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We developed a planning method that leverages multiple environment models to

reduce the impact of errors, and a multi-step model that directly predicts states several steps
ahead, successfully achieving efficient deep reinforcement learning. We also designed an intrinsic
reward and a latent state representation based on action similarity for unsupervised reinforcement
learning in partially observable environments, improving the generalization performance of
reinforcement learning. Furthermore, we improved the design of rewards in roguelike games, reduced
memory consumption in off-policy reinforcement learning, and realized the construction of highly
interpretable strategies through the use of hierarchical reinforcement learning.
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