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Multi-Dimensional Dynamic Topology Learning Graph Convolution for
Skeleton-Based Action Recognition

LUO Hui-lan, CAO Li-jing
(School of Information Engineering , Jiangxi University of Science and Technology, Ganzhou , Jiangxi 341000, China)

Abstract: Graph convolution is widely used in skeleton-based action recognition because of its effectiveness of pro-
cessing graph data. However, the existing graph convolution methods use the shared graph topology for feature aggregation
on all frames or channels, which greatly limits the representation ability of graph convolution network. In order to solve
these problems, a multi-dimensional dynamic topology learning graph convolution is proposed in this paper to dynamically
model the topology with temporal and channel specificity. The multi-dimensional dynamic topology learning graph convolu-
tion mainly includes three parts: pure joint topology learning graph convolution (J-GC), dynamic temporal-wise topology
learning graph convolution (DTW-GC) and channel-wise topology learning graph convolution (CW-GC). In particular, in
DTW-GC, a dynamic skeleton topology modeling method (DSTL) is designed to efficiently model the dynamic skeleton to-
pology with rich global spatio-temporal topological features. Finally, by combining multi-dimensional dynamic topology
learning graph convolution with multi-scale temporal convolution (Muti-Scale TCN), a graph convolution network with
powerful modeling capability is constructed in this paper. In addition, in order to supplement the spatial information of skel-
eton data, the relative joint data and relative bone data are introduced for multi-stream network fusion. Our method achieves
92.64% and 89.29% accuracy on NTU-RGB+D and NTU-RGB+D 120 datasets, respectively, which is superior to the cur-

rent state-of-the-art methods.
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1y 5 4 A B — > MD?TL block , DL A7 %5042 BN 25 45
fiE . i B £ 2 MDTL block , 8 7] #4185 Hi FH T 48
SIVEUINAT 55 B ity 2] g |22 % ) 28 MD*TL-GCN.
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Iy NSy, — R T2 2 J-GCL 5 — R T2 )
DTW-GC. SR , 827 > BN AY T fUR S M H DAl A Rt
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(1) NTU-RGB+D $#fitE

NTU-RGB+D % 4 £/ 43 &% 60 4~ 3h 1 2 h iy

56 880 MHLMIAEA . 2B P AL T 3D - #k Al Hrh
8RR 25 AN BRSET Y 3D Ardn, HARAS LR RE A
HEZA 2 NS AREL.

Z B SR A P PEA AR AR Xt R R I R
55 90328 5 K1 43 77 3« Cross-Subject (CS) Fl Cross-View
(CV). CS#& BB 3 1D SR X 201 R4 Ak 42 , Il 2k
£E 40 320 PMEEAS, R AE 16 560 MEEA . CV HZAHALID
SR A 43I 25 B2 AN R A | AR BIL 1R 4R A BE AR A K
A6 HIBIL2 N 3 I REAAE NI ZRAE  REARE 0 18 960
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F137 920. = ASFABLAY HE 1= BEAR A, (HKF £ B 43 ®1 MDTL-GCHBRH IS
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(2) NTU-RGB+D 120 %i#54E ST-GCN_L5 86.00 79.17

NTU-RGB+D 120" % #2422 B fi &2 sh Ve iR ST-GCN_L5+MS-TC 86.37 79.32
IR B A 114 480 1 B 4L R A REAS 40 55 ST-GCN_L5+MS-TC+1MD? 88.26 82.66
12013 PE2800, H 106 24 5 I E AT, A FH = AS AR ST-GCN_L5+MS-TC+2MD* 88.82 8385
FAFEAG AR . A 4R R B PR PAN F b« X- ST-GCN_L5+MS-TC+3MD* 89.05 83.80
Sub( Cross-Subject) Fl X-Set ( Cross- Setup ). X-Sub % [ & ST-GCN_L5+MS TC+4MD” 89.42 84.22
JE 1D AT 53U ZR A R VI ZRBC R 1 53438 MDTIL-CON .50 84.32
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FIA S2H0 #B 2 T 4 B Tesla P100 GPU % £ 4T,
K 28 UG 2% BR RN Nesterov 3l 4 0.9 B BEALEES
T RE(SGD) SEmsAE Ry 25 e fb sk ms . ZE I i, YIl it
YR IIN g 645 A E ZE 8% B M 0.000 153 H o 1 11 2%
HRa e, 7 I R FAR 6 warmup S5 4E NTU-
RGB+D H4E4E 5 NTU-RGB+D 120 54, ¥ 152>
KAV E R 0.1, 7657 3510 555 55 o i AT RECH
0.1 1927 2 Ry, — 2R 751K
3.2 HRRSEIE

AN B I RS2 59 7E NTU-RGB+D Hl NTU-RGB+D
120 Fe i e 435 4d H CS A X-Sub WA 8 AR EAT HLEL,
M EL A 25 Y O i Ul R OGS Ak bR e 5IE
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T HUE MDTL-GC A (A 5hE , FRATZ 85 2
B ST-GCN'"' [0 4% 1 g 1 %5 il JE £ I 4% (36718 ST-
GCN_LS) , SEBe &5 S an 2 1 fron . fE# 1, “ST-
GCN_L5+MS-TC” #& /R {£ ST-GCN_LS5 K fith |- 48 fin sk 2
B4, K B R ]S B 0 MS-TC; “ST-GCN_LS5+
MS-TC+iMD?>” %75 75 “ST-GCN_L5+MS-TC” &5l |, %+
i J2 B FE B MD*TL-GC. [Rlmf , RATE BB T
T I S R S M 2% CTR-GCN™ iR T HA 5 2
&R CTR-GCN (7R A “CTR-GCN_L5”) F1 10 2 4]
G CTR-GCN, DI IEAS SCHE 19 2 4 3 S 4 M K]
B MDTL-GC (A .

M 1A LA Y, 7E CS AT X-Sub PFA #5 45 |-, 24 ST-
GCN_LS M BB 25 4 B 3 i MD*TL-GC J& , 2% 11
PUBER R AE B LT, Y28 2 5 , MD’TL-GCN
R IR 280 59 B ST-GCN_L5+MS-TC & T 3.23% #il
5%. 5 [F)J2 5 )2 K 4 LUK CTR-GCN_LS A b , MDTL-
GCN BN AERR R 20 501 =5 S 0.56% F110.36% , HE 10 )2 K]
TR CTR-GCN 43 51l 155 0.21% 1 0.02%. iX 46 52 1 4%

I BE T FRATITHE H 9 MD*TL-GC A3 250
3.2.2 EBNERBERME

J T K E J-GC .DTW-GC .CW-GC 5 MS-TC X 5
PEBEASE I, FRATHEAT T K& AT AL SC 5, SLge 45 51 an
F2 7 . F 2 WP TCN AL Ry ST-GCN H (1) B e A
Jid R 14 VEAT T BB/ N 9 i — 2
G LA ST

(DR 2 AR FA7 AT LLU& B, A0 HF 3L HEAR
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PR R I E R R AR 2 T B T, 4 NTU-RGB+D %¢
P 4R b0 CS WA R o B2 = T 1.84% ., 2.39% FI
2.75% ; #£ NTU-RGB+D 120 %4k 4 I i X-Sub HEH R 5
SR ER T 2.48% .3.08% F13.15%. X 363 Wik 17 3o 1T
#H K J-GC.DTW-GC 5 CW-GC By %tk . 24 H MS-
TC B4 TCN J& , £ A E0 8 4 L MR or il 4 Tt 17
0.37% F10. 15%.

() B E 2T BEIDATAT LK L, 7£ NTU-RGB+D
PG EE A NTU-RGB+D 120 #(#i4E [, DTW-GC 1 Bl
{81 ] TIB Fo 32k ST-GCN_LS f R IR R /3 B4 w5 T
1.8% F12.77% ,DTW-GC H 5l fdi ] TGB HL L2k i 1551)
WER R B T 2.02% F12.34% , 53X FE 43 56 0E T &A1)
FEH ) DSTLFITIB B %P . BLh, 726l & TIB FITGB
Je U HER R — 20 2 e T T 0.59% F110.31%, iX
UEBA T DSTL A TIB BE2% > B FLANFAF , DT 2 i 45 7Y
HIPERE .

(3) e # # 2 b G-1 47 Al MD’TL-GCN 1] LA % B,
MD’TL-GCN BT T 28 HOAT: 5 4 4 B 4 F A 1Y)
AR B X IR UE T 22 F AR A A 35
3.3 ZinmaeEE

h T 4y £ 3 BUE AR MDPTL-GCN H: fE 1 52
Wi 5 ) 2 AR SR 18 R X6 1 A A R B i A AR
U B i AR A RPE |, FRATTHE NTU-RGB+D HI NTU-
RGB+D 120 8 G4 I He & T MDTL-GCN 7£ A [] £ 9%
WA AR BIERR . LI R NE 3 MR 4R,
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23 ] A i e A NTU-RGB+D NTU-RGB+D 120
Tk DTW-GC
J-GC CW-GC | TCN | MS-TC CS/% X-Sub/%
TIB TGB
ST-GCN_LS N 86.00 79.17
A N N 87.84 81.65
B N N 87.80 81.94
C N N 88.02 81.51
D N N N 88.39 82.25
E N N 88.75 82.32
F N 86.37 79.32
G N N N N 89.23 83.61
H N N N 89.13 84.00
I N N N N 89.40 83.87
MD’TL-GCN N N N N N 89.60 84.32

TR A R AR R A R X I R
N AR BB B A T R sl R e AR
B 2878 )s" 5 Bs " LRl G s “bas"HE “Js”
“Bs” | “IMs” 1 “BMs” DU Jii il 75 5 “4s” $5 “Js” L “Bs” .
“RJs”FI“RBs” i PO G . 1T L 278 A4S R MR £
P b Af 2 0 w6 i 07 2 KR AT T 56 T 5 iy
T LT LI TR X U S A R X I A
e A% DU 9 2% “ 4s-MD*TL-GCN A He T LAAE: 4 DU 37
BOREA 7, Bl “b4s-MD*TL-GCN” HA7 BH 3 (141 3,
7 NTU-RGB+D 120 I A9 X-Sub R %42 T+ T 0.53% , X-
Set #ERf R EE T T 0.46%.
%3 NTU-RGB+D#IE&E L Z A& EEEXTEL

‘ NTU-RGB+D

Jrid
CS/% CV/%
Js MD*TL-GCN 89.60 94.49
Bs MD’TL-GCN 90.38 94.69
RJs MD?*TL-GCN 89.58 94.88
RBs MD’TL-GCN 90.19 94.47
JMs MD’TL-GCN 87.69 93.21
BMs MD*TL-GCN 87.15 91.92
2s MD’TL-GCN 91.90 96.01
b4s MD*TL-GCN 92.31 96.27
4s MD*TL-GCN 92.42 96.47
6s MD*TL-GCN 92.64 96.36

3.4 5HEHMEHBENMEDINE XL
MD’TL-GCN 7 W 4~ R HUAS B 28 gl 1 P51 £ 48 48
NTU-RGB+D I NTU-RGB+D 120 | 5 Hifh 56k 75 B 11
P2 e s 3k 6 Wion , Hoft iy ik i e BE ok A
THATE SCHH AR FRZE R . AR ST 6 P AYSS SR vl LA
F i, MD*TL-GCN JL-T-7E BT A 6 br L F 4 A i A &=
WO B 7E NTU-RGB+D 120 548 4 14 X-Sub P

%4 NTU-RGB+D 120 ##E& F SiRpt & eI EL

NTU-RGB+D 120
Fik

X-Sub/% X-Set/%
Js MD*TL-GCN 84.32 85.79
Bs MD’TL-GCN 86.10 87.20
RJs MD’TL-GCN 84.44 86.26
RBs MD*TL-GCN 85.87 87.10
JMs MD*TL-GCN 80.78 83.01
BMs MD’TL-GCN 81.22 82.72
2s MD*TL-GCN 88.52 89.51
b4s MD’TL-GCN 88.64 89.91
4s MD’TL-GCN 89.17 90.37
6s MD’TL-GCN 89.29 90.49

46 45 A NTU-RGB+D s 4 1) CS PN F8 bk |, 524
B SE 1 B9 77 125 CTR-GON"™ A L, R0 v 0 R 43 ) 42
7 0.39% 10.24%.

AT — 2 L T MD*TL-GCN 5 ST-GCN™' |
AAGCN"'HI CTR-GCN"* 8. v: 76 NTU-RGB+D %45 4 h
BI“BE” BT MR BT ALEEAR ik B
SLAR T TS E 0 BB KR OO m R e "2
A F A SR R AR CS IR BRI . X B 23
RS PR BB AR Y SR S, SR A TA I EL MR 3 Y
BIVE . 9206 L4 B AN 18 7 ek, MD*TL-GCN 78 A A
MEZE A PEREER AL T HA = R R 4552 AE “ BLFAL
8OF M, MD*TL-GCN 4 H T ST-GCN'?' | AAGCN"" F1I
CTR-GCN'™ 8k, UM HER R 43 B TH T 20% .8.73%
F13.28%. X ULHA 5 AW KGR AH L, FRATT AT 4
Y MD’TL-GCN I LA 2% b 52 BB 4 B 3l 7 v 22 Fh il
W32 SR R AE , %o FL A 5 i e A 4025
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%5 NTU-RGB+D #IBEMHI LB

) NTU-RGB+D
ik Ay
CS/% CV/%
Deep LSTM" 2016 60.7 67.3
ST-LSTM!®! 2016 69.2 77.7
HCN'™! 2018 86.5 91.1
ST-GCN™! 2018 81.5 88.3
ASGCN® 2019 86.8 94.2
MSAGC-SRUP! 2022 87.3 92.7
2s-AGCN™ 2019 88.5 95.1
SGN!! 2020 89.0 94.5
2s-AAGCNP! 2020 89.4 96.0
MS-AAGCN®! 2020 90.0 96.2
MS-G3D"! 2020 91.5 96.2
SMotif-GCN!™ 2022 91.7 96.7
CTR-GCN(4s)"! 2021 92.4 96.8
2s MD*TL-GCN — 91.90 96.01
45 MD*TL-GCN — 92.42 96.47
6s MD*TL-GCN — 92.64 96.36

%6 NTU-RGB+D 120 #iBEHI L%

) NTU-RGB+D 120
Ik Ay

X-Sub/% X-Set/%
ST-LSTM!"®! 2016 55.7 57.9
SGN!! 2020 79.2 81.5
MS-G3D"! 2020 86.9 88.4
DynamicGCN'® 2020 87.3 88.6
SMotif-GCN"! 2022 88.4 88.9
InfoGCN(2s)!"! 2022 88.5 89.7
CTR-GCN(2s)" 2021 88.7 90.1
CTR-GCN(4s )™ 2021 88.9 90.6
2s MD*TL-GCN — 88.52 89.51
45 MD’TL-GCN — 89.17 90.37
6s MD*TL-GCN — 89.29 90.49
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