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Abstract: Objective Skeleton data have become a prime candidate for use with graph convolutional network (GCN)

because of their lichtweight nature and intrinsic topological structure. The alignment between skeleton data and GCN has
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attracted considerable attention in developing human action recognition techniques based on these data. These techniques
leverage the strengths of GCN to interpret the skeletal structures and movements inherent in human actions. However, tra-
ditional graph convolution methods encounter challenges in effectively modeling long-range node relationships, which are
crucial for accurately recognizing complex actions. This limitation arises from the inherent design of conventional graph con-
volutions, which typically focus on local neighborhood information and struggle with capturing dependencies between dis-
tant nodes in the graph. Method To overcome this challenge, we propose a novel approach called skeleton large-kernel and
contextual GCN (SLK-GCN). This innovative network aims to enhance spatial features from two distinct perspectives,
which improves the capability to model long-range dependencies and capture the complexity of human actions effectively.
The first key component of our SLK-GCN is the skeleton-large kernel convolution (SLKC) operator. This operator is
designed to expand the receptive field and enhance channel adaptability, which leads to improved spatial feature extrac-
tion. Traditional convolutional kernels have limited capability in capturing extensive spatial relationships due to their rela-
tively small receptive fields. By contrast, SLKC employs large kernel convolution networks, which significantly broaden
the receptive field. This broader receptive field allows the model to simulate long-range dependencies between nodes effec-
tively. In this way, SLKC enhances the capacity of the model to handle the spatial complexities inherent in human action
recognition tasks. The large kernel approach not only captures a wide array of spatial information but also ensures that the
extracted features are comprehensive and nuanced, which contributes to enhanced overall model performance. In addition
to SLKC, we introduce a lightweight global context modeling (GCM) module as the second key component of SLK-GCN.
The GCM module is designed to automatically learn and adapt to the topological structure of the skeleton while integrating
contextual features from a global perspective. Traditional models often fail to consider the global context; instead, they
focus on local node interactions. However, capturing global relationships between nodes is essential for understanding the
full scope of human actions, especially those involving complex movements that span multiple joints and limbs. The GCM
module addresses this gap by capturing global relationships and contextual information across the entire skeleton. This inte-
gration of global context enhances the representational capacity and robustness of the model, which allows it to accurately
interpret and classify various human actions. Result To validate the effectiveness of our proposed SLK-GCN, we conducted
extensive experiments on several widely used datasets, including NTU RGB+D, NTU RGB+D 120, and Northwestern-
UCLA. These datasets are well regarded in the field of human action recognition and provide a diverse set of scenarios and
action types for comprehensive evaluation. Experimental results demonstrate that SLK-GCN exhibits significant advantages
and effectiveness in human action recognition tasks. Specifically, the incorporation and combination of SLKC and GCM
enable SLK-GCN to effectively extract and utilize spatial features when processing complex skeleton data. This enhanced
feature extraction capability translates to improved accuracy and robustness in recognizing various human actions. The suc-
cess of SLK-GCN can be attributed to several factors. First, the capability of the SLKC operator to simulate long-range
dependencies ensures that the model captures the intricate spatial relationships between different parts of the skeleton. This
capability is particularly important for recognizing actions that involve coordinated movements across multiple joints. Sec-
ond, the integration of global context by the GCM module provides a holistic view of the skeleton, which enables the model
to consider the broader context in which individual movements occur. This holistic perspective is crucial for accurately
interpreting complex actions that cannot be understood solely through local interactions. Furthermore, the combination of
SLKC and GCM in SLK-GCN represents a synergistic approach to feature enhancement. While SLKC focuses on expanding
the receptive field and capturing long-range dependencies, GCM complements this feature by integrating global contextual
information. Overall, these components ensure that SLK-GCN has a comprehensive understanding of local and global spa-
tial features, which leads to superior performance in human action recognition tasks. The implications of our work extend
beyond the immediate scope of skeleton-based human action recognition. The principles underlying SLK-GCN, particularly
the emphasis on large receptive fields and GCM, can be applied to other domains where capturing complex spatial relation-
ships is essential. For example, similar approaches could be adapted for use in gesture recognition, sign language interpre-
tation, and even broader applications in computer vision and robotics where understanding spatial dependencies is critical.
Conclusion The spatial feature enhanced graph convolutional network (SLK-GCN) represents an important advancement

in the field of human action recognition. By addressing the limitations of traditional graph convolutions in modeling long-
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range node relationships, SLK-GCN offers a robust solution for capturing the complexity of human actions. The innovative

combination of SLKC and GCM enables SLK-GCN to effectively extract and utilize spatial features, which results in

improved accuracy and robustness. Our extensive experimental validation on multiple datasets underscores the effective-

ness of this approach, which highlights its potential for broader applications in understanding and interpreting complex spa-

tial data.
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lution

0 5l

][l

15 AR BRI T B AL b ST A5 37 TR A 43 284 T
%5 V5 I Z PR A0 FE ROB WA IR B EMZ
FET AN LA (FINER 45,2022)  Hopr g 408 2
FHZD 8 7 A AR R AR GE A% i8N AT 15 B
(A fe 45 ,2023) o BIHE R X B 4E SRR TR
SRUFERRE X T A ERA T EAk, BT
& 4 B (graph convolution network , GCN) 7£ 4b B {E
RIJLBAFE R b PE 55 AR 28 i AR RO LA 4R
BT EEFIM B a2 AT IR SR 1Tz

AR (B2 FE ) 28 472 0 TS 2 1) (4 AR ELA R
T ELAT S OB LB 2 P48 R I , T A5 =2 [ A4
HOCR BT 8 BARmS , s EPUNERET
ik 2 [ H 3T s 2 R AR DG &, B AT TR R4y A
M G ZR AR OC R o BT 248 P AH SR A
Z IR OC 2 VR R e i A BN 4% . 53
FRIAN L ASHAAR ST 2 1] AR 06 2, B FRAK
HOCER . Blan, 72 0TS, B B 2R
B S N 7 B0 N o | P T S SR EI A oy RS
() AT A A A D A TR O 3R 4R I E 2% S
Z [E] P I PO O 28 I, A% 498 I 45 Bl 1 X LA AT 3%
AT IR B Y ORI B 5 2 O0C R A MESE
MR, K B NARAT A PUNAE 55 M BE T R
A, B 78 (Yan 25,2018 Shi 4%, 2019) J&) fR i
B B AR A R 2R, X 4 R B R R AEBE A R
e

BT %o 2 R R 1) T, Ye 25 A (2020) T Liu 28 A
(2023) 73 i 1R SCEBE KGR, (H 2R
GRRR T2 A I B LR SCEBEL
A R B H A Ry 19 23 (AR D5 AT SR AR AR SR TH Y
2] PRI, AR SCAAZS (RIS TE 4R 5 T, 455 4 R

BN SRR A, i — P IR TR AS (A]
HERE AR v B — b U TE ML
[l 4 B X 2% (channel-wise topology refinement graph
convolution network, CTR-GCN) (Chen % ,2021b) N
LR 1 T3 ()R R 95 07 v 20T R LA P AS [6)
FR) £ S I s TR AR AR A B 0, 1 S 2l R KA A TR
B (skeleton—large kernel convolution, SLKC) , B 58
B 1 RRIBCTE A T R (B AR v 1) 519 R A, BRIV AT
DATEAE FH 22 i 5080 00 1 0 T A ACIBR 5 A S e, A 3
IEFEHCIOC R, JF 2% il [ A& N . R RS
R DI 3, A T A 2 ) T B 8 1 7 A ) [ 424K
. KR4 R 1R SCHRL (global context model-
ing, GCM )R F T A 22 6] B B O 28, AR A 39
Z B SRR, F e 2R BT CE R

B GCM BT SLKC BEHANSSE 4, i — P 2 i
SLK-GCN (sheleton large-kernel and contextual GCN)
T AEBRAT AR5 . £E NTU RGB+D 60(Shah-
roudy %% ,2016) .NTU RGB+D 120 (Liu % ,2020a) I
R R H S 3 W 9 BB A A A . SR A
T DA HEE RN T B4R BT SO,
X iy AKCHE 4 2 4 28 SR $ 1 00 TR /N BT
RS T AR TR SR R RO 2) BT XL S L
RO LAAT RS e B B 19 i G R IX — [l , 388 A 4
RAZ T, 3o SR PRI B A G , 1 R AZ AR
FARICARHRIOC R | [F] 27 2138 1 A & 5 3)3RTE 4R
R SO AN B BRI T i R RS T 5, T
SRAAHACE L LG , XA [R] 1 S2 30 S RO AT Ho A, F-4k
HROE A AR SO R RIRCR 32 SLK-GCN, [R] IR 71 2 T
HARAAT I IS T AR .

1 tHXIE

1.1 EHERME
R T A R PR P X AR R L LA, 25 AT



$30% /FE 118 /2025 F£11 B

REEFE, A, #¥5%, FIEE, #E, 50K, ERE
MEBRAZEFHNER L TXEEHNEERNME

B IR E B4 (GCN) o #E AN [R] 1Y GON A8 &
v, Kipf Fl Welling (2017 ) £ H! ) GCN R L 57 S i
Iz T 2 ML S5 b AR T R AT R
A (Yan %5 ,2018;Shi 5%,2019; Chen 45,2021 ¢; 22402
4,2022) o HUZIZ IR AE RS 25 Sk R AE,
BEXT 3K — )8, Yan 55 A (2018 ) £ H I 25 [ 45 R M
%% (spatial temporal graph convolutional network, ST-
GCN) , B 28 SRR &, A R e AR R A
b2 e SL Pk - AFAE ) IRl Ol S5 2 TARBEE T 3
filt e AEN T B 2R SR BT 5510 5, X A O OHE LA
AR IR B O R AR TS B 1y =S
[HJRFAE o AR SCHE Y GOM Sk AR BE 25 1 ARG R
13 BIRE 0 1Y 25 (BVRRAE . 7RG IERE b, PR — 205
TEIR B ROC R A 5 28 ARG R Y E AR
1.2 ETFGCNHBEZEINEIRA

GCN REREAT AL PR B A8 (Liu 45, 2017)
XFERAFLNZE R 2556 BA N S B 285
i, FFANT U N x N SRR ARG o o Kk
T GCN WY J5 ik 1Y S AE T IR b e, BRI SR H%E
MEA. fe HAE T R AR AR B P L% 450 L —
AN E B ST-GCN R H] T X M5k, b 7R
1, Cheng 55 A (2020a) i @l T — AN 1 2% > (14 4
fith L5 Wy SR B AR SR B AR N . 7E IR Ty ik
PR MU FUE X, 2 1 RN i R
T, Li 58 N (2019) 223805 X AS [7] B R AR 48 AN 1] (1)
B AHJEAER G AN O Z [ I HCOR OC R I, H % &
TP B R T2 T TR SOOI R
Wu %5 A (2024) 1) FH B 3 55 77 B AR e B B3 0
KFRIFFIH GON AR HE7 CR o EA S,

JA B SCE R RREES S 5] AR GCM B 5E 4>
S5 kAR I AT LA e s A
KT,

1.3 KiZM %

1E R AR R MY Inception (Huang 45, 2020) 1A
Ry R s B A R TR JF HE 4 —
SE A S M A H TR, W0 Ding 45 A (2022) 48 H 9 K
B 46, A5 T KA ALY 5 2 ), JF ik —
A 32 S 50 8 A 22 W 45 (convolutional neu-
ral network, CNN) % | 44 S& RepLKNet, PN % K /)
31 %31,

AR X B TARIER T R R A R BB
IR E IR 5 i S 3 € I S R (1 R €l
DAL 8 g 1) BRI, i 15 A X AR 1 KA R
SRR — DBk R T R RS R 2 NI
HARAT R FONAT 551 R 1 R AE , Liu 55 (2023 ) 4 K%
GBI AE AT IR GUE S5, T A O ¢
Fo SRMHAD A Im A — 2L PR, M 2 Ee A, LUK
TCEAFHEP N R E SR o BT AT LA B[R], A S0 R
BT 5 AR EHAMEE S 42 SLKC, AMUE R T
REAY 1) %52 BT, 7 HLAE 3% A 14 [R] Ik — 25 208 1
R E T ROC R

2 77 iR

Y T BHELL AN P 1 7 B ey L2 e A il
WESRABLRAE B I . AEARTT B AT
HARA SR T Z A B R . AR5 R4
AR 2 [ i P B 28 (9 401

\4

ST % N x (]
SLK SLK

e | R B
L=1 L=2

A
SIK 2
Kiod i
PREL

1 SLK-GCN 46 () B fAHE S
Fig. 1 Overall framework of SLK-GCN network

2.1 FEHEIR
2.1.1 %

N BRZRTR R LGS R TS LAE 2R 30 1Y)
K. ZEERHGC=(V,e),V={v,0, 0, TR
NARBEZENA T RS, e R AR H 5 1
A e RV VAR A B 2R AR, P oT R o) OB T 5

v, 5 o, Z R TR B, OGS T a5 v, P AH S DX I
Gi—RARHNN(v)={v]a;# 0} T MK
B MR ST-GCN (Yan 25 ,2018) (IUBF5Y , #4540
PR A S R 3AFAE AT SRS TR
ODFHE. Se RV UCER D ANERIT B 3T
G, o T3R8 —A NRAT R A i [T B, N 3R

3607



3608

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 11,Nov. 2025

WA, CRANFRIER A BN S =(S,, S,, -, S, )
IRA WU SRR S L S, = RV CORIR AL — 1
8B SR ASURFAE
2.1.2 KIEBEM

X A ) — iR 2R S, I = B 4
FUR AL W A TR AE AR 4, L SRR M A R
MRS R AT JE Y SRR, R

7 = O'(i/iiSiWi) (1)

=

LA = DRADE R AT AE I AR B

ZJa BT
fei

W, D, R A TR BERE R, o (+) SRR W PR
XTSI AN LU T8 LU ] 12
B, T T7E , AR i A RAR 36 AREAS AR
o ARESCAR 2SR
2. 1.3 HIE TS A

IFATAE A 3 A E R DU SR T 2
6] B AR DG , SR R E TR 45 RS i i, 4] 2
FIi7s o CTR-GC Y TAR AR AN 3 Bz, HArE: A
A EIESKAR S e R7VC i 4R HUAT A RFEAIE , 72 I 8] 4
JE AT R M AL AN B b AL A b Ak B 2 4
T AE LA I O R ISR AW TE A

KR
R — — it A
R
R
K2 SLK-GCHibk
Fig.2  SLK-GC module
S [TxNxC] BN, T, R E AR P T2 E R A (R
i) (B oA A R R 5 B ) LA A 2
VIr=NxClrl YIT*NxChl M, (W(S,),®(8))) =a(¥(S),@(S)) (2)
(e ) (e ) Sl W@ 3 B ] 3 RU5 32 1 AR £
[N x Clr] [N x Clr] 0_(') %%%Y)%Uﬁ l%iﬁo
22 £RETXRE
—Y oL AL 4 R LR SCEBOR IR IUE LY
- @ Hik LBHHE AT AR 4B A 3 o) B Y 22 Ry
&2 BF 0] /5 . 5% Dynamic-GCN (Ye %%, 2020) i) )5
A:[NxN] K ARSCRI A )R b SCHE AT A, S — Rk I
NN TS R SCHBEZS A 1028 R AR T

SU[Tx N x (']

P3 SE A b2 A A
Fig. 3 Channel topology spatial modeling

HAKTF , CTR-GC AL I T 5 U E AT g A ¢
TR PR RAE , B STl PN FRAT RS ST X 1 8 R
B AR, SR S 00 FE ] b A 6T B ) 4R AE 28 47
R ZJa Bt AT O ki A o Bile
B BRI 2 W0 (10 10 T8 4 2 LASRAR R A8 T I8 1Y
FASENE X BE A SV T ek 38 2 3 b A LASR ATl

TE VR RN 46 T, SRR G A 5803 S T Y
PrFNEE Y, X I A [a] A8 A 2 18] A OC 2R
IR, 4 A BT I IR TUE U, M B R #as B
AR HETAY: I 77k (Zhang 75,2020 ; Duan 55,
2022 ) 38 A 7 I P A ST 22 ] AR O 2R L
Tt R B (0 N BR) K A RFIE W 21 ik 264
iR . HIXEETTEAR, ASOH 4/ b S0
TN 550 2 1] AR O 2, B A Rk SR £
A I BTN ¢ B B SBIEFE RS A (HAHE R
AR AR SCIRAR 1 7T (I B R AR B2 14 1 5S¢



$30% /FE 118 /2025 F£11 B

EFE, Ak, #F%E, FIEE, #E, S8R, EBRIE
MEBRAZEFHNER L TXEEHNEERNME

EUS I Nt S b | I3 A R ESE7 PR A
A Jay bR SCEBLR R INE 4 BT . 4R
(R 2P S BT S € ROPY, B el ad i~ 1 x 1 571
J2 X BREAS ST R REAE RIS (8] 4 B AT R4 . 12,
P A YEE G B E , FUH A 1 x L BERZH N
A 1) 2 B S B NV AR R R v DA T A N g X
KT 2 B A OC R BT, BBAE 784375 TR T A A ¢
WY, S RN R IR R (batch, N, V)
MIHERE o BeAh X @ e B 1) B — A7 A T I —1k, DA
AR A
S:[Tx Nx ()
y (batch.C.7.7)
( mumses )
y (batch, L 7))
((0, 1,2.3)—(0, 2. 1. 3))
y (batch,Z.1LY)
( wagEss )
% (batch,1,1,N)
((0, 1,2, 3)—(0, 3,2, 1))
; (batch,N,1,1)
( wagmEss )
y (batch.V  N.L1)
( mrmpgs )
* (batch,N,N)
A
B4 4 T SRR

Fig. 4  Global context modeling module

HFERE R, &) b T SCEERI AR ) 4
AREAR A SBHETE M B T HM R i . 5
TG (1 22 0 45 S AL AN TR) A Ak T 500 P A T
{] B R P PR MR R Z (A 52 SR A BEAR
P B LFAR AR T, B X SEREA T T4 ] A 41128 14
ISR AV X B DA FOR A ) o XK
AR LR U S RO AR AL G M 25 R
Fh T S ) R R, T D B Bl 1 O A 2
> A FZARA BSEBEE R B LR

WA 2 R i e g O T AR JEE A D a1 Y 5
SRR BE 4 JRy 1R SC5 8L i TR A A5 R RE A o
JITA AT AR LR SR B T A i . XA Ok
LR S A S PR T A 4 SR AR I AE S )
1R RIS 2 M RS B R S5 A 45 5, M4 g X
SRR FRMAEBRE Iz ALRE ) . B K AR b
SRR (4 S8 R A S HL B R

A SLKCHLHH
A = F&R(Conv_J(Dim_trans,
(Conv_T (Dim_trans, (Conv_C(S)))))) (3)

A, F & RACERXS 5K S R 4EFIEL 38 , trans, Fl trans,
PR, B A5 4, 111 Conv_J . Conv_T . Conv_C 43 T
Xof ST I R LA B T8 o3 AT B AR A
2.3 BRAZET

SLKC (IR R &5k a8 5 7R o & 5, M — 4
LA W TE R, X — A0 B B T R R AR 1 1 TR
JE , DA G i 478 442 R R A i A ERCHE 1 5 A
FEA it R GELU BT pRBON P AE R 17 AR Ltk
A, LU AR A BE D FNAULE RE T, DA (%%
ANBEAY R % T A A5 A HE T R

S:[T*NxC]

2D B

[7xNxC']

[TxNxC']

A
REARER

[TxNxC']

2D #H

ST N x (]
E5 SRKERT

Fig. 5 Skeleton large kernel operator

BE IS, IR B R ik A ARG AR i3 42 ey 1
SCRBBIALA S 128 M RHESE TR G . S EIA
REK AR, AT LAY KRR 0 852 BT, X A RE A%
SELF A AR A R {5 R, AR T R BN A T R IR AR
BIERE,

S° = Conv(DWDConv(GELU (Conv(S)))) (4)
X, SHHA , GELU 935 s, DWD Conv 3 TR
IR, Conw M 2D B F1, S Mt o

o T T I IR A R, A IR IR 1Y 25 (8] J A2
B 23 TR, S (A5 RE O 70 T T2 1A 3 T A A 4R
G RHAELE B, R Y 9 A [R] RRAE 1Y 2 38 5B ) A
Bk PRI, RAZ IR A B 51 A T 545 25 )y
TEAAE BT 24T 55 FoAT B 208 X
2.4 ZREREZERR

R T RN TRV RE L B[] B IR R A T AT, A SR

3609



3610

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 11,Nov. 2025

2 R R . A 6 Frs B 35
403 3L AT ST — A 1 x LB TR i
TEHESE o I3 A2 30 AL A I S RUZ B
NEHARFEBY KE, I - RRMAE A5
S — M1 x 1TER. f)a k44000 s Rk
PR EN R

S:[7
NxC1

3x 1 HBM
bk

Fl6 2N FE I a] EAR R

Fig. 6 Mulii scale temporal modeling module

2.5 FTEEFEIERESRMEN L

B IR TN T A9 GCM AT SLKC 5 HoAth it LAtk 5
AT 856 B i SLK FEAS BB 3l i & L4~ SLK
FEARRE (AN 1 R ), i — 2548 1 SLK-GCN ] T
EESIPN N TRV

X TR AR TR 2T 5, 2 56 HAR A
GCM #Edk 5 SLKC AR H , 78 GCM e rp 2 i B
42 Jry [ A7 B (1) 235 [B] 1 SCHEAR S R & 4 0 B 8
B % () AR AR I, B S R 0 25 R g A B
SLKC 24+, I FH R A% FUR A 4 Jm 2 [ 431 DA S B
23 M RFAE S 5 , BARSRR Ry

0 = SLKA(GCM(S) + S) (5)
K, GCM & Jm) b SCEBIR L, SLKC B 42K
MAERE T, S A, 0 M.

Z e Bz [ AR A 45 A A TS R, ]
TSN [RI Tz [ () B ) AR DG M . % T I RIS R
K05 CTR-GCN —Z (454

ST L)Z 20 25 () SRS @ 2 s
I RRIE 2R IR Zead & R - B Ak 2 5 4%
FEZARAT A L35

=

3 X Iy
R T BAEAR S AR T AR B E AT R
1T 45 " A3 %M, 78 NTU RGB+D (Shahroudy 55 ,

2016) , NTU RGB+D 120 (Liu % , 2020a) DI K&
Northwestern-UCLA (Wang %5, 2014) B4l 5 47 T

KA LS, USSR Top-1 MERHEE .
3.1 HiE&E

NTU RGB+D %4 £E 41 7 60 25 3 1 , 3L 56 880
ANFEAS FERI 43I S 88 A A B (o A A fE < 1)
cross-subject(X-Sub) : 8 % 1 20 ™ AAE R I Z54E , L
ZHME AR AE o 2) cross-view (X-View) : ¥ 1 4~
15 3 RAE BB AE I IR g Ay 2 R S R 4R
AR A A

NTU RGB+D 120 ¥§t4li £ 2 e K iy il FH A K1z 3l
3ADERGHR A Z — o ZEURE A L N 57 367 1
AT 5 60 MY SIVESE Y R T NTU RGB+
D XcPEE . % BIESE t 106 4 B R H 3 AR5k
A4, 113 9454 HAR 3 H T NTU RGB+D 94
IrFRE

Northwestern-UCLA 5038 5 2 3 NME4 L N £
AR BERARAY , 26 1 494 AN B, A0 5 104~ Bh
00, B L0 AR XA T . IRk A
PSSR LAk B 55— Kinect #5153k .
3.2 HUTHET

B A SE 8 ¥ 7E PyTorch ¥ J& 2% > HE 20 1
3090GPU I $hAT o B AR5 1 3@ oo % 22 HE & 10 4
SLKBlock DA J —A~ 4= 452 2 4, 117 4 > e i
WAk 64,7655 5 55 8 AT, il 18 B0 I A2 64 11
2155 4R, BRI B 25 DA 2 B AR5 E T R

4R PRERCHE A SUR U vk ISR FH 2y 8 (0. 9)
I BEALES B T R TN S o AE 2B 4 Tl A

BN, 1, 2E5 35 N F1ER 554 epoch B i F 408, , %2
N 0. 1,755 651 epoch I 45 S| 25

%} F NTU RGB+D 60&120 44 , {4 J] 5 CTR-
GCN A [R] i) B B 040 BE , Bf batchsize 1% & 8 64, 7
UCLA $ds 4 Wi & M 32,
3.3 5R&HMAENIEE

ARG A 3 (SLK-GCN) 5 i de ik 5 5
BAE 3N NIFPEARSE ik T . AT AT A A&
SCH I RIRE SR FH 22 i i A SR, A 5 DG 3 BP0
FATIB B AE BX 4R A . Hor ey
T AR B 2R AR AR AR, B AR DA ZS [R] AR BR B 0
CHALCT 5B A g s g 4is
Sy et PR 5 4 AH STz [B] ) s PR 22/ R A

£ NTU RGB+D 5 NTU RGB+D 120 ¥4 4 I,
AR SCTIE SR Ay WA T 3 (Js) VBP R (Bs) LK
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%, AIEE, 7hE, 485K, EBRIE

_'43
FiEF/ETXEERHESRMNE

WEEIR(2s), U N ARG (4s) L5 R . AT
JEJ7 @ M, 76 NTU RGB+D NTU RGB+D 120 L4
K UCLA B¥a 4 T 5 & et e b 47 He e, 25 S

R VMR 2R . 163D RIBEEESE L BR T NTU
RGB+D %45 £ 19 X-View VAL AR, A 07 B 7E K
A FEAEM I HUS T RO T RE

%1 NTURGB+D 60 #1120 ${#E4 |t Top-1 B E SR EH FEA LR
Table 1 Comparison of top-1 accuracy and state-of-the-art methods on NTU RGB+D 60 and 120 datasets

NTU 60/%  NTU 120/%
Ttk R ZHEM TFRBERG

Sub  View Sub  Set
2s-AGCN(Shi %,2019) CVPRI19 88.5 951 829 849 6.90 37.30
Dynamic-GCN(Ye %§,2020) ACMMM20 915 96.0 873 88.6 14.40 -
MS-G3D Net(Liu %, 2020h) CVPR20 915 962 869 884 2.80 48.80
Shift-GCN(Cheng %, 2020b) CVPR20 90.7 965 859 87.6 2.80 10.00
MST-GCN(Chen%§,2021¢) AAAI21 915 96.6 875 88.8 12.00 -
DualHead-Net(Chen %,2021a) ACMMM21 920 96.6 88.2 893 12.00 -
CTR-GCN(Chen 4¥,2021b) ICCV21 924 968 889 90.6 5.80 7.90
PSUMNet(Trivedi Fl Sarvadevabhatla,2022) ECCV22 929 96.7 894 90.6 2.80 2.70
InfoGCN(Chi%¥,2022) CVPR22 92.7 969 894 90.7 6.40 7.40
SMotif-GCN+TBs( Wen 5, 2023) TPAMI23 905 96.1 87.1 87.7 - -
ML-STGNet(Zhu %5 ,2023) TIP23 919 962 88.6 90.0 2.90 -
EfficientGCN-B4(Song % ,2023) [EEE23 92.1 96.1 88.7 889 2.00 15.20
FRF-GCN(Yun4§,2024) AAAIR4 913 965 87.1 884 2.42 -
SLK-GCN(ZA30) 93.0 968 894 91.0 7.40 8.20

T L SRR 25 8 B A2 2R

%2 Northwestern-UCLA #{#E& L Top- 115 E S
REFFTENLER
Table 2 Comparison of top-1 accuracy and state-of-the-
art methods on the Northwestern-UCLA

ik WM KE /%

CVPR19 93.3

AGC-LSTM(Si%,2019)

Shift-GCN(Cheng %, 2020b) CVPR20 94.6
DC-GCN+ADG(Cheng % ,2020a) ECCV20 95.3
CTR-GCN(Chen%#,2021b) ICCV21 96.5
FGCN(Yang%,2022) TIP22 95.3
InfoGCN(4s) (Chi %,2022) CVPR22 96.6
MV-IGNet( Wang 55,2023 ) TPAMI23  93.1
SLK-GCN(ZA&3C) 96.8

TE UL RS fre e 4

ST FORARMEZIEARAN R E B

BRI F N3k 1R, A 3CJ7 48 NTU RGB+
D i 4 W) corss-subject PEAL AR THE T, 24K H 4 Ui fil
A B, AH B F Y S HE B J7 7 InfoGCN (Chi 4% ,
2022) #EF+ T 0. 3%, If: H. InfoGCN i FH T W5 A4~ #1
1Y e K HIH 2 5% (maximum mean discrepancy , MMD )
PR WA SO IEAL T 38 R . R
FISE, R T A - A TnfoGON Y 4 i fil
AT A

XFF NTU RGB+D 120 $#i 5, a5 1 firow , 78
X-Sub VA A5 o L (14 P BB R i L 2R A5 A CTR-GCN
0. 5%, 35 InfoGCN 45 ; 7E Cross-Set PPt AR fE |,
ARSCOOTIEIAT T St e, it SRR BT CTR-
GCN 0.4%. F2 %, 7F Northwestern-UCLA %% 4 42
() 4 i Rl A 25 R R REDE T InfoGON 79 0. 2%, i
FE 3 KHUBEE 4 T 5 5t 7 ik iy L IR T
ARSI B A P
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3.4 JHRRRIG

AATHEAT IS RS, B AR ) GCM L SLKC #5
P FCAH A WA R o T TH Rl S g 4 4dE H CTR-
GCNE R34k , HJE/RFE NTU RGB+D0Cross-Subject
PEAGARAERT 4 MRS 450, SCIn i B 5 3. 2 1 ik iy
—&

F 2 319, 7 BN A SLKC R , S50
BT £50.1 M, HKS T T 0.3%; Bl A
GCM A, S8 BUARIR T T 0. 4 M (HJEHG 2 2
FT0.5%. P4 I AP SRR G IS AR Y 1 fE
23R T AT I AR T 0. 6%, 31X [A] I L 5%
B, PSR 2 [a) ] DA HAH B e [m] 3 s
AU PERE -

#3 NTURGB+D ##E & F il RhsLIE
Table 3 Ablation experiments on the NTU RGB+D

dataset
Trik SHEIM R %
Baseline(CTR-GCN) 1.46 92.4
Baseline+SLKC 1.59 92.7
Baseline+GCM 1.83 92.9
Baseline+GCM+SLKC 1.85 93.0

E L PR a2

3.5 GCMEHRE GCN A& 73 L3 89 #0e

T B AE GCM AR Bl B AR v i J7 U A
ROPE A O kAT TS, B IR 4 R
Frp R 77 201 R BORs GOM B 5 GON BBk
BEAEMMA RS 7 RG22 K GOM AR
i 3 F5 00 45 R AW 4 FE S GON B HR A7 PF % .
HRAFE N, 1RGN IR S
o FRCRER R B P A XSS R AT R
RS T A IR T GOM AR B T i 1 b B A 1
J5 2, B GOM BRI 42 Ry B SCRYRRIE (R S
J& K R RO B S GON A I 1 i 0 8 — [WIE
A AL 2% (temporal convolution network , TCN)
b B E) ER SCREE BANERIME R . T
EAE P T R — R FR4E T GCM b 3F B
IRE ST, BRI T GCM BRI . FTLA T L T
TR T UG S I R E RS , AR TR B (B2 oy
AR Ak PR A5 2R 7 =X
3.6 AEIBERMZEKNITEILERIN

T B R Y SLKC B A 2L, 4wl e

B AR TR /AN RRAL, IF DLy i — A8
AN AT SN, SRR A R AR S PR . FESEZ D
IR F R /N Y SLKC M B I, P fiE 5 i 1 5 R
RN 21 B, 8 R defde , HoPERE N 92. 4% o3& |
92. 7%, M T I AL RIS 2 0. 3% LT, UEM T
P20 SLKC A B i A 3kt o 45 SRR B, il 31 1
TR B 2 kA FFORH ST AU i D) 2 (R RRIE 64 T 3R 0
AT [R5 A KGR, v LAY K
FEAE 1 () JAZ BT X R A5 B A T8 A b A AR 42 SR 1R
BLOIFERE RGNS TR G B R A . Tl
TG, RE BRHIE R 2 (B RS2 B SR,
AR RE A8 7 50 V2 (43 B PN 9l AR I B R R AR
B M5 =S MU ARAE A R Be ) A et IRt
KRG TR 5] AT T3R5 25 [ RRAE Ak 385 2y
5 HAEEZ L,

#*4 NTURGB+D ##EE EAREF7iER X-Sub B ELLE
Table 4 Comparison of X-Sub accuracy of different
methods on the NTU RGB+D dataset

WiReS X-Sub/%  BECE/M
Baseline 92.4 1.42
Baseline+GCM (Fili 5772 1) 92.9 1.83
Baseline+GCM (Fl &7 2) 92.5 2.29

T O SRR R S e LA R

&5 NTURGB+D #iEE&E _ EREZ KN
X-Sub #5EH LR
Table S Comparison of X-Sub precision with different
kernel sizes on the NTU RGB+D dataset

LS AL PN ZHEM KEH B2 1%
k=17 1.52 92.5
k=14 1.55 92.6
k=21 1.59 92.7
k=128 1.65 92.6
k=35 1.73 92.6

TE O P RS R e g 4

3.7 HERARE M E A E X L8 2 R AR
Forh, Jik 1 b SLKCHUAE 34~ CTR M Z 5,
5 GCM AN Z 15 7777k 2 LKA iCES GCM A Jin
ZJh. MFEOTAL T2 LT 1A HE LIS
LSO R RS R B RO R 1 A
B ARE LR S TE GOM BT IR A 25 MR AR Z H A T
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REEFE, A, #¥5%, FIEE, #E, 50K, ERE
&L A0
[ER=ES

KZEFMLE ETIEENESRME

LKA #24E B LKA R A1 5 95 B KA GCM L
b SR 8UE B RE W Bz AL, N THE A
BB A BT ARER . Wk 2 MiIEHRET
FIFHUR BE R IR A BN B i 1 42 )=y bR SO R
(GCM) ARG i 23 [ R AE 2R 17 SR A, BERE 78 70 $ B
23 [AVRRAE , T8 LKA CE 7625 RS B e — 2
AT , SR T 25 A5 2 A e KRR F A

%®6 NTURGB+DHEE L REMEERMEFXT
X-Sub #5 EHI LB
Table 6 Comparison of X-Sub precision of module
placement at different positions on the NTU RGB+D

dataset
itk ZHEM KSR BE 1%
ikl 2.29 92.8
Jrik2 1.91 93.0

T L P SRR e e 2

3.8 ImMEETAER

ik Z A2 R s ESEAT SE N R SR L 7l
RT3 T AT X6 b, Al 7 e, 76 BT 45 H 1 sh AR
o, AT LUE H T ER AR AR A L B A T

ASCHE I A 4R LT SO A B T
PR B SR 25 C R U HR 2 i Z M A KRR K
AT ; O HLEE R A SRR R i T X Rl A
SR PR B, HE SR RS A AR AE R S Y AR RE D .
B, B 7 & b 7R SRR BIE 55, U HE 4 )R
SIERTE, SR AT BE 235 S 3] B A [R]38A 1) Bp
LRSI, XEWRENETA
HUR R B A5 96 R (4RI 61 Z Al A L &) H
B A R B a5 R A DI M (an T 5 I = fa] )
EOWEE] T ERFEE M.

m Baseline « 4
100

95
90
85

TR /%

80

K7 ARl R sh VA 5 0

Fig. 7 Comparison of accuracy of different global actions

FERMRITE ]y O R AR BT RER I R 4F, Bk
g YU — LEAR A T4 T OG5y 1 Sl A (a0 “BURL ™ i b
AT TR A ) (AR RS ZE e PR 2 5 R & I 2 0
AE T (U hugging 5% walking apart) , H: 36 85k A 4
ARSIy o AR SOy 10 g B ) g A
52 s R P I 2 G BB C R AR B 58 7
AR T T SR ARG B

i3 DL B A, R R R OC R AR B TR
THAVEPUNERE . B4 07 v5 B8 A T M $2 3 1o
B R Z A R BB OC A, N2 i 52 2% sh VR R LU
RERE . XA 2R @ i ie 1 2 SRR BIINE 55 PR
KHRY R JCHIRTEW e 2 AT W MR SRR,
EIR B RO G R SN E
3.9 AHLSH

SRy BT B R B Y AR S E U TR
VERIRRCR X R shVEREAT 1 s nT Ak, O s
AR &, 1B 8 JeaR T A BRER (jump) " B4
140 F R ] 55 R 7 %) S22 R I 0 € A TR e 3 s T A
Z ] A CIBRE , C B RS , 3R DR A A i 5 2
TR, RN OCIRPERSS o A S AT SBHEAE R AL 1], 7]
DL AT e PR g OG22, LR 2 TR oA

SpineBase
pineMid
Neck

Head
ShoulderLeft
ElbowLeft
WristLeft
HandLeft
ShoulderRight
ElbowRight
WristRight
HandRight
HipLeft
KneeLeft
AnkleLeft
FootLeft
HipRight
KneeRight
AnkleRight
FootRight
SpineShoulder
HandTipLeft
ThumbLeft

HandTiERj ght

fjj,ﬁg “jump” ThumbRight

Se

SpineBa:
HandTigRi gh
ThumbRigh

K8 ABHEHRG A AL

Fig. 8 Adjacency matrix visualization

3.9.1 Y RURERIE A

1) T B 58 SQIE o FEIX — B, R AR A
W E S B X .. BCEE P, Hipleft,
KneeLeft . AnkleLeft LA % 1 (1) 47 BB 75 &4 HipRight .
KneeRight . AnkleRight {7 HH B R A B €7, 3 Wi 2
KA EBRBR I R A EE R DM 2R o BRER SR
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R AE T R AR K 3 RIS S fR 1 B, DR Ik sk 2645
FR) 3 IR 1 s e 17 T S 5 VAT 1 B TR IR R

2K 5 T B R . AERBEERE v R
&5 (0 SpineBase . SpineMid) 5 F Ji ( 411 HipLeft
HipRight) 22 [F] 15 ¢ 20 HH 405 1) S B . R BR s 1
7 AR TR SR A, DUR R BRI E . X
BB i 22 1] B 5 SC IRV B, A B A Ak 3 Bk R 5 1
PR 2 T R T AR B P RVE A

3) AR o BRER SR TR VR
FLRARRE SR IASF- 4, A I ShoulderLeft . ElbowLeft |
HandLeft DA } A7 F-%F B #9795 5 (40 ShoulderRight |
ElbowRight , HandRight ) it 5 I AH X 42 55 , 2 € 358
o XK TEAEBER S 1 b O3k 3 2z sh kAL,
(ERIEEESIR R (SR
3.9.2 LEE R A RYEAR

D BRES S E B I PR B K . 7E “jump” I
o R TR RO A R 3 ERAL L B (A Han-
dLeft,HandRight) 13 & J8 5 T B AFAE — & 1y i
PR OCHK, AE I, B N R Ee R AR
DA — 7 B CHRPE . X R IITEBRER (Y i A5y, 452
RUBE S 4 P2 2 T8 TR e -4 B S B8 5
TR A P EAE A

2) ER S R B R AR B 3 A
AR AT LUE B, R “jump” X — S04 2R R
TR ) AR R SR A 3 1 BEFR K0 2 1]
(IR OCHR o B J A MR S B 58 A i
VERS, JEH R TR MR BRI 4 25 v S22 2858 8 N 7% b i) i)
PR

PRI | A SO H 0% 7 12k 3 a4 AR IR 25 5 i 2
) B I0R ZR AT 1 AT AR, DT BE ik — 2D 4R T T 3
VERS UK

4 &5

BT AR I 2 Y 5 O 2R 5 ) LA H — b s T
RS 58 77 1 , AL AE — P AR T SLKC il —
Fir e Jay 1T SCEBRIE GOM, 43 538 2o A% ) 45 3
SR A% A2 SORAT AU A A A3 558 06 2 ()R 14
WL K A sl ) 2 ai . il i A G
Bt 25 T AR 3 56 P BRI 46 SLK-GCN . £ 3 M
WERE S 52, Uk 1 BT 2 19 SLK-GCN A 2L
P I, ]2 RE L A A AL Y SR BR A 2

BRI HERAE , TR A T DR A XE A R R — 2
K DA B e s LA [ ek i) RUBE BB R T
R B IR 7 2 Tk AT 55 Z A ) 52 B
NG BATE ), B AL Y 73 SRR
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