evaluate them, the training parameter values
codified by it are taken and used to train some MLPs. Instead of using a
fixed set of MLPs (as in the method described in subsection 3.2), several
MLPs from the first EA are trained. Both the MLPs and the QPs obtain their
fitness values at the same time:

e The MLPs obtain their fitness value as the classification error on the val-
idation set. If two individuals have identical classification errors, the best
will be the one that has the hidden layer with the least neurons (see the
first method described above, subsection 3.1).

e The fitness value assigned to the individual-QP uses as a first criterion the
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MLP population

(1) Generate the initial population with MLPs with
random weight values in a specified range, and
random hidden layer sizes.

(2) Repeat for M generations:

(a) Evaluate the new MLPs (individuals): train them
using the training set and obtain their fitness
according to the number of correct classifications
on the validation set and the network size.

The number of epochs and learning coefficient
are obtained from an individual-QP sent from
the other population.

(b) Select the S best individuals in the population,
according to their fitness, to mate using the
genetic operators to obtain the new individuals.

(c) Replace the S worst individuals in the population
by the new ones.

QP population

(1) Generate the initial population of QPs. The number
of epochs and initial learning parameter are
initialized with random values.

(2) Repeat for G generations:

(a) Evaluate the new individuals: train MLPs from
the other population, using the number of training
epochs and learning parameter that the
individual-QP codes, using the training set and
obtaining their fitness according to the number
of correct classfications on the validation set.

(b) Select the N best individuals in the population,
according to their fitness, and apply the genetic
operators to obtain the new individuals.

(c) Replace the N worst individuals in the population
by the new ones.

a
individual individual
Evolutionary + + Evolutionary
Algorithm Algorithm
EVALUATION
(cooperation) QP
population
fithess fitness

Fig. 5. Proposed co-evolutive method to optimize MLPs and QPs. (a) algorithm
pseudocode, (b) method schema. Both EAs run in separate processes, evolving the
MLP population and the QP population in parallel, which in turn cooperate in
designing the MLP and in setting the learning parameters.

average MLP classification ability. The second decisive factor will be the
number of training epochs required to minimize the running time (see the
second method described above, subsection 3.2).

Through cooperative evaluation of QPs and MLPs, we intend to guarantee
that the optimized parameters from evolutionary population of QP algorithms
are suitable to be applied on evolved population of MLPs.

3.4 Program Implementation and Test Bed

In the co-evolutive method, communication implementation between processes
was carried out using the Perl module SOAP: :Lite [61]. SOAP is a standard
protocol proposed by the W3C that extends the remote procedure call to
allow the remote access to objects. It is also a high-level, lightweight pro-
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tocol, simple and extensible, used in application communication. EAs were
implemented using the Algorithm: :Evolutionary module [69,73], available
at http://opeal.sourceforge.net and http://search.cpan.org/author/JMERELO/

Experiments were run on several machines, whose speed ranged between 700
and 1200 MHz. The machines were connected using a 100Mbit non-dedicated
Ethernet network.

4 Experiments

The tests used to assess the accuracy (obtained error) of a method must be
carefully selected, since some synthetic problems (also called “toy problems”)
are not suitable for certain capacities of the BP algorithm, such as generaliza-
tion [34]. We agree with the view put forward by Prechelt [92], stating that
two real problems should be used in order to test an algorithm.

In real life problems, the division between classes is not as clear as it is in
synthetic problems. The dispersion of samples within a single class is also
greater, due to noise [72,74]. In any case, the best way to test the algorithm
ability as well as its limitations is to use it to resolve real world problems.

In this paper, Glass and Breast Cancer pattern classification problems were
used. These problems were put forward by Prechelt in his paper “PROBEN1
— A Set of Benchmarks and Benchmarking Rules for Neural Network Training
Algorithms” [92]. We deal with two very different problems, regarding both
the total number of patterns in each dataset and the number of patterns in
each class.

Prechelt [92] proposed three different partitions out of the total set of pat-
terns in the dataset, forming the training, validation, and test sets. These
three different partitions present different difficulties, so that an algorithm
might work better on a partition and worse on another one. This is in agree-
ment with the No Free Lunch theorem [101], according to which there is no
algorithm better than all to solve all the problems. In these experiments,
the partitions proposed by Prechelt which are available at http://page.mi.fu-
berlin.de/~prechelt/NIPS_bench.html were used.

4.1 Glass

The dataset was based on the glass problem dataset from the UCI library of
machine learning databases. This task was prompted by the needs of forensic
scientists involved in criminal investigation. The results of a chemical analysis
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of glass splinters (content of 8 different elements in percentage terms) together
with a refractive index, are used in the classification of the sample as either
float-processed or non-float processed building windows, vehicle windows, con-
tainers, tableware or head lamps. It contains 214 entries. Each sample has 9
attributes plus the class attribute (type of glass): refractive index, sodium,
magnesium, aluminium, silicon, potassium, calcium, barium, and iron.

This data set is very difficult to classify due to two important features. First,
the number of available patterns is low (214) for six different classes. Second,
the number of patterns in each class is very unbalanced, ranging from 76
(building windows non-float processed) to 9 (tableware).

4.2 Breast Cancer

This dataset comes from the UCI machine learning dataset ” Wisconsin breast
cancer database”, which was compiled from the University of Wisconsin Hos-
pitals and Clinics in Madison by Dr. William H. Wolberg [67]. Prechelt gives
an exhaustive report [92] on this dataset, among others. Each sample has
10 attributes plus the class attribute: sample code number, clump thickness,
uniformity of cell size, uniformity of cell shape, marginal adhesion, single ep-
ithelial cell size, bare nuclei, bland chromatin, normal nucleoli, mitoses, class
(0 for benign, 1 for malignant). The class distribution in the original set is as
follows: 65.5% benign and 34.5% malignant.

4.8  Methodology

Datasets were divided into three disjoint parts: one for training, one for val-
idating, and one for testing, as proposed in [92]. In order to determine the
fitness of an individual, the MLP was trained by the training set and its fit-
ness was established from the classification error with the validating set. After
the EA has finished, i.e. when it has reached the limit of generations, we
obtain the generalization ability by using the testing set (previously unseen
patterns). This generalization value is represented as arrays.

Our aim is to avoid an MLP learning the training set, gets a high fitness
value and it is the best at the end of the run. Later on, it could be unable to
classify correctly not previously seen patterns. The fitness assignment consists
of two steps: (1) Training the network which is using the training set, (2) using
the validation set (not previously seen patterns) to obtain the classification
capacity. Even though an MLP specializes and learns the validation set, it has
to classify not previously seen patterns in order to obtain the generalization
ability (shown in tables).
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On the other hand, genetic algorithm users adjust the main design parameters
of an EA (crossover probability, mutation probability, population size, number
of generations, selection rate) by hand [25,55]. The decision on which values are
optimal is usually made in terms of the most common values or experimental
formulae given in the bibliography, or by trial and error [58,45]. Nevertheless,
it is very important to know which parameter values involved in the design
of an EA have the greatest influence on its behavior and performance. When
making a detailed statistical analysis of the influence of each parameter, the
designer should pay greater attention to the parameter providing the values
that are statistically most significant.

Some other authors carried out a statistical study [18] in order to determine
the most important parameters (regarding their influence on the results), and
to establish the most suitable values for such parameters (thus obtaining an
optimal operation). In this study, the ANOVA (ANalysis Of the VAriance)
[35,36] statistical method was used. This statistical tool, based on the analysis
of the mean variance, is widely used.

The ANOVA method was used to determine whether a change in the responses
is due to a change in a factor or due to a random effect. Besides the ANOVA
method, the statistical analysis tool ANOM (ANalysis Of Mean) was used.
This technique uses the average values for each parameter level (value) and
the main effect (on the responses) plots, to decide the most suitable values for
each parameter. As a result, running parameter values shown in Table 1 were
obtained.

The number of generations and the population size needed for greater diversity
should, of course, be higher or lower depending on the difficulty of the problem.

Since the co-evolutive method is based on G-Prop, results obtained in [18]
have been used to establish the parameter values. However, to avoid long runs,
experiments were set using from 100 up to 600 generations and a population
size of 100 individuals.

The first method (see subsection 3.1) used 300 training epochs and 0.1 as the
learning coefficient, while co-evolutive and sequential methods to optimize
QPs also search for these parameters (values ranged between 80 and 240 for
training epochs; and between 0.01 and 0.7 for learning constant).

To conclude these experiments, the results of the methods described in this
paper will be compared with the following “simpler methods” (always taking
into account that computational cost must be the same for all experiments):

e In the experiments reported here, a large number of networks were trained
(up to 600 generations of 100 individuals, i.e. 60000 networks). Thus, it
would be interesting to see if the use of evolutionary techniques presents
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Table 1
Parameters set using statistical methods (see [19] for details).

Parameter Value
number of generations 500
population size 500
selection rate 20%
initial weights range [—0.05, 0.05]
mutation operator priority 2.0
crossover operator priority 0.5
addition operator priority 1.0
elimination operator priority 0.5
training operator priority 0.5
mutation probability 0.4
weight mutation range [—0.001, 0.001]
learning constant mutation range | [—0.010,0.010]

any advantage over, for instance, a simple enumeration of a number of pos-
sible settings. The aim of including this method (QP alone) is to compare
the proposed hybrid methods with a number of previously selected settings.
We have chosen 300 different options for the network architecture and 200
options for the parameter settings, which leads to a total of 60000 options.
Those values were chosen following a uniform distribution. The generaliza-
tion error shown below has been obtained using the testing set.

e An interesting approach would be to test whether the two evolutionary al-
gorithms are independent. In this case, another experiment would involve
applying the first and second EA sequentially versus using co-evolution
(we would evolve the MLP parameters and the QP -GProp+ev@P-). This
method first runs the G-Prop program and then, the ev@QP program. In
this way, we would be able to determine whether the MLP evolution is
sufficiently independent from QP parameter evolution process, combining
these two techniques and testing whether the results are better than those
obtained by just applying either of them.

Time was measured using the Unix time command. The operating system
calculated the running time (the real time elapsed between the start and the
finish, the user CPU time, and the system CPU time measured in minutes)
from which mean and standard deviations (for 30 runs) shown in tables were
obtained (see section 5).
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Statistical t-Student tests are used to evaluate obtained results and to test
whether differences among means are significant.

5 Results

Three tables are shown for each problem. They show the generalization per-
formance on previously unseen patterns, the running time and the number
of training epochs obtained using the other methods (EA to optimize MLPs
-G Prop-; the sequential method used to optimize QP parameters -ev@QP-; and
the co-evolutive method). The results were also compared with the experi-
ments carried out using simpler methods (applying QP alone; and evolving
the QP parameters prior to evolving MLP -GProp+ev@QP-).

Results shown in tables are obtained as the mean and standard deviation (as
commented above), and the experiment setup is such that the computational
cost is the same for all proposed models.

Subsections 5.1 and 5.2 present results obtained using the first partition of
datasets, proposed by Prechelt [92] and used by Gronroos [46]. Subsection 5.3
presents results obtained using the second and third dataset partition. It tries
to verify the conclusions obtained after the analysis carried out in previous
subsections.

5.1 Glass-1

Results obtained on the Glass-I partition showing classification error, running
time, and number of training epochs can be found in tables 2, 3 and 4. The
best results have been highlighted in order to ease interpretation. In some
cases, asterisks have been used to indicate significative differences regarding
the other results.

As can be seen, G-Prop increases its classification ability with the number of
generations, but running time also increases. Results on error obtained using
ev@P are slightly worse due to the fact that this method does not optimize
either the network architecture or the initial weights, but only focuses on
training parameters optimization (as the number of training epochs decreases,
so does running time).

The method GProp+evQP gives classification errors similar to those obtained
with the G-Prop method. Time is slightly worse, since this method first runs
the G-Prop program and then the ev@QP one.
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Table 2

Generalization error rate obtained after running the experiments (Glass-I). The best
results are highlighted in order to ease interpretation (asterisks indicate significant
differences regarding the other results). Plot shows how the classification error is
reduced with the number of generations. However, the evQQP method obtains worse
results, while the co-evolutive method outperforms the other methods.

Generations | GProp | evQP | GProp+evQP | Co-evolutive
100 35+1 39+3 35+1 35+2
200 35£1 37£1 34+3 34+3
300 32+2 | 3543 33£2 32+2
400 31+£2 34+£2 32+3 30+3 *
500 30+4 33+4 30£3 27+4 *
600 29+3 33£1 29+3 25+3 *

Classification error %

GProp 100

GProp+evQP

Co-evolutive .
Generations

600

The co-evolutive method achieves a classification ability similar to that ob-
tained using the G-Prop method, since the latter is also used for the MLPs
optimization. However, running time is minimized (as in the case of the EA
used to optimize QPs) due to the fact that the EA optimizes the number of
training epochs.

As can be seen, there are small differences on error and number of training
epochs between experiments using 500 and 600 generations. Generalization
performance stops improving around generation 500, staying almost constant
afterwards.

Results were verified using t-Student statistical tests. In the case of classifi-

cation error, significant differences were found when the confidence level was
90% or 95%. In some cases, the means were so similar that no significant dif-
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Table 3

Running time in minutes, obtained after running the experiments (Glass-I). The
best results are highlighted in order to ease interpretation (asterisks indicate signif-
icant differences). Plot shows how the running time is reduced with the number of
generations. The GProp+evQP method obtains worse results, while the co-evolutive
method takes less time compared to the other methods.

Generations GProp evQP | GProp+evQP | Co-evolutive
100 20+2 * | 2547 31+£5 21+3
200 30+5 * | 3445 41+4 3244
300 4247 49+7 62£6 41+5
400 59+£8 69+8 80£5 57+6
500 74+4 86+6 95£6 71+6 *
600 97+£8 105+6 114+6 9144 *

2 e
A © ©® O N
S © o©o o© o

Time (minutes)

[N)
=]

o

GProp 600

GProp+evQP

Co-evolutive .
Generations

100

ferences were found. In most cases, the resultant times presented significant
differences when the confidence level was 95% (even as high as 99% in some
cases). Differences were significant when the confidence level was 99% between
methods, in terms of the number of training epochs obtained.

The worst results, in terms of classification ability, are obtained by apply-
ing QP alone, since neither architecture nor running parameters optimization
are performed (see Table 5). Some authors report comparable errors on these
problems [27,28], although no information on the experimental setup is given.
Moreover, standard deviation is not reported, and therefore, no comparison
can be made in order to apply t-Student tests. In any case, the best result
found using the co-evolutive model, for each experimental setup, beats those
presented in [27,28]. Other results found [92,46,39,8,31,63,44,42] are compara-
ble and even worse than those presented in this paper.
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Table 4

Number of training epochs obtained after running the experiments (Glass-I). The
best results are highlighted in order to ease interpretation (asterisks indicate sig-
nificant differences). Plot shows that those methods that optimize the number of
training epochs reduce this parameter with the number of generations. As can be
seen, GProp uses a constant value for this parameter and the co-evolutive method
outperforms the other methods.

Generations | GProp evQP GProp+evQP | Co-evolutive
100 300 268+12 225£15 178+15 *
200 300 237+£16 191£17 139+18 *
300 300 204+14 159+13 128+14 *
400 300 18117 141410 113+12 *
500 300 16413 132+12 109+16 *
600 300 155+16 124+14 101+12 *

Training epochs

GProp 100

GProp+evQP

Co-evolutive .
Generations

600

Table 5
Comparison of the method introduced in this paper (co-ev. method, first column)
and classification ability obtained using other methods (Glass-I).

Co-ev. QP ADAMENN K-NN C4.5 Coop.Ens. Dzeroski
method alone [28] [28] [28] [42] [31]
2543 3943 24.8 28.0 31.8 22.9+4.8 25.2

Scyth Prechelt Gronroos ARGEN+ Cascade | MOBNET | Cantu-Paz

[28] [92] [46] AREPO[63] | Ens.[44] [39] (8]

27.1 32.08 32£0.5 32.33 27+£3 29.6£3.1 32.9
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5.2 Cancer-1

Results obtained for this classification problem are shown in tables 6,7 and 8.
The best results have been highlighted in order to ease interpretation (asterisks
indicate significative differences with respect the other results). Tables show
that, for the Cancer problem, the methods proposed behave similarly to when
they were applied in the first problem (Glass).

Table 6

Generalization error rate obtained after running the experiments (Cancer-I). The
best results are highlighted in order to ease interpretation (asterisks indicate sig-
nificant differences regarding the other results). Plot shows how the classification
error is reduced with the number of generations. The evQP method obtains worse
results, while the other methods obtain comparable results.

Generations GProp evQP GProp+evQP | Co-evolutive
100 1.2+0.4 | 2.7£0.2 1.440.3 1.3+0.3
200 1.14+0.5 | 2.3+0.3 1.2+0.4 1.2+0.5
300 1.1+0.3 | 2.2+0.1 1.240.3 1.1+0.4
400 1.0+0.3 | 2.1+0.2 1.14+0.3 1.0+0.2
500 1.0+0.2 | 2.0+0.3 1.14+0.2 0.9+0.2 *
600 0.9£0.2 | 2.0£0.2 1.04+0.3 0.7+0.2 *

Classification error %

GProp 100

GProp+evQP

Co-evolutive .
Generations

600

As in the previous problem, G-Prop increases its classification ability with the
number of generations. In the case of ev@P method, classification ability is
worse because no MLP optimization is carried out. GProp+ev@P method ob-
tained results similar to those from the G-Prop and ev@P methods, although
running time was slightly higher. Finally, the results obtained using the co-
evolutive method, as far as classification ability is concerned, were similar to
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Table 7

Running time in minutes, obtained after running the experiments (Cancer-I). The
best results are highlighted in order to ease interpretation (asterisks indicate signif-
icant differences). Plot shows how the running time is increased with the number
of generations. The GProp+evQP method obtains slightly worse results, while the
co-evolutive method takes less time compared to the other methods.

Generations GProp evQP | GProp+evQP | Co-evolutive
100 9+2 * 1142 1544 11+3
200 13+1 * | 1445 18+5 1443
300 16+3 1847 25+£2 16t4
400 20+£2 23+6 31+£5 19+4
500 25+£3 29+5 38+4 24+4 *
600 32+4 35+4 43+4 25+2 *

Time (minutes)

GProp 600

GProp+evQP

Co-evolutive .
Generations

100

those obtained using previous methods. However, there was a reduction in
running time due to the fact that this EA optimized the number of training
epochs.

No improvement is noted on error and number of training epochs between
experiments using 500 and 600 generations. It seems that generalization per-
formance stops improving around generation 500, confirming previous results.

T-Student tests were used to verify the results. Significant differences were
found between classification errors for the co-evolutive method when using
500 and 600 generations. Differences in running times were significant to levels
of 90% and 95%, but in some cases, no significant differences were noted.
Nevertheless, in most cases, differences in terms of number of training epochs
obtained were significant when the confidence level was 99%.
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Table 8

Number of training epochs obtained after running the experiments (Cancer-I). The
best results are highlighted in order to ease interpretation (asterisks indicate sig-
nificant differences). Plot shows that those methods that optimize the number of
training epochs reduce this parameter with the number of generations. As can be
seen, GProp uses a constant value for this parameter and the co-evolutive method
outperforms the other methods.

Generations | GProp evQP GProp+evQP | Co-evolutive
100 300 259+14 23618 213+12 *
200 300 23617 205£13 175415 *
300 300 209+12 178+16 149+13 *
400 300 181+18 154413 134+11 *
500 300 16916 148411 123+12 *
600 300 151+15 139+12 119+14 *

Training epochs

GProp 100

GProp+evQP

Co-evolutive .
Generations

600

Table 9
Comparison of the method introduced in this paper (co-ev. method, first column)
and classification ability obtained using other methods (Cancer-I).

Co-ev. QP SA- Prechelt | Gronroos | ARGEN+ Coop. Dzeroski | Cantu-
method alone PROP [92] [46] AREPO Ens. [31] Paz
[14] [63] [42] 8]
0.7+0.2 | 3.0+0.4 | 1.14+0.5 1.149 2.04+0.6 1.86 1.23£0.5 1.4 3.3

Worse results, in terms of classification ability, are obtained by applying QP
alone and even other complex methods [92,46,14,8,31,63,42] (see Table 9).
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5.8  Results Obtained Using Other Partitions

In this section, we will apply the proposed methods to the partitions II and
IIT of the Glass and Breast Cancer datasets (proposed by Prechelt in [92]), in
order to complete the experiments and verify the results obtained above. In
these experiments, the number of generations was fixed to 600 (as using that
value, better results were obtained above).

For each problem, a table is reported showing the error rate, running time,
and number of training epochs using the proposed methods. Results shown in
Tables 10 and 11 are obtained as the mean and standard deviation.

Table 10

Results obtained (error, time, and number of epochs) using the II and III partitions
of the Glass problem. These experiments were carried out using 600 generations.

Glass-IT | GProp evQP GProp+evQP | Co-evolutive QP Prechelt | MOBNET
error 3443 39+5 33+3 32+2 * 42.9%+3.1 52.83 35.3+£2.4
time 97+6 106+8 11846 9245 * -

epochs 300 152£16 122412 98+15 * -

Glass-IIT | GProp evQP GProp+evQP | Co-evolutive QP Prechelt | MOBNET
error 35+1 40+5 3543 33+4 * 41.1+4.2 33.96 40.6+4.4
time 94+7 110+5 116+8 91+6 * -

epochs 300 156£13 119414 101+16 * -

As can be seen, on the Glass-II and Glass-III problems, the co-evolutive
method obtains the highest generalization ability. At the same time, the num-
ber of training epochs to calculate the MLP fitness is reduced. This results in
a lower execution time, compared to the other methods.

The right part of Table 10 shows the results found in the bibliography. It
can be seen that the co-evolutive method has obtained comparable and even
better results than those presented by other authors [92,39].

As in the problems shown in the previous sections, on the Cancer-II and
Cancer-III problems, the co-evolutive method outperforms other methods. It
exhibits higher generalization ability and optimizes the number of training
epochs. Time to complete the experiments is lower compared to the other
methods.

Table 11 shows the results obtained using the QP algorithm and those pub-
lished by Prechelt in [92]. As can be seen, co-evolutive method obtains com-
parable and even better results than those found in the bibliography.
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Table 11
Results obtained (error, time, and number of epochs) using the IT and III parti-
tions of the Breast Cancer problem. These experiments were carried out using 600

generations.

Cancer-11 GProp evQP GProp+evQP | Co-evolutive QP Prechelt
error 2.3£0.2 | 2.6£0.1 2.240.2 2.0+0.3 * 2.6£0.3 5.747
time 31+4 33+3 41£2 2444 *

epochs 300 154412 143+14 122+13 *

Cancer-111 GProp evQP GProp+evQP | Co-evolutive QP Prechelt
error 3.3+£0.2 | 3.9£0.4 3.14+0.2 2.9+0.5 * 4.840.4 2.299
time 32+3 364 44+3 25+3 *

epochs 300 155415 140£11 123+12 *

6 Conclusions and Work in Progress

In this paper, we have presented a comparison between several hybrid methods
for MLP optimization. Results obtained in this paper ratify those previously
published, so that we can draw the following conclusions:

e Evolutive methods obtain better results in terms of classification ability and
running time than simpler methods.

e Co-evolutive method obtains lower running times than the sequential meth-
ods, and comparable or even slightly better classification ability results.

e Errors given using GProp+ev@P are similar to those obtained using G-
Prop, since this method optimizes the network classification ability before
the training parameters. In this case, time taken is slightly higher because
in the initial phase, a G-Prop program is used to obtain several MLPs and
then, the ev@P program is run using the networks.

e Differences between the proposed methods are significant after the applica-
tion of t-Student statistical tests.

e Running a number of previously selected settings for the network and train-
ing parameters leads to worse results. This is because a blind search is
carried out. By using an evolutive method, we can take advantage of the
recombination of solutions, and therefore, no MLP parameters need to be
established manually.

The Glass and Breast Cancer [92] pattern classification problems were used.
These problems differ on the number of available patterns and on the number
of patterns in each class. Results on the I, IT and III partitions proposed by
Prechelt have been presented.
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After comparing the results using the co-evolutive method with those ob-
tained using simpler methods, we can see that not only computation time is
reduced, but also classification error. Thus, co-evolutive method appears to be
preferable, as similar reduction in computation could not be achieved using
a simpler method. Some authors report comparable classification errors on
these problems [27,28], although no information on the experimental setup is
given. Moreover, standard deviation is not reported, so no comparison can be
made using t-Student tests. Other results found in the bibliography are com-
parable and even sensibly worse [92,46,14,63,44] than those obtained using the
co-evolutive method.

Validity of results was proved for each method:

e The method which optimizes both the MLP architecture and initial weights
obtains good classification errors. However, running time is slightly higher
than that obtained with other methods, as no training parameter optimiza-
tion is carried out.

e The EA which optimizes the training algorithm parameters improves run-
ning time, but yields worse results in terms of classification ability, because
network architecture and initial weights are not optimized.

e Cooperative co-evolution of QPs and MLPs, and the way the evaluation is
carried out makes that the optimized parameters from evolutionary popu-
lation of QP algorithms can be applied on evolved population of MLPs. As
shown, results support this statement.

e Finally, as the co-evolutive method optimizes the individual-QP, the aver-
age number of training epochs is reduced. This makes the MLPs training
much faster, reducing the time required. At the same time, the MLPs are
optimized, which improves the classification ability.

In the near future, we would like to implement and study the performance of
the distributed co-evolutionary approach, whereby, along with the QP pop-
ulation, there are several MLP populations evolving in parallel. Thus, the
running time could be substantially reduced and the space search could be
more effectively explored at the same time. Along with the implementation of
this approach, it would be interesting to study the learning coefficient values
through the evolution and how it affects classification ability.

It has been proved that the number of training epochs can be optimized,
avoiding network overfitting and reducing the running time.
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