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Behavior Coordination for a Mobile Robot Based on
Reinforcement Learning in an Environment Including a Competitive Agent

o  FEiji
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UCHIBE  Osaka University, 2-1, Yamadaoka, Suita, Osaka

Abstract : Reinforcement learning has been recently used to build an autonomous
agent that learns to accomplish non-trivial tasks. We have applied the method for
the integration of multiple behaviors of which set of states are partly inconsistent of
each other, therefore the agent sometimes misunderstands world states. This paper
presents the method to achieve multiple tasks in an environment including a compet-
itive agent, and shows how the learning agent improves its performance according to
the behavior of opponent agent. Simulation results are shown and the discussion is

given.
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Fig.1 The task of shooting a ball into the goal with
a keeper robot,
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Fig.2 The substates of state space
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Table 1 Simulation results

| [ shooting(%) [ steps/collisions |

simple sum 36.1 172.3

switchingl 39.5 6207.4

switching?2 49.6 95.2
learning 60.8 5048.5
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Fig.3 The example of inconsistent states and proba-
bility distribution(case:occlusion)
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Fig.4 Probability distribution (case:pushing,etc.)
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Fig.5 Shooting a ball into the goal without collisions
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Fig.6 Curves of shooting rate while re-learning
(with/without) LEM according to the behavior of
keeper agent
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