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Applying Fitness Sharing to Overspecialization in Competitive

Coevolutionary Algorithms

TATSUYA SATO! and TakAavya ARriTaf!

In the framework of competitive coevolutionary algorithms, focusing refers to the ability of
coevolving opponents to challenge one another by testing weak dimensions of performance.

An issue which arises in this context is overspecialization.

In particular, since the fitness

of individuals depends on comparisons with opponents, biased diversity of phenotype in one
population biases diversity of phenotype in the other population. In order to solve this issue,
we attempt to create ideal evolutionary pressure for one population by applying a method
which controls diversity of phenotype to another population. This paper proposes a method
of fitness sharing based on the similarity of behavior of individuals to solve this issue.
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Fig.1 A typical example of overspecialization in the
numbers game.
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3.1 Behavior-based Fitness Sharing
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Fig.3 Distribution of individuals in the 1,000th
population in case of B-FS.
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in population B (with elite suppression, numbers
game).
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