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deep reinforcement learning for imperfect and multi-player environments
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This study extends deep reinforcement learning techniques into imperfect and
multi-player games. As AlphaZero demonstrated, Al agents can learn decent strategies in perfect
information games by reinforcement learning techniques. However, the learning is still difficult in
more complicated situations, e.g., where some information is hidden and/or more than two agents are
involved. Therefore, this study focused on learning in imperfect and multi-player games as a
representative of challenging tasks.
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