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Abstract Cerebellar model articulation controller
(CMAC) is a popular associative memory neural net-
work that imitates human’s cerebellum, which allows it
to learn fast and carry out local generalization efficiently.
This research aims to integrate evolutionary computa-
tion into fuzzy CMAC Bayesian Ying-Yang (FCMAC-
BYY) learning, which is referred to as FCMAC-EBYY,
to achieve a synergetic development in the search for
optimal fuzzy sets and connection weights. Traditional
evolutionary approaches are limited to small populations
of short binary string length and as such are not suit-
able for neural network training, which involves a large
searching space due to complex connections as well as
real values. The methodology employed by FCMAC-
EBYY is coevolution, in which a complex solution is
decomposed into some pieces to be optimized in different
populations/species and then assembled. The developed
FCMAC-EBYY is compared with various neuro-fuzzy
systems using a real application of traffic flow predic-
tion.

Keywords cerebellar model articulation controller
(CMAC), Bayesian Ying-Yang (BYY) learning, evolu-
tionary computation

1 Introduction

Fuzzy logic incorporated into neural network is capable
to express knowledge of domain experts, as well as to
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deal with imprecision and nonlinearity. The cerebellar
model articulation controller (CMAC) system [1,2] is
a type of associative memory neural network that im-
itates human’s cerebellum, which allows it to learn fast
and carry out local generalization efficiently. However,
CMAC suffers from its inherent disadvantage of ineffi-
ciency in data storage, because the number of quantized
states in each dimension makes the memory size grow
exponentially with respect to the number of input vari-
ables [3]. Instead of using crisp states in the original
CMAC, fuzzy CMAC (FCMAC) uses fuzzy sets (fuzzy
labels) as the input clusters, which greatly reduce the
memory requirement and, in the mean time, provides a
human-like thinking ability.

First proposed in Ref. [4] and systematically devel-
oped more than one decade, Bayesian Ying-Yang (BYY)
learning provides not only a general framework that ac-
commodates typical learning algorithms from a unified
perspective but also a new road that leads to improved
model selection criteria and Ying-Yang alternative learn-
ing with automatic model selection. As summarized in
Fig. A2 of Ref. [5], BYY learning consists of two subcat-
egories. One is featured with Ying-Yang best matching
for developing typical learning algorithms, which is con-
sidered in this paper and also one major focus of Ref. [4],
while the other is featured with its favorable nature for
model selection [6,7], for which readers are referred to
recent systematic review [5], and especially its Fig. A2
for the relations among the BY'Y learning subcategories.

In our previous work, BYY learning [4-7] is applied in
the fuzzification layer of the FCMAC structure, there-
after, referred to as FCMAC-BYY [8,9], to create the
fuzzy sets out of the input data. However, the FCMAC-
BYY suffers from two problems: First, as the BYY-
based fuzzification is separated from the weight training
of the neural network, it may end up with local optima.
Second, the weights are trained by using gradient-based
methods, which may also lead to local optima.

To address the above-said problems, evolutionary
computation is introduced in this research to utilize
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global search for both the optimal fuzzy clusters and
the optimal weights of FCMAC-BYY. The milestone
of evolutionary computation (EC) dates back to 1975,
when John Holland proposed genetic algorithms (GAs)
by simulating the principle of Darwinian natural selec-
tion and evolution [10]. This is achieved by maintain-
ing and evolving a population of candidate solutions,
referred to as chromosomes, or called individuals, which
undergoes a process of evaluation, selection, reproduc-
tion (crossover and mutation), and reinsertion [11].

Traditional evolutionary approaches are limited to
small populations of short binary string length, whereas
neural network training involves a large searching space
due to complex connections. One of the solutions to ap-
plying EC to neural network training is coevolution, in
which a complex solution is decomposed into some pieces
to be optimized in different populations/species and then
assembled [12]. Typically, the coevolutionary algorithms
can be classified into two types, namely, competitive co-
evolution [13] and cooperative coevolutionary [14].

This research aims to incorporate coevolutionary com-
putation into the FCMAC-BYY to search for the opti-
mal fuzzy sets as well as the connection weights. The
paper is organized as follows: Section 2 describes the
work mechanism of the original FCMAC-BYY. The de-
tails of the coevolutionary learning incorporated with
FCMAC-BYY are given in Sect. 3. Experimental results
are presented and compared in Sect. 4, followed by our
conclusion and discussion in Sect. 5.

Leveled equations, graphics, and tables are not pre-
scribed, although the various table text styles are pro-
vided. The formatter will need to create these compo-
nents, incorporating the applicable criteria that follow.

2 Work mechanism of FCMAC-BYY

FCMAC-BYY network is a five-layer hierarchical struc-
ture, namely, input layer, fuzzification layer, association
layer, post association layer, and output layer [13].

2.1 Architecture of FCMAC-BYY

The input to FCMAC-BYY is a non-fuzzy data vec-
tor corresponding to a measure of the input parameter
represented in the respective dimension. The fuzzifica-
tion layer maps the input patterns into the fuzzy sets
through BYY learning, which will be discussed in Sect.
2.2. Thereafter, the association layer associates the fuzzy
rules to the memory cell and try to imitate human’s
cerebellum. The logical AND operation is carried out in
this layer to ensure that a cell is activated only when
all the inputs associated to it are fired. The weights of
the fuzzy rules are derived by the truth value restriction
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(TVR) scheme, which will be discussed in Sect. 2.3. The
association layer is then mapped to the post association
layer where the logical OR operation will fire those cells
whose connected inputs are activated. For the output
layer, the defuzzification center of area (COA) method
is used to compute the output of the structure.

o (Z £ (k) / f(l)>
(%) (i-1) k=1

Wi’ = w; - (yd*yj), (1)

where ¢ = { / fa } ji is the weight of
=1

the jth cell after ¢ 1terat10ns, « is the learning rate, while
ya and y; are the desired and calculated output respec-
tively, and f(I) returns the variable f_freq. Using the
derived ¢, Eq. (1) reduces proportionally the learning

rate of a cell as its fired frequency increases.
2.2 Fuzzification using BYY learning

Treating both x and y as random processes, the joint dis-
tribution can be calculated by either of these two equa-
tions:

p(z,y) = p(ylz)p(z), (2)
q(z,y) = q(=|y)q(y) (3)

The breakdown of Eq. (2) follows the Yang concept
with the visible domain by p(z) regarded as a Yang space
and the forward pathway by p(y|z) as a Yang pathway.
Similarly, Eq. (3) is regarded as a Ying space and the
backward pathway by ¢(z|y) as a Ying pathway. Under
the BYY learning principle, the difference between the
two Bayesian representations in Egs. (2) and (3) should
be minimized. The joint probability density of the jth di-
mension that consists of K7 Gaussian functions is given
by

J @J ZO&JG:E mJ aj) (4)

where 27 is the 7th input data of the jth dimension, €7 is
a set of finite mixture model parameter that consists of

o, (prior probability), mJ (mean value), and o (width
of the yth cluster).

Given the number of clusters, K7, the minimization
of the Kullback-Leibler divergence will produce the op-
timal parameter ©7. The learning procedure can be im-
plemented by iterative expectation-maximization (EM)
algorithm. In practice, for each dimension j, we start
with K7=1 and estimate the parameter ©7 by the EM
algorithm based on the given training data. The values
are then used to compute a cost value through a cost
function. Then, we proceed to K9 — K741 and com-
pute the cost function again. After this, we gather a
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series of cost function values, and the optimal cluster
number, K7*, is selected from the one with the minimal
cost function value. The details of calculating the cost
function values are given in our previous work [8].

2.3 Truth value restriction inference scheme

There are three general approaches in the use of neural
network techniques to perform fuzzy inference: TVR,
compositional rule of inference scheme (CRI), and ap-
proximate analogical reasoning schema (AARS) [15].
The TVR offers a consistent rule base, a strong theo-
retical foundation, and it is more logical and sponta-
neous to the human reasoning process as compared to
CRI and AARS [16]. TVR uses inference rules to obtain
the truth-values of the consequents from that of the an-
tecedents. Suppose that the fuzzy sets of the antecedents
Y (i.e., the fuzzification layer of CMAC) and the fuzzy
sets of the consequents B (i.e., output layer of CMAC)
have been determined after training. Given an arbitrary
input z, its actual value is not exactly any particular
antecedent value. Accordingly, the actual output is also
not exactly categorized to the consequents B but to some
other fuzzy set B’'.

3 FCMC-BYY with coevolutionary learning

In traditional evolutionary computation, the expected
solution is searched among a population of individuals
via genetic operations, such as crossover and mutation.
However, single-population evolutionary algorithms of-
ten perform poorly — manifesting stagnation and con-
vergence to local optima when confronted with complex
problem, or strong interdependencies among the compo-
nents of the solution. Coevolution learning allows simul-
taneous evolution of two or more species with coupled
fitness. Such coupled evolution favors the discovery of
complex solutions. Typically, the coevolving species can
be classified into two types: competitive coevolution-
ary algorithm, which obtains exclusivity on a limited
resource, and cooperative coevolutionary algorithm that
gains access to some hard-to-attain resource.

On the other hand, traditional binary GA has some
drawbacks when applying to multidimensional and high-
precision numerical problems. The situation can be im-
proved if GA in real numbers is used. Each chromosome
is coded as a vector of floating point numbers that has
the same length as the solution vector. A large domain
can thus be handled. Much research effort has been spent
to improve the performance of real-coded GA (RCGA).
In general, RCGA involves three operations: selection,
crossover, and mutation. The selection operation is used
to select the chromosomes from the population with re-
spect to some probability distribution based on fitness

values. The crossover operation is used to combine the
information of the selected chromosomes (parents) and
generate the offspring. The mutation operation is used
to change the offspring genes [17].

In this research, coevolutionary computation and real-
coded GA are applied to FCMAC-BYY, referred to as
FCMAC-EBYY, in which the fuzzy sets and the weights
are evolved independently and then cooperated to form
the final solution. Coevolutionary learning is integrated
into the optimization of fuzzy clusters and weights of the
FCMAC-BYY network. There are two kinds of species
in the FCMC-EBYY, namely, fuzzy cluster species and
weight species. In the species of fuzzy clusters, all the
chromosomes are initialized with the fuzzification results
obtained by the BYY learning. In the specie of connec-
tion weights, all the chromosomes are initialized with
randomly generated real values. Such a treatment keeps
a good mixture of the optimized outputs from BYY
fuzzification and random processes, so as to speed up the
searching process. An example of the chromosome rep-
resentations is shown in Fig. 1, where p;; and o;; repre-
sent the mean values and widths of the ith dimension in
the jth cluster of fuzzy cluster species, respectively, and
w1 ,Wa,. . .,wy, represent the weights of the corresponding

rules in the neuron weighting species.
width for ith dimension, jth cluster
mean for ith dimension, weight of nth neuron

Jjth cluster \

s o | fiz oz | '"|#y'ﬂ'n> ) wi | wa|ws| D

-
-

chromosome of chromosome of

fuzzy cluster species neuron weighting species

Fig. 1 Chromosome representations for species of fuzzy clusters
and connection weights

The following are the details of the five processes in
coevolutionary learning: evaluation, selection, reproduc-
tion (crossover and mutation), and reinsertion.

1) Evaluation

The purpose of the evaluation process is to determine
how well a trial solution would perform when it is given
a set of test data and their respective results. Using the
training data as a gauge, we can find the better fitting
solutions, in return, boast a high possibility of gaining
similar results in testing. The detailed view of the fitness
evaluation process is illustrated in Fig. 2.

In the fuzzy cluster species, the membership value
of training data for each cluster is used as the fitness
function of each chromosome to measure that the de-
gree of the training data belongs to the fuzzy clusters.
On the other hand, the output error is used as the fit-
ness function in the connection weights species to train
the weights of the neurons in the rule layer. As shown in
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Fig. 2 Fitness evaluation of two species in FCMAC-EBYY

Fig. 2, an individual undergoing fitness evaluation es-
tablishes cooperation with one or more representatives
of the other species to construct a candidate FCMAC.
A selected individual from the fuzzy cluster species will
cooperate with the selected individuals from the connec-
tion weights species to form a full representation of the
structure.

2) Selection

Selection is the process of selecting a trial solution to
the mating pool for reproduction process. The stochastic
universal sampling (SUS) is employed in the FCMAC-
EBYY, in which the chromosomes are mapped one-to-
one into contiguous segments of a line, where the size
of the segment of each chromosome relates to its fitness
value. Then, equally spaced pointers are placed along
the line. The number of pointers on the line corresponds
to the number of individuals to be selected.

3) Crossover

In the crossover process, new offsprings are reproduced
such that they possess parts of both parent’s genetic
characteristics, just like its counterpart in nature. In-
termediate recombination is suitable to fulfill crossover
between two real-valued parent chromosomes [18]. Each
variable in the offspring is the result of combining the
variables in the parents according to the above expres-
sion with a new « chosen for each pair of parent genes.
Intermediate crossover is capable of producing new vari-
ables within a slightly larger hypercube than that de-
fined by the parents but constrained by a range.

4) Mutation

Mutation can be accomplished by replacing the pa-
rameter values with random selection of new values.
These new values, which are selected from the allowable
ranges for the respective dimension, ensure that the mu-
tated values are within reasonable regions. Similar to the
crossover operator, the probabilistic rate of the mutation

determines the frequency of mutations. In all, mutation
allows an increase in the level of possible exploration of
the search space without adversely affecting the conver-
gence characteristics.

5) Reinsertion

After the reproduction process is completed, a new
population of chromosomes is produced. This new pop-
ulation will then be combined with the old population
to form the resultant population. The elitist strategy is
employed to select a number of old chromosomes to be
reinserted into the resultant population. This strategy
chooses a pre-specified number of fittest chromosomes
in the old population to be inserted into the resultant
population, while the rest of the chromosomes are dis-
carded. The deleted cluster parameters are replaced by
the chromosomes created from the reproduction process.
This is done to retain the best quality chromosomes in
the population. Once the resultant population has been
produced, it marks the completion of one generation.

4 Experimental results

In this section, the FCMAC-EBYY network is used to
conduct experiments on a real application of traffic flow
prediction. In our experiments, the evolutionary com-
putation stops when the number of generations reaches
up to 500 (with some initial elite individuals obtained
from BYY fuzzification). The population size is set to
30, crossover rate = 0.8, and mutation rate = 0.06 based
on our empirical experience.

The raw traffic flow data for the simulation is obtained
from Refs. [19,20]. The data were collected at a site (Site
29) located at exit 15 along the east-bound Pan Island
Expressway (PIE) in Singapore using loop detectors em-
bedded beneath the road surface. There are a total of
five lanes at the site, two exit lanes, and three straight
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lanes for the main traffic. For this experiment, only the
traffic flow data for the three straight lanes were con-
sidered. The traffic data set has four input attributes,
i.e., the time and the traffic density of the three lanes.
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The purpose of this simulation is to model the traffic
flow trend at the site using FCMAC-EBYY. It is then
used to obtain prediction for the traffic density of each
lane at time t+7, where 7 = 5,15, 30, 45, 60 min. For the

predicted by FCMAC-EBY'Y

0.0
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Fig. 3 Prediction and squared errors of FCMAC-EBYY at 7 = 5 min
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Fig. 4 Prediction and squared errors of FCMAC-EBYY at 7 = 60 min
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simulation, three cross-validation groups, CV1, CV2,
and CV3, of training and test sets are used. The square
of the Pearson product-moment correlation value (de-
noted as R?) is used to compute the accuracy of the
predicted traffic trends obtained using FCMAC-EBYY
network. The prediction and squared errors of Lane 1
density using online FCMAC-EBYY are shown in Figs.
3 and 4 at 7 = 5 min and 7 = 60 min of CV1, respec-
tively.

5 Conclusion

In this paper, an architecture of FCMAC is implemented
using EBYY learning. After the initial cluster parame-
ters are obtained through BYY learning, evolutionary
computation is utilized to simultaneous evolution of two
species, namely, fuzzy clusters and connection weights
species. This strategy offers exploring the search do-
mains of both the fuzzy clusters and the connection
weights. FCMAC-EBYY is applied to traffic flow pre-
diction.
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