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Fig. 2: Quadruped Agent

Table 1: Observations of quadruped agent

Observation Number Description
Trunk velocity 3 Velocity of the trunk
(trunk frame)
Trunk global velocity 3 Velocity of the trunk
(global frame)
Trunk gyro 3 Gyro of the trunk
Trunk acceleration 3 Acceleration of the trunk
Trunk upright 1 Inner product of the z-axis
of the torso and
the z-axis of the global
Actuator force 12 Force of the actuator
Actuator position 12 Position of the actuator
Actuator velocity 12 Velocity of the actuator
Foot force 12 Force on the foot
Sum 61
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Fig. 3: Overview of SAC(ANN)&SAC(SNN)
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Fig. 4: Learning curve of walking of the
quadruped agent

(5a,5b). £7z, HESHEDHIMI X 23 ZEED
ERREZNUZERE LS B o7z (Fig. 5e). L
L, Im/s DEAICBEI 2R D —FKEL Ko
7z (Fig. 5d).

3.2.2 tvIUY—/AXEMAT=51T

2B — OBHIEIC 7 4 R EMZ SR
TV VF =83 LOEME, HWEOFHIZ217 -
TAER%E ZNZNFig. 6a- 6d 1IR3, /A4 X%
Mz % L3, ZEHZE HIETFL, BEiax
MIKREL Ko7z (0 =100 D¢ = SAC(ANN)
TR PIEEREATH 72720 CoT HElET=
2hroiz. ) SAC(ANN) Tiko =1,100 D5
5DGE G IEE OFITHHEETH > 7= DITH L,
SAC(SNN) Tld o = 1 @ & ZlERHIITWHAT
DT R 7.

4., ER

HERMBEERE L Z itk h FHER
HEORKEITELIHENEENE Z TR D o
7z, 1,2m/s DBIFIB W T HEEEE IS
JETOBATOERT Z 722 3m/s TIXEEHEE
DTEREEDREICR>TLES/2Z T, &
EOHEHRE L OFEPKELRoTLES .
(Fig.5a,5b) AU, SIRIEGE L 7= E L 5
FBORFE DS EOE R DI A S il o 3 hn
BAVNZ W72 BRI B W CH RN & D
HHIED 2§ = —2 = > b DRED z DA
B X 2 LEEOWM 2 BRE L/ bTH S

— 4 —



3.0

mmm SAC(ANN)
2.5 mmm SAC(SNN)

2.5

I SAC(ANN)
m SAC(SNN)

ol B

o =100

o=1

(a) Average Velocity

B SAC(ANN)
| SAC(SNN)

oc=1

of Velocity

o=1 o=100

(c) Stability

g
g
Z
1m/s _
0.5 No Noise
(a) Average Velocity
2.5
B SAC(ANN) 2.5 CAC(A
20 s SAC(SNN) EEE SAC(ANN)
2.0 Mmm SAC(SNN)
1.5
wl
0 1.5
s m
1.0 =
x1.0
0.5
0.5
0o HInEn
: 1m/s 2m/s 0.0 :
: No Noise
(b) RMSE of Velocity ) RMSE
1.00
0.95
>
= Fry
©0.90 EO 90
©
*ﬁ §
0.85 @
: mm SAC(ANN) 0.
| SAC(SNN)
0.80
2m/s 3m/s 0.80 No Noice
(c) Stability
14
b B SAC(ANN) 14
I SAC(SNN) 12
10
10
8
's ~ 8
QO 6 o
O
4
4
2
2 .
0 " mss 2m/s 0
No Noise
(d) CoT

Fig. 5: Evaluation of quadruped walk (target

velocity)

m SAC(ANN)
I SAC(SNN)

o =100

o=1

(d) CoT

Fig. 6: Evaluation of quadruped walk (Noise)



rEZLND. T, BEIoX N HZRED
Im/s DRF—BREZ L Ro B LTIIHE
IR 27D PN PR BAEZFAELTL
FokldThHdEZ NS (Fig.hd).
oY — A X MR T-HEBRTIE, #EEY
PF—EEL Y —, IvAatrI—DH
HIfEIC , 4 X% ANB e BEIa R D ERDPE
ENCHEDRTRALNE Z BT,
SAC(SNN) Tl&/ 4 Xic Lk 2B#ax ro L7
D Z 57 (Figd). ZDEK L LT Fig.6a
225577 % & 512 SAC(SNN) Tl SAC(ANN)
D HHEDE I/ NE D o722 &% Fig.6c
HHRTHNS XS ICZREEHDK TR Sz
ZenFEFoNnE., Ko TSNN EZHWEZ
TV =7 A R L TENR MRt
S2%. SNNZ/ A RXTHLTEAZ N TH D
ZCEARA Z R CTERIGEZITO 72
DI EZERTNS L),

5. %l:lnlﬂ]

AFZE TR R AE e A M F o T =a—
FV 4w b7 —2 (SNN) %A GO T HiEm
FEEFGE La Ry b OB TER 2T 7. %
D%, Lo — 7 4 XA TBHTERZITV,
T AVF =R LEN, B ¥ OB R
BT OFHM 21T - 72

RIS TIITRERILFEE & SNN Z2#lAEH
BTNV ITVIALZHEHLT, ¥Ialb—a3
v TRy S OSFERICEI L. ¥
7o, HERMBERERE L2 2 Ick hHED
RETELZHREDEREINS Z 3R, EHE
BT 2 LZEEPHETEZ. 251, SNN
PRHWEZ TRV — 7 L RT3
MERFEEL, /4 XX BT F 7R
TENE, BEEEOK NEIMZ S e A TE.

SHROBEEL LTLD BARABRBEOENR 22
B, AR TIEEE RN & e oMo —
DRHE E L THWED, XS IlioRGt%

TRTZIEeTEDBARABBEZERTE SA]
REMEDD 5. 7z, A TREI NI SNN O
tUH— AR T 2N MEREKTD
MAET 2 Z e RDHNS.

BE 3R

1) Shaohang Xu, Lijun Zhu, and Chin Pang
Ho. Learning efficient and robust multi-modal
quadruped locomotion: A hierarchical ap-
proach. In 2022 International Conference on
Robotics and Automation (ICRA), pp. 4649—
4655, 2022.

2) Xue Bin Peng, Erwin Coumans, Tingnan
Zhang, Tsang-Wei Edward Lee, Jie Tan, and
Sergey Levine. Learning agile robotic locomo-
tion skills by imitating animals. In Robotics:
Science and Systems, 07 2020.

3) Haojie Shi, Bo Zhou, Hongsheng Zeng, Fan
Wang, Yueqiang Dong, Jiangyong Li, Kang
Wang, Hao Tian, and Max Q.-H. Meng. Re-
inforcement learning with evolutionary tra-
jectory generator: A general approach for
quadrupedal locomotion. IEEE Robotics and
Automation Letters, Vol. 7, No. 2, pp. 3085—
3092, 2022.

4) Qiang Yu, Rui Yan, Huajin Tang, Kay Chen
Tan, and Haizhou Li. A spiking neural net-
work system for robust sequence recognition.
IEEE Transactions on Neural Networks, 2016.

5) Ashwin Sanjay Lele, Yan Fang, Justin Ting,
and Arijit Raychowdhury. Learning to walk:
Spike based reinforcement learning for hexa-
pod robot central pattern generation. In
2020 2nd IEEE International Conference on
Artificial Intelligence Circuits and Systems
(AICAS), pp. 208-212, 2020.

6) Katsumi Naya, Kyo Kutsuzawa, Dai Owaki,
and Mitsuhiro Hayashibe. Spiking neural net-
work discovers energy-efficient hexapod mo-
tion in deep reinforcement learning. IEEFE Ac-
cess, Vol. 9, pp. 150345150354, 2021.

7) E. Todorov, T. Erez, and Y. Tassa. Mu-
joco: A physics engine for model-based con-
trol. In 2012 IEEE/RSJ International Con-
ference on Intelligent Robots and Systems, pp.
5026-5033, 2012.

8) MuJoCo Menagerie Contributors. MuJoCo
Menagerie: A collection of high-quality sim-
ulation models for MuJoCo, 9 2022.



9)

10)

11)

Tuomas Haarnoja, Aurick Zhou, Pieter
Abbeel, and Sergey Levine. Soft actor-critic:
Off-policy maximum entropy deep reinforce-
ment learning with a stochastic actor. In-
ternational Conference on Machine Learning
(ICML), 2018.

Guangzhi Tang, Neelesh Kumar, Raymond
Yoo, and Konstantinos P Michmizos. Deep
reinforcement learning with population-coded
spiking neural network for continuous control.
In 4th Conference on Robot Learning (CoRL
2020), pp. 1-10, 2020.

Chen Li, Runze Chen, Christoforos Moutafis,
and Steve Furber. Robustness to noisy synap-
tic weights in spiking neural networks. In
2020 International Joint Conference on Neu-
ral Networks (IJCNN), pp. 1-8, United States,
September 2020. IEEE.



