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Abstract: Aiming at the problem that the existing human skeleton-based action recognition algorithms cannot fully
explore the temporal and spatial characteristics of motion, a human skeleton-based action recognition algorithm based on
Spatiotemporal Attention Graph Convolutional Network (STA-GCN) model was proposed, which consisted of spatial attention
mechanism and temporal attention mechanism. The spatial attention mechanism used the instantaneous motion information of
the optical flow features to locate the spatial regions with significant motion on the one hand, and introduced the global
average pooling and auxiliary classification loss during the training process to enable the model to focus on the non-motion
regions with discriminability ability on the other hand. While the temporal attention mechanism automatically extracted the
discriminative time-domain segments from the long-term complex video. Both of spatial and temporal attention mechanisms
were integrated into a unified Graph Convolution Network (GCN) framework to enable the end-to-end training. Experimental
results on Kinetics and NTU RGB+D datasets show that the proposed algorithm based on STA-GCN has strong robustness and
stability, and compared with the benchmark algorithm based on Spatial Temporal Graph Convolutional Network (ST-GCN)
model, the Top-1 and Top-5 on Kinetics are improved by 5. 0 and 4. 5 percentage points, respectively, and the Top-1 on CS
and CV of NTU RGB+D dataset are also improved by 6.2 and 6. 7 percentage points, respectively; it also outperforms the
current  State-Of-the-Art (SOA) methods in action recognition, such as Res-TCN (Residue Temporal Convolutional
Network ) , STA-LSTM, and AS-GCN (Actional-Structural Graph Convolutional Network). The results indicate that the
proposed algorithm can better meet the practical application requirements of human action recognition.

Key words: Graph Convolutional Network (GCN); human skeleton-based action recognition; attention mechanism;

human joint; video behavior understanding

s B #5:2020-09-29; & B B #1:2020-12-17; % FH H#A: 2020-12-18,

BB EEHAREYE BT H (61871028,61871039,61906017,61802019) 5 b 5UIB A K244 % A AT H (BPHR2019AZ01) ; JL&(TT
HZ=1 H (KM202111417001, KM201911417001 ) 5 AL FTHES K2 0F 58 AR RMIFRIHT35 H (YZ2020K001 )

EEE T & (1996—) , 55 R AR A L BF g A, EBEOFR T 1] HRNLSE N LR RE . ERKE(1971—), 55, Wim bl A, 508%
A, EERFSEy 1) U TR RIEF(1971—) 2o, Wb N 202, 4, RS 7 1) B ER A B A Re 25 4,



1916 HH AL A

% 41 %

0 5=

AT RGN0 AT 55 2 S, X 4508 1 — Beah V1R
ENQILUET Y IN ) e = 95 o N i X 95 27 DIS B UK S 1
B 43 2 ok T FE2E 0 . B TR T AL A8 AT RGB (Red,
Greeen, Blue) & J (1) 32 3 J5 v 2 DU 26 T 8 B 4K
P 19 3 7 3kt & B G AL 2% (Graph Convolution Network ,
GCN) o H v & B 2 W 4% (Convolution Neural Network,
CNN) i& A& 2 2 (8] b A A OC Ve 0 B0l 108 35 4 28 90 2%
(Recurrent Neural Network , RNN) Wi & 42 B (0] A A 5%
PERVEAE . A BT N TURAAR 88 I A 2 26 1 5 1 0 1%
T AT BB T 51 B 2R 00 A ) S R R R B ) B A i X
PPN EhVEE B R T A RS T AR
SIE Y KA 5 45 o 5 (R 23 ] 5K A DG, O ELI A] 5 25 ] 2.
FVEAEIC TR o SR E TR AR Fb s 2 A GBS 1) 2 B 2 A
TP LB B T RE AW 7 i F SRR A AR
UGN o PRk, A 24k 4 B AT RS F) Fsf 2 R G M R A i
SO R OCHE . AN PR AR LM & 2 2 £5d , R LA
B Bk 2 A, VT TN PR AT O AT R — Al A R
PR

AR , NMRAT RS E SR T — A% BRI 58 53
— PR, ARAT A g U A] 58 e 2 AR, A IR
RPN N = B N S L | N PNE N = 2 S R e S g
B S B IBISTT DLRIR O — R G ARG 57 B B I )3
G, DT AT 38 A 43 A8 S A ke i ARAT g AT U . R
Wang S5 45 H4 1) T ] 254K 108 G715 A B TR AR AIE [n] 2K
AT B BREEFON AR BCA R OGN Z M 2 [ R , BT LAR
IBCRABR o Du &5 45 0l PR 28 I 2% 114 5 1ok 2 2] B OR
TR B R . ZE R TR 67, IR
153 TARK M Bt | SR 00K 2 5 M T FF T30 Jr vk lofil
), MELIVZ AL . Vemulapalli 2575 H 38 2 = 4k 5 7% R ok ot
13 NAEBIAER S, R AR B AL Z 18] (A X =48 LA 56 &
SRR ZYEAMRE A R, T R AR R X 2
B A R R T2 B2 0 . I B BT 325 /] 43
Sk el BE A ] é’él@?ﬁ(@raph Neural Network, GNN) F1 &
%fﬁméﬁ((;raph Convolutional Network, GCN) . GNN 2% ¥
B IAM A MK EE S E T S AR ST SRS 2K
TEAR, A SR AR AT s N TR O R iR fE B
Qi 555 HUKE GNN R F UG AR, I AR 51 ABLAE BLAT:
555 Li 5504 R GNIN P 44 22 [] 8 40081 56 3R B A, I 731
T SRS —Bun a5t el . GON N R 22 )
Xy R E) TR, Kipf S5 T OGS GON, H T X 1E 5
Fa BB 47 2 W B 432 5 Simonovsky 25125 25 [B] 8k Py (1) 145
ST T R RBE PR EERA T R s

BT A NSRS 380 R Sy A 2R 4%
55 RS R X [ 285 Ky Wy Ak 2 20 BB T R Rl DT B A 255 s
AT NARTT R BRI 53R o Song S5 48 HY T B 4 v 2 F7 45
B SR b OGS [F] B I 2 AR A, DA BH I 2 R A B I 5 3R
AN T AT R U ) SE 4 s Zhang B4R H T —FhE
ZRE 0 0 P 1 R R | A2 1 SR O R R A 1Y
LA o WRGRIE—25 3B, 2% 2] K43 B 23 RRAE 2 A S sl VR U
FIREEEZ . Yan S5 R T —Fi H T s AR e 2 4 71
™ 4% (Spatial Temporal Graph Convolutional Network, ST-

GCN) , B G — A SRR T 1 1 23 [[ARE, F—A4>
BB FEBRA 2 Z A FIERZ B LR T 8
VE — 45 ¥ &l 45 F1 I 4% (Actional -Structural Graph Convolutional
Network, AS-GCN) , ifi i 2% 2J actional-links, ¥ J& structural-
links S FEATAT AR A . AR, Thakkar 25 7 T —Fh 2L T35
18 1) E AR BN 2% (Part-based Graph Convolutional Network , PB-
GON)RsA ) E A Z MY & . 5 ST-GCN FI PB-GCNAH L, Si
B L N R Ay ST B R [t O ) SN A e S R
11212 (Long Short-Term Memory, LSTM ) [ £ % i} [1] 2 2% 32
AT

SR, ShAE 4L B2 B e, FLB = X 48
B 2 FHE R e R AR BTG AR SR T — s
HAEAERM Y, B BJE L JR—F &0 AR RT3
AE B AT AL, AT LA A AR A TE AR R OC S [a) Y 2
() RSt (] Bh AR R AT, AT SR ARSI AR, A SCEE T
FEANTR « D4R —Bh i 23 1 2 7L e 2 2 AR 37511 1Y
B AR A OC M, b 23 ] 7 3 ) o ke AN [ 4 =2 [
B 5 2 A RE S B T3 6 0 0 SR AN [ B i) =2 1] 1)
BIASKTE A SCHE o 2) W T — A i i 2 B R, |8
DB (A s 23 AH DG PR GRS 2 P 2T BT A D 8 T 286 v BB
25 [BVRRAF 9 1136 FEURIH 3 AR RIS BT [ 4808 G 28 (4 B ] 25 AR
N 3)%g A [E) T 7 L AN B 25 v S ML A AL Rl &3
i — MBS U A9 30 3 1 28 1 AL R R R 4%
(Spatiotemporal Attention Graph Convolutional Network, STA-
GCN) , 53t 3 o Y 2 , T AE B B s VR R i B T 1Y
(Ve

1 HZERNEERME

TENARAT R rp ) AR ST 5 a2 LA Ry s i 4535 5 .
A 7 vk B UF L T B 2R 04T S U A R (R B
7 BT 235 BN FRR 5 25 2 i R AR T T TR fiF 5
HOER I, 20 T R S A A2 R IR R AR SR T
STA-GCN,

1.1 BEERME

BHERIEIER, AR 4Em 3 = 4E R, x50
Al ffi TR 25 AR A FRIME . GON S22 ) Ron IR S5 F Bl 1) —
Al FA A R A HESE , £ Fh GON ZEFh & B A5 24T 5 IS
T ARSI R .

X T AR 0 N ARAT S R SR U, iR 2R 0 B T LA
MNIZ B B A ST TP B AT RA TR AR . S
E—AWUTH] BRI S A — LT AR bR . RS T HE TR
Y ARARIE BRI P I B R b A T DA O &
285 7 ARG FARIESE ] F) 1 48 322 3 1 Sy TR 30 ) kel s e

BT 2 S

1
ot \Uy) = i (0 w l/i v, ( 1)
fulte U ;N(v/,) Zzz(”r/)f (v) ( ( ))

L, R o, BOREAE [ RER A W () AR AR
IFH R 1,0 V, — {0, 1, -+, K} B K B3T3 7 1
TR o, € VA IAREEIF LT B 15 40, K481
S N (0,) RGO KA T2 32, (0,) RATHR I 6
PRAEAT AL LA T A of,, (v,) FR LB BUE T i,
ahf it BTSSR A 12, AT




% 74 EHEE LT T ad A B AR LA G AR RHIERIN 1917
T Bt S e
Jou = zAlszkAszian (2) : i .
k=1

O A, AR b (1,2, - K72 %5 1] 3 o (10 40 35 1
Al = Y AR TR

1.2 B=EFEHILE

TARRITE E BT 45 H 5 | T k23 FE 7 LI, o] LLFE
B A Z AT r S5 3 380 5L 340 30 07 () B A XA [ B HERR TE ¢
KIS0 BRI 0245 1 isp 23 7 7 ML A 25 )
=Wk v | (5P S W v 215 O N e TR B A R vl |
—J7 A FH G RRAE 0 B E A5 8 e LA P 32 )
B3 X, O — 7 AU ZRad B g LA 42 )R 1 34 Ak A Bl
G AR A ) 28 5 B B A 53 ) R AE Bl X5 T B (A
BT DL A 3l i AT 2 A5 32 9 3 due B0 7 1)
PRk BE , T AN 5 BAT AT B sk bR 105 8 o AN OB s Al
B TR AN ) B I ML A B 58— 1) [ 4 B 22 I 45 AT
BRI S 2 i 9 1

23 (A 0 P 26 1 ST S I U B0 P2 - T 2, (45
ACE-TINYS St R b s R E A ey RS R/ =R P S |
FA R E A 15 1A B 43280 0% LIS A FRUREAE 19 40 1)
P, DS B H B 0 51 g RS B X B e L S IR
B0 2 e s ) 2 IR iz A R a8 B s s rh iz Bl
2 IR UL BT F 5 3R iE 3l X8, 948 AT o 2SI 4%
IBEGHR 1Y 25 7] XS IO SO 2 1, AT 8RS0

F BRVE B TR RT3, Ay MR B T SRR . Wl E
B RS DRIREL AP G , B AR, 3K & — AN U
RS HERE I A 03 1 AR Z(E 3R B4 X Sl e v
YRR G, X — AN RITE E J)  FIH AS R 4%
X BT S HEAT A 35 0 SRR SR R B AL A Sl &
SR E T, STA-GCN B HH [R] B2 & = 5 1) 25 (R 45
FME B AN R SIASAR S, 8 AT BT i e 4

TEAT ARSI A SEBR R A P, SRR 1 R LR A P
AR AR TE O TCH B T AR R B, S HERR X 2 B T,
7t s WY o =41 151 RE 6 = A v v PR A N (21 M 9 = WA K v N X
Al B 1 A B B AT B Bl DA AZ 22 90000 425 B s 2L 0 g
H AR 0 B o AL T R Bz U 4324 1Y
AT BEAZ AT LA 0 531 g B4 s e Bt

2 R FSTA-GCN# A %1t £

FEFE ZR A B T LN S AR 4 18 4 R AR, e mT LA
P R A A A R IR BOEAS o 18w AR 2 — R AT,
B —WUARA — ST A bR . BRI ARSI , LA AR5 1)
PR DY A PRI s, DARSTRDRI G A 00 AR 3 i, A
2SR I It s 3 2o 7 TR o AU R (78 i A% L9 ki 6
A AR R 3T DUE TR — R T BUR 0 CNN, Horp i AR
FH AR 2k PR A (A5 250 B ) BT i o oy A B ot
T2 Z2m 2 FEBRLEE, A T 2 R W RRAE B 4R 5 il ad
HE SoftMax 73 J 4 F oy FE MM (0 sh VRS . B A A
R it 380 0ty S5 ) A48 0 A T 2

STA-GCN 1A AR HEZL AN &) 1 BiF 7R , 78 B4 B 23 e s
A5 B 23 R A (SAw TAw) A28 B E (GCN . Conv) o
AT RACIZRR TR R T ik 224 ST HE G2
I JG Gt AT R 2T I 45 A A5 B R 2L TR 45 2

LY

SAtt+TALtt
GCN+Conv

SAtt+TA¢tt
GCN+Conv

1 STA-GCN # A fiE4e
Fig. 1 Overall framework for STA-GCN
2.1 W=EFEHER
DA ATER S o fEAS M YERE b AR S 5955 ROR O
AR AR R HA AR SR A A X BLEE VR R D L
SRRE L Ere A S e L DE PO S TS
S=V - o((x" l)wl)wz(w3x(,:'7 "N+ b,) (3)
exp<si,]') (4)

=
Zexp (Si,j)
j=1

Horea =0 = (X, Xy, oo, X ) FRE r AERIVEALC,

S EE B B R R — 2 A S A Sh AT
BHEAOHEES. T Bonm g EES 2 MK,
Vibow,,w,,w, RN SE, o Fom BTG R STH—1ATT
F S, MR SR R A 2 IR DGR B SR
FH Softmax PRSI s EER I BUER AR 1, FEPI TR R
A, A SO0 FAAB B0 I A RS 18] 7 2 S S’ — Rk sl s
AL A A S M U

Q)BT o AR I 4E R b, AS ] e ) B A A ARG
FUIRBLZ BIFEAEAH DG, HA S EAR R 0L T BARE 2 5
IR ML, A% SO 7 o AL 19 3 10 b %o 45die 45 7 A TRl )
o

S!.

inj

E=V, - U(((x(h’ ) 1))Tu1)uz(u3x(hl U+ b,) (5)
, exp (E; ;)
E;= T ’ (6)
Zexp (Ei,j)
=1

PV, b,y wy, usy S5 S SH I RVR DG HE M E 28 A6 1Y
WARE . Eh—AJCR E,  FETE X 1R[] i A (e
2 ] M5, 5% 5 FH Softmax BRECN E HEATIH—4k . EidE
U —fb B[R] T R R R R T AR AT LU % =
(R0 Ko es Xy ) = (Koo X ooes X ) B R K 3D 25
PRI A o

3 ZES FERE RS o A8 AR T P4 A s Tl 2 4
I T48 54T R 53 S5 246 DR B 114 25 ] DX I B B 5t 28
FRAIE 5 s ] 3 D LA DR324 Th A 3l b Az 4 1
A3 7 W AT 3 B, I X S AT R BT T R4 )1 2%
T HEBR ARSI 7 Bext 43 2w 1 T4k

A SCHE Y 1 B 28 1 R TR 430 FE RGB LA I A1 it
J7 5 v B I 2 A ) 45 A T, B 2 ] 5 ) 4% (Spatial
Network , SN)A"DHﬂ‘I‘Eﬂ%Wéﬁ(Temporal Network, TN) . #RJ5#
PN 25 1Y Softmax TR 73 AL BLE 1R AT 23 S ARYE
W AT LA AR FHZ 2 (9 3 S G Pk . T B B2 1
RGB AR s T 2R, 25 A1 B W 45 19 S 80 23t mi
TESCTR BN BRI 25, ARSI 7 55 IR, 2
)33 2 2% 547 R 3 S I 2 S AU
2.2 HEESBRAER

Bof 2 A AR I 246 B Sl A M r 15 8 25 T AT



1918 HH AL A

% 41 %

MR KRR AL RS A5 A A B 25 E R A
i, HEE RN R 2 i o R SCHE S (4 B 25 KT Bl A
A3l Hh SRS [B) FH S B4 25 TR] R 25 AR DA AR 30T B[R] 55 H ke [
AH G 11 s (8] 5 AR A o

ik P BRI AR SR B S B S B T R S R R
W EARRREE T, AR B IR RS AR T b R —Fh LR, BT
SRR LB ERE FfES ™ Wik, A T AR A
B ZR 2 (R R R AR SCPE B )R R FH 3L T4
FE RS 1Y 6 BB A FRE 5, 35 0 AR B 4R I 45 7 25 (1) 4
B F G A e . 3 O s A S RBOE X, BT LY
FidME P, A0 &I 254 b 15 i T

time time

R T3 i 25 A1

= > [ |

L ARINIEE YA
12 STA-GCN i 25 B R
Fig. 2 Spatiotemporal graph convolution structure of STA-GCN
TETEE 3B 1B 2 P L 8z 3 s S A PR s 1 o 3l
3t 93 A L i A A S HLARAE AL, T LAAS 3 BT 45 44 1 Joi
B 8 BT A M SR L =D - A bR ifERE R Ry o L =

Iy =D 2AD 2 e RV*N, o A FORBHEFERE 1, FOR B0 JH
P s BEREWR D — XS FSERE D, = D Ao B R PR

FROE(E R L = FAU", ot A = diag(Ago Ay, - Ay )N
XF AR R, B oA B R 8 A AR R A Ao R e e ek
AR LA T B 2SR F SR>, g
Tk, B B RE S Al A g, AR T IR

8y ¥cx=go(L)x = 7

g (FAF )y = Fg,(A)F"x

Horbrs ROREHREA. B TRBEGESWEHRZERSTE
it P T AR L i 2R 4 44 50 26 (5 5 AR B B R e A, 1T 1A
BBt gy B /N 53 0 o 43 S0 FE 3 SRt A7 08 B A o, 9K
S B AR R B9 45 RAR T, FESEAT (8 B S s 1R B B s
MY A A, AR Y R0 ROBEBER T, B X hr 0
PEATARFAEAE 23 i DA K, TRt , AR SCR I LU T 5k 230
JECARLTIG A 255 M i R [ AR

8o ¥cx=go(L)x = AZ,'YA-TA-(Z)% (8)

Hopoy FOR Z IR A BN — A1t L =

L LA

P PR B ) B AR . IS R 200X 3 1 5 N
Ty(x) = 20T, (%) = T, (%), oo 2 Ty (x) = 1, T (x) = %o F]
FHUI HE 25 R Z2 131 5K A 3 AR R TR SR A, %o oy 13 ok B A% g, oK
P P AR SO D B (K - D) B4R E B .
) 2 FRURRE R 48 0 AR 1 ) 28 M B T Sy dc 28 1 00T PR

FEXT BT B BB ST |, AR A 5 e 25 [l 4
AR AE B FERT MR it — 2B br e G B2 il &
JEAHEBAT ] R b 05 BT 1 s 55 o DASR RIS B A 5
r )2 B )

%) = ReLU(Q*(ReLU(g, *, ")) e R“*"*" (9)
o= FORPRUELRBRAE, Q RN M 4E 5 A S48,

RelL.U () 7R #0005 PR

g5 Lk, s 5 BB E B S AR - Al 4 AR A T o B
A2 BRI . — A5 32 88 IR — A s 4 25 UL He ) i
— AN 2 A IS B, w] 2B AR BOE KL A 3h
AR B, BNn— 2 E T2 RIS S i
5w H pr B A M 4RI R . BRS04 2 M
ReL.U/E R REL

3 KE 5T

Sy R 2 9 T Ve A R I 4% A R T 2R S U
PEEE E R R B, 2 DL F 805 2E - 1) Kinetics human action
dataset™’ , ‘& & H 0 1k 5 K Y T 29 5 3h 7 R 510 B0 4E
2)NTU RGB+D™, & & H i i K= NS E IR B IR . h
TR AR SRR R I RE R DTER , TSR SR U B e

FHEAT T RIS o R T IR 2 i 0 ) B B AR M 4%
BT AR A SN SR 5 oAb B e i 0 7 P30T T i
JT A S R AE Pytoreh YR BE 2% S HEQL BT FFMEF T 84>
TITANX GPUs,

3.1 BIEERTMIER

Kinetics £ #5 2 £ & T M YouTube |45 & % i) K 2
300 000 AT B 48 . X SERLATAE TE T £ 35 400 28 ARTT N,
A HHEIG ) ARE 438 RS A0 B R gk
10s 7577,

B R T R LR U Y B B A . BT
AR B SR T R HE TE AER ShVE R DR MR N e i
e T AL E TS, FEAEH T OpenPose™ T HA R M7
RERVACRIOE TN W NS SRR VA C NS e 7 e ) N
A 340 x 256, I8 iR 4ok 30 Wi EE P (Frames Per Second,,
FPS). THAFAH THRE AR R P 445 (X, Y) A1 18
AN B BAR AR5 DT R (X, Y, D) BT ROoR &
AT, — AR ZEBE TN 18 T I . X2 A
5O, 6 TR AT B 48 v -2 B AR B s 1 2 Ao B A X Ay
o, — A T BT 48 Bl 5 X BT i B 3T 8.
(3, T, 18, 2) 4k & 3R B, S faf LA 3], 8 T = 300,

R SR Al B HE A A TR 1Y Top-1 Fll Top-5 43 2K BE K
TEAR U B8 K 000 4 Rl 43k 240 000 A4~ 55 55 (1 31 5 4 An
20 0001 5Y 5 A9 TE AR

NTU RGB+D %4l 5 2 H B KA RT3 3D 561y
HEREUEAE , 8 60 31 VEZE 56 0004~ S FE BT 4 . ix sk
S8R 40 7 BB AE T — N SE 8 % h 3R ML R, TR AL
AT R L T EE R B A TR S Kinect 670 21 () 9 45 45 3D AR B
P (X, Y, Z), i A 208 B AP 5 & 254560,
AR REAA IR

MRPEAE B 27 B VT2 43 P25 2 1) CS (Cross-
Subject) : f3, 1% 40 320> S E Y I ZR2E 5 16 560 1> 55 48 1 1K
Eo FERXFPRI ST, —H B IEE R AL, —Hr R
HILAEMREE . 2) CV (Cross-View) : £33 37 920 /™ 5 ¥4 A9 56
TF4E 5 18 960 A 5 HE M4 . X Fp Xl 4 T, AU 2R 55
Ok B RSk 2 A1 3, MR AE Y Y DR TR TSk 1. A SCK
TEAEIX B, FEAE AR 43 DL Top-1 4324 BEAE R0
PERETPAL TR
3.2 HELSRIE

ARH ILB T T DU S, RN IR TR AR SCHR A T s



%78

ERHEF A THZTEEHBERMEER AT LR EE 1919

TETE I AL 0 1] 2 R e 22 00 28 7 B SR sl M A 55 T B A3
Mo SH—AISCIR IR TR AR Y 4527 > 0T IO A 3 5
TR B PTAAREE R 5 5 =  HS  U) F Si e, T
S0 E 2 ) 5 7 AL A0S [ S AL B8 A b 5 5 U4 =2
B0 2 18] R LR N [R]85 ML il 38— TR 5 AR
Mz 2% ep S B s ) U 25 JRR R B S E U 55
Mo IR R T T PR B 2 0 2% e ]I L AR 25 T
RIHLE X SRR 55 AR THECR .

TES — 452 T, TR 910 A 41 Ik 22 AR 40 224 i 221
A% AR ACAZ I 7 S AR B0 A I 2B P BT P

WP 3 7R i3 LR TS [ 51 o B ) o 2 A
JE o AR EA T AT LA B, AN R Sl X 56 B O R E Ay
JIr D T s 8] Ca) e, FLIz 2l i 35 DI T MR8 o [

PR L 0 3 A8 S ) I R v

P4 J7R T 7 IS4 o sl P B S LT el {5 1 . Hep
B AR L5 89— s S AR 2% I SR B G
BT, T BTG SRS R WA S R B oS 17 1 A5 B
TR AR SCER R A ) TR R PLR 7 T A3

(a) Clean and jerk  (b) Pullup  (c) Hammer throw (d) Juggling ball

3 AEREREIIIIE
Fig. 3 Heat maps of spatial attention

(b) Skateboarding
Pel4 RSB S f BE R LT £ e

Fig. 4 Video time-domain segments and their prediction confidences

P 5 s 1 A 2 3 B 0 AR 81 g DA 3 ) 34
TIPS EARRE o o AT O S (07 B Y B IR BE A
FAN[A A B, R AR T 3 LA A g
ARSI 75 R 21 4 AR Z e WA A BE Y 15 B2, 21 (b
K ARFAZ T BOH T U 0 0 1

3

5 BUSBINTS 25 E FA PeL R A e
Fig. 5. Spatiotemporal attention heat maps and confidences of

video frames
55 T2 92 3 B 7E Kineties HI NTU RGB+D 3l 7E 11 5]
BPRAE 1 56 UE A A B PLH 09 8tk . AR A S v AR
SCHGHR T 3 s TR R R AL 1) T 26 B A 5 50 o ) PRI A5 AR
IR0 245 5 VAR R0 FH IR B . ST-GCON B 10 76 B 48 sh R R AT
55 IS T 35 51 AR SE B L ST-GON A5 R Sy ST, | 7812 ™)
LRI g | A2 [ TR A ML GOAE SA) , AR UE S [ 7E 38 )

HUIAE SR TR AT 55 A 350k o
W 1R, T2 [0 FE R MU A AT R P AR A i

TPHE B2 I AR T ST-GCN ZE AR
5 = 21 40 S BURAE S VRN B A RIE R (R R
MURIA 85 o A IR0 T W RpS A 8] A4 356 T A i) 3
B IIHLHI Y B AU ARL 35 2 AE I AT AL ST-GON 3Ltk 22 - Jin
S TE) 3 3 AL GEAE TA) o B a3 3 g ML) 3 BB 2 R
FHAS [ (8 A8 s 35 4 ) B s 438 0y =X, DA UEAS [ B 3 43 0
KA BISHONAT RTINS B A2 . AE iz 4] S g b It

HERAL I il FE 5 b — SR TR . SEER s R ANk 2 By
7N, Hedr SE A O K (Average Fusion Mode, AFM) 25 4%
AN IR S8R B 4 TN 445 2R 14 - 25 5 A Sk S R ) TN 45
W5 X 4 5 AE i AL (Discriminative Confidence Weighting,
DCW ) 2755 B T FU I ] 5 B2 A Ay el 3 45 7 2, RIVRR 9 45
AN AR B B TN AT A BE R £E b e nT SR B, R X
L6 - B ) T 45 SR HEA T A AR Ay e S RS ) T 45 2R
F1 WIESEEEANHENERRNETRE
Tab. 1 Verification of effectiveness of spatial attention mechanism in

action recognition

Top-1/% Top-5/%
HIRY o NTU RGB+D )
Kinetics Kinetics
CS CvV
ST-GCN!12! 30.7 81.5 88.3 52.8
SA+ST-GCN 33.1 86.3 93.7 54.9

F2 WIEMEEZAVHESIERINPHERE
Tab. 2 Verification of effectiveness of temporal attention

mechanism in action recognition

Top-1/% Top-5/%
LY o NTU RGB+D o
Kinetics ———— Kinetics

cs cv
ST-GCN!2 30.7 52.8 81.5 88.3
TA+ST-GCN (AFM) 33.5 54.7 85.3 91.4
TA+ST-GCN (DCW) 34.3 55.6 85. 1 92.6

NFE 2 B S B85 TR AT BT T AR R A28 1) 3T A
TF) 3 2 Ty AL A AT R U S TR f 43 JORE JE 2 0 T Ik offe 4 7Y
ST-GCN, ZEMia 6 F DCW R 38t & 77 20, 78 Kinetics 5
A& PR, B F IR S AL A BERY L SRR AR Top-1
HlTop-5 /B T 3. 6 M 2. 8 NI 43 . ik BE T
TAS SCHR R s IRD I R AL EA T AT 55 Th A R
2) Xof 5 T DA B D BILAR 8 A7 S RIS i =, A T i fef
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FHDCW B3Rl A5 125 04 43 JokG 1 B it o 148 FH AR ML sk
GOTIRAR BN A 2AE B o RSB R I, YIS rh S )
FIIHLH, D DCW A Bt gl 6 D7 125 L fA ST S4 mi J ik
HA

SF5 WO 20 S 56 FH F 90 N 2 1 B AL 7E sh FE IR BT 55 R
PRI o AR EH S 00 A 1) Sy L5 B ) v T L
NG5 — 1Y B S U 2 I G AE S 75 390 36 i s T ) Bl
B PR AR 2 R 2 I S 3 I 2 . Horp ST-GCN 2
ARSI ZAE R I 5 5 vk 5 i o A S A ], (ELR: AR 12 4 52
I LA R - SN AT TN 9 /[0 4% A5 0 F) 03000 A LA B2 T
PAABIAI ARG . R 3HNAE T I T B2 TR AL rA T
SRR IR TR R R AR TR (144324 435

N 3T LAt 78 A6 R 4% v (] B 5 ] B ]
TR I AILH 5 A ) 2 L 5 T Bl /PR RS B AR A
B, B R 5 1A 23 18] 2 ML o2 i [ 3 2 LT
SRS BE SR TS A

3 WIERZ=EENNSIENELR R

Tab. 3 Verification of effectiveness of spatiotemporal attention

mechanism in action recognition

Top-1/% Top-5/%
FHE R o NTU RGB+D o
Kinetics Kinetics

cs cv
ST-GCN!'2! 30.7 52.8 81.5 88.3
STA-GCN(ASCARAL)  35.7 57.3 87.7 95.0

3.3 EMAEIWHE

T B STA-GCON FE AR AL s R RUINAT: 55 Hh 4 7l 58
GV B BT I A% i B AL B P R 2% I R A AL
Y RTSIVE R4 Se i (State-Of-the-Art, SOA) J7 kAT XT
v, £ 5 : 1) Res-TCN (Residue Temporal Convolutional
Network )™, 1% 7 v 8 32 58 1) i EL AT TR 4% 34 12 1 I dul 45 R
(Temporal Convolutional Network , TCN ) i 42 & 455 7Y (1% nJ figf B
Yo 2)STA-LSTM™ 3205 IEAE BAT KA I A2 338 U o 22 )
2 (R L S B 2 TR R ) LSTM W 45 B0, e 6 56
Vi AT O 28 5, I XA [ iy o 2 3 A [ R ) O
T, BRI AT R BCEL A DX 43 09 I s R 5 B 3l VR R
3)ST-GCN'™' B M T AT - A5 05 ¥ 1) Jmy B L 4 181 45
FORE T AN SRS VE R, O HLA Hh A5 8 B i 72
fLBE ST . 4)AS-GON'™ % J7 1438 1K A-links J¢ S-links 4545
IS SCRHRIE 3 — 25 ST AT S R P FR R 28 AR A R
o 2] 23 [B) RIS FPARFAIE , BE 6% S 1R T2 b A [m] Sh PR AR
LA RN 4 PR

&4 STA-GCN 5 HATERFEIRSTME &K EH TR L E
Tab. 4  Comparison between STA-GCN with current state-of-the-art

methods in field of skeleton-based action recognition

Top-1/% Top-5/%
] o NTU RGB+D o
Kinetics Kinetics
CS Ccv
Res-TCN'®' 20.3 40.0 — —
STA-LSTM!*' — — 73.4 81.2
ST-GCN!'2! 30.7 52.8 81.5 88.3
AS-GCN!™! 34.8 56.5 86. 8 94.2
STA-GCN 35.7 57.3 87.7 95.0

MR 4 BRS040, rT LIS H DU 4538 D RT3
AT BRI 2 VE B 51 2R R R EUELA H 3
I 28 FAE , 8 SCHR A STA-GON 7E X PN EIR 4R | ¥4k15
TG R 2 2 B R Ay SRS B 5 2) 385 5 Res-TCN /5
RIS, BB B Lo A2 Go 6 BN 45 308 5 38 T3 2R 9 s A R
5153) 5 HAD L T LSTM (STA-LSTM""* H1 AS-GCN")) i [¥) 2%
U Eb, AR SCHE R 1 A 4 3 2 D AL AR R A BB % A8 Rl
FE BB A B TRV AR, I LR ERE S I gk

4 HiE
ARSCHRR T T2 7 R B BRI 445 (STA-GON ) B

19 N B S MR BT STA-GCON B2 U7 B 0 7 3 |4 1

TGS R A AR, 4 AR I 2 T B T L) AT LA TR] e e 42 4

[Fa) g 3 T ) ) 285 B8 S SRR T L PT LA AR R I 45 dml 22 ) )

KF o TEWA B A P B R BB 4 4 Kineties

NTURGB+D |5 HATHARENER SOA 5kl AT 1 XF L, 4

AR IZAI BRI F LB ZE 2R o STA-GCN B R i Pty

AR TAETERE TVFZ AT RETT 1), 40, A fup b 3 5 A0

SEHAF BRSCEES LARTHIUIERE .
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