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Abstract

This paper presents the use of weighted
double-consequent rules to improve the ac-
curacy of the fuzzy linguistic models. How-
ever, the use of these kinds of rules makes
significantly more complex the modeling
and learning process. To solve this problem,
we use an advanced evolutionary technique,
the cooperative coevolutionary model.
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1 Introduction

A way to improve the linguistic modeling (LM)
performance with a slight description loss is to extend
the usual linguistic model structure to be more flex-
ible. Two possibilities to relax the model structure are:

e Use of double-consequent rules, where each
combination of antecedents may have two
consequents [3, 6].

o Consideration of weighted rules, where an im-
portance degree is associated to each rule in the
fuzzy reasoning process [2, 7, 12].

In the same way, even more flexible fuzzy rules may
be obtained combining both approaches to design lin-
guistic models based on weighted double-consequent
Sfuzzy rules, thus involving a potential improvement of
the accuracy. However, the use of weights and double-
consequents makes significantly more complex the
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modeling process as it increases the solution search
space since new parameters are considered in addition
to the traditional approach.

Recently, an advanced evolutionary technique, coop-
erative coevolution [8, 10, 9], has been proposed to
solve problems with a large search space by indepen-
dently evolving two or more species which together
comprise solution structures.

This contribution propose weighted double-
consequent rules to design fuzzy linguistic models
by means of a cooperative coevolutionary algorithm
coevolving two species, the subset of rules best
cooperating and the weights associated to them.

The paper is organized as follows. In Section 2, the
said ways to relax the model structure are presented.
In Section 3, the weighted double-consequent fuzzy
rule structure is proposed, as well as a cooperative
coevolutionary method to derive these kinds of rules.
Experimental results are shown in Section 4, whilst
some concluding remarks are pointed out in Section 5.

2 Preliminaries

2.1 Double-Consequent Fuzzy Linguistic Rules

More flexible linguistic models may be obtained by
allowing them to present fuzzy rules where each com-
bination of antecedents may have two consequents
associated [3, 6]:

IFXjisA4;and...and X, is A,
THENY is {Bl,Bz},

with X; (Y) being the linguistic input (output) vari-
ables, 4; being the linguistic label used in the i-th in-
put variable, and B; and B; the two linguistic terms



associated to the output variable.

Since each double-consequent fuzzy rule can be de-
composed into two different rules with a single con-
sequent, the usual plain fuzzy inference system can be
applied. The only restriction imposed is that the de-
fuzzification method must consider the matching de-
gree of the rules fired, for example, the center of grav-
ity weighted by the matching degree defuzzification
strategy [4] may be used.

The consideration of this structure to generate ad-
vanced linguistic models is initially proposed in [6].
Another approach, according to the Accurate Lin-
guistic Modeling (ALM) methodology, is introduced
in [3]. This methodology consists of two steps:

1. Firstly, two rules, the primary and secondary
in importance, are obtained in each fuzzy input
subspace considering a specific generation
process. In this contribution, the generation
process proposed by Wang and Mendel [11] is
considered.

2. Then, after decomposing each double-
consequent rule into two independent simple
ones, the selection process explained in [3]
is employed to select the subset of rules best
cooperating. It is based on a binary-coded GA
where each gene indicates if the corresponding
rule is constdered or not in the final rule base.

2.2 Weighted Fuzzy Linguistic Rules

Another possibility to extend the classical model
structure making it more flexible is to use weighted
rules [2, 7, 12]:

IFXjisA;and ... and X, is 4,
THEN Y is B with [w],

where w is the real-valued rule weight, and with is the
operator modeling the weighting of a rule.

With this structure, the fuzzy reasoning must be ex-
tended. A possibility is to infer with the FITA (First
Infer, Then Aggregate) scheme [4] and compute the
defuzzified output, yy, as the following weighted sum:

o= zimi-wi- b
Zimi‘wi

with m; being the matching degree of the rule i, w; be-
ing the weight associated to the i-th rule, and P, being

the characteristic value of the output fuzzy set corre-
sponding to the i-th rule. In this paper, the center of
gravity will be considered as characteristic value [4].

These weights are usually considered to handle incon-
sistencies with advanced inference methods [12] or
neural networks [2]. Moreover, some proposals make
use of them to improve the model accuracy with an au-
tomatic learning of weights using different techniques
such as gradient descent processes [7].

3 Evolutionary Learning of Weighted
Double-Consequent Rules

This section proposes the use of a more flexible
linguistic model structure that combines the two said
approaches, thus having weighted double-consequent
rules with the following structure:

IF X)isAd)and ... and X, is A,
THEN Y is {B;,B;} with [wy,wy],

with w, and w, being the weights associated to the
rules composed using the consequents B; and B, re-
spectively. Hence, a weighted double-consequent rule
can be seen as two weighted single-consequent rules
with the same antecedent and different consequents.

To generate linguistic models with this new structure,
we may follow an operation mode similar to the ALM
methodology [3] introduced in the previous section,
but including the weight learning. Therefore, after
the first step of the ALM methodology, where an
initial set of numerous double-consequents rules is
generated, the two following tasks must be performed:

o Selection of a subset of cooperative rules.

o Derivation of the weights for these rules.

These interdependent tasks significantly increase the
search space with respect to the original methodology
making the choice of the search technique considered
crucial.

3.1 The Cooperative Coevolutionary Algorithm

A coevolutionary algorithm [8] involves two or more
species (populations) that permanently interact among
them by a coupled fitness. Thereby, in spite of each
species has its own coding scheme and reproduction
operators, when an individual must be evaluated, its
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goodness will be calculated considering some individ-
uals of the other species. This coevolution makes eas-
ier to find solutions to complex problems.

As we have seen, the problem that concerns us can be
easily decomposed into two subtasks, the rule selec-
tion and the weight derivation. Therefore, it can be
solved by coevolving two species cooperating to form
the complete solution by learning a set of weighted
rules. In the following subsections, the main char-
acteristics of the proposed cooperative coevolutionary
algorithm are presented.

3.1.1 Interaction Scheme Between Species

The objective will be to minimize the well known
mean square error (MSE):

1
MSE;; = —

M=

~
1l
—

with N being the number of training data, F;; (x') being
the output inferred from the model obtained by com-
bining the individuals i and j of the species 1 and 2
when the input x/ is presented, and j/ being the known
desired output.

Thus, individuals in the species 1 and 2, are respec-
tively evaluated with the fitness functions f; and f5,
defined as follows:

f] (l) = jel}?lziSPz MSEU and_fz(_]) = ierlléllilfijl MSE,‘j ,
with 7 and j being individuals of species 1 and 2 re-
spectively, R; and R; being the set of the fittest indi-
viduals in the previous generation of the species 1 and
2 respectively, and P| and P, being individual sets se-
lected at random from the previous generation of the
species 1 and 2 respectively. The combined use of
these kinds of sets make the algorithm have a trade-
off between exploitation (R, ;) and exploration (P3).
The cardinalities of the sets Ry, and Py, are previ-
ously defined by the designer.

3.1.2 Species 1: Fuzzy rule selection

For the species 1, we will use the genetic rule se-
lection method proposed in [3]. The coding scheme
generates binary-coded strings of length m (number of
single-consequent rules in the previously derived rule
set). Depending on whether a rule is selected or not,
the alleles “1” or “0” will be respectively assigned to
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the corresponding gene. Thus, a chromosome ¢f will
be a binary vector representing the subset of rules fi-
nally obtained.

The whole initial pool is generated at random but one
individual, which represents the complete previously
obtained rule set. For this species, the standard two-
point crossover operator is used. As regards the mu-
tation operator, it flips the value of the gene.

3.1.3 Species 2: Weights derivation

The coding scheme generates real-coded strings of
length m. The value of each gene indicates the weight
used in the corresponding rule. They may take any
value in the interval [0,1]. Now, a chromosome ¢
will be a real-valued vector representing the weights
associated to the fuzzy rules considered.

The initial pool for this species is generated with
a chromosome having all the genes with the value
“1”, and the remaining individuals taking values ran-
domly generated within the interval [0, 1]. The max-
min-arithmetical crossover operator is considered. As
regards the mutation operator, it simply involves
changing the value of the selected gene by other value
obtained at random within the interval [0, 1].

4 Experimental Results in the Electrical
Maintenance Cost Estimating Problem

We will analyze the accuracy of the linguistic mod-
els generated from the proposed process (WALM-CC)
compared to the four following methods: the ad hoc
data-driven method proposed by Wang and Mendel
(WM) [11], the said ALM method [3], a simple GA
that learns the weights of the rule set derived by WM
(WRL), and a simple GA that learns weighted double-
consequent rules as a first approximation to the prob-
lem (WALM). With this aim, we have chosen the
problem of estimating the maintenance costs of the
medium voltage electrical network in a town [5]. This
problem has been already presented and used in [1].

The minimum t-norm have been selected as implica-
tion and conjunctive operator, and the center of grav-
ity weighted by the matching strategy as defuzzifica-
tion operator [4].



4.1 Experimental Results and Analysis

The following values have been considered for the pa-
rameters of each method: 6] individuals (except for
WALM-CC with 31 for each species), 1000 gener-
ations, 0.6 as crossover probability, 0.2 as mutation
probability, 0.35 for the weight factor in the max-min-
arithmetical crossover (when weights are considered).
The three fittest individuals (|Rj| = 3) and two ran-
dom individuals (|Py,| = 2) of each species are con-
sidered for the coupled fitness in WALM-CC.

The results obtained by the five methods analyzed are
shown in Table 1, where #R stands for the number
of rules, and MSE;,, and MSE, respectively for the
error obtained over the training and test data. The best
results are shown in boldface.

Table 1: Results obtained in the electrical problem

Method | #R MSE,, MSE,
WM 66 71,294 80,934
ALM 50 51,714 58,800
WRL 66 33,639 33,319
WALM 61 37,356 42,477
WALM-CC | 59 24,961 28,225

In view of the obtained results, we can see that
the ALM and WRL methods achieve significant im-
provements over the WM method. As regards the
WALM method, the simple GA-based method to learn
weighted double-consequent fuzzy rules, the results
obtained were worse than the ones from WRL, when
theoretically the former should obtain better results.
This confirms the need of a more sophisticated opti-
mization technique. Indeed, analyzing the model ob-
tained by the WALM-CC method, we can conclude
that it presents the best performance in both approxi-
mation (MSE,,,) and generalization (MSE,).

5 Concluding Remarks and Further Work

The very accurate results of the proposed coevolutive
learning method, in conparison with other related ap-
proaches, has been contrasted when solving a real-
world problem. They are a consequence of the co-
evolutionary approach ability to tackle with decom-
posable complex problems.

Notice that the proposed method does not perform
membership function learning, which gives more free-

dom degrees to the model structure involving more
accurate results [1]. As further works, we propose
to add other mechanisms —like the one proposed in
[1]— that make the linguistic models more flexible.
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