$52% Ho5H H 3 & % Vol. 52, No. 5
2026 4 5 A ACTA AUTOMATICA SINICA May 2026

LR AL AR T EN S AR F S4EH]

FHE BEE ABES BFMRS Ox
B OFE NLWPROTENE AL RSN AR, SR 3T N LA RIS 5 B B A 22 L, sh=Z AR — R TT R
2R AL ETxE L i R, S0 AEALE N IR 2 N VLA RS 5 0 [, ASCER b e 22 SN LI I IR AR B0 ) B AL
i NBEUE, IR SO I T ST T R A 2 ST R E B I S AT T LA T BRSO N BR AR S RN
TS 3Rl A A SR AL, I DR AT FL S AR iR 5 i S 5 B0 R B RN AR I8 Bl s o, FE05 FOIA SR g 3 T
2R i UKl ) e AL R B TR S 2 1A B 2 R S i R 8%, DL soft Actor-Critic SIEHEAT SR 2) IFAT I 25,
BRIV 32 5 ek iz s LA P 1) S . K32 B SRS v A2 e J 19 B LA s 277 UK SEREBL, SEELA R0 22 10 P 5 g e g 2,
KR TR M5 AE 22 2142 1 B N LA R GER AT AT k.
KgiE  PiAENLER N NTIULA; SR 6551 BARHLEE A ; 18535
SIMMEX AIE, Bk, REZE, D, 03 TOR N TV IR 07 E R8s s S ). B34k, 2026, 52(5):
953-965

DOI 10.16383/j.aas.c250508 CSTR 32138.14.j.aas.c250508

Reinforcement Learning Control for Bioinspired Robots Driven by
Redundant Artificial Muscles

NIU Peng-Jun' CHENG Yi-Tao' ZHU Yan-Chen® LI Kan® LIU Ke'

Abstract Artificial muscles are key actuation components for bioinspired robots. However, their current applica-
tions remain far from the capabilities of biological muscle systems, particularly due to the lack of redundant and co-
ordinated multi-muscle actuation similar to that found in living organisms. To address the challenge of complex ar-
tificial-muscle actuation and coordination in bioinspired robots, this study proposes a soft robotic design driven by
multiple artificial muscles arranged in parallel and develops a reinforcement learning-based locomotion control
strategy for this design. A prototype was developed using a flexible cross-shaped printed circuit board as the main
body, integrating six liquid crystal elastomer artificial muscles and their driving circuits. Its strain characteristics
and dynamic response performance were experimentally characterized. Considering the deformation and locomotion
characteristics of the prototype, a simplified tendon-driven model was constructed in a simulation environment. By
properly designing the state space, action space, and reward functions, parallel reinforcement learning training was
conducted using the soft Actor-Critic algorithm to obtain coordinated muscle activation strategies for translational
and rotational locomotion. The stable periodic segments of the learned locomotion policies were then extracted and
used to drive the physical prototype offline. The robot achieved effective multidirectional translation and rotation,
demonstrating the feasibility of using reinforcement learning to control complex artificial-muscle-driven systems.
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Fig.2 Fabrication and encapsulation of artificial muscles
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Tension-compression mechanical performance testing
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