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Abstract

Hierarchical reinforcement learning is an important branch in the field of reinforcement learn-
ing. Based on the idea of divide and conquer, a complex problem is decomposed into multiple
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sub-problems and finally the entire problem is solved. In recent years, due to the improvement of
sensor capabilities and the advancement of artificial intelligence algorithms, autonomous drone
navigation based on hierarchical reinforcement learning has become a research hotspot. This ar-
ticle provides an overview of representative articles published at home and abroad. First, it ana-
lyzes the meaning of UAVs and hierarchical reinforcement learning. Secondly, it focuses on the ap-
plication of hierarchical reinforcement learning in UAV trajectory planning and resource alloca-
tion problems.
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