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Reinforcement Learning of cooperative incomplete information game,

Hanabi by policy gradient method

Abstract: In recent years, research in the field of Al has focused on complex environments, and the field of rein-
forcement learning for multi-agent systems has recently attracted much attention. Various situations, such as traffic
systems, economic situations, and election voting, are formed by the interaction of multiple agents, and research on
multi-agent reinforcement learning is being promoted with the expectation that reinforcement learning will play a part
in solving these problems. A board game called Hanabi, recently developed as a benchmark for cooperative multi-agent
reinforcement learning, is an imperfect information game. In Hanabi’s research, on-policy methods in the usual setting
do not work well due to the low sample efficiency of partial observations and multiple agents, and off-policy methods
have generally been used.However, in recent years, some studies have shown that on-policy methods can achieve the
same level of results without losing sample efficiency by changing the settings. The important part here is that the
learning efficiency is improved by adjusting the parameters. In this study, we analyzed and confirmed the key learning
settings for Hanabi, a cooperative imperfect information game, in more detail.
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4.2.5 Gated Recurrent Unit (GRU)
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