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Reinforcement learning method via meta-learning the
exploring latent variable

LI Yiying'? , ZHOU Wei**
(1. National Innovation Institute of Defense Technology, Academy of Military, Beijing 100071, China;
2. The PLA Unit 32806, Beijing 100091, China; 3. Xi'an Satellite Control Center, Xi'an 710043, China)

Abstract; Aiming at the issues of low utilization of interaction data or the need for additional task data in traditional agent exploration work ,
an online-learnable exploration latent variable that characterizes the current task features to assist the policy network in behavioral decision-making
was Innovatively introduced. There was no need for additional multi-task data or additional environmental interaction steps in the current task. The
exploring latent variable was updated in the learnable environment model, and the environment model underwent supervised updates based on the
intelligent agent and real environment interaction data. The exploration in advance in the simulated environment model was assisted by the exploring
latent variable, and thus the performance of agents in the real environment was improved. The performance in typical continuous control tasks was
raised by about 30% in the experiments, which was of guiding significance for the single-task exploration and meta reinforcement learning research.
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