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On/off-policy Hybrid Deep Reinforcement Learning and Simulation in Control Tasks
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Recently, deep reinforcement learning with neural network shows great performance in tasks such as game Al and
robotics control tasks. However, on-policy and off-policy reinforcement learning methods proposed in related works
have problems such as slow exploration speed. To solve these problems, we propose a hybrid deep reinforcement
learning method which combines on-policy and off-policy reinforcement learning in this paper. The comparison
experiment shows that the proposed method outperforms classic DDPG and DPPO method with an obvious

advantage.
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(a) Atari (b) Humanoid

(c) FetchPush

(d) HandManipulateBlock
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Algorithm 1 on/off-policy algorithm

1: initialize Replay Buffer M;
2: initialize Network Tmain, Ttarget, @main, Qtarget;
3: for ¢ in Max_Iterations do

4: for w in N_Workers do
5: reset Iteration Buffer Z;
6: for ¢t in 7" do
7 at, ctyhe Wtarget(st);
8: at < Random Action with e;
9: St+1,7t — Environment(ay);
10: store (S¢, at, T, St+1,Ce, he) in Z;
11: end for
12: store Z in M;
13: update 0 . with L'/ (69);
14: update 67, ., with LPI(0™);
15: eg,rget —(1—1)%* egzrget + Tk 9f§3am%
16: agarget — (1 - T) * ezrarget + 7 % efnain;
17: end for
18: sample random transition Batch;
19: update 0%, with L?(6%9);
20: update 07, 5, with L™(67);
21: gt%rget — (1 - T) * GtQarget + T * egain;
22: Olarget < (I—7)% Ofarget + T % Oain;

23: end for
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#* 2: Hyper Parameters

T | 1024
N_Worker | 5
0.00004-0.000001
0.00008-0.000002

7 learning rate
Q@ learning rate

batch_size | 32
epoch | 5
sample_size | 640
7 | 0.2
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4: Performance Comparison of DDPG, DPPO and
Proposed Method on benchmark task Humanoid
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