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Simultaneous Learning to Acquire Competitive Behaviors
in Multi-Agent System based on Modular Learning System
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The existing reinforcement learning approaches have been suffering from the policy alterna-
tion of others in multiagent dynamic environments. A typical example is a case of RoboCup
competitions since other agent behaviors may cause sudden changes in state transition prob-
abilities of which constancy is needed for the learning to converge. The keys for simultaneous
learning to acquire competitive behaviors in such an environment are

e a modular learning system for adaptation to the policy alternation of others, and
e an introduction of macro actions for simultaneous learning to reduce the search space.

This paper presents a method of modular learning in a multiagent environment, by which
the learning agents can simultaneously learn their behaviors and adapt themselves to the
situations as consequences of the others’ behaviors.

Key Words: reinforcement learning, competitive behaviors acquisition, multi-agent system,
modular learning system, simultaneous learning, macro actions, and RoboCup
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2 A Multi-Module Learning System
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Fig.1 A multi-module learning system
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3 Task and assumption
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Fig.2 Task, macro actions, and state spaces of passer
and intercepter
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Fig.3 a sequence of a behavior of passing a ball to the
left receiver in simulation
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Fig.4 a sequence of a behavior of intercepting a pass to
the left receiver in hardware
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Fig.5 Curves of success rate in simulation
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Table 1 success rate in simulation

] passer | intercepter | passer’s success rate[%] [ intercepter’s success rate [%] | draw rate[%] |

LMO,LM1 LMO 59.0 23.0 18.0
LMO,LM1 LM1 52.7 34.3 13.0
LMO | LMO,LM1 25.6 55.0 19.4
LM1 | LMO,LM1 26.0 59.3 14.7
LMO,LM1 fixed 84.0 9.3 6.7
fixed | LMO,LM1 2.0 91.7 6.3
LMO,LM1 | LMO,LM1 37.6 37.3 25.1
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Fig.6 The transition of passer’s reliablility by change of
intercepter’s policy in simulation
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