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Generation of Team Behavior Based on State Value Estimation of Self and Others
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This paper presents a method that utilizes state value functions of macro actions to explore
appropriate behavior efficiently in a multi-agent environment. First, the agent learns a few
macro actions and the state value functions based on reinforcement learning beforehand.
Second, an appropriate initial controller for learning cooperative behavior is generated based
on the state value functions. The initial controller utilizes the state values of the macro
actions so that the learner tends to select a good macro action. By combination of the
ideas and a two-layer hierarchical system, the proposed method shows better performance
during the learning than conventional methods. This paper shows a case study of 4 (defense
team) on 5 (offense team) game task, and the learning agent (a passer of the offense team)
successfully acquired the teamwork plays (pass and shoot) within shorter learning time.
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Fig.1 A hierarchical modular learning system
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Fig.7 A sequence of behavior when defense is in front of
passer

Fig.8 A sequence of behavior when defense is in front of
receiver
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Fig.10 A sequence of acquired behavior
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