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Coevolving Predator and Prey Agents: Opponent Selection Methods

*Y. Handa and Y. Katada (Setsunan University)

Abstract— Open-ended evolution is considered to be caused by several factors, one of which would

be co-evolution. However, in general, artificial co-evolutionary systems should not be expected to

exhibit continuous progressive adaptation with each generation improving on previous generations.

In this paper, we proposed an opponent selection method where each individual’s fitness is evaluated

against the best competitors of the preceding generations in order to measure the “Red Queen effect”

of fitness landscapes on predator and prey agents and to investigate co-evolutionary progress.
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Fig. 2: Simulated models of sensors for predator and
prey robots[]
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Fig. 3: Method of selecting opponent]
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Fig. 4: Maximum fitness at each generationl]
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Fig. 5: « as a function of the correlation (Ej) for each
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Fig. 6: Current individual vs. ancestral opponents (OP1)0
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Fig. 7: Current individual vs. ancestral opponents (OP2)0
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