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Abstract

Current research lines in fuzzy modeling
mostly tackle with improving the accu-
racy in descriptive models, and the im-
proving of the interpretability in approx-
imative models. This paper deals with
the second issue approaching the problem
by means of multi-objective optimization
in which accurate and interpretability cri-
teria are simultaneously considered. Evo-
lutionary Algorithms are specially appro-
priated for multi-objective optimization be-
cause they can capture multiple Pareto so-
lutions in a single run of the algorithm. We
propose a multi-objective evolutionary al-
gorithm to find multiple Pareto solutions
(fuzzy models) showing a trade-off between
accuracy and interpretability. Additionally
neural network based techniques in com-
bination with ad hoc techniques for inter-
pretability improving, are incorporated into
the multi-objective evolutionary algorithm
in order to improve the efficacy of the al-
gorithm.
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learn both the antecedent and consequent part of fuzzy
rules, and models with both fixed and varying number
of rules have been considered [5]. Also, EAs have
been combined with other techniques like fuzzy clus-
tering [3] and neural networks [6]. This has resulted in
many complex algorithms and, as recognized in [11]
and [7], often the transparency and compactness of
the resulting rule base is not considered to be of im-
portance. In such cases, the fuzzy model becomes a
black-box, and one can question the rationale for ap-
plying fuzzy modeling instead of other techniques.

Most evolutionary approaches to multi-objective
fuzzy modeling consist of multiple EAs, usually de-
signed to achieve a single task each, which are ap-
plied sequentially to obtain a final solution. In these
cases each EA optimizes the problem attending to one
criterion separately which is an impediment for the
global search. Simultaneous optimization of all crite-
ria is more appropriate. Other approaches are based
on classical multi-objective techniques in which mul-
tiple objectives are aggregated into a single function
to be optimized. In this way a single EA obtains a
single compromise solution. Current evolutionary ap-
proaches for multi-objective optimization consist of
a single multi-objective EA, based on the Pareto op-
timality notion, in which all objective are optimized
simultaneously to find multiple non-dominated solu-
tions in a single run of the EA. These approaches can
also be considered from the fuzzy modeling perspec-
tive [4]. The advantage of the classical approach is
that no further interaction with the decision maker is
required, however it is often difficult to define a good
aggregation function. If the final solution cannot be

Evolutionary Algorithms (EA) [2] have been recog- accepted, new runs of the EA may be required until

nized as appropriated techniques for multl-objectlvea satisfying solution is found. The advantages of the

optimization because they perform a search for mUIti'Pareto approach are that no aggregation function has
ple solutions in parallel [1]. EAs have been applied to



to be defined, and the decision maker can choose thiayer of an RBF neural network is equal to the num-
most appropriate solution according to the current deber of rules in the fuzzy model. The firing strength
cision environment at the end of the EA run. More- of theith neuron in the hidden layer matches the fir-
over, if the decision environment changes, it is not al-ing strength of thath rule in the fuzzy model. We
ways necessary to run the EA again. Another solutionapply an asymmetric gaussian membership function
may be chosen out of the family of non-dominated so-defined by three parameters, the centéeft variance
lutions that has already been obtained. o) and right variances;. Therefore, each neuron in
the hidden layer has these three parameters that define

In this paper, we propose a multi-objective neuro-_ .. .
pap prop ) its firing strength value.

EA (MONEA) to obtain a parameter estimation for
fuzzy models. In section 2, the fuzzy model is de- The neurons in the output layer perform the compu-
fined and in section 3 and 4, techniques to improvetations for the first order linear function described in
transparency and compactness of rule set and traininthe consequents of the fuzzy model, therefore jtthe
are approached respectively. The criteria taken intaeuron of the output layer has the parametgrthat
account are discussed in section 5. The main compoeorrespond to the linear function defined in ttrerule
nents of the multi-objective neuro-EA are described inof the fuzzy model.

section 6. The optimization model and decision mak-

ing is described in section 7. Section 8 shows the re3  Rule Set Simplification Technique

sults obtained for a test problem. Section 9 concludes

the paper and indicates lines for future research. Automated approached to fuzzy modeling often intro-
duce redundancy in terms of several similar fuzzy sets
2 Fuzzy Model Identification that describe almost the same region in the domain

of some variable. According to some similarity mea-
We consider Takagi-Sugeno (TS) rule-based modelsure, two similar fuzzy sets can be merged or sep-
[10] which are especially suitable for the approxima- arated. The merging-separation process is repeated
tion of dynamic systems. The rule consequents arauntil fuzzy sets for each model variable are not simi-
often taken to be linear functions of the inputs: lar. This simplification may results in several identical
rules, which are removed from the rule set.

We consider the following similarity measure between

R : If X1 is A1 and...x, is A then two fuzzy sets andB:

Vi = GaXa+ ...+ inXn+Gingr), 1= 1,...,M

IANB| |ANB] }

Herex = (X1,...,%,) is the input vectory;is the out- S(AB) = max{ A 18

put of theith rule, Aj; are fuzzy sets defined in the
antecedent space by membership functipnsC — If SIA,B) > 0 (we used = 0.6), fuzzy setsA and B
[0,1], j; € O are the consequent parameters, dhd

: are merged in a new fuzzy setas follows:
is the number of rules.

M cc=0aca+(1—a)cs
y= Zl Pi (X)¥i k. = min{ch,ck} (1)
1= Cc = max{Cy,Cg}
wherepi(x) is the normalized firing strength of tih  wherea < [0, 1] determines the influence @fandB
rule: Each fuzzy se; is described by an asymmetric in the new fuzzy se€:
gaussian membership function:

ch—c
(Cijij')z . a= r iA ,I'A |
exp| — 5z if Xj <cj CA—CaotCg—Cp
ba; (X)) = (x—6)? P If N2 < S(A,B) < n1 (we usen, = 0.6), fuzzy setsA
exP\ ~ 2z, ' Xj = Gij y B are splitted as follows:

This fuzzy model is defined by a radial basis function |f cy < cgthen ol « o\ (1—B), o5« oL(1—B)

3

neural network. The number of neurons in the hidden in other case c'A — o'A(l— B), of < og(1—P)



wheref € [0, 1] indicates the amount of separation be- designed to find, in a single run, multiple non-

tweenAy B (we use = 0.1). dominated solutions according to the Pareto de-
cision strategy. There is no dependence between
4 Training of the RBF neural networks the objective functions and the design of the EA,

thus, any objective function can easily be incor-
The RBF neural networks associated with the fuzzy porated. Without loss of generality, the EA min-
models can be trained with a gradient method to ob-  imizes all objective functions.
tain more accuracy. However, in order to maintain the
transparency and compactness of the fuzzy sets, only
the consequent parameters are trained. The training
algorithm incrementally updates the parameters ap-
plying the gradient descent method.

e Constrains with respect to the fuzzy model
structure are satisfied by incorporating specific
knowledge about the problem. The initialization
procedure and variation operators always gener-
ate individuals that satisfy these constrains.

5 Criteria for Fuzzy Modeling e The EA has a variable-length, real-coded repre-
sentation. Each individual of a population con-
We consider three main criteria: (i) accuracy, (i) tains a variable number of rules between 1 and

transparency, and (iii) compactness. It is necessary = max wheremaxis defined by a decision maker.
to define quantitative measures for these criteria by =~ Fuzzy numbers in the antecedents and the pa-
means of appropriate objective functions which define rameters in the consequent are coded by floating-

the complete fuzzy model identification. point numbers.
The accuracy of a model can be measured with the e The initial population is generated randomly
mean squared error with a uniform distribution within the boundaries

1 K of the search space, defined by the learning data

MSE= < S (Y — k)2 and model constrains.
k=1 e The EA searches for among rule sets treated

wherey is the true output angl is the model out- with the technique described in section 3 and
put for thekth input vector, respectively, ari€lis the trained as defined in section 4, which is an added
number of data samples. ad hoc technique for transparency, compactness

For the second criterion, transparency, we consider the ~ and accuracy.

S= max SA;j,A) ach_ieved by means of a vgrianF of thg prese-
LK lection scheme. This technique is, implicitly, a

o o niche formation technique and an elitist strategy.
This is an aggregated similarity measure for the fuzzy Moreover, an explicit niche formation technique

Aj # A

rule-based model with the objective to minimize the has been added to maintain diversity respect to
maximum similarity between the fuzzy sets. the number of rules of the individuals. Survival
Finally, measures for the third criterion, the compact-  of individuals is always based on the Pareto con-
ness, are the number of ruldd, and the number of cept.

different fuzzy setd. of the fuzzy model. e The EAs variation operators affect at the individ-

o ] uals at different levels: (i) the rule set level, (ii)
6 Multi-objective Neuro-Evolutionary the rule level, and (jii) the parameter level.
Algorithm (MONEA)

6.1 Representation of Solutions
The main characteristics of MONEA are the follow-
ing: An individual | for this problem is a rule set &f rules
defined by the weights of the RBF neural network.
e The proposed algorithm is a Pareto-based multi-With n input variables, we have for each individual
objective EA for fuzzy modeling, i.e., it has been the following parameters:



e centerssij, left variances;; and right variances 4. The first offspring replaces the first parent and
Giij,i=1...,M,j=1,...,n the second offspring replaces the second parent
only if:
o coefficients for the linear function of the conse-

quentz;;, i = 1 M, j=1 nt1 o the offspring is better than the parent and
ijr = 4y-eey ) — ..y

e the number of rules of the offspring is equal
to the number of rules of the parent, or the
niche count of the parent is greater than
minN Sand the niche count of the offspring
is smaller thamaxN$S

6.2 \Variation Operators

As already said, an individual is a set lf rules. A
rule is a collection ofn fuzzy numbers (antecedent)
plusn+ 1 real parameters (consequent), and a fuzzy
number is composed of three real numbers. In order td\n individual | is better than another individudlif
achieve an appropriate exploitation and exploration ofl dominates]. The niche count of an individualis

the potential solutions in the search space, variatiorih® number of individuals in the population with the
operators working in the different levels of the indi- Same number of rules as minN SandmaxN$ with
viduals are necessary. In this way, we consider thre@ < MINNS< % < maxNS< PS(PSis the popula-
levels of variation operators: rule set level, rule level fion sizg), are the minimum and maximum niche size
and parameter level. respectively.

Rule Set Level Variation Operators Rule Set 1he preselection scheme is an implicit niche forma-
Crossover (interchanges rules), Rule Set Increaséon technique to maintain diversity in the population
Crossover (increases the number of each child rule§€cause an offspring replaces an individual similar to
adding rules of the other), Rule Set Mutation (deletesitSelf (one of their parents). Implicit niche forma-

or adds a new rule), and Rule Set Train (trains the RBAION techniques are more appropriate for fuzzy model-
neural network). ing than explicit techniques, such as sharing function,

which can provoke an excessive computational time.

Rule Level Variation Operators Rule Arithmetic  hoever, we need and additional mechanism for di-
Crossover (arithmetic crossover of two random rUIes)versity with respect to the number of rules of the in-

and Rule Uniform Crossover (uniform crossover of

dividuals in the population. The added explicit niche
two random rules).

formation technique ensures that the number of indi-
Parameter Level Variation Operatars Arithmetic ~ Viduals withM rules, for allM € [1,maX, is greater
crossover, uniform crossover, not uniform mutation, Or equal tominNSand smaller or equal ttmaxN$S
uniform mutation and small mutation. These oper-Moreover, the preselection scheme is also an elitist
ators excluding the last one have been studied angtrategy because the best individual in the population
described by other authors. The small mutation prods replaced only by a better one.

duced an small change in the individual and it is suit-

able for fine tuning of the real parameters. 7 Optimization Model and Decision Making

6.3 Selection and Generational Replacement After preliminary experiments in which we have chec-
ked different optimization models, the following re-

In each iteration, MONEA executes the following marks can be maded:

steps:
¢ Instead of minimizing of the number of rulés
1. Two individuals are picked at random from the we have decided to search for rules sets with a
population. number of rules within an intervéil, maX where

a decision maker can feel comfortable. The

2. These individuals are crossed, mutated and  explicit niche formation technique ensures the
trained to produce two offspring. EA always contains a minimum of representative
rule sets for each number of rules in the popula-

3. Performs the simplification in the offspring. tions. Then, we do not minimize the number of



rules during the optimization, but we will take it
into account at the end of the run, in a posteriori
decision process applied to the last population.

e Itis very important to note that a very transparent
model will be not accepted by a decision maker if
the model is not accurate. In most fuzzy model-
ing problems, excessively low values for similar-
ity hamper accuracy, for which these models are
normally rejected. Alternative decision strate-
gies, agyoal programmingenable us to reduce
the domain of the objective functions according
to the preferences of a decision maker. Then,
we can impose a godajs for similarity, which
stop minimization of the similarity in solutions
for which goalgs has been reached.

e The measurd (number of different fuzzy sets)
is considerably reduced by the rule set simplifi-
cation technique. So, we do not define an explicit
objective function to minimizé.

8 Experiments and Results

We consider the modeling of the rule base given by
Sugeno in [9]:

Ry If x, is L

39

R:olfxis /A andx,is _B: ™ theny=-0.1x, + 4.0¢, + 1.2
3 9 4

13

R, If x, is A andx, is ey theny= 0.9 + 0.7, + 9.0

1 18 4 13

R, If x,is /A andx,is ___~" B theny= 0.% +0.1x,+0.2
1 18 4

13

theny = 1.0¢, + 0.5¢,+ 1.0

The corresponding surface is shown in Figure 1. In
[8] a model with four rules was identified from sam-
pled data N = 546) by the supervised clustering al-
gorithm, which was initialized with 12 clusters. This
model was optimized using a Genetic Algorithm to re-
sult in a MSE of 16. Table 1 shows results obtained
with MONEA using the following values for the pa-
rameters:PS= 100, minNS= 5, maxNS= 30, cross
probability Q9, mutation probability ®, train proba-
bility 0.2, gs = 0.35, andmax= 5.

According to the previous remarks, we finally con-

sider the following optimization model:

Minimize f = MSE
Minimize %= maxgs, S}

At the end of the run, we consider the following a pos-
teriori decision strategy applied to the last population

to obtain the final compromise solution:

Table 1: Solutions obtained with MONEA.

M | L | MSE S

1 |2 125291 | 0.0

2 |4 | 25606 | 0.348
3 | 52187 0.349
4 |5 1017 0.349
5 | 510910 0.350

1. Identify the seX* = {x],..., X3} of non-domi-
nated solutions according to:

Minimize f = MSE
Minimize $=S
Minimize =M

. Choose fromX* the most accurate solutiof;
removex’ from X*;

. If solution X" is not accurate enough or there is
no solution in the seX* then STOP (no solution
satisfies);

. If solution X is not transparent or compact
enough then go to step 2;

. Show the solutiorx® as output.

We finally choose a compromise solution (4-rules
fuzzy model) according to the described decision pro-
cess. Figure 2 shows the local model, the surface gen-
erated by the model, fuzzy sets for each variable and
the prediction error.

R
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0

Figure 1: Real surface for the example in [9].
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