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A gradient algorithm based on three-valued estimation
method for depth double-deterministic strategy

WANG Wenlong, ZHANG Fan, TANG Chao, LI Xu, HAO Zhengyang, ZHANG Fanyang

(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract; Deep reinforcement learning algorithms are increasingly widely used in the field of robot control, but algorithms used in
continuous action spaces, such as DDPG, have always had the problem of overestimation, and their application in the field of robot
control is not yet mature. In order to improve the accuracy of target value estimation in deep reinforcement learning algorithms and
obtain a more suitable deep reinforcement learning algorithm for robot control, this paper proposes a deep doubly deterministic
strategy gradient algorithm based on the three—value estimation method. The algorithm uses the three-value estimation method to
estimate the target critic network “s estimation, and calculates the target value as the evaluation standard for the current network,
adopting a dual deterministic strategy network to generate the optimal strategy at the current time step, and incorporating OU noise
that is more suitable for deep reinforcement learning control of robotic arms into the action strategy. Experimental results have shown
that this algorithm can perform better in complex models and environments.
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Fig. 11 Average reward per 100 frames
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