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Abstract. In this paper a new evolutionary algorithm, called the CLA-EC (Cellular Learning Automata Based Evolutionary
Computing), is proposed. This algorithm is a combination of evolutionary algorithms and the Cellular Learning Automata (CLA).
In the CLA-EC each genome string in the population is assigned to one cell of the CLA, which is equipped with a set of learning
automata. Actions selected by the learning automata of a cell determine the genome string for that cell. Based on a local rule, a
reinforcement signal vector is generated and given to the set of learning automata residing in the cell. Each learning automaton
in the cell updates its internal structure according to a learning algorithm and the received signal vector. The processes of action
selection and updating the internal structures of learning automata are repeated until a predetermined criterion is met. To show
the efficiency of the proposed model, to solve several optimization problems including real valued function optimization and data
clustering problems.
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1. Introduction

Evolutionary algorithms (EAs) form a class of ran-
dom search algorithms in which the principles of nat-
ural evolution are regarded as rules for optimization.
They attempt to find optimal solutions to a problem by
manipulating a population of candidate solutions. The
population is evaluated and the best solutions are se-
lected for mating to form the next generation. Over a
number of generations, good traits dominate the pop-
ulation, which results in an increase in the quality of
solutions. Evolutionary algorithms are often applied to
optimization problems, where well-known techniques
such as gradient based algorithms, linear programming,
or dynamic programming are not available, or stan-
dard methods fail to give reasonable answers due to
multimodality, non-differentiability, or discontinuity of
the problem at hand [1]. The basic mechanism in the
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EAs is Darwinian evolution. Bad traits are eliminated
from the population because they appear in individu-
als, which do not survive the process of selection. The
good traits survive and get mixed by recombination
(crossover) to form better individuals. Mutation also
exists in the EAs, but it is considered as a secondary
operator. Its role is to ensure that diversity is not lost
in the population; so, the EAs can continue to explore.

EAs can be parallel algorithms. The basic idea be-
hind the most of the parallel EAs (PEA) is dividing their
tasks into chunks, and then solving the chunks simul-
taneously by using multiple processors. This divide-
and-conquer approach can be used in the EAs in many
different ways, and literature contains many cases of
successful parallel implementations. Some paralleliza-
tion methods use a single population, while the oth-
ers divide the population into several relatively isolated
subpopulations. Some methods can exploit massively
parallel computer architectures, while the others are
better suited for multi-computers with fewer, but more
powerful processing elements. There are four types of
PEAs: the global single-population master-slave EAs,
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the single-population fine-grained PEA, the multiple-
population coarse-grained EAs, and the hierarchical
combinations [18]. In a master-slave PEA, there is a
single panmictic population, but the fitness evaluation
is distributed among several processors. Since in this
type of EAs selection and crossover consider the entire
population, it is also known as the global PEAs. Fine-
grained PEAs are suited for massively parallel comput-
ers, and consist of one spatially structured population.
Selection and mating are restricted to a small neighbor-
hood, but neighborhoods overlap and this allows some
interactions among all of the individuals. The ideal
case is to have only one individual for each available
processor. The multiple-population PEAs are more so-
phisticated, as they consist of several subpopulations
that exchange individuals occasionally. This exchange
of individuals is called migration, and it is controlled
by several parameters. A fine-grained PEA [2,14,16]
has only one population, but it has a spatial structure
which limits the interactions between individuals. In
this type, an individual can only compete and mate with
its neighbors, but since neighborhoods overlap, good
solutions may be disseminated across the entire popu-
lation. It is common to place the individuals of a fine-
grained PEA on a 1, 2, or 3-dimensional regular grid.
Whitley [2] has shown that this scheme can be modeled
by using the Cellular Automata (CA) with stochastic
rules. The CA model is an abstract model, which con-
sists of a large number of simple identical cells with
local interactions. The CA model is a non-linear dy-
namical system, in which space and time are discrete.
It is cellular, because it is made up of some cells like
the points in a lattice or like the squares of a checker
board, and it is called automata, because it follows a
simple rule [19]. It is specifically suitable for modeling
the natural systems, which can be described as massive
collections of simple objects locally interacting with
each other. Informally, a d-dimensional CA model
consists of a finite or infinite d−dimensional lattice of
identical cells. Each cell can assume a state (a genome
in fine-grained PEAs) from a finite set of states (search
space). The cells update their states synchronously on
discrete steps according to a local rule, including local
selection, crossover, and mutation. The new state of
each cell depends on the previous states of a set of cells
including the cell itself and its neighbors. Decentraliza-
tion is a feature of the CA (fine-grained PEAs) in which
due to the large spatial separation of cells (genomes of
fine-grained PEAs) or the limited bandwidth of com-
munication channels, complete information exchange
may not be feasible. Each cell in the CA can gather

limited information about the other cells and the overall
system. Since individual cells with partial information
should make decision about state changing, an uncer-
tainty is introduced into decisions. Learning in these
decisions can overcome the introduced uncertainty [9].

Learning Automata are general-purpose stochastic
optimization tools, which have been developed as mod-
els of learning systems [9,10]. They are typically used
as the basis of learning systems, and through interac-
tions with an unknown stochastic environment, they
learn the optimal action for that environment. Itera-
tively, a learning automaton tries to choose the optimal
action from a finite number of actions to apply to the
environment. The environment returns a reinforcement
signal, which shows the relative quality of the action
performed by the learning automaton. This signal is
given to the learning automaton and the learning au-
tomaton adjusts itself using a learning algorithm.

The Cellular Learning Automata model (CLA),
which has been recently introduced, is a combination
of the CA and the LA [4,6]. This model is superior
to the CA because of its ability to learn, and also it is
superior to a single learning automaton, because it is
a collection of LA, which can interact with each other
to solve a particular problem. The basic idea of the
CLA, which is a super class of the stochastic CAs, is
to use the LA to adjust the state transition probability
of the stochastic CA [4]. So far, the CLA has been
used in many applications such as channel assignment
in cellular mobile systems [5] and load balancing in
computational grids [17].

Here, a new fine-grained PEA called the Cellu-
lar Learning Automata based Evolutionary Computing
(CLA-EC) is proposed to overcome the uncertainty ex-
isting in the other fine-grained PEAs. The CLA-EC is
obtained by combining the CLA model with the evo-
lutionary algorithms. In the CLA-EC, each genome in
the population is assigned to a cell of the CLA, and
each cell in the CLA is equipped with a set of LA. The
actions selected by the set of LA determine the string
genome for that cell. Based on a local rule, a reinforce-
ment signal vector is generated and given to the set of
learning automata residing in that cell. According to
the received signal, each learning automaton updates
its internal structure by using a learning algorithm. The
process of action selection and updating the internal
structure of the learning automata is repeated until a
predetermined criterion is met. The rest of this paper
is organized as follows. Section 2 briefly describes the
LA and the CLA. Section 3 introduces the CLA-EC.
The experimental results are given in Section 4. Finally
Section 5 concludes.
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Fig. 1. The interaction between the learning automata and the envi-
ronment.

2. Cellular Learning Automata

Learning Automata (LA) are adaptive decision-
making devices, which operate on unknown stochas-
tic environments. A Learning Automaton has a finite
set of actions, and each action has a certain probabil-
ity (unknown for the automaton) to be rewarded by its
environment. The aim is to learn to choose the opti-
mal action (i.e. the action with the highest probability
of being rewarded) through repeated interactions with
the environment. If the learning algorithm is chosen
properly, then the iterative process of interaction with
the environment can result in selection of an optimal
action.

Figure 1 illustrates how a stochastic automaton
works in a feedback connection with a stochastic en-
vironment. Learning Automata can be classified into
two main families: fixed structure and variable struc-
ture [9,10]. A variable structure learning automaton
is a 4-tuple < α, β, p, T (α, β, p) >, where α and β
are an action set of s actions and an environment re-
sponse set respectively. The probability set p contains
s probabilities, where each of them is the probability
of performing the associated action in the current in-
ternal automaton state. Finally, T is the reinforcement
algorithm, which modifies the action probability vec-
tor p respecting the performed action and the received
response. Let a variable structure learning automaton
operate in an environment with β = {0,1}, and let
n ∈ N , where N is the set of nonnegative integers. A
general linear schema for updating the action probabil-
ities can be represented as follows. Let the action i be
performed. If β(n) = 0 (reward),

pi(n + 1) = pi(n) + a[1 − pi(n)]
(1)

pj �=i(n + 1) = (1 − a)pj(n)

and if β(n) = 1 (penalty),

pi(n + 1) = (1 − b)pi(n)
(2)

pj �=i(n + 1) = (b/s − 1) + (1 − b)pj(n)

where a and b are reward and penalty parameters
respectively. When a = b, the learning algorithm
is called LRP . If b = 0, it is called LRI and if
0 < b << a <1, it is called LRεP . Figure 2 shows the
working mechanism of the variable structure learning
automaton.

The potential of LA can be completely realized when
multiple automata interact with each other. Interac-
tion may assume different forms such as a tree, mesh,
or array, and depending on the problem, one of these
structures may be used. In most applications, full inter-
action among all LA is neither necessary nor natural.
On the other hand, cellular automata model [19] is a
mathematical model for the systems, which consist of
a large number of simple identical components with
local interactions. Cellular Learning Automata model
(CLA), like CA, consists of a large number of sim-
ple components, which have learning capability, and
act together to solve a particular problem. The CLA
model is a cellular automata model in which each cell
is equipped with a set of LA. The LA use their action
probabilities to determine the state of that cell. Like
the CA, there is a rule, under which the CLA operates.
This rule and the actions selected by the neighboring
learning automata determine the reinforcement signal
for the learning automata residing in a cell.

The operation of cellular learning automata can be
described as follows: At each step, each learning au-
tomaton, residing in a cell, chooses an action based
on its action probability vector. Initially, an automa-
ton chooses its action either on the basis of its past
experience or at random. Then the rule of the cellular
automata determines the reinforcement signal for the
learning automaton residing in that cell. Finally, the
learning automaton updates its action probability vec-
tor on the basis of the supplied reinforcement signal,
chosen action, and the learning algorithm. The pro-
cess of action selection and probability vector updating
is continued until the desired result is obtained. It is
useful to note that a CLA model is synchronous if all
cells are synchronized with a global clock and activated
at the same time, and it is uniform if every cell uses
the same local rule. In this paper we use the uniform
synchronous CLA [4].

3. Cellular learning automata based evolutionary
computing

In this section, first some properties of human soci-
eties (Table 1), which have directed us to the proposed
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Table 1
Similarities between the CLA-EC and human society

Basic Units Cells are the basic units or atoms of the CLA-EC. Individuals are basic units of a society
Possible State The cells are in the states chosen from possible solutions. Individuals make certain choices, adopt certain attitudes,

and operate in certain emotional modes.
Interdependence The state of a cell affects the states of its neighbors and

vise versa.
Individuals affect each other mutually.

Locality Rules are local. Individuals affect each other only locally, i.e. within a cer-
tain neighborhood, and information about them is local as
well.

Overlapping Neighborhoods overlap. Often interactions have an overlapping structure.

Initialize p to [1/s,1/s,� ,1/s] where s is the number of actions 
While not done do 
     Select an action i based on the probability vector p 
     Evaluate action and return a reinforcement signal β 
     Update probability vector using learning rule 
End While 

Fig. 2. Pseudo-code of a variable-structure learning automaton.

algorithm, are discussed. Every human society has a
number of individuals as its basic units. Each indi-
vidual makes certain choices, adopts certain attitudes,
and operates in certain emotional modes. Individuals
affect each other within a certain neighborhood mutu-
ally and locally, and information about them is local
as well. Learning and adaptation are also important
features of the individuals in a human society. Each
individual tries to learn from his own experiences as
well as the experiences of its neighboring individuals.
To learn from experiences, there is a simple strategy,
in which an individual selects a set of best neighboring
individuals with respect to some criteria, and then votes
on their experiences. Consequently, the individual can
update his belief according to the results of voting and
previous self-experience.

The above discussion has motivated us to introduce
the CLA-EC. In the CLA-EC, similar to other evolu-
tionary algorithms, the parameters of search space are
encoded in the form of genomes. Each genome has two
components: the model genome and the string genome.
The model genome is a set of LA, which selects a set
of actions that determines the string genome. Using a
local rule, a reinforcement signal vector is generated
for each cell and given to the set of LA residing in that
cell. On the basis of the received signal, each learning
automaton updates its internal structure according to
a learning algorithm. Then each cell in the CLA-EC
generates a new string genome and compares its fit-
ness with the fitness of its current string genome. If
the fitness of the generated genome is better, then the
generated string genome becomes the string genome of
that cell. This process is repeated until a termination

condition is satisfied. The main issues in designing
the CLA-EC to solve a problem are defining a suitable
genome representation, designing a fitness function,
and determining the parameters of the CLA-EC such
as the number of cells (population size), the topology
of the CLA-EC, and the type of LA for each cell.

Assuming a finite binary search space with the di-
mension of m, a function optimization problem can
be presented as minimization of the real function
f :{0, 1}m→ �, that is, to find

min {f(ξ)|ξ ∈ {0, 1}m} (3)

In order to use the CLA-EC for optimizing the function
f , first a set of LA is assigned to each cell of the
CLA-EC. The number of LA assigned to a cell equals
the number of bits in the string genome representing
a point in the search space of f . Each automaton has
two actions called 0 and 1. The probability vectors of
all learning automata in all of the cells are initialized
to (0.5, 0.5). Then the following steps will be repeated
until a termination criterion is met.

I) At the iteration n, every automaton in the cell i
chooses one of its actions using its action probability
vector.

II) Every cell i generates a new string genome ω i(n).
The new generated string genome is obtained by con-
catenating the selected actions of the automata residing
in that cell.

Remark. Steps I and II are similar to the situation, in
which an individual in a human society makes certain
choices and operates in certain emotional modes.

III) Every cell i computes the fitness value of the
string genome ωi(n). If the computed fitness is better
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than the fitness of the current genome, then the new
string genome ωi(n) becomes the string genome of that
cell. That is

ξi(n)=
{

ξi(n − 1) f(ξi(n − 1)) � f(ωi(n))
ωi(n) f(ξi(n − 1)) > f(ωi(n))

(4)

Remark. Step III is similar to the situation, in which
an individual in a human society tries to learn from his
previous self experience.

IV) Among the neighboring cells of the cell i, Se
cells are selected. This selection is based on the fitness
values of the neighboring cells and a selection strategy
such as the truncation strategy.

Remark. In a one-dimensional CLA-EC (Fig. 4),
for the neighborhood radius of r, each cell has 2r+1
neighbors. In simulations, when r is 1 (resp. 2), Se is
considered to be 1, 2, or 3 (resp. 1, 2, 3, 4, or 5). Choos-
ing 2r+1 as the value of Se simplifies step IV of the
CLA-EC. This is because that the algorithm no longer
requires a selection strategy; hence, the algorithm has
lower time complexity.

V) Based on the selected cells, every cell i generates
a reinforcement vector and uses it as an input to its
learning automata. Let Hs(i) be the set of the selected
neighbors of the cell i. Define Ni,j(k), the number of
cells in Hs(i) whose jth LA have selected their kth
actions, as

Ni,j(k) = Σl∈Hs(i)δ(ξl,j(n) = k) (5)

where,

δ(exp) =
{

1 if exp is true
0 otherwise.

βi,j , the reinforcement signal given to the learning au-
tomaton j of the cell i, is computed as follows,

βi,j(n)=
{

u(Ni,j(1)−Ni,j(0) ) if ξi,j(n)=0
u(Ni,j(0)−Ni,j(1)) if ξi,j(n)=1 (6)

where u(.) is the step function. By Eq. (6), the cell
i votes on the experiences of the selected neighboring
cells. It means that, for the jth position of the string
genome, if the majority of cells in Hs(i) have chosen
the same action as (resp. different from) the cell i has,
then a reward (resp. penalty) signal is given to the jth
learning automaton of the cell i.

VI) All LA update their internal structures by using
their learning algorithm and the given reinforcement
signals.

Remark. Steps IV, V, and VI are similar to the
situation, in which an individual in a human society
selects some experts from the people he knows, and

then updates his belief according to the result of vot-
ing amongst the experiences of the selected people and
previous self-experience.

The overall operation of the CLA-EC is summarized
in Fig. 3. The CLA-EC has a very high degree of diver-
sity in the initial population and also during the early
generations. This property decreases the probability
of premature convergence. The CLA-EC also works
over a population, which is distributed over the search
space, and this makes it less susceptible to get trapped
in a local optima.

The CLA-EC is not the first evolutionary algorithm,
in which the LA have been used. In [11], an algorithm
called the StGA has considered the whole population
as a single learning automaton. Each genome in the
population has been considered as an action of the au-
tomaton and the fitness of each genome is replaced by
a probability. The evaluation of a genome in the envi-
ronment results in updating all genomes probabilities.
When the crossover operator is applied, the fitness of
the offspring is set to the average fitness of two parents.
This algorithm is limited to small populations with a
short genome length. In [12] an algorithm called the
GLA has been proposed. In this algorithm, a corre-
sponding population of probability genomes replaces
the population of bit string genomes in the Genetic Al-
gorithm. The value in each position of a genome rep-
resents the probability of having the allele value of one
in the corresponding position of the bit string. A pop-
ulation of bit strings is stochastically generated in each
generation by sampling the distributions of the popula-
tion. By using each probability string, a single bit string
is created in each generation. Then each bit string has
its performance evaluated by the test environment like
the evaluation in the GA. The fitness of a probability
string is equal to that of the corresponding bit string.
The probabilities at each position are regarded as the
action selection probabilities of a two-action learning
automaton. The probabilities are updated in each gen-
eration based on a learning algorithm. The mutation
operator is not defined, and the crossover operator is de-
fined like the crossover in the GA. In [13], an estimation
of distribution algorithm, called the LAEDA, has been
presented. In the LAEDA, a set of learning automata
is used to model the population of genomes. In each
generation, a population of genomes is generated by a
set of learning automata. Then a predefined number of
genomes are selected from this population according
to a selection strategy. Based on the selected genomes,
a reinforcement signal vector is generated and given to
the set of learning automata. The learning automata
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Initialize. 
While not done do 
       For each cell i in the CLA-EC do in parallel 
           Generate a new string genome 
           Evaluate the new string genome 
           If f(new string genome)> f(old string genome) then 
                   Accept the new string genome   
           End if 
           Select Se cells from the neighbors of cell i  
           Generate the reinforcement signal vector
           Update LA of cell i  
      End parallel for    
End while 

Fig. 3. The pseudo-code of the CLA-EC.

Fig. 4. A one-dimensional (linear) CLA-EC with neighborhood radius one (r = 1), a wrap around connection and q cells.

use the reinforcement signal vector to update their in-
ternal structures. The process is iterated until a prede-
fined termination condition is met. In this algorithm
mutation and crossover operators are not defined.

The CLA-EC differs from the StGA and the GLA
models in two respects. 1) Unlike the StGA and the
GLA, the CLA-EC model does not use crossover and
mutation operators. 2) Unlike the StGA and the GLA,
in the CLA-EC each genome only interacts with its pre-
defined neighboring genomes. The CLA-EC is similar
to the LAEDA, because both do not have crossover and
mutation operators, but the CLA-EC uses different sets
of LA to model different genomes, while the LAEDA
uses one set of LA to model the whole population.
The CLA-EC and the LAEDA both use a subset of
the selected genomes from the population to generate
a reinforcement signal vector.

The CLA-EC is different from the other fine-grained
PEAs reported in literature in two respects: 1) The def-
inition of the local rule and 2) The structure of the indi-
viduals. In the other fine-grained PEAs, the local rule is
a combination of local selection, crossover, and muta-
tion, but in the CLA-EC the local rule is a combination
of the local selection and the reinforcement signal vec-
tor generation schema. An individual in fine-grained
PEAs is commonly a string genome, while in the CLA-
EC an individual is composed of a string genome and
a model genome (a set of LA).

4. Simulation results

In this section, we study the performance of the CLA-
EC by conducting extensive experiments on two op-
timization problem classes: real-valued function opti-
mization and data clustering problems. In this regard,
we have chosen a CLA-EC model with a linear topol-
ogy, a wrap around connection, and q cells. If the ra-
dius of neighborhood is one, the neighbors of the cell
i are the cells i−1 and i+1 as indicated in Fig. 4. The
architecture of a cell has been shown in Fig. 5. Each
cell is equipped with m learning automata. The string
genome determiner compares the new string genome
with the current string genome residing in the cell. The
string genome with higher quality becomes the string
genome of the cell. Depending on the neighboring
string genomes and the string genome of the cell, a
reinforcement signal will be generated by the signal
generator. In this paper we study the performance of
a CLA-EC model with a linear topology and neighbor-
hood radiuses of 1 and 2.

4.1. Function optimization

This section presents the simulation results for five
function optimization problems and then compares
them to the results obtained by using the Simple Ge-
netic Algorithm (SGA) [1], the compact Genetic Algo-
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Fig. 5. The structure of a cell.

rithm (cGA) [3], and the Population Based Incremen-
tal Learning (PBIL) [15] in terms of solution quality
and the number of function evaluations for convergence
of the algorithms with a given population size. The
CLA-EC completely converges, when all the learning
automata residing in all of the cells converge, i.e. the
population (the set of string genomes residing in the
cells) remains unchanged. Each quantity in the re-
ported results is the average taken over 20 runs. The
population size (the number of cells) varies from 3 to
49 with the step of two. The proposed algorithm is
tested with LRI and LRP learning algorithms. For the
sake of convenience in presentation, we use the nota-
tion CLA-EC (automata(a, b), r, Se, q) for referring to a
CLA-EC model with q cells, neighborhood radius of r,
the number of selected cells Se, and learning automata
with reward and penalty parameters of a and b respec-
tively. The algorithm terminates, when all learning
automata converge. The proposed algorithm is tested
with five well-known function minimization problems,
which have been used in [7].

1) The first De Jong function (sphere)

F1(X) =
3∑

i=1

x2
i − 5.12 � xi � 5.12

F1(X) is considered as a very simple task for every
serious minimization method. The minimum is 0.

2) The second De Jong function (Rosenbrock’s sad-
dle)

F2(X) = 100(x2
1 − x2)2 + (1 − x1)2

−2.048 � xi � 2.048

Although F2(X) has just two parameters, it has a rep-
utation as a difficult minimization problem. The mini-
mum is 0.

3) The third De Jong function (step)

F3(X) =
5∑

i=1

integer(xi) − 7.12 � xi � 7.12

The step function exhibits many plateaus, which pose
a considerable difficulty for many minimization algo-
rithms.

4) The fourth De Jong function (Quadratic function)

F4(X) =
30∑

i=1

ix4
i + Gauss(0, 1)

−1.28 � xi � 1.28

This function has been designed to test the behavior of
minimization algorithms in the presence of noise.

5) The fifth De Jong function (Shekel’s Foxholes)

F5(X)=

⎛
⎜⎜⎝0.002 +

25∑
j=1

1

j +
2∑

i=1

(xi − aij)6

⎞
⎟⎟⎠

−1

−65.536 � xi � 65.536

To study the convergence speed of the CLA-EC, we re-
port the best, the worst, the mean, and the standard de-
viation of fitness of all cells for each function. Figures 6
and 7 show the simulation results for CLA-EC(LRP

(0.01, 0.01), 1, 2, 5) and CLA-EC(LRI(0.01, 0.01),
1, 2, 5). Simulation results indicate that the CLA-EC
converges to a near optimal solution.

The size of the CLA-EC (population size) is another
important parameter which affects the performance of
the CLA-EC. Figure 8 shows how this parameter affects
the convergence speeds of CLA-EC(LRP (0.01, 0.01),
1, 2, −) and CLA-EC(LRI (0.01, 0.01), 1, 2, −). Each
point in these figures shows the best fitness obtained in
iteration. Simulation results show that as the size of the
CLA-EC increases, the convergence speed increases.
However, it is observed that in some experiments, if
the size of the CLA-EC increases beyond a value, no
increase in the performance happens.

To study the effects of the neighborhood radius and
Se on the performance of the CLA-EC, several sim-
ulations have been conducted with the neighborhood
radiuses of one and two. Most of simulations show that
the CLA-EC with the radius of one produces high qual-
ity solutions. For F1, F2, and F4 when Se is set to 2 or
4, the CLA-EC performs better in terms of convergence
speed and the quality of the obtained solutions. For F3,
when Se is set to 2 or 4, the CLA-EC converges faster,
but the obtained solutions are not optimal. When Se is
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(a) 
(b) 

Fig. 6. Function F5. (a) CLA-EC (LRP (0.01, 0.01), 1, 2, 5); (b) CLA-EC(LRI (0.01, 0.01), 1, 2, 5).

(a) 
(b) 

Fig. 7. The best value obtained at each iteration for function F5. (a) CLA-EC(LRP (0.01, 0.01), 1, 2, −); (b) CLA-EC(LRI (0.01, 0.01), 1, 2,
−).

set to 1, 3, or 5, the CLA-EC converges to the optimal
solution in all of the runs. For F5, when Se is set to 3
or 5, the convergence rate of the CLA-EC increases.

Figure 9(a) shows the evolution of the string genomes
of CLA-EC(LRP (0.01, 0.01), 1, 2, 10) for F2 during
the optimization process. At the beginning of the algo-
rithm, the genome diversity of the CLA-EC is high and
it decreases as the CLA-EC approaches the solution.
After the CLA-EC converges, all the genomes in the
CLA-EC will be in the convergence area as shown in
Fig. 9(a). That is, all string genomes are either optimal
or near optimal solutions of F2. Figure 9(b) shows the
fitness evolution of all genomes of CLA-EC(LRP (0.01,

0.01), 1, 2, 10) during a typical run. This figure indi-
cates that the fitness of genomes in the CLA-EC gets
closer to each other as the optimization process pro-
ceeds.

To show the performance of the CLA-EC for the
real-valued function optimization, we compare it to the
SGA, the cGA [3], and the PBIL [15]. The SGA uses
the two-tournament selection without replacement and
uniform crossover with the exchange probability of 0.5.
Mutation is not used, and crossover is applied with the
probability of one. The PBIL uses the learning rate of
0.01 and the number of the selected genomes is half of
the population size. The parameters of the cGA are the
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(a) (b) 

Fig. 8. Function F3. a) CLA-EC(LRP (0.01, 0.01), 1, −, −); b) CLA-EC(LRP (0.01, 0.01), 2, −, −).

(a) (b)

Fig. 9. a) The genome dispersion of CLA-EC(LRP (0.01, 0.01), 1, 2, 10) for F2; b) The fitness evolution of all genomes of CLA-EC (LRP

(0.01, 0.01), 1, 2, 10) during a typical run for F2.

same as those used in [3]. Convergence is considered
as the termination condition for all of the algorithms.
For the CLA-EC, Se is set to 2 for F1, F2, F4, and
F5, and it is set to 3 for F3. The results have been
reported in Figures 10–14 indicating the superiority of
the proposed algorithm over the SGA, the PBIL, and
the cGA.

4.2. Data clustering

In a clustering problem [8], a data set S =
{x1, . . .,xM} is given in N -dimensional Euclidean
space, where xi ∈ RN and M is the number of data.

Considering K clusters, represented by C1, . . ., CK ,
the clusters should satisfy the following conditions,

Ci �= φ, i = 1, . . . , K,

K⋃
i=1

Ci = S,

Ci ∩ Cj = φ, i �= j, i, j = 1, . . . , K.

We propose using the CLA-EC to determine K cluster
centers for clustering the date set S = {x1, . . .,xM}.
The sum of squared distances of the data from their
respective cluster centers is taken as the clustering met-
ric and denoted by f . The aim is to minimize f by
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(a) (b) 

Fig. 10. The CLA-EC(LRP (0.01, 0.01), 1, 2, −), the SGA, the PBIL, and the cGA for function F1. a) Objective value; b) Function evaluations.

(a) (b) 

Fig. 11. The CLA-EC(LRP (0.01, 0.01), 1, 2, −), the SGA, the PBIL, and the cGA for function F2. a) Objective value; b) Function evaluations.

finding the appropriate cluster centers. The proposed
algorithm consists of three phases: the preprocessing
phase, the CLA-EC phase, and the clustering phase.

The preprocessing phase: The aim of the prepro-
cessing phase is to reduce the size of the search space.
In this regard, at first the largest and the smallest val-
ues of each dimension of the data set are computed as
follows:

min
j

= min
1�i�M

{xij}

max
j

= max
1�i�M

{xij}

Δj = max
j

−min
j

where xij is the jth component of xi. Then we define
R′ = [0, Δ1] ×. . .× [0, ΔN ].

The CLA-EC phase: In the CLA-EC phase, the
clusters are optimized with respect to the squared error
criterion. The characteristics of the chosen CLA-EC
are as follows.

String genome representation: Each string genome
is represented by a binary string consisting of K × N
parts. The (i × N + j)th part is a sequence, which
contains the corresponding encoded real number for
the jth dimension of the cluster center i in R ′. Let
λ′

ij be the (i × N + j)th part of the string genome. If
the binary representation of λ′

ij has wij bits, then in an
N -dimensional space with K cluster centers, the string
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(a) (b)

Fig. 12. The CLA-EC(LRP (0.01, 0.01), 1, 3, −), the SGA, the PBIL, and the cGA for function F3. a) Objective value; b) Function evaluations.

(a) (b) 

Fig. 13. The CLA-EC(LRP (0.01, 0.01), 1, 2, −), the SGA, the PBIL, and the cGA for function F4. a) Objective value; b) Function evaluation.

genome length is m = ΣΣwij bits, where 1 � i � K
and 1 � j � N .

Fitness function: To compute the fitness of ξ, first
we compute each λ’ij by decoding the (i × N + j)th
part of ξ, and then we set λij to be (λ′

ij +minj). Finally
the fitness of a genome is computed as follows:

f(ξ) = f(λ1, . . . , λK) =
M∑
i=1

(A∗
i )

2,

where,

A∗
i = min

1�j�K
Aij ; Aij = ‖xi − λj‖ ;

λj = (λj1, . . . , λjN )

Termination Criteria: The CLA-EC stops after a
pre-determined number of iterations and the best string
genome in the last iteration is the solution of the clus-
tering problem. For the following experiments, the
maximum number of iterations is set to 200.

The Clustering Phase: In this phase, the clusters
are created based on the clustering centers encoded in
the best string genome of the pervious phase. This is
done by assigning each point xi, i = 1, . . ., M , to one
of the clusters Ck with the center λk such that,

Ck = argmin
1�j�K

Aij ,

where
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(a) (b) 

Fig. 14. The CLA-EC(LRP (0.01, 0.01), 1, 2, −), the SGA, the PBIL, and the cGA for function F5. a) Objective value; b) Function evaluations.

(a) (b) 

Fig. 15. (a) Data 1; (b) Data 2.

Aij = ‖xi − λj‖ .

All ties are resolved arbitrary.
Several simulations are conducted in order to evalu-

ate the efficiency of the proposed method. Then the re-
sults are compared to the results obtained by using the
K-means algorithm. Simulations are conducted with
nine different data sets denoted by Data 1, Data 2, Data
3, Data 4, Data 5, Data 6, Data 7, Data 8, and IRIS data
sets. The characteristics of these data sets have been
given below.

Data 1: A two-dimensional data set with 4 clusters
and 59 points as shown in Fig. 15(a).

Data 2: A two-dimensional data set with 4 clusters
and 25 points as shown in Fig. 15(b).

Data 3: A two-dimensional data set with 4 clusters
and 170 points as shown in Fig. 16(a).

Data 4: A two-dimensional data set with 5 clusters
and 128 points as shown in Fig. 16(b).

Data 5: A two-dimensional data set with 5 clusters
and 100 points as shown in Fig. 17(a).

Data 6: A two-dimensional data set with 3 clusters
and 35 points as shown in Fig. 17(b).

Data 7: A two-dimensional data set with 2 clusters
and 131 points as shown in Fig. 18(a).
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(a) (b) 

Fig. 16. (a) Data 3; (b) Data 4.

(a) 
(b) 

Fig. 17. (a) Data 5; (b) Data 6.

Data 8: A two-dimensional data set with 4 clusters
and 204 points as shown in Fig. 18(b).

IRIS: This data set represents different categories of
irises with four feature values. These feature values
represent the sepal length, sepal width, petal length,
and the petal width in centimeters. This data set has 3
clusters with 150 points.

We conduct extensive simulations to show that how
different parameters of the CLA-EC affect the perfor-
mance of clustering. For each simulation, the maxi-
mum number of iterations is taken to be 200. By careful

inspection of the results, it is clear that as the number
of cells increases, the mean and the standard deviation
of the results decrease. Also, it has been found that
better results are obtained, when each automaton uses
LRP or LRεP learning algorithms with Se=1. Fig-
ures 19 and 20 show the effect of the number of cells
on clustering the data sets Data 8 and IRIS by using
CLA-EC(LRP (0.01, 0.01), 1, 1,−). It has been shown
that as the number of cells increases, the quality of clus-
tering improves. Figure 21 shows the fitness evolution
of all genomes of CLA-EC(LRP (0.01, 0.01), 1, 1, 15)
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(a) (b) 

Fig. 18. (a) Data 7; (b) Data 8.

(a) (b) 

Fig. 19. The effect of the number of cells on the quality of clustering for Data 8 using CLA-EC(LRP (0.01, 0.01), 1, 1, −). (a) The mean and (b)
the standard deviation over 50 runs.

during a typical run with Data 8. These figures indicate
that the fitness values of all genomes in the CLA-EC
approach a value, which is a near optimal solution.

In the following experiment, we compare the results
of the proposed algorithm with those of the K-means
algorithm [20]. In this experiment, the CLA-EC has
5 cells, each learning automaton uses LRP learning
algorithm with a = b =0.1, Se is 1, and the maximum
number of iterations is set to 200. In this section, each
quantity is the average taken over 50 runs. For Data
1, it has been found that the CLA-EC provides the
optimal value of 9502.44 in 28% of the runs, whereas
the K-means algorithm attains this value in 8% of the

runs. Both algorithms get trapped at a local minimum
in the other runs. For Data 2, the CLA-EC attains
the best value of 239.10 in all of the runs. The K-
means algorithm, on the other hand, attains this value
in 28% of the runs and in the other runs it gets stuck
at some local minima (such as 3433.77, 3497.16, or
5551.52). For Data 3, Data 4, Data 5, Data 6, Data
7, Data 8, and IRIS data sets, the CLA-EC attains the
best values of 15545.09, 1873.71, 5525.34, 3000.43,
44100.3, 13670.63, and 46.44 in 30%, 100%, 10%,
40%, 24%, 6%, and 30% of the runs, respectively.
The best values attained by the K-means for these data
sets are 15545.09, 1873.71, 5515.34, 3000.43, 44100.3,
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Table 2
The results of the CLA-EC(LRP (0.1, 0.1), 1, 1, 5) (maximum 200 iterations) and the
K-means algorithm for Data 1, 2, 3, 4, 5, 6, 7, 8, and IRIS data sets

Data Set (CLA-EC) Mean (CLA-EC) Std (Kmeans) Mean (Kmeans) Std

1 10067.92 656.10 10373.33 694.78
2 239.10 0 3980.59 3073.99
3 15889.02 413.71 19457.38 7526.98
4 1873.71 0 8473.58 5424.68
5 5683.50 229.75 5920.90 817.05
6 3078.00 118.17 3206.67 469.77
7 44514.27 485.48 44630.6 1159.91
8 14384.89 529.69 14096.57 669.02

Iris 51.27 6.25 52.96 8.37

(a) (b)

Fig. 20. Effect of the number of cells on the quality of clustering for IRIS data set using CLA-EC(LRP (0.01, 0.01), 1, 1, −). (a) The mean and
(b) the standard deviation over 50 runs.

13670.63, and 46.44 in 20%, 30%, 2%, 30%, 26%,
14%, and 24% of the runs, respectively.

Table 2 has summarized the results of the experi-
ments. The columns ‘Mean’ and ‘Std’ show the mean
and standard deviation over 50 runs respectively. By
careful inspection of the results, it is found that the
CLA-EC(LRP (0.1, 0.1), 1, 1, 5) performs better than
the K-means algorithm for Data 1, Data 2, Data 3, Data
4, Data 5, Data 6, Data 7, and IRIS data sets. For Data
8, it has been found that the number of cells required
by the CLA-EC to outperform the K-means algorithm
should be greater than 15 and the CLA-EC(LRP (0.1,
0.1), 1, 1, 15) attains the best value of 13670.63 in 16%
of the runs.

5. Conclusion

In this paper a new approach of fine-grained PEAs,
called the CLA-EC, has been proposed to overcome
the existing uncertainty in the other fine-grained PEAs.

In the CLA-EC, each genome in the population is as-
signed to a cell of the CLA and each cell in the CLA is
equipped with a set of LA. The set of actions selected
by the set of LA determines the string genome for that
cell. Based on a local rule, a reinforcement signal vec-
tor is generated and given to the set of learning au-
tomata residing in the cell. Based on the received sig-
nal, each learning automaton updates its internal struc-
ture according to a learning algorithm. The process
of action selection and updating the internal structure
of learning automata is repeated until a predetermined
criterion is met. This work can be extended in several
aspects. In this paper, we have used the simplest vari-
able learning automata with linear learning algorithms.
However, one can use other learning schema such as
nonlinear learning algorithms and even fixed structured
learning automata instead of variable structure learning
automata. Furthermore, we have used a linear CLA-EC
in our studies, and the effect of the topological prop-
erties of the CLA-EC is an exciting topic for future
research.
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Fig. 21. The fitness evolution of all genomes of CLA-EC(LRP (0.01,
0.01), 1, 1, 15) in a typical run with Data 8.
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