58742 e} ololHE 75} B5e Sle
vo]2 o]xjek 7]k A} A e

A Naive Bayesian-based Model of the Opponent’s Policy for Efficient
Multiagent Reinforcement Learning
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An imporfant issue in Mulfiagent reinforcement Jeaming is how on agent should ieam iis optimal policy in @ dynamic
environment where there exist other agents able fo influsnce ifs own performance. Most previous works for Multiagent
reinforcement leaming tend fo opply single-agent reinforcement leaming fechniques without any extensions o require some
unrediistic assumptions even though they use explicit models of other agenfs. In this paper, a Naive Bayesian based policy mode
of the opponent agent Is infrocuced and then the Mulfiagent reinforcement learming method using this model is explained. Unlike
previous works, the proposed Multiagent reinforcement leaming method utilizes the Nalve Bayesion based policy model, not the &
function mode! of the opponent agent. Moreover, this leaming method can improve leaning efficiency by using o simpler one
than other richer but time-consuming policy models such ¢s Finife State Machines(FSM) and Markov chairs. In this paper, the Cat
and Mouse game is infroduced as an adversaricl Mulfiagent environment. And then effectiveness of the proposed Naive Bayesion
based policy model s onadlyzed through experiments using this game s test-bed.
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