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Understanding Behaviors of The Other Agent

Applying Reinforcement Learning to Soccer Robot in Multi-agent Environment
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Abstract : We have previously applied the vision-based reinforcement learning for
the integration of a set of tasks of which states are not completely independent of each
other in an environment including the other competitive agent. However in a multi-
agent environment, it is difficult for multiple robots to learn simultaneously because
the environment including the other learning agent changes randomly in the early
learning state. In this paper, we discuss the issues in the understanding behaviors
of other agent from observation. Principal component analysis is used to analyze
the observation matrix, and the robot computes the loss of information in order to
discriminate the behavior between 4 typical behaviors. Simulation results are shown

and the discussion is given.

Key Words : behavior understanding, multi-agent environment, observation, soccer
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