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Deep Deterministic Policy Gradient With Classified Experience Replay

SHI Sheng-Miao' LIU Quan®?**

Abstract The deep deterministic policy gradient (DDPG) algorithm achieves good performance in continuous con-
trol tasks. In order to further improve the efficiency of the experience replay mechanism in the DDPG algorithm, a
method of classifying the experience replay is proposed, where transitions are classified in two branches: deep
deterministic policy gradient with temporal difference-error classification (TDC-DDPG) and deep deterministic
policy gradient with reward classification (RC-DDPG). In both methods, two replay buffers are introduced respect-
ively to classify the transitions according to the degree of importance. Learning can be speeded up in network mod-
el training period by selecting a greater number of transitions with higher importance. The classification experience
replay method has been tested in a series of continuous control tasks and experimental results show that the TDC-
DDPG and RC-DDPG methods have better performance than the DDPG method with random selection of trans-
itions.
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Fig.1 CER-DDPG algorithm structure diagram
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Fig.2  Comparison of experimental results
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Table 1  Experimental data in continuous action tasks
155 2% Bk AR RS bRz
DDPG 3 360.32 5 335.23 1 246.40
HalfCheetah TDC-DDPG 5 349.64 9 220.27 2 368.13
RC-DDPG 3 979.64 6 553.49 1 580.21
DDPG 551.87 1 908.30 307.86
Ant TDC-DDPG 521.42 1 863.99 296.91
RC-DDPG 772.37 2971.63 460.05
DDPG 404.36 822.11 114.38
Humanoid TDC-DDPG 462.65 858.34 108.20
RC-DDPG 440.30 835.75 100.31
DDPG 506.10 1 416.00 243.02
Walker TDC-DDPG 521.58 1919.15 252.95
RC-DDPG 700.57 3 292.62 484.65
DDPG 422.10 1 224.68 180.04
Hopper TDC-DDPG 432.64 1 689.48 223.61
RC-DDPG 513.45 2 050.72 257.82
DDPG 34.06 63.16 16.74
Swimmer TDC-DDPG 44.18 69.40 19.77
RC-DDPG 38.44 71.70 21.59




1822 H Zf) (4 =4 i 48
— TDC-DDPG 1750 F~—"TDC-DDPG
— RC-DDPG L — RC-DDPG
8000F _TRPO LS00 TRPO
— PPO ~ 1250 PPO
= L =
g 6000 £1000}
& 2
< 4000 s 0] /’\/W/'\.f\'\
< < i
: : 500 ! f Y
Z 2000} Sk s g Z 250}
/ 0k
0F
—250
0 100 200 300 400 500 0 100 200 300 400 500
Training epochs Training epochs
(a) Halfcheetah (b) Ant
150
— TDC-DDPG
900 — RC-DDPG 125
800L — TRPO
g 700 PPO -'\.m :%« 100
£6 £ 75
— -
&9 % 50
< <
g4 £ 95
< 3 < — TDC-DDPG
ok — RC-DDPG
— TR
—25 PPO
0 I 1 n 1 u Pl n fl
0 100 200 300 400 500 0 100 200 300 400 500
Training epochs Training epochs
(¢) Humanoid (d) Swimmer
K3 CER-DDPG 5 e S B 2 501 (1 s 3o L
Fig.3 Experimental comparison of CER-DDPG with the latest policy gradient algorithm
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