F4TH F 4 oA Xk F F R Vol. 47 No.4
2025 4E 8 A JOURNAL OF NATIONAL UNIVERSITY OF DEFENSE TECHNOLOGY Aug. 2025

doi:10. 11887/j. issn. 1001-2486.24120032 http : //journal. nudt. edu. cn
H a4 F 5 B E1E WA IEXT FR Actor-Critic 384K £ =] /5%

EEY EFEHE T PR, RTR, FAERY e’
(1. BHEKS FttFFrE, did ki 410073; 2. EERBRESHRRBLAELRERT, Ak K 410073;
3. BEARRE ERMAFFR, Aid K 410073)

i ERIPIA AR E O i 28 RERL &5 AE 10 SEBR R I AL Z — o #E XL AFER 285
S TG 9 2RI PP SR F R RE AT R P2t 7 — Bl 08 B2 1 AR X B Actor-Critic 58 fb°% > 5 i, B TEAf L
RPN 55 2 I MERE RS 2 s H 2 Bk iR .l i 385 24 Critic (28 D3RI ZR 5 — Actor 2%, Jf:
IS U2 2] Dy Critic 45 AR BN TE 25l , TIT FEAR A P ST 55 2 ST MERE o fE LSRR, b, B3t P B
BEoy o) ik RIS~ 3 Ay it e o 41 (3 v o ek PN 54 D0y SRS, T — AP 48 g o 20 RO Y [ I g 5 5
WERZALPERE . 1) AL ~F SR 3 KA1 B A i FLAS SRR 1207 ik R f m T HLas N PR g
12 ) BRGS0 n

KA : A EAHLER A 581627 > 5 Actor-Critic ; K P FI4R A

& 435 TP249 XEARERG A NEHS 1001 —2486(2025)04 - 111 —12

Asymmetric Actor-Critic reinforcement learning for long-sequence
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Abstract: Long-sequence autonomous manipulation capability becomes one of the bottlenecks hindering the practical application of intelligent
robots. To address the diverse long-sequence operation skill requirements faced by robots in complex scenarios, an efficient and robust asymmetric
Actor-Critic reinforcement learning method was proposed. This approach aims to solve the challenges of high learning difficulty and complex reward
function design in long-sequence tasks. By integrating multiple Critic networks to collaboratively train a single Actor network , and introducing GAIL
(generative adversarial imitation learning) to generate intrinsic rewards for the Critic network, the learning difficulty of long-sequence tasks was
reduced. On this basis, a two-stage learning method was designed, utilizing imitation learning to provide high-quality pre-trained behavior policies
for reinforcement learning, which not only improves learning efficiency but also enhances the generalization performance of the policy. Simulation
results for long-sequence autonomous task execution in a chemical laboratory demonstrate that the proposed method significantly improves the
learning efficiency of robot long-sequence skills and the robustness of behavior policies.
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Fig.7 Comparison of motion trajectory of

different training methods in task 1
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Fig.8 Comparison of motion trajectory of

different training methods in task 2
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Fig. 10 Entropy curves of Actor networks trained using

different methods in task 2
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Tab.3  Performance comparison of various methods in task 1 under different position noise 8

B=+x0.5cm B=+1.0cm B=+%2.0cm
PN iR T § T Ty
BT e P masn PPV e
AR5k 99.5 745 100. 0 732 100. 0 724
Roman-Expert "¢/ 99.5 885 100. 0 853 100. 0 876
GAIL!™ 89.5 2 491 94.5 2 335 83.5 2752
pPPO! 0 4 000 0 0 0 0
B=+%3.0cm B=+4.0 cm B=+£5.0cm
e HI %/ % T T "
EIFEPI e EIFEEIZ EIFEPIZ
AT 100. 0 724 98.0 801 95.0 921
Roman-Expert''"’ 99.5 914 97.0 1125 85.0 1 629
GAILM™ 67.0 3026 24.5 3700 4.5 3959
ppO! 0 0 0 0 0 0
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Tab.4  Performance comparison of various methods in task 2 under different position noise 8

B=+x0.5cm B=+1.0cm B=+%2.0cm
PR iReS T . T . T
%/, R/ % R/ %
L pasn  OF e 1 4 48
AR B 98.5 1378 98.0 1373 97.5 1434
Roman-Expert''"’ 81.5 2259 81.0 2 303 81.5 2278
GAIL!M® 44.0 3522 39.5 3 569 43.5 3 547
pPPOM! 0 4 000 0 0 0 0
B=x3.0cm B=x4.0 cm B=%5.0cm
R H ik ‘ Ty ‘ Ty ‘ Ty
K/ R/ % R/ %
R wmppn P e YT napy
AT e 96.0 1525 9.5 1556 94.0 1557
Roman-Expert'"’ 82.5 2210 84.0 2189 82.5 2270
GAIL!! 44.0 3 484 44.5 3 486 35.5 3 601
PPO!™! 0 0 0 0 0 0
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Fig. 14 Ablation experiment result on state mask

mechanism in task 2
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Tab.5 Success rate of our method in task 1 when

facing different initial states of the environment

WP fEs— || WP 5
TEEE/ % I/ %o B/ % RIE %
[0,25) 99.5 [55,65) 100.0
[25,35) 100.0 [65,75) 96.0
[35,45) 99.0 [75,85] 74.0
[45,55) 100.0
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Tab.6 Success rate of our method in task 2 when

facing different initial states of the environment

BIORE S || IR fE5s
T/ % I/ % T/ % JRINA/ %
[0,10) 98.5 [40,50) 98.5
[10,20) 99.5 [50,60) 97.5
[20,30) 99.0 [60,70] 99.0
[30,40) 98.0
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Tab.7 Success rate comparison of the proposed method and hierarchical learning method in task 1

under different position noise levels 8

%
PONEAIRFS B=%0.5cm B==x1.0cm B=%2.0cm B==%3.0cm B==40cm B==50cm
AR (R 6 x 10° 4) 99.5 100.0 100.0 100.0 98.0 95.0
RS P (6 x10° ) 89.5 84.0 83.0 69.5 62.5 53.0
Ay RS TP (12 x10° 4) 81.5 81.0 76.0 0. 64 57.0 51.0
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Tab.8 Success rate comparison of the proposed method and hierarchical learning method in task 1
under different position noise levels 8
%
Xt T B=%0.5cm B==x1.0cm B==+2.0cm B=+3.0cm B=x40cm B==x50cm
ARSI (B 98.5 98.0 97.5 96.0 92.5 94.0
Ay EEe s g (6 x10° 4) 96.0 91.5 97.0 97.5 95.5 90.5
AR HERT (126 x10° ) 100.0 98.0 99.5 98.0 99.5 99.5
K9 EE—PAEXFEMPEFIFEERRRRIFETERMEL LR
Tab.9 Comparison of rendering frame rates between the proposed method and hierarchical learning method
under different decision frequencies in task 1
P i/ s
ENEPS v e
PONEIRFS
10 20 25 40 100 200 1 000
ATk 552.8 550.3 550.2 538.6 535.6 518.8 455.7
AN By, b S 537.5 534.2 535.2 523.4 522.3 513.2 345.1
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