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Hierarchical Reinforcement Learning Method Based on Trajectory Information

XU Yapeng' ,LIU Quan'? and LI Junwei'
1 School of Computer and Technology, Soochow University, Suzhou, Jiangsu 215006 , China

2 Provincial Key Laboratory for Computer Information Processing Technology.Soochow University,Suzhou, Jiangsu 215006 , China

Abstract The option-based hierarchical reinforcement learning(O-HRL) algorithm has the characteristics of temporal abstrac-
tion, which can effectively deal with complex problems such as long-term temporal order and sparse rewards that are difficult to
solve in reinforcement learning. The existing studies of O-HRL methods mainly focus on data efficiency improvement by increa-
sing the sampling efficiency as well as the exploration ability of the agent to maximize its probability of obtaining excellent expe-
riences. However,in terms of policy stability,the high-level policy guides the low-level action by only considering the state, resul-
ting in the underutilization of option information, which leads to the instability of the low-level policy. To address this problem,a
hierarchical reinforcement learning method based on trajectory information(THRL) is proposed. THRL uses different types of
information of option trajectories to guide the selection of low-level actions,and also generates inferred options by the obtained
extended trajectory information. A discriminator is introduced to use the inferred options and the original options as inputs to ob-
tain internal rewards,which makes the selection of low-level actions more consistent with the current option policy,thus solving
the instability problem of low-level policies. The effectiveness of THRL is verified by applying it to the MuJoCo environment,
along with the best deep reinforcement learning algorithms,and experimental results show that the THRL algorithm has better
stability and performance.

Keywords Option, Hierarchical reinforcement learning, Trajectory information, Discriminator, Deep reinforcement learning
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Table 3 Final performance of THRL and SAC
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