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Multi-Module Learning System for Behavior Acquisition in Multi-Agent
Environment

*Kazuhiro EDAZAWA (Osaka Univ.), Yasutake TAKAHASHI (Osaka Univ.),
and Minoru ASADA (Osaka Univ.)

Abstract— The conventional reinforcement learning approaches have difficulties in handling the policy
alternation of the opponents because it may cause dynamic changes of state transition probabilities of which
stability is necessary for the learning to converge. If we can assign multiple learning modules to different
situations in which the each module can regard the state transition probabilities as consistent, then the
system would provide reasonable performance. This paper presents a method of multi-module reinforcement
learning in a multiagent environment, by which the learning agent can adapt its behaviors to the situations
as results of the other agent’s behaviors. We show a preliminary result applied to a simple soccer situation.
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Fig.1 A multi-module learning system
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Fig.2 Simulation Environment
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Fig.3 State-action space
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Table 1 Success rates between multi-module system
and one-module one

system success rate
multi-module 61 %
one-module 50 %
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Fig.4 A sequence of gating signal while the agent
executes its learned policy
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