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COLLABORATIVE SEARCH OPERATORS FOR

EVOLUTIONARY APPROACHES TO DENSITY

CLASSIFICATION IN CELLULAR AUTOMATA

ANCA GOG, CAMELIA CHIRA

Abstract. The density classification problem is a prototypical distributed
computational task for Cellular Automata widely studied for the analysis
of complex systems. This paper focuses on evolutionary models designed
to approach this problem, particularly on the importance of search opera-
tors in the context of evolutionary algorithms. Different collaborative re-
combination operators are described and engaged in an evolutionary search
framework for the density classification task in cellular automata. The sig-
nificance of considering genetic material from parents, global best/worst
solutions and the individual’s best ancestors in the recombination process
is discussed.

1. Introduction

Cellular Automata (CA) are discrete dynamical systems having the ability
to generate highly complex behaviour starting from a simple initial configu-
ration and set of update rules [9, 15, 1]. Evolving CA rules for the com-
putationally emergent task of density classification is a challenging problem
extensively studied due to its simple description and potential to generate
a variety of complex behaviours [8, 14]. The task refers to determining the
initial density most present in the initial cellular state of a one-dimensional
cellular automaton within a number of update steps. This is not a trivial task
because finding the density of the initial configuration is a global task while
the CA evolution relies only on local interactions between cells with limited
information and communication.

This paper focuses on evolutionary approaches to the computationally
emergent task of density classification. Genetic algorithms have already been
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succesfully applied for this problem in many studies [3, 9, 10, 12, 8, 6]. An
important search operator in genetic algorithms is the recombination of two
individuals which should be able to produce new interesting rules. Recent
studies [4, 5, 2] highlight the benefits of considering information received from
other selected specific individuals (besides the genetic material of the parents)
in the recombination process for permutation-based encoding problems. In this
paper, we intend to study their performance in an evolutionary model for the
density classification problem in CA which requires a binary representation.

2. Collaborative Search Operators for Evolutionary Models

When using an evolutionary framework for solving complex problems, the
choice of search operators is of great importance as the success of the approach
depends on it. For detecting rules in cellular automata it is also necessary to
design suitable search operators able to increase both the exploration and the
exploitation of the search space, thus leading to valuable results.

Several collaborative recombination schemes for permutation-based encod-
ing have been proposed [4, 5, 2] with encouraging results. The collaborative
feature refers to the fact that when crossover between two individuals is per-
formed, genetic material from the parents best ancestors and/or from the
best/worst solution obtained so far is also involved.

The best results have been obtained with Best Order Crossover (BOX)
[2], which clearly outperforms the most popular recombination operators for
permutation-based encoding. This crossover operator uses genetic material
belonging to the GlobalBest individual together with genetic information from
the two parents that are subject to recombination. Several cutting points are
randomly chosen and each resulting sequence in the offspring inherits infor-
mation from one of three sources.

It is well known that genetic operators are highly dependent on the chromo-
somes encoding and on the problem to solve. Nevertheless, due to the encour-
aging results obtained by collaborative recombination for permutation-based
encoding, the binary codification has also been considered and approached
in this paper. Several collaborative recombination schemes have been tested
against the difficult problem of rule detection in cellular automata. The best
performing operator is presented in what follows.

2.1. Two-Point Line Crossover. For each individual in the population we
keep track of its best ancestor (LineBest), representing the best individual
that has contributed to its creation by mutation or recombination. When per-
forming recombination, the LineBest of each parent is also considered besides
genetic information from the two parents. Two cutting points are randomly
chosen, thus resulting three sequences of genes. For the first offspring, each of
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the three sequences is taken from one of the two parents or from the LineBest
of the second parent. The source of the sequence is randomly chosen but in
such a way that each of the three chromosomes will contribute to the first off-
spring. The second offspring is obtained in a similar way, using the LineBest
of the first parent instead of the LineBest of the second parent and different
cutting points.

3. Evolutionary Model for the Density Classification Problem

Experiments focus on the most frequently studied version of the density
classification problem: the one-dimensional binary-state CA of size N = 149
based on the radius of 3. This means that each cell is connected to 3 neighbors
from both sides giving a neighborhood size of 7. The radius of the CA gives a
rule size of 22r+1 = 128. The number of all possible rules is 2128 ' 1036 which
makes an exhaustive evaluation of all this rules unfeasible.

A very simple evolutionary framework has been setup for solving the den-
sity classification task, in order to better analyze the performances of differ-
ent recombination operators. A potential solution of the problem is a one-
dimensional array of bits of size 22r+1 = 128 (because we have considered the
radius as having the value r=3) and represents a rule table for the cellular
automaton. The initial population is randomly generated.

The potential solutions are evaluated by means of a real-valued fitness
function f : X → [0, 1], where X denotes the search space of the problem.
As stated before, |X| = 2128. The fitness function represents the fraction of
correct classification over 100 randomly generated initial configurations. A
relative fitness is used, as the set of initial configurations is generated anew
for each generation of the algorithm. This way, solutions with high fitness
in one generation and which survive in the next generation will be evaluated
again using another set of 100 initial configurations.

Every set of 100 initial configurations was generated so that their densities
are uniformly distributed over [0, 1]. It is important to underline the differ-
ence between the fitness of a rule and the performance of a rule. While the
fitness is evaluated by using 100 uniformly distributed initial configurations,
the performance of a rule is computed as the fraction of correct classifications
for 104 randomly generated initial configurations. The initial configurations
are generated in such a way that each cell has the same probability 1

2 of being

0 or 1. This means that the density of 1s will be around 1
2 for most of the ini-

tial configurations and these are actually the most difficult cases to correctly
classify. The CA is iterated until it reaches a fixed-point configuration of 1s
or 0s but for no more than M ' 2N time steps.
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The individual resulted after each recombination will be mutated at ex-
actly two randomly chosen positions. A weak mutation is considered, the
probability of obtaining a different value for the chosen position being equal
to the probability of obtaining the very same value.

The algorithm is applied for 100 generations with a population size of 100,
roulette selection, different crossover schemes with the same probability of 0.8,
weak mutation with probability 0.2 and elite size of 10%.

4. Computational Experiments

The algorithm described in the previous section has been applied with the
following recombination operators: one-point crossover (a single cutting point
on both parents chromosomes is randomly chosen and resulting sequences are
swapped in order to create offspring); two-point crossover (two cutting points
on both parents chromosomes are randomly chosen and everything between the
two points is swapped between the parents chromosomes); uniform crossover
(each gene from the offspring is taken from either parent with the same prob-
ability). A recent study on the efficiency of crossover operators in genetic
algorithms with binary representation [13] revealed the good performance of
two-point crossover and uniform crossover. However, we also consider one-
point crossover as, for the investigated problem of rule detection, one-point
crossover seems to have slightly better results compared to the other two. Pro-
posed collaborative two-point line crossover has been compared with these
three popular operators. Tables 1 presents the average and the maximum
performances obtained after 10 runs of the algorithm with different crossover
operators.

Table 1. Performances obtained after 10 runs of the algorithm

One-point
crossover

Two-point
crossover

Uniform
crossover

Two-point
line crossover

Average 0.64 0.63 0.50 0.67
Best 0.65 0.65 0.50 0.73

Obtained results indicate a high performance of the proposed collabora-
tive recombination. The difference between the best rule performance obtained
when using the two-point line crossover (0.73) and the maximum value ob-
tained by other operators (0.65) is not at all neglectable. This is true especially
because we are using a standard evolutionary algorithm and the best known
performances is 0.88 [11] and has been obtained with a method that uses a
two-tier evolutionary environment. We should also recall another good per-
formance obtained by [7] (0.86) using a coevolutionary approach that evolves
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both populations of rules and of initial configurations, thus increasing the
computational complexity.

The small values obtained when using uniform crossover indicate the fact
that mixing individual genes from the two parents instead of mixing (rel-
atively) long sequences of genes leads to difficulties in the search process.
This conclusion is also confirmed by some experiments we have performed
with other collaborative crossover operators. We have tried different schemes
where genes are randomly taken from parents, LineBest of parents, GlobalBest
or GlobalWorst and similar results have been obtained (both performance and
fitness values were not higher than 0.53). This led us to considering sequences
of genes instead of individual genes. Several one-point collaborative crossover
schemes have also been considered, with a sequence taken from one parent
and the other sequence take from the LineBest of the other parent, or from
the GlobalBest/GlobalWorst but obtained performances did not exceed 0.64,
values similar to the ones obtained by simple one-point crossover and two-
point crossover. Even smaller values have been obtained when more than two
cutting points have been considered (performance did not exceed 0.60). Re-
garding the two-point collaborative crossover, values around 0.64 have been
also obtained when genetic material from GlobalBest has been considered in-
stead of or together with genetic material from LineBest. This might be due
to the fact that using the best individual in all recombinations (even if the best
individual constantly changes) affects the search process by not introducing
diversity within the population.

5. Conclusions

A collaborative recombination operator for binary encoding has been pro-
posed. Numerical results indicate a competitive performance compared with
some of the most popular crossover operators for the difficult problem of rule
detection in cellular automata. The main feature of the proposed operator
is the use of genetic information not only from the parents, but from their
LineBest as well. Several other collaborative recombination schemes have
been studied but weak results have been obtained. It has been observed that
mixing particular genes instead of genes sequences leads to difficulties in the
search process. More extensive studies on the collaborative feature will follow.
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