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On an improved algorithm of proximal policy optimization

FEI Zhengshun, WANG Yanping, GONG Haibo, XIANG Xinjian, GUO Junhao
(School of Automation and Electrical Engineering. Zhejiang University of

Science and Technology, Hangzhou 310023, Zhejiang, China)

Abstract: Proximal policy optimization (PPO) is to sample and estimate another distribution
from the vicinity of a known distribution, and realize optimization by learning from the vicinity
of the old policy with the new one, in which the old policy is the approximate distribution of the
new one. [ Objective] Aiming at the problem of the undesirable efficiency and convergence of PPO
algorithm in reinforcement learning, an improved PPO algorithm was proposed. [ Method] Firstly, a
new loss function was proposed to update the network parameters in PPO algorithm. and
generalized dominance estimation (GAE) was adopted to describe the dominance function;
secondly, a multithreading strategy similar to that in the asynchronous advantage actor-critic
(A3C) algorithm was used to train agent; finally, a new parameter update method was designed

to realize the update of parameters in both primary and secondary networks. [ Result] The

K EHI: 2021-08-30

E&TH: WiilaE| AU R ITR H (2018C01085) s Wi VLA A SR Bl 2 A4 1 H (1LQI5F030006) ; i IL4 # & JT B0 15
H (Y202249418) s Wi LR} 2 Be 0F 78 A= BHBIF BB B 4 300 H (2021yjske04)

BEMEE: UL DB LA KRN BB i, TENFE N T M A ARV . E-mail: 188002@

zust. edu. cn,



24 W TLR B B o 4 %35 %

simulation results show that this method can facilitate the agent’s faster learning and training,
with better convergence in its training process; thanks to multithreading, its training speed will
be at least 5 times faster than the conventional PPO algorithm. [ Conclusion]| The performance
of the improved algorithm of proximal policy optimization is better, which can provide a new
idea for the subsequent study of reinforcement learning algorithm.

Keywords: reinforcement learning; proximal policy optimization; generalized dominance estimation;

multithreading
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Fig. 1 Process of reinforcement learning
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