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Research on the deep reinforcement learning based
locomotion control of a crab-like robot

Wang Shiwen,Zhang Jun, Wen Weitao,Li Hongyang, Song Aiguo

(School of Instrument Science and Engineering , Southeast University, Nanjing 210096, China)

Abstract: The research of reinforcement learning-based motion control has progressed significantly for the bipedal and quadrupedal
robots. However, the deep reinforcement learning control of octopod robots is still in the exploratory stage due to the issues such as high
degrees of freedom redundancy, easy interference at the foot end, and complex dynamic modeling. To address this problem, this paper
proposes a motion control framework of crab-like octopod robots based on the deep reinforcement learning. Firstly,, the mechanism
model and reference gait of the crab-like robot are designed by analyzing the body structure and gait of crabs, which provides the physical
prior knowledge for reinforcement learning. Subsequently, an end-to-end deep reinforcement learning training framework is designed to
imitate the reference actions of crab gaits, where a behavior cloning initialization strategy is introduced to accelerate the convergence of
the policy. At the same time, a phased reinforcement learning method is adopted to gradually increase the terrain difficulty, ensuring that
the robot can stably transfer from the flat ground gait to complex terrains. This paper further compares and analyzes different learning rate
adjustment strategies as well as the adaptability of the proximal policy optimization (PPO) algorithm with actor-critic ( A2C) , soft actor
critic (SAC), and deep deterministic policy gradient ( DDPG) algorithms. Additionally the generalization ability of model under the
dynamic disturbances and diverse terrains through domain randomization training and behavior cloning + staged reinforcement learning
methods is studied. The simulation experiment results show that the proposed framework outperforms other algorithms in training

efficiency, with the gait stability index( i.e. , the standard deviation of the five-step center of mass height) of approximately 0. 004 m.
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The robot can achieve the stable movement on complex terrains such as slopes and steps, whose motion performance is superior to that

of the trained model. Finally, a preliminary prototype experiment was conducted to verify the feasibility and stability of proposed method

in a real physical environment. In conclusion, the proposed deep reinforcement learning framework combing the biological gait imitation,

behavior cloning initialization and phased reinforcement learning provides a new technical approach for the motion control of octopod

robots.

Keywords : bionic robot; eight-legged robot; deep reinforcement learning; neural network controller; domain randomization
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Fig. 1

Schematic diagram of the walking leg structure and

rotational joints of the crab-like robot
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Fig. 2 Overall design of the crab-like robot
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Fig.3 Kinematic model of the leg of the crab-like robot
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Table 3 The model parameters utilized during the

learning rate adjustment experiment
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learning algorithms
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Fig. 10  Three-dimensional trajectories of the base for

the model before and after domain randomization
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domain randomization

k20 B AR I AL R R RS E A B S, A B
FWEE T 5 HBENCSEFN T, R BEAT A LAL AL
AT B 1A BEAILAR A0 ] I 2R 3l g2 5 O BEYLAE Y
3 AR AT X L, AR R A A e R AL AL T
FE 10 22 Gt e =4 Pun ML, =49k sy
AT ANE 12 (a) BR  EENLAL R RIRERILE X Jil (12 30 A%
) A BTG 2 R L A A B AR T I i R K
12 Y i Gzsh Hiw ) b, EEYLIE R AR B AT B, 1
(B 7 Z B BEARE I ) L, BB A A T £ 5
(ELSE /D Rt oo A SN r 2 B 5 A o BE AR RE
BRHL A 3 A AN AT 12 (b)) Bz, SR BEALAL i 4580 ) IR £
IR A BT ST, AT A o A S, X R W B AL
PCRERYTGE T 0 73 42 25 R A oA A Uk M A 55 IR 58
o Ho, A R ERBENLAE, B S B 1 o#BERLAE, C D B
Ji S HIB R

Xﬂéﬁ&ﬁﬁ Héhfﬁﬁ 7éléffm5Hﬁ
. gOM i i
. N 0.12
0.10
AB C A B c‘
[OF-3:=X117 83
(a) 3D trajectory of the base
AREAD £ 43 A B A s £ 43 A
50 l I }
< 25 I 0t g <, "
& e ||l =
g o == H P& |
E—25 (L | g E—zo ‘ |
A B C A B C A B C
(b) B EEEEM

(b) Attitude angles of the base

K12 SEEHLAHT S5
Fig. 12 Comparison of the results before and after

domain randomization

4.5 TARESSHEERNLEICHENE MR

S BRI RE b6 1) 52 2 P 32 3l , R AT o e e
o3 B Bt Ao > | B T B A B8R HEA T S 1T B8 R 2
DLt I Zhid 72 3 203 S WA B B KodiE R 4R 5174 52
B BB fbs o] . FESE 1 BB X IR R 2l
ROt AR E R B AT e GO R AR T8 eI 2547
TORESRME DA EE SR I I 2% P B RS A SR O 2 4, i
ZJE V- (Flatten) #AF , 1 2 ARPRAEFEIE L — MUK 9 —
iy AR A A DR IE R 28 254 b i — Bk, il
PR ASHBCE IR 6 Fion

*6 ETREEWUERITHTERRINEGSH
Table 6 The training parameters of expert data collection

and behavioral cloning strategy
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Table 7 Model parameters of the phased reinforcement

learning experimental

S8 e
LRI 128
A 5
ranHE ¥ 0.97
AT 0.95
IR 0.2

WA SIS A bR 22 0.37
28 R 45 25y [178,64,64,64]

T R tanh




80 & L £ ¥ W

SRS 2% b T X B 14 1 A A B ) AR SC AL
o 55 R B AR B U 5 RS 9 S0 4R T i EA T U — 4k 4y
AT, L 2035 o 56 B AL e A ST i A7 Bt A S0 5
Hey =0.04 m FHERPLE A L, =1 m, TERHH
TE S o L AT O-F- 2448 T R N -

L,sinf

Ahy, = =3 (14)
. 0 R A, 8 G R T A
R H o, ARG S N 2R 8 0 SRR
PEANES AR e T hIME R . RLIE A EEAR IR B g 0° .5,
10° ,15° , XF I 4 NHEREBY B, B0 P B 1~ 3 f%
Heyo BHBAIL: 2.0x10° 4, By Bel R Jo (R A7 R
FEAEBLIEAE 1 ARSI 25T — B B, 1 5 W 74 A5 33 1 3¢ b
TTEATSS o RBE A Rk, i T 4 Fhovt A Y 45
YA FEAUAE T I 25 ) FE R AR AR s 5580 B 45 7 R i T
FH T BRI 2R O B RD, B0 C 38 2047 R sa B I T 3 A
15 RN R AR 4658 D 5 247 R TE e O T 43 i B
sEAEAE I YIGRAGRIR . o B8 B COF1 D 476 AH R
SR TN 8. 0x10° 2, IEAE 15 BB &M F 4T
LA V(WS ES S N (1Biid e

SHZEIANE 13 B, AL A FROR BRI M AR
YA AR EAIEY R T B0 B R ETE iR e A,
TR NCHEAT & s A C AR TR A S i St E L& —
FENCHERE T, (H Iz Bl i A0 s AR D 7 TE B #E B | Te i
R R b (B SR R IRAR

A
lzZd X:lpei ] 2

bR A /m

f=]

HRIA
13 R HTE T AN [R5 (AR E BE 25 % Ee
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distances for different models in sloping terrain
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distances for different models in stepped terrain
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chart of different models in stepped terrain
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coefficients for prototype experiment
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Fig. 19  Experimental road map of the crab-like robot
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