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Asymmetric Actor-Critic Reinforcement Learning for Long-
Sequence Autonomous Manipulation
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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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for angle 0 in polar coordinate m
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Tab.3 Performance comparison of various methods in Task 1 under different position noise (3 (cm): success rate and average
episode steps

L=%05 L=%1.0 L=%20
Xf BT % T4 SEH) 1
YL I I /9% /\, I /9 -
INH % A I /% Ry I /% AN
ATk 99.5 745 100.0 732 100.0 724
Roman-Expert [16] 99.5 885 100.0 853 100.0 876
GAILUS! 89.5 2491 94.5 2335 83.5 2752
PPOI) 0 4000 0 0 0 0
L=%3.0 L=%4.0 L=%5.0
AT Y ) FH
FRIHE /% - B /% - FRIh /% <
° EFeRiZ ’ EFeRiZ ° ERERIZ
AKICTTiE: 100.0 724 98.0 801 95.0 921
Roman-Expert[1®) 99.5 914 97.0 1125 85.0 1629
GAILUIS! 67.0 3026 24.5 3700 45 3959
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Tab.4 Performance comparison of various methods in Task 2 under different position noise (3 (cm): success rate and average
episode steps

L==20.5 Lf==%1.0 L=22.0
PN =R = =~ -
N ¥ N P15 N 15
FTIE 1% i FTIE 1% FTIE 1%
iz iz [B] 5
ARIT7i 98.5 1378 98.0 1373 97.5 1434
Roman-Expert[!6] 81.5 2259 81.0 2303 81.5 2278
GAILUS! 44.0 3522 39.5 3569 43.5 3547
PPO! 0.0 4000 0 0 0
B=43.0 =440 B=45.0
PO WARsS T4 S 44) S
% SN R 1% SN RN /% 2N
[EIRE05 2 [H 5254 [EREwi 213
ARITTi 96.0 1525 92.5 1556 94.0 1557
Roman-Expert[16] 82.5 2210 84.0 2189 82.5 2270
GAILUS! 44.0 3484 44.5 3486 35.5 3601
PPO! 0 0 0 0/ 0
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Fig.11 Ablation experiment on imitation learning in Task 1
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Fig.12 Ablation experiment on imitation learning in Task 2
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Fig.13 Ablation experiment on state mask mechanism in

Task1
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Tab.5 The success rate of our method in task 1 when facing

different initial states of the environment

HIEFE S | HEIE SR
TR /% D2 /% TRIE/% /%

[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  The success rate of our method in task 2 when facing

different initial states of the environment

I E  EHZR | EiIFE ST
FEE/% DI /% FEEE/% DNZ/%
[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 Performance comparison of the proposed method and hierarchical learning method in Task 1 under different position
noise levels 3 (cm): success rate and average episode steps

X L7k AR ERS
B =105 B=%1.0 B=12.0 B=13.0 B=14.0 B=145.0
(%?67‘;@) 99.5 % 100.0 % 100.0 % 100.0 % 98.0 % 95.0 %
iz i?gjzm 89.5 % 84.0 % 83.0 % 69.5 % 62.5 % 53.0 %
2 iiigﬁz” 81.5% 81.0 % 76.0 % 0.64 % 57.0 % 51.0 %
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Tab.8 Performance comparison of the proposed method and hierarchical learning method in Task 1 under different position
noise levels 3 (cm): success rate and average episode steps

N ANTR L L e
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Tab.9 Comparison of rendering frame rates between the proposed method and hierarchical learning method under different

decision frequencies (FPS) in Task 1
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