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Reinforcement learning (RL) is a promising approach to realizing autonomous
robots that work in the real world. However, RL faces challenges in learning efficiency and
adaptation to changes in the environment. This study aimed to develop a framework for deep RL that
can be adapted to changes in the environment by learning various types of movements and using them
differently. First, we constructed an algorithm that finds diverse solutions to the problem of
trajectory optimization, which is necessary for robot motion planning. Using this knowledge, we also

developed an algorithm for deep RL that can find and model a myriad of solutions. We also showed
that the algorithm can efficiently adapt to changes in the environment by using a variety of

behaviors obtained by the proposed algorithm.
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