COMA 713V XL X 2% v B —F7 — LD TE)22H

KH TR

RBORZEIRMEI 2 o v o — ZREERE
hiroki.nagai.3g@stu.hosei.ac.jp

Abstract

Reinforcement learning is a machine learning technique
in artificial intelligence in which a learner, called an agent,
learns optimal behaviour by trial and error to maximise re-
wards in an environment where the learner’s behaviour can
be evaluated. In this study, reinforcement learning is ap-
plied in the context of a multi-agent system in the Google
Research Football football simulation environment to im-
prove agent performance. Specifically, in this environment
where interaction plays an important role, the Counterfac-
tual Multi-Agent Policy Gradients (COMA) algorithm is
used to enable individual agents to use centralised Critic
and learn optimal action learning to select the best action
given the behaviour of other agents. The experiment was
conducted by training in different FootBall Academy sce-
nario environments and evaluating the results in terms of
scores. The results showed that the maximum reward of a
score of 2.0 was obtained in the academy-empty-goal-close
scenario, and higher scores were obtained as the number of
participants increased. As a factor, we estimate that the
addition of the checkpoint reward improved accuracy and
created a more accurate agent.
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