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Two-stage TD3 Deep Reinforcement Learning Algorithm with
Q Network Filtration

ZHOU Xian-wei,BAO Ming-hao,YE Xin, YU Song-sen
(School of Software , South China Normal University , Foshan 528000 , China)

Abstract ; Training of conventional deep reinforcement learning model starts from “zero” , with random initialization strategy , which leads
to low exploration efficiency,low sample learning rate and low network convergence of the agent in the early stage of training, which is
also known as the cold start problem. To solve the problem, most of the current work use the two-stage deep reinforcement learning
training mode. However,the agent using this method may forget the demonstration action after the transition from imitation learning to
deep reinforcement learning, which is manifested as an abrupt decline in performance and reward. Therefore,a two—stage TD3 deep rein-
forcement learning method with Q network filtering is proposed. Firstly,collecting expert demonstration data,the pre—training of Actor
network and Critic network is carried out respectively by using imitation learning—behavior cloning and TD3 model Q network update for-
mula. Further,in order to avoid the pre—trained Actor network mistakenly selecting overvalued actions out of the demonstration data set
while the strategy gradient update is taking place, resulting in forgetting the demonstration actions, we propose a Q network filtering
algorithm to filter out the overvalued action outside the demonstration data set in the pre — trained Critic network, and keep the
demonstration actions as the highest value actions, effectively alleviating the phenomenon of forgetting. Experiments were carried out on
the Mujoco robot simulation platform provided by Deep Mind to verify the effectiveness of the proposed algorithm.
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