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Possibility of Evolutionary Methods for Optimization of Exploration Ratio
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I investigate a possibility to utilize selfish evolutionary methods to find optimal exploration ratio under multi-
agent learning (MAL) environment. I conducted several experiments of MAL for repeated resource sharing of
nonstationary environments. The results of the experiments tell that evolutionary search methods to adjust explo-
ration ratio in selfish-way have difficulty to reach social optimal in exploration ratio.
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NRSP = (A,C,r)
A = {ai,a2,---,an}
R = {Ri,Re,---,Rum}
r(R) = f(dr/vr) + noises; (1)
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