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02D E MWLM RAER, w5, hBBEWM S RZ = F kB UL n 38 4 4008
BAVR B AR R B RAL e A ERER 5 RERAEE % FRAE B R 7 R, 4 P R B
FEBFAEEmF EAR, RE, 0T PR 400 AN EHE it B 45 Evam s 2 B, A X
SINE G 7 g ERE LS, AR B E R AL 3R K 8T AR K A e B R A
GEPHATEERNERE, UBRMKITE R A2 ETE R/ BB X R, &, FREFTRR
B S AFAEX TR A S E o R TIR A A%, A I\ B & MR A, A RAES &
BT A EAE LI E AR A, A 2 A4k JE 3h 1R A S48 & Divingd8 A
Something-somethingV1 _F 3R 7l 1 # 2 20 7| 3£ % 86. 0% 71 46. 9% , 7 A 1 )7 46 £ T W 2517 7
WHERT3.8% 0 1.3% , EIWEERKYW, A A EANANGE A MANNHFERLT, K4
A3k 5| 5 JA 2T Transformer o = 4 % R4 4 F 25 (3D CNN) 5 k48 24 0y S EF £
R @A ERA; £ RER SRR ,; RERRBMAER,; BETHHLH

BT SR B B T AR i BRI 2
Wi A AT T2 TR, © 4 R
PR USRS o A BT SR A BN 1 1R
SIMERE B L OGN R AL T | AR 4EFE(S 2.
TR 95 K A BE B AR PR e ) R0 A5 75 57 B
PR AR SRR AR R A 1A {0
SNVEAERT IR 2 (A 48 B LN 25 57, (R 20 B AR 7Y
LTSRS 23 [ B T an el A a5 4
CHUAAESCE v st (] R0 2 () RRAE , R AR o LR 2
A4 - (1) $5 Fir il BOE R IR ok 82 3015 B
(2) F LT = 4k (3-dimension, 3D) 35 FH ik A5 751 7
FEPRIUAT 25 S5 1E 5 (3) ff FH Transformer F1 5 3 5 1
L4 B B 8 e 245 SEHRAFAIE

ISR 7 2 B ] e B I 28 0t

AP RS AR SR, B S XL B A
R L, H #2014 4F | Simonyan il Zisserman'"
Wit T 3T " 4EB R 4 M 45 ( 2-dimensional convo-
lutional neural network ,2D CNN) XU M 4%, Wi
W28 A 2 A3 32 oo — A0 S ARSI, T3t
RS IAE B 75— Do S AL RS, F Tl
WU SRR o TR R 28 A 4R s S 1E
PRl FURS BE AR L TR A BRIt A
KU P 245 3of S HK A B AN B0 17) B, Yue-Hei 45 A2
TEXUGR I ZE 2 A0 S AR R HIE 2 M 45 (Tong
short term memory , LSTM ) 435 CBEAF B 5 i T 00
P28 HAE 28 B 0] 2 A0 SCor SR EE R Bl G |, X B
P25 B A A B TE 7, T Feichtenhofer 55
XU W 4% v 2 AN 43 S el BEA T @l AT A

O ERARBFEREAT FWH (61771420) FIE % HARHE R4 (62001413 ) BB H .
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it AR, B AR W 28 L 33T B Beoxh 2 A SOk 2
MEFEAT RS T DASR e XU R 28 UG B . i v 3L
T 9 2 A A AT B BE 77,2016 4F Wang %5 A 7E
XU P00 245 il - A4y A ] 1] 23 B % 4% (temporal seg-
ment networks , TSN ) 71 TSN J— AT 43 1%
JUBE, 73 51 T B A1 s A 38— 20 2 B0 =2 1 U
R AT IR U T B SCR o B R 45 8
JGU EHG R SR BT Pz 35 B, A0 T DA 5 ik
PUIPRS B H B AR R BOL IR 1R x40
PRits EARE PRI, AT 2D B, 3D H R

DATR] IS 38 B s (BRI [E) 5, B 5 A BRI
£ 2015 4, Tran 55 AP fifi 3D B2 (convolu-
tional 3D, C3D) HEAT B/, it 3D 4 B R 25 T
U SR AU P TR TR A e C3D M 4%
BHRINZ HME LUV ZR Y 18] 15T Carreira %5 N 7E 2017
AEBR T UK 3D BRI L 4 (inflated 3D Con-
vNet,I3D) 7E ImageNet b FIZ5E % 2D 2557 W 2%
BB 58 0 3D RERL, 5800 FH 2D AR T 252
$o, k4R 3D BRI PUNIHE B R 32
TR M4 5 &, 7F 2018 4F, Feichtenhofer 25 A1
S MG 51 F T SlowFast %%, SlowFast
PRI 3D W44 533227 21 iB F (5 B 188 3D [4%
O3S AR R BB R P UMERR 2, BAR 3D
B RRERINHA PR 2 (5 2 ERZ R THER T,
AHIT e O B B OC HRAR B A T L A
Transformer 7 #50 IE 5 R A RE /), —Z8 42 il
TEAANATURAS 2 SETE L 2018 4F, Wang 25 A1 42 H
3E R85 ( Non-Local ) 5.7, L 5 26U T H TR I HL
i, P TR R I e, TH A ek A i = L]
FIA B WL B A sk, AN ] T Non-Local %1+,
Zhang %5 A"V 7E 2021 A4 H B[] 25 360 I 45 (tempo-
ral query networks, TQN) ¥4 3D 45 FH % 4% & 1 Fl
Transformer fifFi% %25 15 2 A 52 BLARRL I S 1 3R,
TON fifi FH 7] 43 B 3D 4 FH ( separable 3D convolu-
tions, S3D) P Z8 VS MLt 3 T $2 BURRE , R AIE 5 A
W) =4 A 3 Transformer fRAD %S o, B 284 H A
W 17 1) 5, 5 B 33X L AT 58 A7 A8 4 AR RS B — ()
R, Bera" " 7 2023 AR 3L F EUR B 1 B L
ifil ( patch-based attention, PbA ) , Fl| F 22 R 7 & H

fefdt CNN BCRU R 15 SR SR B 9 7E R0 Am
U ¢ A2 I B B FURAE | Bertasius 55 N1 AE 2021
AEFE S SE Al 1T A TR LA A B4R U R
2% NEFER L ZMIE A R i T
B, BT Transformer W48 S50 £ |
BRI FUR, Lin % A 7E 2022 4R48 U 43
JZ % Transformer( video swin Transformer) , ¥ 14
YU swin Transformer W8 H A 15 71 ML ¥ & 3
PR, , AR T35 S A% B2 [ i ] ) 2 151 A% shL
BESRARIZRIRAE S . ANF TSGR 12 ) h & RS S AL
i, Sun FE 112022 AR A I ) 61T R TR
il ( hierarchical temporal window attention, HTWA ) ,
TEZNERNZENE)RY RKIEE 6@ 1R, AR
Tl I AR AR 19 [R] B s B8 SR AR A [R) J 32 B R
B E 2 RE CHRAFIE, % B E B4 Trans-
former 5% 84 I A X 2 4 X G A7 B FEAT AR
Herzig 2 NV AR 2022 AR R X B A Trans-
former (object-region video Transformers, ORViT ) ¥ 4%
FAOEDCAREEL T LR REAS b0 G 300 SHE (5 B Rl
F| 2% Transformer JZ 7, T H& T RL A PERE , 1%
T3 AR Bl A ER ARSI 2 4 5B HE AR kg
CSUL IS

3T 3DCNN Flfd ] Transformer [ 4% B SR 7E
PATR SRR T3, AEIX 265 2 2 80 R, Mk
YNZXT EIE Ak B2 ( graphics processing unit, GPU)
PERE A AR R i ML Z T 2D BRI AR,
(7] S 10, T L2 308 5 S v 5[] A A R S A AR
JFRIOCR TR, Bilhn, Lin % N1 7E 2019 R4
IR #RAE Rl 2D 45 AR 2% rp il il i 18] 3% 07
(temporal shift module, TSM) P14 | LA JL-P-Z 353,
AR MEAE A5 0 26 AT e DI AR RE ) 5 HL
TRRFARE 2B, 3T 2D B R ) 45 455 0 1 3
VEVUI AU I3 A8 S8 % (EJ2 TSM X Ry A
(] GG A7 S ARABE T 220 % 17 8¢ oy o ) g R [ 4R
M F , ASIFT TSM A i ) B 7 B4, Hu 45 A1
165 380 ™ 4% ( squeeze-and-excitation networks
SE-Net) Hf 3|, 22 RUZ AL 7] L3 O [) 52 B
WHE R . TERXAEEI R AT, [y A 2
45 {5 KL, Chen % A7 £E 2023 4R 4 ) S fFRLEE 4
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FHEBEHR (action granularity pyramid network , AGPN)
MU 1 21 980/ N RS2 BB A i B g i 25 {5 B B
RS AL . Tan %5 FE 2021 AR FEHEPEVE RS
4 (selective dependency aggregation, SDA ) #& Bt |
AT 22 RO AL AT R AR TR 40 R A I R
JEREI 2 MG ZR , I ELG 22 R R fE E AT 1B 4%
PERLE o HJ2 , FU 7 5 1t Al 5 SR BB B K
WRAE BT e A 5 B R B — s JR R,
hy iRk — [ R (] s T A AR R B AR R A
B IPURAE RO B — ] 328 5 A [ 4058 175 2 A
AR IR i, A SCH Y I 28 22 RUBE SCIR R AE Rl 2D 45
FRIMZEASRY Sy i3 BURF AR 5 5 e, A 2 RO
WAL R4 SR8 5 OR R AIE 75 360 5 A [l sz B 4 5,
22 ROEERFE R i TR TR 4 s A ) 7 4 6
FRE 3 R I JS AT BE D A 5 | A S 8 (I 1
= JF H R e (R4 B2 T H53 A i B A R X
TCREMHR A Sy o — 2D AR TR = P 2
BRIUAY , R iE Rl B 45 e Sy o 1 50 i A T3 B R
RSB F 3 N INABCREAE G 75 30 5 0 e 20 0
fiER7R ., J35h, A SCHE T TSM ResNet-50 1 4 5 ff:
PUR F2 T 455, BRRRARASE Y 50 A0 B2, ST DR 5ot A

3XT X224X224
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1 HRZRERBKFTE#He N %L
PRI 25 LA

1.1 K= REXBKFERMEMNE

A SCHE I 25 22 RO SCIRRRIE Rl 9 2%,
TR AL 76 o T8 48 2 A2 (R 4E R 2R
FEARAFOCZR |, I E 38 I Rl 5 i SEOCHRRFAIE | H AR
JEARAGAIRLE A SRS A0 B8 s A RHIE R
PS5 RAHIZCR . % i 3 SRR AL, BRI
Fisf B 44K 3 2 A% AR B (temporal dependency modeling,
TDM) %5 [ 4K fi S B (spatial dependency mod-
eling, SDM ) FIERAE Fil & B (feature fusion) , AU
REAMEZANE 1 Fzs . BAG, 1 x 1 x 1 B
ok A 5% 22 B BUZ Conv2 BYFFAEIEA T 38 38 457 0, LA
SRR IRIT A T AR R A AR A 4 JR)
JRTR R ERAR O RFIE T A T A AR A 1
23 [ R RS H2 T ke, I [ A0t 2 A A Bk i A
FAER o AN D AR B TR A
FIF IR BES , F S8 YRR Rl R ) A
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PAFHIS 25 CRRRE , f ), 1 x 1 x 1 HBRUZ
VRIS R AE T8 TE 8, I it A ik A 328 45 TR = I 4% L
AT IR SRR 2

1.2 ETF ResNet-50 B9E T M &

ResNet' ! 1 5| A 5% 22 7 1, W i e fy 1
28 TR 77 A AP 85 T 2 RS 88 AR e ] R, DA T 5
A RN Gt A PR B A R AP IR IR | TR
B AR L T HAB TR Z W 48 S 80 /0, B 2R THRAL
PG T B2 T AR | DRl AR SORE R Y
At 28 22 RO S B RR AIE il 5 A5 Bt ( multi-scale spatio-
temporal correlation feature fusion, MSTF) 1 A F|F{ A
Res-Net Z5 /& 2% TSM ResNet-50 F 3 #4) Ji A SC Y
i} 25 22 RUBE S B ARAIE Al X 4% ( MSTF-Net )

1.2.1 ResNet-50 W%

ResNet-50 1) F=ZEHR5 H 4 4> W ZEBIHAL 1L, B
AP FR A — A B BE (Stage ) . 7EEED Stage H,
B 1 x 1 BRI ARIE B8 8 5, TR 3R 2
H B, R TR AE B EURD S5 252 W 25 1) 2 2] 5 3235
3 x3 BRORMAFHE; SREHHZA4 1 x 1 B
PR AE T4 | o R AE v AR TR 20 RIME
A RT3 B Ja i AR e 5 4 A RRAE 1T 5k 25 3%
.

1.2.2 TSM ResNet-50

H1 T ResNet-50 {XUAE A REICHE (4 BT | 0077 4
TEFRERL, AR BB AR I (B 4 3 1 ) SCHRAR 2., sk
AR S (7] 388 30 07 A% A5 b TSM ) S i 84738 FH 5L
JUF-JE A3 A 4 B 5] 38 308 7% 057 454 |, 76 B ] 4 B2
K AR IE HEAT A Bl DT S A A S iz
5 BACH. , XA —E B I SR A
T Ao (AR A A 2 A 28 7 S s 1y v XHIC RE 3R
AT R, FF TSM M B 4246 A B BUZ 5K
BR 252 S IR ) 28 7 23 [R] @ A5 5 T A g 0, 3¢
N ERAR A O S TSM B i A B3k 22 43 3 rh 4
B2 i,

/£ TSM H Conv ]\z\
> Y

U

X

B2 TSMZREBAGLETEE

H T ReNet-50 £ =3 [ 1 ) #5021 — I
AT B B ) 24 A 2 AT AL [ TSML B3k
TEI AR b A7 38 8 B8 AU 3 1 AH QR it 2 (7]
AR AU, AR PR & A R N RO OC R
DRI AS B 58 5 42 1 0 MSTF #5848 A TSM. ResNet-
50 FR2ZEHe A B MSTF-Net K25 iR PhaR, HAk
St MSTF 73 [R5 ERASTAS R 455 22 RUBE 245 1] SGHK
R, 5 I T AR AR AR T o 5 | A T B T PIL 4
BRI RE R [B] S BCAR B LA R IR A TSM AR 2, W
25 (R R AR ZE A4 DA B AN [v] I 44 235 4 22 ] Al o L N8 1
Jii7s , T FES N 05 B s 5k 25 B IR 1 25 R
JZE5H B W B 2 XA 2540 HE S A, 125K
TR SN RN,

F& 1 ResNet-50 2525+ I K 2< SCHERY ) 28 25 44
BHRE N5 MSTF
KN ResNet-50

Convl 112 x 112 7 x7,64 ,stride2

2% J=

3 %3 maxpool , stride2

r TSM 7
1 x1,64 1 x1,64
Stage, 56 x56 |:3 x 3,64 :|><3 3x3,64 [x3
1 x1,256 MSTF
-1 x 1,256-
r TSM 7
1 x1,128 1 x1,128
Stage, 28 x28 |:3 ><3,128:|><4 3 x3,128 x4
1 x1,512 MSTF
1 x 1,512~
r TSM 7
1 x 1,256 1 x 1,256
Stage, 14 x 14 1:3 x 3,256 :|><6 3 x3,256 [x6
1 x1,1024 MSTF
1 x1,1024~
r TSM 7
1 x1,512 1 x1,512
Stage, 7 %7 1:3 x 3,512 :|><3 3x3,512 [x3
1 x1,2048 MSTF
1 x 11,2048~
Classifier Average pool , FC, softmax

1.3 FEMKREEERE
Ry SR AR R 22 ROBE 4Dk 25 ] SR L, i
TR MK AT B Rl A A1 4328, A SCRY 2SR
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TR (SDM) B, BARS Sy 2 ARG L FE 23 (1]
WA HAE ( short-range spatial dependency ) Fl%H FiE2s
[BIAH E245 ( long-range spatial dependency) ,

A EMZG R ZERE X e RTC ) Hih ¢
IR S, T RonBI LR H F1 W 4 53R
WIRAE TR BEMISERE . BT 1 x 1 x 1 BFTHF
TEAETH I8 4R T R 4e 15 BIREAERRAE X7, DA/
B, R, A3 AR AR (SDM) B DL e 4R AE
X' R AL s [ OCHRE B RRIE RY, R
H

R’ = SDM(X") (1)
i RS @ IO

BARRUE SRR E 48 FFIET O ) ORAL
R BRIAS [ OCHRARAE , 418l 3 s, SDM 1 Seffi
SR AT B AR RRAE X7 AT He 4R A5 B 46 REAE
A, RIRHA

A = Poolavg(X'; Wﬁ“fl’f,hpw) (2)
b Poolavg S P-4k, Wi, ARFHEAT I HERAE
AARAE, pt ph pw 53 R Bk Rl AR A% 10 2
FER/N, FRARRRIE A A& AR sZ BF T 1Y 25 (Al
S I PR i A A R /N AT AR BOAS [R) RUBE 1 e 4
fER . SRIG (AR B 465 BRI bR HIO0) He 46 R AE
A FATRMIE U A5 31 25 M OCHERRAE R, HIZR(3) %
MNo

R’ = ReLU(Conv3d(A; W™ ) (3)
Hrf Conv3d 183 3D BRI,

Xof T RATESCHE | J70 s ] SCHR A e 7 R Uk 32 By
RN AT B AR 2 ) JC I A 5 R v
Bl N AT AR . 3X 2 B OCHRAE BN T4k 5
PERIER L e d 2L

ARG A 23 (8] G IR AR B (LS ) B it A A% R
WE R Wy, SRR AL B EXS X7 TR
TEFEAR15 B R AR FRIE AY, H(4) F0R,

A" = Poolavg(X'; Wy, (4)

T T
| i
I
! I
e 7 i L e S R T R
B NAFFE ! ol 25 [A] R IRAFAIE
{ |
BE | W |
H| | V| ___ H
i bk g
r W ! E F W
! I
! I
! I
: []mm
l i
1 WIP, ’

B3 FHEEHEMFERRINETEE

IR EARFE AV P& KGR e b B 2s (0] R
AMeREE . BEES G TUZ R ReLU 0 s %L
X AR HEFTRAIE S R A B R A5 (R SCHRARRAE R™ , 3R
R

R" = ReLu(Conv3d(A4"; W,p";”;) ) (5)

B AR M AR SIS AL, e AR S R 3
B bz R & B AR NSNS B, 2% 3
K[ 18 X St A A% 158 8, A SOl A Wy, 1
WAL S HEATHRAE TR 40, 85 5 5 BUZ W, il
ReLU 3005 sREOH IR ZEFR1E AY HEATRRIE S & , 15 3]
FEREAS A OCERRRIE RS | X —id B =X (6) fim .

Aé,b = Poolavg( X; Wlfgfzw | (6)

R*® = ReLU(Conv3d(A™; Wi"")))

1.4 BEREEER

A CRFIE A [B) 2 B L am B O &R, 5 AR
() (g AR R, IZ AR ] 1A R B
TR OC &, 1B B 4520 Fr A #0030 R A i i A %)
Transformer W25t 4T 4 /) AR R 122 2 S 801
N s =] L F S N S AN 1 o S E R V=N
FIHLH (temporal window self attention, Temporal W-
SA) , BALAE T 1 A X A K AT B 1B 4,
IF H R R 2O ER 4R RS FHOBI G R, IHEE H A
FEE LRI AR E AN 4 R

N

Z_{ N H _ ] .

8-

B4 MEHOBEFENTERREER
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A BRI N T x Hx W, i —A4>
HEFE R P x M x M%) 3D % 0 LAAEES 20 M A

FEERIAT B AR 4 % x % x % ARES

T Bl XFAERE Sl 8 x8 x 8 4 ARHIE, QSR
K 2 x2 x2 @ TR A 153 64 DT
M. KRG, A 3D % 1 T F R A,

(NP N e QERINIS P 3.1
IH s TR A RS He L7 A 1 I ) 2 B %y
MESEAT BB A, AR 20 kA
F, 1 e B N1 1 PP R A 2 1) 24 132 23 0 ] 7 R
/NEE B (patch) , il id B FHRGiHS (patch embed-
ding ) F1; & 4 5 ( position embedding) "' 15 545 A
B AR B R ;3% F ok, IH—1L)Z (layer normali-
zation , LN) X [ 4 z HEAT IH—fl Ak BE DL R i B AU AR
SEVER B e R EXF LN R R
HEE AR DR IS A z HEA iR 22 1 3 15 3
HHRVREAE ] it 2, X — 3 R FR N

Z= Temporal W-SA(LN(z)) +z (7)
SRJE , 1 i 2 )2 O ML ( multilayer perceptron,
MLP) Fl LN ZH 5% F4) i 1) A5 3R A e b v i) i) o z a0k
— I RRIEAR L, ISR RFIE R RE S, O z AT 5%
2GRN RRE o, o SRR RBP4
TE— A BIRC R (] SCHRRFIE R PPN A

a, = LN(MLP(2)) +2,ie [1,2,,k]

R" = Concat(a,,a,,,a,) (®)

o a, o 2 )2 B f R AE |, Concat /8 DF

BARAE, i e (1,2, k], Hop b FoR Tl o 9 1 12K

=)

H,

P AR S A 1 HOAS 82 & A B () 8 11,
e 2 15 0 11 {5 8 42, 3 AT i 2 B RS 7R AR A i
AETT. i, TESEER R A A SO LU R P {E S R
REAIPEBE , e 245 th PERE S Ui 2 11 B T B
1.5 HEmE

A BN BB R RIE R DME TR 4k
328 G INRHIERR G AL, i TR N 25 22 ] DGR
PR R IO O HAEAR [FZEBIA  | F UAF ER 2
SIS T AN IR A S, , PR Ik 26 S IR R AF X 2 1
PUR A DT AT BE R ANT-AE 1Y . ARSI 435 TR N
& RO R B 2, S BRIE RS 15 3 5 A 3
B I I 25 IR ARRAIE AR (e ASE 7R B el U gk R A1 30
YEE SUE B, 5T A & A E FRIERE G (adaptive fu-
sion, ADF) B3¢ Fl F 1 3 8 1 WL 30 2 A AN ()
/N T TR L) I oK i R A8 Ol B A R AE A5
P E RN 5 (a) s .

MRS AT He iy HH — 4L 25 SCIRARAE R, LR,
o Ry b, FRIERLAAEOS ZANRRIEET TR . ADF
S I AL VA S Ry = R 0) = B U A1 N
— AR A Q e RVC KM BT A R
HEENBGE, B9 (R, R, R, FIAPHER,
BEmE V e RO BRIEXT i V T
A, ) VLR R R RS B E R R A R A B K
e R™C, it B 205 20 % 8 AE, TR R
FORN

. Q
. o
R
Ié § AvgPool
M TXHXMXC
MXTXHXMXC

MXTXHXMXC

(b) PR E
5 2 Y ERAE A
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Attention( @, k) = softmax(Q x KT) (9)
A 2 N BEI 25 JCHEHRAE R, e R™™VC 3+ 4n

R, = Attention(Q, K) xV (10)

St — 2B KHIEAR SC ADF #EHE R0, SIS
FEGL ) F-Y5 Bil & (average fusion, AVF) f& Kk 5
ADF HEATXT H . AVE A28 B O I A A 22 ) H 24
DX, SRy AN TR SIS AR T 3> R[] AN i A 4 4 A il
L E S (b) Bias, Bk (R Ry, R, | PFE
R IRIE 0 S A e A A5 B SCHRRHAE R,
ROV HHARF N

1 M
Ry =3 2R, (11)
i=1

Heie [1,2,-,M] ,M HFIERGE, (R, ,R,, -,
Ry, | AR AR 0 i — 2L RRE . IR |
A ADF FEH 5 £ 34, [ sl 1 1 e 2 17 2K F G R il
A7 A SCHESE G EB o X 2 Al A O A
RIIRGE BEHEATXT LE

2 LB 5T

AR SCHR T B 28 22 ROBE CHRFFAE Rl G 2D 45
W28 7E PyTorch TREE2: I HESR T it IF S8, (H
4 /> Tesla K80 GPU Y%k, I H XF Thi A 8 Wi fiy 15
R R/ (batch size ) 13 B R 32, WIHR2% ) kB
90.010; XF T A 16 WAL Batch size X E 4
16, W) tE2% 2 FEEE 9 0.007 55125 50 43548 (ep-
och) I HAEHS 20 .40 4> epoch 27 2] 2R 5 sk Ay J ok
0.1,

2.1 HIE&E

WE 6 7, Divingd8 %4k 45 I 3 o B8y 48 b
SrBOK LE BT 1Y, 5w iR B B 4R
(40 UCF101 \HMDBS1 ) # Lt., Divingd8 5 48 4 Xf 45
PR BIE AT T a2 SCor 28RBS 1Y 75 545 B
X o3 FETTHRAN I, PR i 85 4 AT LR 7 PP Ak s 2
X RRET T G AE B IR BE 11 . Divingd8 ¥4
£ 48 AN, 58 1 AN RAS 1 50Hls 4 — 2445 18
10° WAL, (FA7 A 2 22 5 iR b T8 R — L6 BT A AN ME T
AIRRAR , T2 B 5 T 2020 4F R ATER 2 WA, IF7E i%
WA EA TR, MBS (Y Divingd8-V2 AL 5 17 x
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10° WA, BEHLRI A3 15 x 10° FHVEVIZ4E 2 x 10° JH
PEMNRAE , O B P BE AN A A SO
JEFE Divingd8-V2 LLKCE J5 B4 9 111 25 4 Al i 4
AT

Back, 15s0m,NoTwis, TUCK

6 Divingd8 B EFEHIEERTR

W E 7 7R, Something-somethingV1 %5 45 4 J&
— KRR AL S E P UM Ba e , £ 75 108 499
A2 ~6 s AARIEIIF B, 174 Dol fE2E5], flan .
TREY) ITIFEY S, BRI AR 5 ) ik
A H I FR  EORAGE R RE A8 5 IROA [] ot =2 [7] 2 4:
JE I A]SCHR (5 B
Eﬂgsomeﬂling with something on it slightly so it doesn” t fall down

Pushing something with something
!

Hitting something with something

Taking one of many similar things on the table

7 Something-somethingV1 B ERE R

2.2 HELLIE

SIBIFTE A SRS AY 25 AN FB 43 A ROk, A TE
Diving48-V2 Fdla4E 1S 3 41 mh s 58, 20 51 o i
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S A BEUIRG BE 052, I iE— 25 1 fe il
AT RN AR SOOI P AT 2 4 8 Fl 16 I ifkAT
SRy, XoF FOBIFIE I ) 6 101 /N XSRS B2 (4 5 | 52
as & 8 Fis

U2 %

;1 6 8 16 1l2 ll4 16
P

B8 BHOREKE PIHEREE R Z0E

ME 8 FTLIAE S, B & 3D i H A [a B P
(RN AN B U B R 3G s > P 3 n )
S A MR 16 AHAE I  ARRIPERE IR B Rl 52
B A LRI BN I ) B B HOAR R T AR A
AR RS, A3 et [R] 5 4 B2 S, BRORAE AR ]
FRAF R BEALYN RIS ]G /N R 38 A0, {H A Y SIS ey
E SSIFEE ISR E A
2.2.2 KEHARIFRITHIEH

R B UL 25 AN 0 A P A1 R AR Y v g
(] AR A A B A s ] RS A RS R FH A 71
RIS, A AR A R ASE B 2% 38 43w AR i 3 AR AR
VI 24 32 AT AH [] , PR HG g90 4 ml LAspoph s, 1
(i) SRR AR AT it A A2 NS B 0 I R {1
x Hx W,1 x3 x3} RiEF7ImRess YR EAR  $ith
R ABERIRZ I HBE R {1 x2x2,3 x1 x1}
R AT AR A [A) RS EASE 5 X I ] IR A AR e
FEE ) S B4 R Bl 4.8 16, SR I [|] 3¢
I RS A I e AL 18 ) 5 AR AE Al =R
PHIREG . SCEREE RN 2 s, Y B A (A
AR AR RESR T 0. 2% 5 B FH R TR
AT A T 1B B[R] BE KSR 1T DAAS W

SRR RS 3 g 0 o 38 5 A SO
SR IR B ey, Al AR PERE SR TT 1. 3% ~
2.5% ; [ ] 2 R BLRE I 2> P R B 22
$TF 3% o EMTTF, TC18 Ay 100 2% 14 i WA Ao 446 5 2t
BB B 025 (I 4G TSM 99 2 PR30 1 6 45 51 42
1o SEEA RN AR SO M A IR RO R A T
FAHRITERIEAT LAY , BERS 2 B 22 R I 25 SC IR
ik, 5 EL v AR SR ERG

%2 SDM #&5RF1 TDM e A3t bk Soid

A ik W R %
L7 ] (LS
25 [H] L (LS) + - 82.4

Rz a] (SS)

Short window

4x3x3 83.5

Fist [i] Medium window 8 x3 x3 84.1
Long window 16 x3 x3 84.7

LS + SS + Long window 85.2

TSM 82.2

T3A, IR A R | B AR AR T B
PEFH Y TTHR LT T2 ] AR e AR AT e, A SO )
FHOXFEL AR AT 5 A, T 2D B E
T2 O 2 HA B 25 (A A RE 7, 4k 22 Jin o 25 1]
SCER R HURE J AR A R — 2 R THE R
5 R B (RO S A AS R R &b TSM. B4R T Res-
Net-50 =T+ 0 £ 37 A4 Fsf (1] 442 5 12 452 6 07 A A2 1) e
A5, AN of o 2 PR RE R T
2.2.3  FFERRA Ty 2O BIE R R Y 5

TR SR ARAE XL AT S A TR 50 A A [F] BTk
S B EAEDST , [F]E A A 3 > A REAE Al T 2, AR
LIRS 53 IAE AVE 5 2RI ADF FRRAE il 77 =K
TGRSR B EE P oy 4 816 B
PEATSLYG S sk AN 3 iR, ZE AR [A I a5 0
KB ADF FRAE G o7 20 488 A0 i 2R 1) e
T AVE filG 7 B RNERR R, X ULIIARR
PATREAS (1 PR3] 75 258 AR [R] SRR, AVF 772X
SRPRFAE IR T AH [R] A ) 208 T X — AL A R
ADF FEAE il A BB B 45 1 T B 3 3 I L D A [
REAE S AT AN R AL R 3 A R T U Bh VE 2R
REAF S NG R0 FRAE Rl A, SE 25 SR R,
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ADF 84.3
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ADF 85.7
AVF 85.2
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H1%) C3D ,S3D , SlowFast 515 %1 fy F 32 5 AU R
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Tk FT M iy A %L (8 PR %
ST-S3D" S3D 8 RGB 50.6
3Dk 3DResNet-50 8 RGB 73.4
GST™! ResNet-50 8 RGB 74.2
TSN ResNet-50 8 RGB + Yt 72.4
TSM!! ResNet-50 8 RGB 77.6
ARSI ResNet-50 8 RGB 79.5
SlowFast”! ResNet101 128 RGB 77.6
LT-S3D™! S3D all frames RGB 80.4
Timesformer''"” Timesformer 16 RGB 74.9
Timesformer-1.t'"! Timesformer 96 RGB 81.0
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ORViT™™ Timesformer 32 RGB 88.0
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P A g 16 Wi , 2 2] GPU BAFRRS],
batch size Ji/NE 16, [R]I 27 2 246 R8N 0. 075
R A TR 2] 16 Wik, USRS M 79. 5%
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Fine-grained 2D convolutional network model for action recognition
based on spatio-temporal multi-scale correlation feature fusion

HU Zhengping™ ™ , WANG Xinyu", DONG Jiawei* , ZHAO Yanshuang” , LIU Yang"
( " School of Information and Engineering, Yanshan University, Qinhuangdao 066004 )
( ™ Hebei Key Laboratory of Information Transmission and Signal Processing,
Yanshan University, Qinhuangdao 066004 )
Abstract

In order to solve the problems of traditional 2-dimensional (2D) convolutional network extracting spatiotempo-
ral features at a single scale and insufficient utilization of long-range temporal correlation information between frames
in fine-grained action data sets, this paper proposes a fine-grained 2D convolutional network model for action recog-
nition based on spatio-temporal multi-scale correlation feature fusion model. First, in order to model the multi-scale
spatial correlation of videos to enhance the spatial representation ability of fine-grained video data, the model uses a
multi-scale ‘feature squeeze and feature excitation’ method to make the spatial features extracted by the network
more abundant and effective. Then, in order to fully utilize the motion information in the time dimension of fine-
grained video data, a temporal window self attention mechanism is introduced, and the powerful long-range depend-
ency modeling ability of Transformer is utilized to only perform self attention operations in the time dimension, mod-
eling long-range time dependencies at a lower computational cost. Finally, considering that the extracted spatio-
temporal features contribute unevenly to different types of action classification, an adaptive feature fusion module is
introduced to dynamically assign different weights to features to achieve adaptive feature fusion. The model’ s Top-
1 accuracy on the two fine-grained action recognition data sets Divingd8 and Something-somethingV1 reached
86.0% and 46.9% respectively, which improved the Top-1 accuracy of the original backbone network by 3. 8%
and 1.3% respectively. Experimental results show that when only using video frame information as input, this mod-
el achieves recognition accuracy comparable to existing algorithms based on Transformer and 3-dimensional convolu-
tional neural network (3D CNN).

Key words: fine-grained action recognition, multi-scale spatio-temporal correlation feature, long-range de-

pendency modeling, self-attention mechanism
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