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CA Rule Acquisition Using Speciation Based Co-evolution

SatosHI ENDO,t KoJI YAMADAt and CHIKARA KAMESHIMAT.®

We describe an application of Evolutionary Computations to the design of Cellular Au-
tomata that can perform computations requiring global coordination. On recent works, Co-
evolutionary Learning was used to acquire CA-Rules for the computational task that called
“density classification”. In this task, ordinary ECs discovered rules that didn’t give rise to
high performance and sophisticated strategy. Some reason presented this experiment seem to
prevent continuous progress in evolutionary search. The major reason is that the dynamics of
the search performed by the two co-evolving populations doesn’t drive individuals to the do-
main of the state space that contains most promising solutions because there is no “high-level”
strategy to play that role. Our approach proposes a co-evolutionary framework in which those
two issues are addressed as follows: (1) Classification of CA-Rules into some of “species” by
the use of its state of affairs in CA task. (2) Allocating the perfect “Fitness-Function” for each
species so as to aggregate own strategy each other. We analyze the results of our methods on
computer experiments, and weigh against existing techniques in reference to general purpose.
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Fig.1 Density-Classification Task.
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Fig.4 Co-evolution: distribution of rules and ICs.
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