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Experimental Investigation of Relation between Exploration Ratio and Environmental
Parameters in Multiagent Reinforcement Learning
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Experimental investigation of relations among optimal learning and environmental parameters are reported. In
multiagent learning (MAL) for non-stationary environment, several learning parameters affect learning performance
in combinatorial ways. In order to figure out effects of each parameters, I carried out several MAL experiments to
find mainly optimal exploration ratio. Based on the results, I try to illustrate relations among learning parameters.
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