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MM = 32768, AR B Bl 250, AUE R AL
9°0.000 1, BAEIRIFEELT 300 epochs , Hitk 2] 3%
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LRAEVPAL HIIZ 1T 100 epochs , Hip > RPME R 0. 3,
TEVAS T 80 epochs Z J578 4 0. 03,
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128 AERYFFIE I &L, ZETHENT LU R Z T, R A
B TIH — b ab 22, R T Rl AL 32 38 5T Y 3 B 7E
[0, 2] 206, Y3ER] 0 KTy, HAF WK &5
JE R R — 3
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W 1 R A SCOT s HA R T 2R
P B MR 2% ) 5 R TAE AT T A, X
Ft T LongT GAN'™ MS’L” P&C™' AS-CAL"" 5
SkeletonCLR ™" ,SGCLR 7E NTU RGB+D 60 ¢ #5 4
) xsub 5 xview PP SV TR BE 43 5] &
71.5%H176. 5%, H T SkeletonCLR">" ik
T T 3.2%5 0. 1%89K5 B, H. CrosView-SGCLR 7£
B HLIE (joint+motion) FHUAR T 70.4%5 77. 9% 1Y
KR, BRULZ AN, A8 SCIEF BRI 2% =) W48 R
[ RUBEAREAE [] 9 B AN A 2 T 125 RUBE (joint25 +
joint10) P [A I 25 P 45 1 7Y | B CrosScale-SGCLR,
HRE B BIRE] T 70. 3% 1 75. 2%,

# 1 NTU RGB+D 60 Krilade b i 5 e X Lb
Tab.1 Comparison of accuracy on NTU RGB+D 60 dataset %

Jrik A xsub xview

LongT GAN 2018 39.1 48.1
MS’L 2020 52.6 —

P&C 2020 50.7 76.3

AS-CAL 2021 58.5 64.8

SkeletonCLR 2021 68.3 76.4

SGCLR 2022 71.5 76.5

CrosView-SGCLR 2022 70.4 77.9

CrosScale-SGCLR 2022 70.3 75.2

R Y G R AS SR 4 O 2 A APk R AR
7E NTU RGB+D 120 %4848 bt fi 7 AR 1 F A
Wk 2 fir7n ,SGCLR P48 AIE NTU RGB+D 120
s 19 xsub F xset [ 513K 2] T 57. 6% Fl
54. 6% kG B, CrosView-SGCLR 7EES ML E (joint+
motion) FHAS T 60. 1% 5 62. 2% HKS B, 72 #5 R
B (joint25+joint10) | HUAF 59. 0% 55 63. 6% iy
FERE . A5 R RWIBEAILIL 38 5T (%) 1811 58 07 vk X AR
BRI R 25 K0 75 i B AR 17 L TE xset
VA S L M R o I S 5 i R JRD 0T L2
2L, AE A FH 2R ] ( motion, bone ) 1
R 22 ROBE [l A B TR1 DI 2505, A mT DAk 3] 45
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# 2 NTU RGB+D 120 ik b 19 SCHHs BEXS Lt
Tab.2  Comparison of accuracy on NTU RGB+D 120 dataset %

WikeS AEBy xsub xset

LongT GAN 2018 35.6 39.7
MS’L 2020 — —

P&C 2020 42.7 41.7

SkeletonCLR 2021 56.8 55.9

SGCLR 2022 57.6 54.6

CrosView-SGCLR 2022 60. 1 62.2

CrosScale-SGCLR 2022 59.0 63.6

3.3.2 TEMEERST

ARSCRI A t-SNE 0 f 2 3, T AL I 45 T
300 epochs J5 i SkeletonCLR™" . SGCLR , CrosView-
SGCLR 1 CrosScale-SGCLR A& A2 fii . Gl 4
Fizs, A NTU RGB+D 60 ) xsub #0454 1 £ HL 10
REEARDATIA AL, 0T LA 53 1 ML 25
1, 5 SkeletonCLR"Y M H , A SCAT 48 7 2 1l DL
TIE I 1 3R A5 A R 00 i 4o A RRAE , 4 8 AR TRl 28
SRR ARRIE , A AR e

Kl 4 -SNE AR AN IR L iR A RFAE A 45 R0 L ]
Fig.4 Comparison of the results of the t-SNE visualization of

different model embedding features

HROT

i R SEE, n] AR LT 4598 : MHTE A
YoHa TR 77 6 1Y) B O , Rl 1 X b o) JEAEL B
AR S AN ) R 3l G 5 5 ik, AN RT LA g [ —
H AT H A [R) L I ) B 1 SOAR Sk e 3k, iy HL ml
L2y~ BB S8 P B e i SCAR R ) i RO —
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Tab.3 The impact of different parameters 8 and

r on network performance %

B r xsub60  xview60  xsub120  xsetl20
0.2 0 62.1 65.8 51.2 53.9
0.5 0 64.2 66. 8 49.4 51.6

1 0 63.4 63.6 51.0 48.2
0.5 4 69.5 73.4 54.1 58.4
0.5 6 71.5 76.5 57.6 54.6
0.5 8 69.2 76.8 56.6 58.2

3.4.2 WIEFTIREUIBIESE mask_edg B

M TS E e TR MR, %
Wi 25 B 2RI 25 A e R 2 2] o R T B0 E 0 6% B S
BESER 5  W A R, AR SCABCT A R ) T R S 5
W3 4 JWin ¥ € o BIIUEN 2.3 .4.5.10 A1 15,
AT, Y ¢=2 B B A BRE RE R 2 T e K
(B, SR, BRI & SxRRAR AL AR 80 (19 P i
NG B 23 T BOAN 42 T B AR BRI A
AF T IG5 A6 R AE R 38, Bl B I 445 A A
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Tab.4 The impact of different parameters &

on network performance %
& xsub60 xview60 xsub120 xset120
2 71.5 76.5 57.6 54.6
3 52.4 57.1 35.7 41.1
4 52.4 57.0 46.1 38.7
5 58.5 64.0 35.6 38.8
10 59.4 57.8 47.6 43.1
15 70.5 70.4 54.7 55.7

3.4.3 WIEFTIREIXTEFEII BRI

TR UE AR A i A B X B A 2
(GCL) J5 i i, R B ROR 2 A [F) B2 B2 1 42 7t
A SGCL (HRUBEE) DA J& CrosScale-SGCLR
(B R ) LRI, X T A GCL A1 & BR
GCL By M 28 BRI R, # Hoid A SGCLRT 5
CrosScale-SGCLR7, 413 5 Ff 7x, 43 %l £ NTU
RGB+D 60 5 NTU RGB+D 120 W/ MEHE4E 4T
B UIE A5 2 AH R 4518 . m A B B B sR r i 2 e
AT L2 ] 3 B 87 SRS TE 1) 4 AF B, 3 o
[F] —FE AN [ 400 FE1 1) 1 SCAH PR 2R 3K T LAZE A
) v I A R SR B A T R 2R
BRI 2 2T BRI
#5 BRI SGCLR ANl CrosScale-SGCLR T fil 9256 3 45

Tab.5 Ablation experimental test results on the model

SGCLR and CrosScale-SGCLR %
Tk NTU-60 NTU-120
#8245 5351 GCL  xsub  xview  xsub xset
SGCLRY x  68.3 76.4  56.8 55.9
SGCLR V. 715 765 57.6 54.6
CrosScale-SGCLRY x  70.3  74.5  57.9 62.8
CrosScale-SGCLR V' 70.3  75.2 59 63.6
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Human skeleton for action recognition based
on cross-scale graph contrastive learning

ZHANG Xuelian', XU Zengmin"?, CHEN Jiakun', WANG Lulu'
(1. School of Mathematics and Computing Science, Guilin University of Electronic Technology, Guilin, Guangxi 541004, China;
2. Guangxi Colleges and Universities Key Laboratory of Data Analysis and Computation,
Guilin University of Electronic Technology, Guilin, Guangxi 541004, China;
3. Anview. ai, Guilin Anview Technology Co. Ltd., Guilin, Guangxi 541010, China)

Abstract: Traditional self-supervised learning models based on the human skeleton usually use contrastive learning modules for
representation learning, while existing contrastive learning modules use data augmentation methods to construct similar positive
samples, and the rest of the samples are all negative samples, which limits the expression of semantic information for similar
samples. To solve these issues, an action recognition algorithm with graph contrastive learning and cross-scale consistent knowledge
mining is proposed. First, a new data augmentation method is designed based on the skeleton graph structure, which performs
random edge cuttings on the input skeleton sequence to obtain two different views, thus enhancing semantic correlation expression
between different views of the same skeleton sequence. Second, to alleviate the problem of low embedding similarity to similar
samples, a self-supervised co-training network model is introduced to obtain positive class samples from one skeleton scale and
another skeleton scale by using complementary information between different scales of the same skeleton data source, to realize the
association within a single scale and semantic collaborative interaction between multi-scales. Finally, the effectiveness of the model
is evaluated based on the linear evaluation protocol, and the experimental results on NTU RGB+D 60 and NTU RGB+D 120
datasets show that the recognition accuracy of the proposed method is improved by 2% ~ 3. 5% on average compared with the

cutting-edge mainstream methods.

Keywords: graph contrastive learning; data augmentation; cross-scale consistent knowledge mining; co-training; human skeleton



