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Abstract The research on continuous control in reinforcement learning has been a hot topic in recent years. The deep determinis-
tic policy gradient (DDPG) algorithm performs well in continuous control tasks. DDPG algorithm uses experience replay mecha-
nism to train the network model,and in order to further improve the efficiency of experience replay mechanism in the DDPG algo-
rithm,the cumulative reward is used as the transition classification basis, a deep deterministic policy gradient with episodic
experience replay (EER-DDPG) algorithm is proposed. First of all.the transitions are stored in the unit of episode,and two replay
buffers are introduced respectively to classify the transitions according to the cumulative reward. Then, the quality of policy can be
improved in network model training period by random sampling of the episodes with large cumulative reward. In the continuous
control tasks, this algorithm is verified by experiments, and compared with DDPG algorithm., trust region policy optimization
(TRPO) algorithm and proximal policy optimization (PPO) algorithm. The experimental results show that EER-DDPG algorithm

has better performance.
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Fig. 1 Interaction process between agent and environment
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Fig. 2 Diagram of actor-critic framework
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DDPG 6742.92 8191.08 1681. 88
PPO 2421.20 3732.71 1234.31
HalfCheetah-v2
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PPO 528. 88 693.76 97.82
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TRPO 449.79 623. 65 99. 66
EER-DDPG 601. 26 1450. 66 238.55
DDPG —10.85 —9.73 3.48
PPO —13.19 —5.35 14.01
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TRPO —11.78 —4.45 15.47
EER-DDPG —7.91 —7.05 3.46
DDPG 88627.77 93378.53 5616. 40
Humanoid- PPO 86546. 59 113756. 64 12669.91
Standup-v2 TRPO 108895.97 150891. 69 28454.02
EER-DDPG 102329. 45 104 816.12 6926.52
DDPG 13. 40 34.53 5. 80
PPO 50. 20 69.40 12.03
Swimmer-v2
TRPO 65.43 117.83 27.99
EER-DDPG 33.18 48.25 10. 11
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