Improving Parameters of the Gamma Associative Classifier
using Differential Evolution

Antonio Ramirez-Ramirez?, ltzama Ldpez-Yafiez?,
Yenny Villuendas-Rey?, and Cornelio Yafez-Marquez*.

1, 4 CIC, Instituto Politécnico Nacional, México
2 CIDETEC, Instituto Politécnico Nacional, México
3Facultad de Informatica de la Universidad de Ciego de Avila, Cuba.

Abstract. This paper presents an effective method to improve some of the
parameters in an associative classifier, thus increasing its performance. This is
accomplished using the simplicity and symmetry of the differential evolution
metaheuristic. The Gamma associative classifier, which is a novel associative model
for pattern classification, is formed by some parameters, that when modified, it has
been found to be more efficient in the correct discrimination of objects;
experimental results show that applying evolutionary algorithms models, the desired
efficiency and robustness of the classifier model is achieved. In this first approach,
improving the Gamma associative classifier is achieved by applying the differential
evolution algorithm.
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1 Introduction

The standard paradigm of computing, which peaked with countless algorithms for almost
all computing tasks has been overtaken by new metaheuristic hybridization techniques.
Thus, neural networks, cellular automata, evolutionary strategies and quantum
computation [1] [2]; all unconventional computing tasks, have gained new strength to be
enhanced with the benefits of metaheuristics. In applying these algorithms in the
automated search for values that are most suitable for the parameters of Gamma
Associative Classifier (CAG, for its acronym in Spanish), it could maximize it to obtain
more accurate classification results. Today the computer systems are facing a major
problem is access to large data sets, therefore, the application of new non-traditional
techniques of performing the tasks of programming and measurement is required. Such is
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the case of several evolutionary algorithms, in particular, the differential evolution
algorithm (DE). The latter is an algorithm recently used in unconventional computing
area, and has proven to be a good solution for some of the optimization problems facing
the paradigms of traditional computing, such as processing large volumes of information,
as chemical and biological systems of our environment [3] [4] [5]. DE is a metaheuristic
developed by R. Storn and K. Price [6], this algorithm is based on vectors and is cataloged
within evolutionary algorithms, since it makes use of cross and mutation operators [7].

DE is used especially in problems involving large search spaces. Unlike genetic
algorithms, DE is based on simple addition and subtraction operations, enabling you to
simply and exploration of the search space more efficiently. Because of this and their own
features as vector components, result in a better solution to specific problems [8].

On the other hand, in the area of pattern recognition (RP) they have handled four major
tasks traditionally: clustering, regression, recovery and classification, the latter being one
of the best known and addressed subjects [9] - [12]. In academia, have been studied these
four tasks in different approaches and areas of application, such as the probabilistic-
statistical approach [13], the deterministic approach or based on metric [14], the structural
syntactic approach [15], focus or neuronal area [16] and the associative approach [10]
[17] [18], among some others. Within the associative approach, approximation models
have been developed that allow not only make recovery and pattern classification, but also
achieved good results in the regression task, and even address some of the problems of
prediction. Recently, the CAG has been applied successfully in some relevant issues like
time series prediction in the oil wells production context [19] and the hybrid associative
classifier with translation (CHAT by its acronym in Spanish) in medical applications [20].
This article addresses the one-parameter setting, of one of the best associative classifiers,
the CAG and the results of the application of differential evolution algorithm (DE) over
the parameters of CAG, are also presented [6], in order to adjust these parameters
automatically and thus verify the improved performance of model. The increased
performance of the classifier was demonstrated when was adjusted its parameters with the
metaheuristic.

The rest of the paper is structured as follows: At the Associative Gamma Classifier
section, is described the origin and basis of the classifier. In the Parameters subsection of
CAG, it briefly describes its operation. In CAG parameter adjustment section it explains
and exemplifies a way to manually look for different values for one of its parameters, in
order to improve their performance. The central proposal of this work is presented in
section looking for the solution vector with (DE). The algorithm description and some
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examples are presented on Experimental results section. Finally conclusions are
presented.

2 Gamma Associative Classifier

2.1 Gamma operators

The CAG emerged as a need to combine the power and versatility of the Alpha and Beta
operators, developed at the Center for Computer Research since more than ten years ago
and are the source and foundation of Alfa-Beta associative memories, which have been
implemented in several issues of interest in the recovery pattern and pattern classification
[21]. These two operators are defined in tabular form, considering the A={0,1} and
B={0,1,2} sets, as shown in Table 1.

Table 1. Definition of the Alpha and Beta operators.

a: AXA — B B:BxA—A

X |y | axy) X [y | B(xy)

0|0 1 0o 0

0|1 0 0] 1 0

110 2 1| o0 0

1 1 1 111 1
210 1
211 1

These operators, combined with the association model that is based on patterns coding
method, known as modified Johnson-Mobius code [23], gave rise to Alfa-Beta
bidirectional associative memories [10], the new association method, based one-hot vector
classifier [20], as well as the CHAT-OHM method [20]. All these techniques are
associative models, along with the CAG, with which they share common foundational
elements: both they are based on associative memories and they operate thanks to the
Alpha and Beta operators.

In recent years the CAG has been used in significant research as predicting of production
of oil wells [19] and in the prediction of atmospheric pollutants [22], among others. This
was made possible by its simple but efficient construction, as discussed in [22], along
with the original operators Alpha and Beta, the design and operation of the CAG two
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additional original operators was involved: the wu; operator, and Gamma operator of
similarity generalized.

The unary ug operator, receives as input an n-dimensional binary vector and delivers an
integer number using the following expression:

L ()
ug = Z B (xi, x;)
=1

The generalized similarity Gamma operator ¥, receives as input tow binary vectors

xe A andy € A", where n,m € Z*,n < m, as well a non-negative number 6 and
delivery as result a binary digit, which is calculated as:

1 if m-— uﬁ[a(x, y)mod2] < 9} )

Yo(ry.0) = {
g 0 otherwise
That is, Y4 outputs 1 if both vectors differ by a max 0 bits, and outputs O otherwise. This

means that the CAG works on a set of patterns associated with a class called the
fundamental set. These patterns x' # x¥ meet V i, j € {1, 2, ..., p}, i #j, which means that
each of these patterns, it is unique and is associated with a single class, depending on the
definition of problem addressed.

2.2 Gamma parameters

CAG algorithm consists of several parameters, among which can be highlighted a weights
vector called w, this vector indicate how much each variable contributes to the decision to
discriminate between input patterns. By modifying the values of this array, changes are
obtained in the classification results. Other classifier parameters susceptible of
modification is O (initial theta) representing the value that starts to evaluate how
different can be two patterns and that gamma operator considers similar instead. This
parameter is subject to p parameter (stop), which refers to the maximum value allowed to
6 and able the algorithm to continue the search for a disambiguation near a border
patterns; when theta reaches the value set to stop(6 = p), the CAG will cease iterating,
assigning or placing in a class to the input pattern. In addition to the parameter p
unemployment, CAG also has a parameter pg (pause), which helps the program to

undertake an assessment of the pattern to classify, to determine their belonging to the
unknown class.
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Other parameters are the input variable d, which is evaluated to decide whether to
classify the pattern belongs to an unknown class or to any of the known classes and finally

the parameter u, which is the threshold against which d parameter is compared to decide
which class the pattern belongs to class. Currently, there are empirical recommendations
by the author of the CAG, to assign values to some of their parameters, without there so
far exist, some automated method to determine the appropriate values for these
parameters. In the flow diagram of Figure 1, we can appreciate the CAG algorithm model,
which has highlighted in a different color, the elements (parameters) that may be adjusted.

0
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— I
niialze U Calculate Cj
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| ]

Transform indexes

6

This model widely discussed in [35], was modified to achieve an improved performance
of it. It was decided to apply the metaheuristic on search of better w; parameter weighting.

Fig. 1. Flowchart of the learning phase of the CAG.
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2.3 CAG parameters adjustment

In an initial experiment, a series of initial values assigned to the parameters
w, 0, p,d and u was proposed; for better performance CAG like in [35]. The defaults that
have been used for these parameters and have delivered good results in the various
problems that have been successful using the CAG are shown in Table 2.

Table 2: Default values of CAG parameters in [35]

wi=1i=12..,n nop
= Xl
0 initialized on 0. Po /\ (\/ 1)

j=1 \i=1
n 14
; d= VCL'
o= V()
j=1 \i=1 u=20

In this initial recommendation proposed by the author of the CAG in [35], it raises a
number of initial values that can be checked increased efficiency classifier for some
problems. In recent years has been used successfully CAG and there have been some case
studies, which have emerged, some empirical rules for the allocation of initial values for
these parameters, This values definitely depend on the characteristics of data set to be
evaluated. In developing these experiments, it was found that changes improve the
performance or in the worst cases, revealed the same conclusions, which had no changes.
In Table 3 it can be seen that when modifying the weights of two different data sets (Data
Set Iris Wisconsin Breast Cancer and Machine Learning UCI Repository [38]), these
changes happen.

Table 3: case 1: Default values, case 2: suggested values in [35].

Data sets Cases Weights Errors  Performance
Iris 1 [1.0,1.0,1.0,1.0] 11 92.67%
2 [0505151.0] 7 95.33%
Breast 1 [1.0,1.0,1.0,1.0, 1.0,1.0,1.0,1.0,1.0] 59 91.55%
Cancer 2 [0.5,1.0,1.0,1.0,1.0,1.5,2.0,1.0,1.5] 59 91.55%

Although apparently it's a very simple example, you can observe that in fact, when the
weight vector w from CAG, you apply small changes, resulting in a different outcome and
check if that change does not improve the original solution, at least retains the level
performance. But the question then arises: will exist, and if so, could be automatically
find a combination of weights such that depending on the characteristics of the data set
needed to evaluate, provide better performance CAG?
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3 Looking for the solution vector with DE

The assumptions underlying the central proposal of this article is that by applying a
metaheuristic in the search for more precise w; parameter from CAG, it can automate that
search in order to find the most appropriate weighting to achieve better results in pattern
classification problems where the AGC is applied.

A metaheuristic that of a simple and low computational cost, would find solutions
naturally vectors is Differential Evolution (DE) [6], which has been applied to solve
various problems of pattern classification in different tasks [29-34]. This metaheuristic is
a direct search method that is robust, easy implementation and has fast convergence [24]
[25] and it is highly parallelizable [26-28]. In [36] for example, dramatic results that
demonstrate the effectiveness and efficiency of DE, when applied in 18 different
problems arise. In these results some variants of the original algorithm, as proposed in
[37], wherein the algorithm is improved harmonic DE include search. In the flow chart in
Figure 2, it shows the basic operation model of DE algorithm.

( Start )

\ 4
Start random population
Xic (i=1,2,..,N)
le

v

Evaluate fitness vector

Vigs= X e X oo X ge

Iteration
or time Ma

Fig. 2. Flowchart of basic Differential Evolution model.

Basically DE algorithm generates a population of N d-dimensional vectors, considered
one generation G; that generation vectors are denoted by:
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Xig i =12,,N ©)

where N do not change across the process and the initial vectors population is automatic
selected by randomly. The new vectors of parameters are generated by a process called
mutation, it consist on for each element on G,x;¢,i = 1,2,---, N what is an target vector,
is determinate one value Fe(0,2] € R and three different integer indexes are chosen
randomly in pairs, and result on a mutant vector which agree with the expression:

Vige1 = Xpe T F - (X6 — Xy 6) (4)

The parameters of the mutated vector is mixed with parameters another predetermined
vector (target vector) by a process called cross, and hence a vector test, in which the cost
function associated with the problem to be solved is evaluated is obtained. The target, the
mutant and test, in the process of crossing, three vectors are involved through a random
process. The ‘cross' occurs between pairs of real values in the closed interval [0,1] and is
determined randomly, evolving a vector of it, generating the weight vector w;. If the test
vector leads to a lower value on the cost function that the target vector, the vector
replacing the target test vector in the next generation, thus leading to the selection.

There are so many works that offers detailed explanation for implementation of this
metaheuristic in literature, as in [6, 26-28, 29-34, 36] and some others. Nevertheless, as
commented paragraph above, the metaheuristic is applied on weights vectors population,
and then generate an evolved vector that could make better CAG performance. In the
Flowchart fragment in Figure 3, change appears on original model that enable apply the
metaheuristic to find a better w; vector and achieve the improved performance of CAG.
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Calculate \Qéx,y, Q
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Fig. 3. Flowchart fragment from DE implementation, over CAG model.

4 Experimental Results

When the metaheuristic is performed over one data set, the outputs are a combinations
series that conform a vectors list, to be used by CAG and to obtain a better result. The
Table 4 shows a vectors list generated in order to apply the CAG on Glass data set.

As can be seen, the values between [0 - 1] for each on vector element, represent the
weight of this attribute, that takes to account the CAG to make the classification. That is,
on what measure the feature, is considered a weight attribute for this classification.

In the above work it has already demonstrated the feasibility of the algorithm DE, able to
find multiple solutions that are at least as good as the best known. In Tables 5 and 6, these
results can be seen and check the improvement achieved with relatively low cost, as
populations of 100 individuals were used and convergence is reached in less than 50
iterations. In both cases, line 1 and 2 shows the CAG performance with empirical
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suggestions as in [35] and the remaining lines, shows performance with w; vector
improved by DE algorithm.

Table 4: Weight vector delivered by DE to apply the CAG.

W1 W2 w3 Wa W5 We w7 Wsg Wg
0.67730 0.47316 0.51994 0.02077 0.95065 0.17177 0.58170 0.24177 0.15315
4 5 6 3 5 3 8 7 9
0.40781 0.46047 0.58911 0.68987 0.43320 0.12482 0.69480 0.83894 0.70481
5 0 4 8 6 0 5 7 2
0.00396 0.93309 0.73584 0.96311 0.75665 0.11456 0.87467 0.61731 0.49603
7 9 2 5 3 9 3 9 8
0.95873 0.85459 0.79488 0.76665 0.75406 0.80659 0.46833 0.23133 0.28485
1 0 9 0 2 4 6 3 9
0.68943 0.08773 0.13554 0.32054 0.78642 0.03973 0.33654 0.01981 0.81838
4 1 5 5 3 1 4 2 5
0.41994 0.07503 0.20471 0.98965 0.26897 0.99277 0.44964 0.61698 0.37003
5 7 3 0 4 8 1 2 9
0.76277 0.77527 0.04030 0.61075 0.55876 0.59540 0.55813 0.91388 0.52214
5 1 9 9 4 3 2 2 9
0.10541 0.22966 0.60441 0.34707 0.29874 0.91793 0.91151 0.01947 0.69238
3 9 7 9 5 9 2 4 5
0.83611 0.46281 0.94507 0.90097 0.33110 0.15107 0.77972 0.80795 0.22591
6 0 3 4 6 6 0 3 2
0.43207 0.68960 0.82031 0.28942 0.10474 0.86073 0.20447 0.39501 0.03526
5 3 3 2 3 5 6 6 5

Table 5: Results comparison from table 3 (iris data set) vs results of parameters modified by DE.

Data Set Try Weights Errors  Performance
(previous result with 1 [1.01.01.01.0] 11 92.67%
suggested values ) 2 [0505151.0] 7 95.33%
Iris Data Set 1 [01011515] 8 94.67%
Instances: 50 2 [000.0151.0] 6 96.00%
Dimensions: 4 4 [000.0251.0] 5 96.67%

5 [0.00.04.02.0] 5 96.67%
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Table 6: Results comparison from table 3 (breast cancer Wisconsin data set) vs results of
parameters modified by DE.

Data Set Try Weights Errors  Performance
(previous result with 1 [111111117] 59 91.5594%
suggested values ) 2 [051,1,1,1,1.51,1,1.5] 59 91.5594%
Breast Cancer 1 [1,2,2,15,1,2,1,1,0.5] 49 92.9900%
Wisconsin. 2 [05,2,2,1,05,2,0.5,0.5,0] 47  93.2761%
Instances: 699 3 [0,2,2,1,0,2,0,0,0] 46 93.4192%
Classes: 2 4 [0.54,4,2,054,050.50] 46 93.4192%
Dimensions: 9 5 [0,2,2,1,0,2,0,0,0] 46 93.4192%

Although when to apply the same databases that worked in [35], proposal methodology
provides good results, the classification was performed improved CAG with on other
databases, this way we noted the increased performance of CAG, when combined with the
metaheuristic used. In Table 7, one can see the improvement in the classification
performed on another three databases by comparing the result of applying the CAG in its
original format and with the modified DE.

Table 7: Comparison of results from all five processed data sets with the original CAG and
modified by DE

Data set Features Instances Classes CAG outputs Weights by DE

iris 4 150 3 0.9533 0.9667

breast-cancer-wisconsin 9 699 2 0.9156 0.9667

diabetes 8 768 2 0.6641 0.6782

glass 9 214 4 0.5318 0.5550

wine 13 178 3 0.8536 0.8592
Conclusions

This paper has presented an analysis that supports the hypothesis that through
appropriately modify values of the parameters of the CAG, is possible improve the overall
performance of this associative model that is currently at the forefront in terms of
recovery methods, classification and regression. The original suggestion, proposed in [35]
shows work specifically on these data sets, but nowadays is working in several others data
sets with free access to demonstrate the truthiness and performance of this
implementation. The substantial contribution lies in the application of a metaheuristic on
searching of the correct weight vector instead of manually trying, this improvement was
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made possible in this case, through the application of a metaheuristic that continues to
work in several worldwide laboratories, who are also at the forefront of research and is
known as Differential Evolution.
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