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Multi-semantic dynamic graph convolutional networks for skeleton-
based action recognition

SONG Chen, QIAN Hui-min', WU Da-wei
(College of Artificial Intelligence and Automation, Hohai University, Changzhou 213000, China)

Abstract: In recent years, graph convolutional networks have exhibited outstanding performance in the field of
skeleton-based action recognition. Nevertheless, existing GCN-based methods suffer from limitations in modeling
complex node correlations and insufficient utilization of complementary information between modalities. To address
these issues, this paper proposes a multi-semantic dynamic graph convolutional network (MSD-GCN). This network
adopts a joint-bone fused dual-stream architecture, processing joint and bone modality data in parallel. The dual-stream
network consists of multiple multi-semantic dynamic graph convolution (MSD-GC) operators, multiple multi-scale
temporal convolution (MS-TC) operators, and a joint-bone cross-modal contrastive learning (JB-CMCL) module.
Specifically, the MSD-GC operator reconstructs high semantic granularity partitions through a semantic-aware
hierarchical graph (SH-Graph) and executes in parallel a cross-semantic space modeling (CSSM) module to capture
global joint correlations and a local geometry modeling (LGM) module to capture subtle motion features. The JB-
CMCL module guides feature fusion and enhancement between joint and bone modalities within the dual-stream
network through cross-modal feature alignment and hard sample discrimination mechanisms, thereby improving the
model’s fine-grained recognition capability. Extensive experiments were conducted on NTU RGB + D, NTU RGB + D
120, and northwestern-UCLA datasets. The results demonstrate that the proposed components and the overall network
exhibit superior performance, effectively recognizing ambiguous actions. Compared with state-of-the-art methods, our
model shows strong competitiveness.
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learning mechanism; dual-stream network; multi-way ensemble
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g eeos(Fr, PR /7= (1=p™) o 4 ZBCOS(FJ,PIB)/T
l#m

(16)

KA, pm NEMEm TN EERE, (1 — p™) BUNKE
15 A A T B8 K10 73 1) B2 i A L, AT I A A
T Oy I e ASORH B LA S ) R AR, B AR 1)
PERE. T NIEE REL

MSD-GCN ) 58 545 2% R 2R

L=Lcp+ MNLcr(Fy)+ Lo (F)). (17)
Horf, LopRAT AR 2% 128 U 9%, 25 L
S ETPNIIRE T
14 ML

MSD-GCN [ £ 5% FH 56 77 -1y % il & PR XL B A4
Beit, 40 A CA ST R AE AL B R AEAE A 2 A F i
N BARIN S, RS HES 1 AN EEAESE
# Basic-GCN £ 1 9 4~ MSD-GCN £k, & 411 % H
I IE H 0 N 64+ 64, 64, 64, 128 128, 128, 256,
256+ 256, ¥ i )= AL B RRAIE 2 B 45 . Basic-GCN
Puitcdis A 30 (1) SL8l 2 R AE S L, MSD-GCN i
FIF 1.2 35 Bk i) MSD-GC 57~ 184 S s 7Y 1) 2% [i]
REAE AL BE /1, B ] CTR-GCN 22 R It ] 45
AL E ¥ (Multi-Scale Temporal Convolution, MS-TC)
BA LW I R AR, MS-TC 1 4 MU &% 55
FR) 23 S W 28 2R, 1T 2 Ao 3L 1 AR K /I
'S, dilation 4354 1 1 2, 58 = A5 LHAML & %
UK/ 3 sk, 7E& I 58 5 AN REE 8 A
MSD-GCN H 5, B[] 24 FE 3 > 3 P AN B R8s
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THREEEU RIS, N T TERN,
1(b) A WEIX— 57

75 W 26 I Zr o F b, JR GRS N AR IE & 3 1 A
Basic-GCN H 1 L, /> MSD-GCN #R )5, i fj — 41 7]
2% 3 B R0 UL 48 1) v TR REAE AT A% 6 53R
A, SR MR E RS . KA SR B RES LA
MSD-GCN 5 A s, 15 6 2 R f13 3 o 4 i 5 B s
FoR. Ba, G A R T R AR AR R AR A RRAE B R
i B [A — ]sF, A At 2 2 4 v s R 43 251 43 5,
SRANE 15 2 8 a5 28 XK Lop. R HG2E 23R
Lon 5 LopRA)G, BT softmax 2R B E A3
79335 LEMRB B, A5 S0 A8 Fe 3 o et
3 FH IR DT L B DT AR L R DU AR,
AT T — R & o B = B o7 vk, %07
V% IR B P OG5 R BRBEAS, 4 9 ARG b R &
AN KA RS UK 5y 2 B IR AT A5, i
2 5 B B T UL I 2% E T AN [ R RS A
VB SR 4y J2 B 2R AN [ 1B B 0 S ), BEAY g
2 5] [F] — REA (R R AE . CEHERERN B, 20 W
— I D 4% R Bt (1 4 T 2 2 S U Hh 5 SRR 0 2K 0y
B = X8 1 43 2 00 B L — LB S 503 4T AL
SR, DLP= AR B 2R 45
2 SSRGS
21 BEESERIFR

N BGAUE A ST H AT R O R A R
FPE g, £ NTU-RGB+D™., NTU-RGB+D 120" #I
Northwestern-UCLA™Y HEAT 7 )2 15256

NTU-RGB+D & —/ | T47 A 1R (1) K A5 £
P4, 1 40 £ BB HI1E N 56880 AN H 427 41 41
B AN F S 34 Kinect v2 AHFLIR AL 25 A4
SRR 3 YEARAR, BT T BI85 9 60 B ESRG.
TR R T X R (Cross-subject, X-sub) Al 5 11
i (Cross-view, X-view) 5 #E T Al 1R 0K B2 H
1 X-sub K 20 £ & H ISIELE IR 4R, 4
20 Az BB F /R R TR, T X-view UK AH
B 1 CER s T AR S, AHAL 2 F0 3 ISR I
A RINGREE.

NTU-RGB+D 120 & NTU-RGB+D 60 ] 3" &,
BHNGIN 60 ANEhTESG, B 106 ALEEE AT 113945
AFEARA K. 5 NTU-RGB+D AN Al 42, 1Z 504 S 5
vt il 7 5 X R (Cross-subject, X-sub) Fl % % &
(Cross-set, X-set) P4 Ff 3 o . B AR 1M 5, X-sub ¥
53 FLEJEH I 63026 NEIEREAH T2, KA
53 £ ¥ 50919 M BIEFEA T 3ESE. X-set KB %L

W E ID ) 54468 MENEREAR T IIZR 4R, A 80k
1D 111 59477 M EEREARH TR LE.

Northwestern-UCLA 3 4~ Kinect #H HL fifi 3X
10 A7 38 3 PAT I 10 D BE 1) 1494 A 887
FIZH RS I ZRBE A5 FH A P A AR LA I, I A )
F— AL

ASAE R A PyTorch %5 SIHESE () H4 RTX
3090Ti GPU b EAT5L5:. IR, {#H CTR-GCN 1
B T 2%, R FH TR A RS B I N e - B
DA H, EHSIEA 0.9 MBI T (SGD)
AL #5835 S 40, I R 5LIR K S IR R TR R )
LERT S ANEARE B A Pl 7 iR 4R A AR Sk
PERE. XFF NTU-RGB+D FR 5| ¥4 45, HAKE B M:
HEE KN 64, FIGH2E 2504 0.1, BUEIERCN 0.0004,
AR IR E A 80, 7E 45 35, 55 M1 75 #1244 5] 2 U,
0.1 fi%. %7+ Northwestern-UCLA 54, M & &
BR/ANA 16, WG 1% 0.05, BUE A 0.0005,
AR HEA 65, TEES 30 50 I 2% T 8 0.1 15,

5, AR5 Y MSD-GCN #5784 )| 5 o () #E 2
) B g GL. CSSM B 2 Skt 18 H N 3,
PaFS NG IR bR B T B I AR E kD 8, R 5 B R A
54 10. LGM FE B[] EdgeConv 45 J& ¥ n % B N 3.
JB-CMCL #i B v 4% HE 28 36 1 I8 B R 8 % 0.125,
TR B A5 FE p oy 0.125. MSD-GCN it 55 5k % v, 145
Z ¥ A% B N 0.01. MSD-GCN 3 4 He ¥ & L, 1
L, 2 #17.
22 JERSER ST

FEAT T, A CHRT MSD-GCN #5715 AS 41 1
(0 0 DA B AR B I AS (RIS v 732, [RI S 23 B B A
MEER L B A LA A 1A b &5 CTR-GCN [
RATBSAE IR A, SEI6 ) 2 /£ NTU RGB+D
120 1) X-Sub J&ifE N AT HERELLAR.

ALK MSD-GCN & A A4 oT ik E AT 1 Rl s
35, I H AR S8R R R E AT 08T, 45
RN 2 P, T LA H BE A A i 38, 4 BE S
FETE. W G, AU CSSM AR 5 35 28 1) &1 4 AR B
TEALTEFREIL LR 0.6 S HURTH R B IR,
REME IR TE 0.1%, XK CSSM it £ kit & Sl
FIH R4 R R, H LB E R E 7R AR, b
J&, FATIINT LGM, DLBUR I 44 A 0.25M &
A, HERE A 84.90% FE F £ 85.47%. HT LGM JL
0] B 3 478 412 5% 5 R SR ARFAE, P [R] CSSM SEBIL R B L
fARRAE 5 42 JR 08 SURRIE 0 L AR, B2, 5l NG -
HEXUL N 4%, DAFEZE 1.5 S 8E M 1.1 i 4
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B, VERESRTT T 4.0%, 7843 3% W 0L 42 44 3 o fil
KSR, BB THRAR IR D). 85,
1E SR 2%t s AN IB-JCML #f — AR AL B E R,
TEARFESHE AT HEA R WIGOLT, W2
Tt 0.15%.

2 AMAMMRINER
J7i%: S FLOPs X-Sub(%)
FEHEA Y 1.44M 1.79G 84.90
CSSM 0.80M 0.99G 85.04
CSSM+LGM 1.05M 1.01G 85.47
CSSM+LGM+Two-Stream 2.11M 2.02G 88.93
CSSM+LGM+JB-JMCL 2.11M 2.02G 89.08

AT T A (6) BB EMAR A1)
S Hn R VERE )2, 25 Rl 3 s, B 2%
I3 AT CSSM A B 1 2 50 kb, 4 k = S B R B A5
85.04% [P BE, BLI IR R IE B A BUR B 5 2
DA TH M B8, RAE T /N TE vk 78 43 A 3t AR AR G, 1T
FABE R, T GIANASAE ST s T4, frvkaf 2 N F%. b
J&, 7T LGM A5 EdgeConv 51 (141 J& 5 w5 %
n e R LA AE 0, n=3 B2 PL 85.47%
IHERf R R IR, RULEEY R R ARk e A 2%
TR TTIZ S, 1m0 R 22 40 8
RAINTUR LS, S RERE Y T .

85.6 85.47 85.46

85.4 1
< 852}
\O 250 85.02 85.04
é .

84.8 |

CSSM
84.6 } CSM+LGM
1 3 5 7 9

Hyper-parameters value

E3 BEEAMnITRAEE R

KSCEREFLT 23K (6) 0 4K M5 bR 2 HE D 5
FERFOMIRE M, &5 R 3 Fron. 5 0 3 0 £
10 B, BEAY M RE T E 32T, 6=10 I B T B A 1k R
85.04%, VLI fef 24m b B ELE B IR, M=, 5 4%
EMEINE) 15 W), PERETT 46 N B, X R W B vk =)
B, 2 F) 55T 0 R A 4 1) (R B, IR Al ER 4
JRRFAIE P4

R3 AEHELEERHORKIER
5 0 5 10 15 20
X-Sub(%) 8404 8468 8504 8492 8430

WA VEANFELE | = Ro0S e X T5 IR AE AN R YR
TR TR R B 7, 20 990 9 4 SRS A R AL 1) 5

RS L5 27, A8 Y AR A RS A PR A 28 A X B
S RNGE G A SRS PR LE 2 ST IR & 7.
2E LR, P RSN LU SRS E = RS IR S E R
B4 S LR E, AH EETE XS e 2 21 77 4R T 0.2%-
0.4%. [EASE R A, B X LE AR &0 LE S AN
DR REH R BUYIE a5, S-S BUBAE BE R B 0.2%-
0.4%. 1X 7] e KA Py oo B2 sk BB AS SRR ALE
() —Erk, T BB 200K 5T 5 AR T) 0 A
G, HIS T 2 RSREIIUYS, TR A EL s
FREAE RS RS MRS N H AR AEAE LA T TR R,
il A A 7R e AW S A DA

®4  TRMLEZESGFENIRER

. X-Sub(%)

ik — — —

il s JE L
Tt bb2E > 88.93 88.82 88.51
AN XS] 88.67 88.71 88.42
LA [0 2 5] 89.08 88.92 88.90
TRA N 2] 88.72 88.61 88.69

5 IR TR A ST O 5 28 O R 1) ik D
KRR, FER BN L2 2] P S BB M R
BERW . N\ 0.01 I, B Y15 I o R
89.08%, 1X 7 WH i 24 Y X Eb 24 5] Wi B 5 BE S A 2K
5| AR Y 7 e SRR AE 23 (R O SF R S B RS (S
B, A S 5y AT 45 2 ) H B R R ) MR R AR
NI/, %o Bb 2 ST H R AN 2, 3 DL 7E 53 5] T A
ARFEXS 555 BEE NG K, BEA 20 FE v Ak oo 2 )
H bR, TP 4% 1) BT 552 2, S BUR AL MEE
B PR

xS WHEIFESHARLEER
A 000 001 002 005 008 0.l 1
X-Sub(%) 88.92 89.08 8890 8884 8857 88.57 86.65

Ao M T VAAE R LR EHER R /N T 70%
Wtk 2 IR WE SIAE, JFAEH -SNE Al ALAL & A 1AE S AL
R A, WA 4 B, 25N ERER, A5
NAESCEER. L, g, e, min, KEnnEoR
[NEANREE (BN 7 B WA T NN Y S 52 R )
e, TO7H . Bt ok £ I 2R o i A 1 5 A
i E E A bR SRR 1. XS R N L T
AFFEAE AR, JF HE AL ST, S EE AR
RYFEARFAIE 22 [A] O IR B 3 1 R R BRI AL B
5, MSD-GCN F£ 5 i 2% [8] 7 52 B 1 58 B e 1Y)
R, IF B K TABLEN R R AR B RAESE 1A
SCH ORI T 4 R AR BB AR A R R, I T 3R
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A % 5 L& B EARF %

RIS SO AFAE X 7 TRV B AE.

&4 t-SNE A[{l{t&ER

B, ARSCIRE 7 IR - i b B SLI ) 246 v L
1 fb A B B ) MSD-GCN 3 A B i I, 6 455 784 4 g
FISZIR, S5 UL 6 FTn. LR 45 RRH YU L, =2 i
P A B 15 89.08% i H i THEBf 3, X UL BHAE 58 — A
MSD-GCN i Ji5 47 5 LA RRAE Rl & B8 S A 243
AT RBSRHIEE ] 5 2 RS E B E. AGAN
i B Rl B 2 R o A AN SRR 11 78 23 4 L, T ke
A )2 T3 BUBLAS (8] U [R) 0RL8 55 . SESG 0 UE T 76 XU
TLZEAL) T T EAE AR SR AE 78 2 P U S M A 58
L (AR B e AP 10
2.3 HSedExte

T AT A P PRAG, AR ST B3 DY P AR A 1 &5

%6 N[ MSD-GCN E AR EBHISLIGER
L, 1 2 3 4 5 6 7 8
X-Sub(%) 89.05 89.08 88.61 88.85 88.95 88.90 88.28 88.06

B, 4T InfoGCN™ F1 HD-GCN™ 5| F At A1 14 DU 37
LR g . AR SCH B #2 H  MSD-GCN 7E NTU
RGB+D. NTU RGB+D 120 il Northwestern-UCLA
B tE B 52 AT GON B TIE# 47 i, A
B LA S AR 7 o, R AR AR f I 1 25

RHA U I 25 R DUBRBYE AR ST AU 2% MSD-
GCN ™ %% J Bl 3 K 1tk BE . 54T 10 2 T 4612 4
Lo, MRS HEE LT, ER AN EIEE a4
10% 1 20%. 15 F R 350 F0 18 350 1) X0 2% 4 i MSD-
GCN M, il 7 LB R 15 9K 31 6 ok EL AR )
ZahiEst. P 70% 1S HCEAE = MR 5 L AT
it FEEREAY CTR-GCN, £ NTU RGB+D 120 _E 4745
InfoGCN 0.5%. X F &AM 54 BE R 1) = % 52 i MSD-
GON 2 g5 5, R 31 1 R P OB 7. 5 55 T M 0
B9 o i HL 5 56 39 19 BlockGCN™Y M Eb, A 30 75 W A1E
NTU RGB+D 60 X-View #I NTU RGB+D 120 X-Set
B ISR E H 0.1%, 78 H AR HE B IBR A 0.1%.
g BRI, B £ U 20 N, MSD-GCN 3R ) 14
RE 126 25 388 5 T HAF B A ()T g S 10 1 SRR S 4y
JZ B BB 5| T AR R4 3K 22 5 1k AR AIE, 5 B &5 SRR
PRALT EAME(E B, LT TR R R AP RE. X
WS 28 B A IIE T AR STV I S R Rk

R1 AN FESHEHMEHGENIILER
. - - NTU RGB+D | NTU RGB+D 120 NWUCLA
X-Sub(%) X-View(%) X-Sub(%) X-Set(%)
ST-GCN!™ AAAI018 2.IM 81.5 88.3 70.7 732 —
25-AGCN™ (2-ensemble) CVPR2019 7.6M 88.5 95.1 82.5 84.2 —
MS-G3D""(2-ensemble) CVPR2020 5.6M 91.5 96.2 86.9 88.4 —
MST-GCN™(4-ensemble) AAAI2021 12.0M 91.5 96.6 86.5 88.4 —
CTR-GCN"™/(4-ensemble) ICCV2021 6.0M 92.4 96.8 88.9 90.6 9.5
InfoGCN!"(4-ensemble) CVPR2022 6.4M 92.7 96.9 89.4 90.7 96.6
FR-Head”(4-ensemble) CVPR2023 8.0M 92.8 96.8 89.5 90.9 96.8
HD-GCN™(4-ensemble) ICCV2023 6.7M 93.0 97.0 89.8 91.2 96.9
BlockGCN™!(4-ensemble) CVPR2024 52M 93.1 97.0 90.3 91.5 96.9
MSD-GCN — 2.IM 92.2 96.4 89.1 90.4 95.5
MSD-GCN(2-ensemble) — 42M 92.7 96.9 89.9 91.2 96.1
MSD-GCN(3-ensemble) — 6.3M 93.0 97.1 90.1 91.6 9.8

& %

FERX R TT R, AR SR H T R B R AT DR 1Y
Z 15 XN BB S, — Al . H AR RE 98 K AT
RGN, BE T BB I RS AR L 5
5, R S UK R B, AERE 1 73 X RO i R

3

WEY Ry AR O 5 VO L, A ROk R R
P Ran dhERL. FR, R T 2SI EERE
T, BT A G R A ARG 5 R LA
PR TR 22 i B T B 0l 3R S 8] P 51T 1)
R A, 45 RT3 P AR R R OR R IR ORI 4R,
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It BB IR ST U R SURHE. thAh, 42
H TSR B R S A X S ST WL, T A
AT 5 H EE A BE X — B IR B 9 NIRIE FE A
ML, 3858 AR 35 RFEA I HI A GE ). B,
¥ FRBIH S AT I PR @A 2 RN (A& &,
MR T 218 XE A BRI AL, A TR IE 27
FIBT 2 REAE. G AR = A KB E 2R R 4R i s e
&l SR 42 T 43 A1 3 W, MSD-GCN 7E £ AN B br
T ESERETE, AR TRFR A B T ok . S
36 2% B, MSD-GCN £ &b B2 41 %7 i 2 1 15 51 i 22 21
. RSCTEERAS LG AT A 2, A
GRIET XL S (00T . B B BAS Al 7 V2, AR R
T2 B R AE Rl S AL A0 S AL RS 1R 7 7, PR |
TR IR s T R RE ). AR SR AR EU
T I A ) A AS AL A L, DA AR R WA
RN HE BT RS, B EERSs
ASCI A RERUAR 25 A, R T 4 10 AT A 3 D 2%
F—J71H, RGB M35 B2 & NS4 HIM ETR
SCAF R, X — EAMNRRIERT X 7 5 R IR A B E B G
BOARCHE— PP B S S RGB 5 B IR Bt
&, DS BAE B R 55t T I SRR
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