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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 graph convolutional network (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 GCN (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 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 are 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, the proposed model shows strong
competitiveness.
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B B VERE AAFAE Fie.

TP = SR TATL ) 368 3 v X 43 AN [ LA B 1)
FEAR, xet L2 S HR A T SR H N I B (5 5

FESE B H, JB-CMCL 43 53l % 2 5 B BE I 1

I 60 44 FE T 4 5 4 E N bR N — 4 R 2

Z;, € RO DISCHTBAS AP, B 5k, FE s Mo —
Y ) B 4 — B Sk W B = A A, o 20 A
ZL NS BAFAEF,, Fy € R, 15N 5 825+ thHL
il AN . SR 5, SR FH 2l & SR SRS, BB 46 40 A
SR Em B E RS R A P, 4 N e

Pr=n-Ppr+(1-—m)-Fp. (14)
o mNsh BT, &5 FREN 0.9; Fnh Fedh it
H TP FFEHIFHME.

A& AR IR R A A, JB-CMCL B¢ Jih Fr A
ff) FN FEASSEIT [ 251 TP FEAS, JEAE13 AT AT FP #
AT TR TP FEAR. AUk, 51 NBE 5 m ) %
Jih T o AVE T i,

¢ =1 —cos(Fj, Fiy),

{gp’g =1+ cos(F™, Fm).

Horp: Finy Fm oy 518 Fip R BT FN/FP RHE P35

18, cos(+, -) NATZARIE B L. Fe &, KBS T
Xf A5 2K BRI ECN

(15)

ECL(FJ) =

oeos(Fy P /7= (1=p™)$

—lo _
8 e P (om0 | S e rhT

l#m
eeos(Fy, PR /7= (1=p™) o ]

lo ‘
eCOS(F‘]7PEL)/T—(1—pm)¢%L + Z eCOS(FJ,Pg)/T

l#m

(16)
Hdr pm NEAMEm BTN EEE; (1 — pm) MKEE
JEE A A I T B K ) F ) B R A L, DT R A A 2
IRV S LG ATOR Bl HE DL ) R AR, 52 T AR R )
fe; TR REL

MSD-GCN [ 58845 R R EUN

L= »CCE+>\(»CCL(FJ) +['CL(FB))' (17)
Hor: Lop AT AR 45 128 SUIR R 2%, AN Xt B
= RPN T2
1.4 WKW

MSD-GCN [ £ 5% F 55 - i fl & R XU SE )
Wit 4390 DA SR 1T REAE R B B8 R AEAE N 2 A HL
AN BARIT S, M h S 1 AN EAES
FH Basic-GCN B Al 9 4~ MSD-GCN B, ‘& 41T H 4
I B K 9N 64, 64, 64. 64, 128, 128 128, 256,
256, 256, ¥ 12 AL IR REAE 52 B 2% . Basic-GCN
B X (1) S8 2 (B RFAE 52 3, MSD-GCN Sl A
FHE 1.2 5 FTfiid i MSD-GC 574 5Bk 724 11 25 (1]
FRAERILRE J1, BAE ] T CTR-GCN {2 R A ]
BT (MS-TC) A Z il (1 i [ ¢ 4E. MS-TC
4 ML IR S AR IR 2 SO 8 2R, /T 2 AN 0 S
& W BB KN A 5, dilation 43 )8 1A 2, 5
3N AN S BRI 3 oKt 7E2
555 NI 8 A MSD-GCN B, B[] 4 2 . iX
PR AN ERSA I T ik 22 T DA AR e DIk, R Mk
WL, 7EE 1(b) RIS T aX—HB 4.

TEMZE ISR FEH, AR N FHIEZ 1 4 Basic-
GCN Hefl L, A~ MSD-GCN )5, flif— A% 2] %
HEOE R X 4% 14 Hp ()R AE 34T I BOE o6 2% SR AN, 1]
SCHLRL R AE Rl A H A 25 SR FIRE L, MSD-
GCN A, IF T 2R A, n 19 3] m g mh A i s %R
N B, B4R SR AN [FRE AR B R4 &
7] — R, A 442 2 4 Hh sh R 43 2R 10 40, SR AN
Je 19 B 5 128 SRR Log. W HE IR Lo H
LepRANG, BT softmax b&HU Eh7EFEABELT 4325,
FEMR I BE, A8 S0 A A i p it gt 2 4 i 1
KATHHE R HE . H KT 4 PO, 2 4
HE T B L B = R T V. 1%V [E I A



1646 = % 5

xR E41%

FHSRE AN B AR A, 20 o) AR i . B R 3 oK%
A SO 7 2 BRI R, ST -

JZ B 2 TE AN [F) 1) B 6 1 S T, AR R % 2 o) R —
FEAR BIAFIREAE . TEAEERFN B, 790 B — B X 28 K
Ui (1) 4 3 2 2 A DU 10 &5 RAE D o B B =B
25 1) 53 243 B UL — S BLUE S B0 AT INBUR AL, LU=
A B R 25

2 LW S5ERMT

2.1 BIEKSLRIE

N8 AIE BT 3R AT R 2 R A A A R
#£ NTU RGB + D", NTU RGB + D 120" #0
Northwestern-UCLA" 34T 132 15256

NTU RGB + D & — A H TA47 9 51 i R A5
AL, 1 40 A7 H R HIHE) 56 880 /NE ZEFI4H
B BN E ST S 3 A Kinect V2 MIHLAR AL 25 A
AT R = LEAANR, FITA R 5 538 60 A BhEST.
ZH A VTS X B (X-sub) FEE AL A (X-view)
ANSEE VAR PR AR FE . Fo: Xosub K 20 7 EJEE )
SR NGRS, 4 20 A7 B IR & Eh /8 R Tl
£ M0 Xoview UK AHAL 1 USCER O 08 T IR 4,
FEARML 2 FOAEAL 3 WCERREAAE I R4,

NTU RGB + D 120 4 NTU RGB + D 60 fJ4 &,
AN IS 060 A B AR 2000, #1106 £ & BE & AT
113945 NEEAYLK. 5 NTU RGB + D AR 42, %
AR L EH T TR (X-sub) FIES K E (X-set)
PERPIEHE. BRI 5 X-sub K5 53 (&R 63026
ANBIEFEA T TS, Joa 53 AR 50919 ANEhE
FEAH T3R5 X-set ¥ B E 1D 11 54468 4~
HEFEARR T GREE, #F80K E 1D 11 59477 N E1E
FEA T 4.

Northwestern-UCLA H 3 4™ Kinect AHFLI# 3k 10
RLE APAT I 10 DN BIEZRTI 1494 A8 887 511 4H
B Y ERERAE BT P A A AL B, AR A8 A o — A
FEMLALIA.

AILAERA PyTorch PR 5 2% ST HEZL ) A~ RTX
3090Ti GPU b #EAT 528 145, 1 ] CTR-GCN )
K A B 7, SR VR A R R IR o S R ek
B, S RN 0.9 [IBEHLEREE R % (SGD)
oAb 2% 58 5T S 40, 8 I AR B4R KO ek SR T A 2 )
B, FERT S ANEARE 8 FH TR T VR AR T AR A i
SaMERE. T NTURGB + D &5 %4, BiAEE
1R KN 64, MIURS 2 %N 0.1, BUE
4 0.0004, EACTREH 80, £ 35 #6555 R AN

75 ki 22 2 R 0.1 1%, 4T Northwestern-UCLA
HHnE, W BT fE KN 16, YIGh 2 31R N
0.05, BLEFEJN 0.000 5, EARIKECN 65, 715 30 5
FEE S0 50 I % S R 0.1 fi5. I e, ALHH
MSD-GCN #5 B I 25 (1) 8 2 50 1) v B 1% L. CSSM
PR 2 BRI H = 3, I s T
ARk = 8, S 58 B R 46 = 10. LGM B 1)
EdgeConv 4B & #in % B N 3. IB-CMCL B 1§ i
SRR R RN 0125 T EEEp =
0.125. MSD-GCN #i K i i , ‘P Z AR E A
0.01. MSD-GCN A I & L, 1 L, 535l 9 2 A1 7.
22 JERSER ST

FEAT o, AR SCER BT MSD-GCN 7 & 20 4 1
A U DA B AR B AN RIS T 73, TRIEF, 23 B A
P Be B J FLH A A R, 16 4% CTR-GCN 2%
IR A R ERL A, S50 3 & /E NTU RGB + D
120 1) X-Sub J&ifE N AT HERELLAR.

A SCKF MSD-GCN 4% 414 1 5 iR 28 47 9 i sz
55, BRI S8R TR R REHAT o, 4R
W 2 Fis. HEE 2 o] W, BE & A4 0038 0, MR
W TE. 5, A A CSSM AR 5 28 1) P 2 AR A
B, FEACTHAESE 2R 0.6 15 S BRI L5 2% FE (1) 1% O
T, HEREIE IR T 0.1%, X FK W] CSSM it £ skiF
AINLERAF IR 2 R ARG R, H 248 m 78
. ARG, IEATHIN T LGM, LA Y & 2% & A
0.25 M S%E, PEREM 84.90% T+ 2 85.47%. T
LGM J LA X B e 412 & 719 =) SR AL, B IR CSSM A 5K
IS 3B T LT REAE 5 4 R o SCRFIE R ELAR. 3255, 51N
KT -B B M 4%, DAIEZR 1.5 S8 1.1 £
THEE R, ERERTE T 4.0%, 78433 W WU LA
T Rl ST R RS B, R R T TR R
A8 ). J o, TEXR NS s n JB-JCML # — B4k
WL RN, ERFSHEN T EEAZELT,
HEMR R LR T 0.15%.

F2 AHBMMAIKERER
T3 ZHE/M  FLOPS/G  X-sub/%
FEEA Y 1.44 1.79 84.90
CSSM 0.80 0.99 85.04
CSSM + LGM 1.05 1.01 85.47
CSSM + LGM + Two-Stream 2.11 2.02 88.93
CSSM + LGM + JB-IMCL 2.11 2.02 89.08

A GARG A (6) S E R (1) B
X TR Tk B B S, 45 RN 3 AT, B5E, 4
M CSSM BB S $ k, 24k = ST AL EL /5 T
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85.04% [Py Mo 1t R, b I 52 3 i 0% ik 45 A R0UR) S
BORIRTHIERE. RIS /N TCVE 78 53 B AR R AR ; 1
RAEIE R, W GIN T AN IGTT SF- 1, (ERHER R T
K. SR, 43 LGM Bk b BdgeConv 51 1) 4% f&
T B AR BRI U RAE 52, M0 = 36, 1
LA 85.47% HIMER R R I e i, RWEEY R )R Ek
LI A 8 A RIS T B B M K
T2 AR RGN T IUAR T SRR
Ui NI

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 @BEsHEMn T IRAIEE R

ASGEBTFT T 2K (6) $ HKG Ik R K00 6 i 2
REOHIFE R, 5 A3 3 fros. 2o 0 HE N 10
I, B VERE R IR TT. 26 = 100, B 1 SeAEtE
AE 85.04%, JLIN BEWE A7 250 fb B &R M AL A
B, FOMREERTIN A 15 I, PERETT 4R F f, IX R W]
P SRR Ry BRI R, 2 ) 55 A Xk T B AR S 1 RN,
SR T 4 R AEFA4

®3 TRIEMBEEARKINKEER

R4 FREIFELSE S5 AR

. X-sub/%
Jrik: - N

ik o iR L Ei

Tox b 3] 88.93 88.82 88.51

[ EN PO E A= 88.67 88.71 88.42

FEZS 1A% b2 ) 89.08 88.92 88.90

WA ] 88.72 88.61 88.69

BEFELW. U\ = 0.010, BRI T 5 m e R
89.08%, 1X 3 HHIE 24 [ xf bb 2% 3 W BHE 5 REE H 2%
51 SRR 7 e SRR AE 23 ] o0 S5 00T 5 B B AR AS S
B, RS SN 3 AT 25 5 ) H TR R 3R 1) L MR RRALE
NI/, X HEE ST HUR AU E A 2, LA F 5 5] T
ARFEXS 555 BEE NG K, BEA 20 FE s A oof B2 =)
H AR, FH M8 1 32 BT 5522 20, S 3B AL 14 R
T AR,

®5 EEFIFESHANIELER

A 0.001 0.01 0.02 0.05 0.08 0.1 1

X-sub/%  88.92 89.08 8890 88.84 88.57 88.57 86.65

) 0 5 10 15 20

X-sub/% 84.04 84.68 85.04 84.92 84.30

R AVEMHZLET 3 PPt L ) I VEAEAS AR YR
TR PR ILZE T, 4 S A OURE S R A 1 5 A
AR B2 2T, AT BB R AR AR ABE A P R B2 )
FGE B s A 5 B 9 S5 Ll 2 ST R (TR & 5 V.
F 4 G5 RRA, BERLANT L SRMSAE 3 Rl IR AT
B NS 7R R, AL T oS b A 2] T AR
F T 0.2% ~ 0.4%. {E1FE B IIAE, BLES A XT AR
H R B SRS AR BT SR IO 25, S 5 Bt A
PERE R FE T 0.2% ~ 0.4%. X A fig /& K A 285 9
bl i s SRR S R AE 1) — BUhE, S BUR A 2 T
KA 5B BB A 1) BAMS B, HISS 7 2 ARG
(PR 345, T VR A XoF L SR S i T B A2 DAL A 5 A A
AW B PRAAEALTT 17 b 5%, AR HE DL S
A

F 5 URAE T 0] b A ) 45 2Rk 5 28 U Ok 1 ik R
KR, HR NS L 2] 1 2 B TR R M R

ARSCAIHT T UL B 2 R N T 70%
(IR% 5 1R MG SR, 3508 F t-SNE Al # 4k FoAE R 1 25 1]
d oA, T 4 Fros. B 4 v RIS SR A
B AASCEE R, 2060, G, o, W, EEn Rk
INBE BAE BLFHLATAR H i B KR AN B
T EhAE, BT A BBt k0 ) 2% R 4 1 58 b
A HIEBERIAR ERERENE. XL fE T3 & F
AT IR AR, B RS AT, S Bk 2R
FULERRAE 25 (0] o0 X 26 50 7 1387 HY BLTR v AN R
AH 2, MSD-GCN 7E HfAiF 75 18] 5 SEEL 1 500 B 2 11
R, BY KT HASIE R RRIERE 5. X I8 1E T A3
1 BRI T A R AR R AE R, SRR TR
VEAE SN HFE X IRV B 1.

e, ARSCERER T 0T - B il O Y 45 o R
WA B BLI) MSD-GCN A B3 L % T 4 Y
REfIREm, 45 Rk 6 Fion. LR RKW KL, =
2R LR BT T 89.08% B i HE AR, IX R WA AE 58
2 > MSD-GCN 5 34T B A A RR R il & RE 08 B 7
RO P 7 RS R AR 25 2] 5 2SR BACH. AL
Wit B 2 R 1) B ASE S SREAIE 1) 78 2 R B, i
MG 5 ) 2 5 SRS 5 [0 [0 2050 A2 ik 559 . S8 B0 T
TE R SR 75 BEAE SR IE 78 A R L S B 1A
RUAZ L )R 38 e A P 1 a5
23 HR#TEXTH

T AT AP VRAL, ARSI H 4 RIS I 25
B 5T InfoGCN" #1 HD-GCN™ 3] &A1 16 DU ok
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E4 t-SNERJ{{LLER

w6 [ MSD-GCN E KRR EHSLILLER
L, 1 2 3 4 5 6 7 8
X-sub/% 89.05 89.08 88.61 88.85 8895 88.90 88.28 88.06

SRR B AR SCK T MSD-GCN 7£ NTU RGB +
D. NTU RGB + D 120 Fl Northwestern-UCLA % 4}
£ EEZ AT GON s TAERT LA, HAkm
Pl Runsk 7 . Jod: BARARE N B 45 R,
RHACH T I 25 5. DL S04 Dy RS Y51 A5 i
MSD-GCN [ 4% Je B th s K PERE. 59 AT 19 32+ M
AL, MRS R, AN S E A

FETt T 29 10% FH 20%. A5 FH A8 48 A0 159 408 £ 002 A e
MSD-GCN W %, fili 7 b B B 8 R T 15 90K 2 5 Fol
HAMAEsh R, LL 70% S HE e 3 AN R4k
ST HHER R CTR-GCN, 7E NTU RGB + D 120
A5 InfoGCN 0.5%. XF T8 4h 4 A BEHR ) — B 4
B MSD-GCN W 4% 25 52 IR Mg i e Tt 5T
R X 2 5 2 B L 5% 55 3 (1) BlockGCNPY A LL, BT 4
i J7¥E#E NTU RGB + D 60 X-View £l NTU RGB +
D 120 X-Set £ & fmy t 0.1%, 78 HAhEE v 1)
WEAR 0.1%. Z5 BRI, B 46 Ak 3808 i, MSD-GCN

R EXFESHMEEGENIEER

Sk A SEEM NTU RGB + D NTU RGB + D 120 NW-UCLA
X-sub/% X-view/% X-sub/% X-set/%
ST-GCN™ AAAI2018 2.1 81.5 88.3 70.7 73.2 —
2s-AGCN"” (2-ensemble) CVPR2019 7.6 88.5 95.1 82.5 84.2 —
MS-G3D""(2-ensemble) CVPR2020 5.6 91.5 96.2 86.9 88.4 —
MST-GCN*)(4-ensemble) AAAI2021 12.0 91.5 96.6 86.5 88.4 —
CTR-GCN"“(4-ensemble) ICCV2021 6.0 92.4 96.8 88.9 90.6 96.5
InfoGCN!"(4-ensemble) CVPR2022 6.4 92.7 96.9 89.4 90.7 96.6
FR-Head""(4-ensemble) CVPR2023 8.0 92.8 96.8 89.5 90.9 96.8
HD-GCN™(4-ensemble) ICCV2023 6.7 93.0 97.0 89.8 91.2 96.9
BlockGCN®(4-ensemble) CVPR2024 52 93.1 97.0 90.3 915 96.9
MSD-GCN — 2.1 92.2 96.4 89.1 90.4 95.5
MSD-GCN(2-ensemble) — 42 92.7 96.9 89.9 91.2 96.1
MSD-GCN(3-ensemble) — 6.3 93.0 97.1 90.1 91.6 96.8
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(A VR A i AR 028 20 18 0 X 3R B AN [ 1 s b S 1 1
SURBGN Sy J2 RS 5 AR 3R 2 S 1 R REAE, %
B gk BIFRAL T BEAMEE R, JLESETE TR
2tk R, IX L SIS S5 IR AR A IIE TR tH U7V A
HEEAIA R

3 4 #

ARSCHEH T T FE BT IR A 28 B
LR 2, — a7 B HLVE B8 9K 14T 9 15U X 4%, 8%
&7 BB SRR E 2 S Bk, E XGE X
RGN 2 B, FERE T o X BRI R R T e TR
oy XAE B s Ta T, AR o8 R AL T s )
WAL ARG, IR T 2 E S EERE T, B
AT 4 Gl SCa A A 75 R LAl e i 7 v,
P 2 Sk = LG R 138 SO TR N R 1 42 =)
M, 256 0T 5 Ph PR M R BUR R ReAF DG4z, I3
AR T JRFBITATI U LR SCREAE. teab, AR SCH2
H T IR B B S RS E A S ML, R QA
KT G H B PG L — B IR 5N TIREFE A
ML, 3858 AR 5 RFEA R HI A RE ). B,
W FIRARE S AT I Y R AR I 22 RUBE I ) 5 AR A 4
&, BT 208 LA BB A, T HCE 22
J7 B B 2SR AE . GBI TE 3 AN K B BRI 4 b ) sk
56 &8 S 42 T 43 B % B, MSD-GCN 7E 2 AN #r _E
R T Bt 7, FeR TR bR A B T i e b
£ . SEIG 2% B R ], MSD-GCN 7E Ab B 410 5 1F iR
Sl R BLJCH H E Pr b HE O VEE RS Bl G 0t 7
AT B AS K, AN B SR I T3 b2 ST 25 L B B s
RlA 7V, R ARIRR T2 R AE R A AL ) R S A
RS 03E 0, BRI 7B 5 237 50 R Bl g

K TAENG B Tt 70 50 5 R P A Rl A L
i, DLRARZR Wi 324k 50 7 2545 B 00 O 1 i BE A
B BBEERS SR IS S, HE T 4
T AT BRI 25 . 55— J7 T, RGB Mo f5 B 41 &
NSHMFRAH R E R SUE R, X — EAMFER T X
oy BRGSO E B AR SCK i — DA A B
5 RGB 5 B HIRERE, DA RS R 50T
&
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