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An Overview of Deep Reinforcement Learning Based on
Curriculum Learning

LIN Ze-yang,LAI Jun,CHEN Xi-liang
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Abstract; As a machine learning method to solve sequential decision making, reinforcement learning adopts interactive trial—and —error
method to learn the optimal strategy, which can fit human intelligent decision—making mode. Deep reinforcement learning based on
curriculum learning is a new research hotspot in the field of reinforcement learning. Aiming at the problems of low learning efficiency and
hard convergence in high — dimensional state space and action space faced by reinforcement learning agents, by extracting common
knowledge of one or more simple source task training in the process of optimization, the learning of complex target tasks can be
accelerated or improved. Firstly, we introduce the basic knowledge of curriculum learning and summarize the latest research progress of
curriculum learning in deep reinforcement learning from four perspectives, including the curriculum learning based on network
optimization , curriculum learning based on multi — agent cooperation, curriculum learning based on the ability evaluation, curriculum
learning based on the functions. Then we analyze the latest development of curriculum reinforcement learning and summarize the existing
problems and solutions of curriculum learning in deep reinforcement learning. Finally, based on the application of current curriculum
learning in deep reinforcement learning, the development and research direction of curriculum reinforcement learning are summarized.
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