CUEET RS 2 M xR % W Vol. 43 No. 5
2022 4E 5 H Chinese Journal of Scientific Instrument May 2022

DOLI: 10. 19650/j. cnki. ¢jsi. J2209304

—METERX MK SEEZHR
es NI BEF I T

FRR AME F o7 KR, HES
(L #EKAEBRES TR B2 066004; 2. WALE T EHUBIIEAR S REERESLERE FEE  066004;
3AbRERRHE R ASkaERe dbaT 100192)

& E AL P AL S SN A8 A d22F ) PR 2 B T V2 WY, S0 8 22 (8] X D )2 48 T ITUBUSOR 9 G i, AR S
Pt — T I T A B R 45 SRR AL B TR BE 9 AL 2 ST 351 GARL-DQN, T 2%, i A= AT M 45 i A BIHE 48 DON o Il 2k
S SIECZ RIPRF HEAL s ok 8 MDP i sy S 8L T Hbrxt R 020k, % R 5 250 R HLH] ( HER ) $12 55 28 56 3R A< i
R R B BGRAS B ABEHL CGETR ) M2 45k 42 M Bk Wz AL RE s a3 h T 12 AN &, EIMBUR o R 5 7
BIig shk Be b 1 50 4 Fhom kb a7 L, e RN B8 e AN R bR 43 3R 91. 5% 1 3. 406; 78 H 8 T H Y 5 h A8 4
43R 85.2% Fl 8. 6, B0iiE T GARL-DQN 7L FEAR AILES N HED I A] S ATz £ [n) fE 1 A A 32k

KB  HEIE AR 2T 5 2R OB M 4% s DN B2 £k

RE4 %S THI01 TP242 XERERIREE . A EXREFERSERD; 520.201

Robot pushing and grasping skill learning method based
on generative adversarial network and model generalization

Wu Peiliang"? , Liu Ruijun’?,Li Yao',Chen Wenbai®,Gao Guowei’

(1. School of Information Science and Engineering, Yanshan University, Qinhuangdao 066004, China;
2. The Key Laboratory for Computer Virtual Technology and System Integration of Hebei Province, Qinhuangdao 066004, China;
3. School of Automation, Beijing Information Science and Technology University, Beijing 100192, China)

Abstract: Autonomous learning of robot pushing and grasping skills in the cluttered environment has been widely studied. The
cooperation between them is the key to improving grasping efficiency. In this article, a deep reinforcement learning algorithm GARL-
DQN based on the generative adversarial network and model generalization is proposed. Firstly, the generated adversarial network is
embedded into the traditional DQN to train the coevolution between pushing and grasping. Secondly, some parameters in MDP are
formulated based on the goal object, and the hindsight experience replay mechanism (HER) is used for reference to improve the sample
utilization of the experience pool. Then, according to the image state, a random ( convolution) neural network is introduced to improve
the generalization ability of the algorithm. Finally, 12 test cases are designed and compared with the other four methods in terms of grasp
success rate and average motion times. In the regular block cases, two indicators are 91. 5% and 3. 406, respectively. In the daily tool
scene, two indicators are 85.2% and 8. 6, respectively. These results show the effectiveness of the GARL-DQN algorithm in solving the
problems of robot pushing and grasping cooperation and model generalization.
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Deep reinforcement learning robot operation skill framework based on GARL-DQN
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Fig.5 Comparison of grasp success rate of train stage
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Fig. 6 Eight test cases of regular object blocks
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Fig. 7 Comparison of grasp success rate of regular

object blocks
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Fig.8 Comparison of average motion times of regular object blocks
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Table 1 Average performance of regular object blocks cases

Jik IIBALIZE /% V318 B
RAND 17.5 4.775+0. 60
Grasping-only 35.0 4.325+0. 98
VPG 70.0 4.025+0. 83
GIT 87.5 3.675+0. 90
Ours( GARL-DQN) 91.5 3. 406x0. 50
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Fig. 9 Four test cases of daily tools
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Table 2 Average performance of daily tool cases

Tk PRIBUR I/ % FIEEREL
RAND 15.5 15. 14
Grasping-only 34.2 12.63
VPG 52.4 10. 81
GIT 61.3 9.85
Ours( GARL-DQN) 85.2 8.60
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