Jobodobooboooboobobobobobobobobobod

00 00 (00) o0000 (00,00 FRC) 000 (00,30 FRC)

Modular Learning System for Behavior Acquisition in Multi-Agent Environment

Kazuhiro Edazawa, *Yasutake Takahashi, Minoru Asada

Abstract— The existing reinforcement learning approaches have been suffering from the policy alternation
of others in multiagent dynamic environments since other agent behaviors may cause sudden changes of
state transition probabilities of which constancy is needed for the learning to converge. In this paper, we
adopt the basic idea of the mixture of experts into an architecture of behavior acquisition in the multi-agent
environment. Multiple modules are assigned to different situations and learn purposive behaviors for the
specified situations which are expected as the consequence of other agent’s behavior under different policies.
However, it is hard to assign modules automatically in the multi-agent system that has highly dynamic ones.
We show scheduling for learning is introduced to avoid the complexity in autonomous situation assignment.
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Fig.1 A multi-module learning system
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(b) A simulation environment

Fig.4 The robot and simulation screen shot
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Fig.5 A state-action space
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Fig.6 The acquired behavior for the left block policy
of the opponent
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Fig.7 The acquired behavior for the right block pol-
icy of the opponent
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(a) The opponent is blocking the left side
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Fig.8 The sequence of the reliabilities of the learning
modules
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Fig.9 Curves of success rate
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