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PPO Algorithm with Maximum Entropy Correction and GAIL

WANG Zening, LIU Lei

(The 15th Research Institute, China Electronics Technology Group Corporation, Beijing 100083, China)

Abstract: To enhance the exploration and stability of intelligent agents during policy optimization, and to improve the is-
sues of agents falling into optima and setting reward function in reinforcement learning, a proximal policy optimization (PPO)
algorithm based on maximum entropy correction and generative adversarial imitation learning (GAIL) is proposed. A maxi-
mum entropy correction term is introduced in the PPO framework. By optimizing policy entropy, the agents are encouraged
to explore among multiple potential suboptimal policies, thereby comprehensively evaluating the environment and developing
more better strategies. Meanwhile, to solve poor training performance caused by unreasonable reward function settings in the
reinforcement learning, the GAIL idea is introduced to guide the gents to learn through expert data. Experimental results
demonstrate that the PPO algorithm with the maximum entropy correction and GAIL is introduced to achieve remarkable per-
formance in reinforcement learning, effectively improving learning speed and stability while avoiding performance degradation

caused by unreasonable reward function settings in the environment. This algorithm provides a novel solution in the field of

reinforcement learning, it is of great significance for dealing with challenging continuous control problems.
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