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Abstract Video action recognition is one of the hot topics in the field of computer vision, which
has attracted the attention of many researchers in recent decades. The basic method of video
action recognition is widely used in Internet video audit, video surveillance, human-computer
interaction and other fields. The main body of video is usually human. Because of the complexity
and variability of human action categories and environment in real life, and the huge amount of
video, it requires high computing devices, which brings great challenges to the task of video action
recognition. In the field of video surveillance, most of the existing systems only record abnormal
actions and cannot recognize it in real time, so they cannot realize real intelligence; while in the
field of Internet video audit, a lot of manual audits is often needed, which can’t recognize human
action in real time. Video can usually be regarded as images that change with time. This special

image data contains rich information. To recognize actions from video, it is not only necessary to
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obtain the spatial information of the image at each moment, but also to capture the temporal
reasoning information between frames, and more importantly, to obtain the spatio-temporal
information. To this end, researchers have developed many network architectures for video action
which can be divided into the following four categories: two-stream
(CNNs) based methods, 3D CNNs based methods, 2D

convolutional network with spatio-temporal modeling module, and visual Transformer-based

recognition tasks,

convolutional neural networks

networks. The use of Transformer-based network models that integrate both language and image
modalities has made great progress in the field of computer vision. There are three representative
research works in computer vision tasks related to images: namely Contrastive Language-Image
Pre-training (CLIP) model, A Large-scale Image and Noisy-text embedding (ALIGN) model
and Florence model. However, when these models are applied to video recognition tasks, there
are still some limitations that need to be addressed, such as the lack of consideration of rich spatio-
temporal information in videos and the simplicity of text descriptions used to describe video
categories, which results in insufficient contextual description ability. In this paper, we propose a
language-video contrastive learning model based on spatio-temporal auxiliary information
supervision. For video encoder, we propose a category token-based temporal weighted
displacement module for temporal modeling, which enables temporal information to be propagated
at various levels of the network from the bottom to the top. Furthermore, we propose a spatio-
temporal information auxiliary supervision module to deeply explore the rich spatio-temporal
information embedded in visual tokens. For language encoder, we propose a prompt learning
method based on large-scale language pre-training models to extend action category text
The
experiment has achieved better results than the current most advanced methods on four video
action recognition datasets, namely, mini-Kinetics-200, Kinetics-400, UCF101, and HMDB51,
and it is better than or comparable to the current state-of-the-art method, and the accuracy is
2.5%, 0.3%, 0.6% and 2. 4% higher than the baseline, respectively.

descriptions and generate text descriptions with rich contextual semantic information.

Keywords  action recognition; multimodal model; temporal modeling; spatio-temporal

information auxiliary supervision; prompt learning
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ik, P AR R 2 Byt 7

P&l 3 s 14 S 3 3k R FIA I ki 5 A 1 APT
F2 10 A BUAT R 208 AR s 461 . RS 24
T RRR F A OPENAT 78 R MUBE I8 B B Il
SR RANVBTL A 8RBT, S5O 1. 2512
B 1750 ¢ A 5 A J5 ¥ v ik FH Y /& Text-davinci-
002 £ 1BERY . Xk 2T 0 25 1A T $E 7S 2 2] 3 3ok [+
CEAE S5 AT I L I E Y ] BB AR - “What are
useful visual features for distinguishing—+ sl /£ 51 24
FX +in a video? ”. W Kl 3 Fr 7~ . KL & 1l iz 8
“abseiling” X ™SI J 5] . 15 & (1) [l B85k “ AE A0
PN W2 R 2R A LS AR 2 KR
RV 2 22 R T i i T o2 — R R REIE Bl
ER U ol N e e T e e o
W AR E R IS E RS

Q: What are useful visual features for distinguishing {47985l
EEIA) in a video?

Q: What are useful visual features for distinguishing abseiling
in a video?

A: Abseiling is a form of rappelling where the climber descends
a rope using a friction device. The climber typically wears a
harness, and the rope is attached to a anchor point above the
climber.

SRR RSP IR (iBu hE e ]

it B AR B A T AT R 2 I A 1,
FH b 3 o R B A bl A A T LA SR AT R S
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IR SCE FE B . X T g N 4 1 AT
A R LARIR RS 7E L h 3R I 4R
222 JE FE A , F5 81 H BPE 2 itk i Se 1 (5 5 4
R A S g e T A T A 5 S ) PO 2 o
c= gg((i) (14

HH B g, 5SIYIZRAT CLIP AR —2, 2k H
25 GPT -2 0 28 A5 A [R] 7 Do 28 R4, 22 A8E 780 J2
2k A FEE B FEN JZ HE & 0 1y
Transformer W %%, 4R S M 12 12, 56 )8 512, %
ST B L AR 8. ¢ B E i 24 1
i S HOR I AR R ) T 45 R IR EOS 10T,
AT NIRRT RIA .

PR BN IE v FTE 5 3Rk c 25  EAIPETT
BB 38 A AR S X A R 2 R B
5% 1 DR ARAG P S 285 2 ) 198 o) R R R e R
PRI TR FE 5 218 Z [A] A AR B 434K -

sim(w, ¢)= (v.¢)
lollc]

X HL (AR BB sim () (R EAT R 35
FNTE T RAK ¢ Z B ARRLURE . 45258 AR U 7 B
i softmax PRELH—14k :

— exp(sim (v, ¢;)/y)

Ew:exp(sim(v,cj)/y)

Horpr, y SR — AT 2] B IR B R A MARR U Rt i
TR AT R E A g (v) TR ARAUE 5 2L
) AR, HH PR O e R A BRI AXT 1 T &R
P EARRIEFEAXS . 55 8 U8 Rk CE1E R
W - 2 ] B X B 2 DAAR A I 45
L,= w-CE(p}Q"('v) ¢ (v) ) an
X, L, RN TE T -0 L A 2 B 46 K
PRI s w S 15 5 - A0S LL 2 2 BB A, 2 — >
AR S8 A6 28I S B2 T DR (8 22 1)
Prim e i BN A ) IS4
3.4 SMmENMENZESHKNE
ik 25 {5 B B B R AR SCAR R 1) 2B T
SRR ) B B2 B A s AR g EL AR AR AR
B4 FT7R . a0 3. 2795 ik L i 55 - A8 0] L2 > A Y
A A v iy 4 S0 TR) TR T ot PR 1 AR 5 1) T A
SRR AL B 25 AR AT 1 FH T B 2 3R3K 19 1) J6 2 28 031
) TG » D8 1) TT A2 A 54 1 T A /N B2 s A0 2l B
WAL e roke: ] B A1) FH 2 53] ) G RN B 1] e ) E L
A 23 45 B, IEX 6 1) JC HF A 7 58 T IE Rk B O 22

(15

(16)

pz_/Z(' ( v

C 2024 4F
BT 851 2%
e
: @ b2 :
o ] s
a e
C R —
e s
; f ;
L :
KB TE ; ;
t o WsiT
1-1 1-1 - 101
B4 w23 {5 B B B i He R 2 K
WAL 2SR A

iof 2 {5 S B M B B e ¥ e AR o - B
2 2 IR ) B AR v A — Wi A AL 1R] T«
ho=Ly5, pi5, - yik] (18
XL b, FRES MR 28 HE S ) TWS B
FIFSA & B 2 J5 45 2 a9 0 58 18 oo . W H=
[hi, hoy ooy ke JE RNV FRoR— B AU H Tt KR
PR 1R TG AR A 1% S0 bt 1) T 2 B o B — ot B R
R A RME R AN R AR E LA )y 251
AN T B I L R T AT I R E L AT
55 AT 2 % 19X 8% B 11 %) 25 ) 1) e PR AR — 3, R
16 o6 H b 9F 47 B P Transformer ZE 5 , X H /19
Transformer W72 i £ 3k [ 1 & I HLHI LA FEN
20 B, AN FFERIA , 2808 Transformer Ji 15 31 i 77 22 A5
JE BRI OC H H 1 e 480t 1 < 1 %80 0 H it 47
R AEBRAE 4R th D 4R 2 D' 4k, DX 5 R
BRI 5 RS A SC B VAL L BT Ok Uy 22 Ak
KA TGRSR ISR
Zuor=COV (H) (19
X COV AR HI P I5 2 3 Zoon M ARAT A B2 )
TG B Ge iR B X Zoep AT R IERALS R AR
TBHN Zoep. [RIRE A SCR IR 2 AR 33 AL B 7 22
FRFE R . B A R IR K Z oo AT LA S 28 117 T
Y B 26 323K v Rl G AR Ry s 23 45 5 B W B A e iy PR
W4 R Rk
Z=softmax( FC(Zp)+FC(v)) (20
A softmax F R IH — b H8 B R %k, FC 3RoR 2k
J2 . ARBEZ S I B bR L DU 2 1 L A B
B B RT3 S0 O sRBCH

L.=CE(Z,7) 21
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XHL L, R B 2 A 2 5 B W S e ) 2 e
B, CE F7m 38 S sREC. WA SC T $ 40 1 07 ik
AR BRET AR R A
L,=wlL,+(1—w).L, 22)
X w BT -G H 2 2 B G 51 2C pR 8
(RLEE , J&— AT T IS8, BEAS AR 30 5 -
Xif Bb A S R AR () B PR R L SR A 4. 37
22 3CBEXTAN ] 1) o BUEHEA T PEAH A T . AL Al
SRS FH X EL 61 2 RN 38 SO 2R S B4 BR A =X (22)
SEFWL 5 W U DA T - X L Ay SO R S B
W AN DKl B W 93 S ) 245 SR Ry B 2 UERA R . L
T B 2 R VT BT 55 o LA VG 40 50 v B VE
PGSR BRI RN Gt 5 118 5 2 18 AL AR
FIRLMR BN Z RS A S 0] L EE TR WA
RS Z ] AR AR » (A — LR T BC A 515 75 -
PRATEX AFARL I 735 e A » AN DR TAE (14 Pl SRt ARARLEE 43

Hod/) .
s A
4 3% Gy

4.1 BUBEENA

2T S 56 B AE AL 3 mini-Kinties-200 | Kinetics-
400 \HMDB51™ I UCF 101 3t #5 4 PFAf A< Sc 2
W77 . Ho, Kinetics-400 84541 7 400 2847 2
B HA IBEAEAECH N 23 643, BHFEFEASH
19 761, MR S /N2 132 GB. mini-Kintics-
200 72 Kinetics-400 24546 1Y 48 . 445 200 2647 4
Fe I RBEREARH Ky 77 166, MR AEFEARH
4988. UCF101 %4l #4101 #7144 13 320 4
PATE 5] o 3 A58 45 LT i K 28007 2 o6 Tk
Higdh . HMDB51 548 44 & 51 A A7k, Bt
6766 NI 5 , B — 247 Z /D 3R 100 S04
FEAR 2B B LA 5 R U T 9 45 A3 L 52
B AT RN ZEI AR K T R B 4%, BRI
PEREHE SR 2 — . X PB4 A 3 oy = oy
YRGB R AE L 78 34K 50 1 BSF- Y HEw A R
ARy ILE
4.2 XWEE

FESZI0 H AR S A A SR At 0 26 B A S
P AACIE T - R EUNZRE) CLIP LAY, Horif 5 -
PRATOGT L 27 2] RS0 (1) 1 55 2y 1 286 41 P 1 2 TR Ky
12)2, 58 R 512, 8P E 1k By GPT-2 54
X T T - AR b2y > RS0 F JAL A0 2 iy I 4% it
ViT-B/32 M ViT-B/16 £ R FEmh 284y . X0 23 {5

SUA B WA B B8 T - AN e 2 AR A T A B
FIS BRI B BN R . TWS B P g S50 K
Ui s e AR AR R A1 2 5 I 25 15 8 4 B W B A e v
(1) 2 BUHT 2 AL 46 Ak 1, LA 2 5508 2 M CLIP
BRI IRAY .

FEYNRAR SCHE 1 Z LS BT, 45 f k2
Skt B U IS AR AR T (Adam W) , FE i AEAR
KN E R 256, B B R 0. 9 AU I Se-4.
W28 i 3 PR B B s 26— B Bo AN A b ] 26
AR T R Y TWS e, 25 5 46 50 o iy i)
25 {5 B B W BRSBTS IN S 80 P1 iR A2k 2 R
W N 8e-4 . i A 7% 2% 2] %, X 20 epochs. 7£5
TR BRI TWS B, I BT R i A 1 2
B IR AR 2T RN Se-6. 3R FHAY 7% 24 ) 3, 24 ) 3R
K 5 epochs, 118 30 epochs. XFF TWS #ibie
(92 800 T 1000, [: CLIP Il 245 10 op il 280 AR
HEAT 25 2 R AT e A, Hofh (AR R SRR A5 7 100. K
Tk A LG G 7 A  FE R 23 {5 U B B A
el s im) 5T ) B 25 R G J2 Z 5 4 A dropout )2 .
TEFT A TH R SIS b R A 51 R AE 7 RIK AR 3
150 B T AR o N T A4 o BE ML R R — i . (8]
GG SR X A ) R AT 35T, BB RST 1) e
T JEAE (2565 2245 1925 168} 3 PU > $i {5 Hh Bt #L 1k
PE LSR5 TR BT g () X Sk e A5 3] 224 X 224,

T A AR I 6T 4. 371 B A 0 T Rl S
#BJ& ] VIT-B/32 E Jy i fill A A, 7E mini-
Kinetics-200 24 5 L 647 09 . FL 31 J& 7E B ik 4
By Top-1 B 500 A DUl TR B HE R . XT3 5.
26 RN 7 Y 5 ETHE A LR A T R TR B A
) S0 48 S L DU SR 5 X-CLIP 24 | 4 12 4~ #R
FAMR 7 1 o B DR AT SR 4 2HAS R A B
FERe g ZH A b i AT K 9 S B 3 1y
TE I 12 AN TRIAILAR o d5c 26 T30 25 55 Sk 3k 12 490 £y
T 734
4.3 HEALIE

CL A0 24 5% 090 2 v 368 5 3 TG N e A8 7 X0
Al 3. 3715 BT AE L G % X 4% v SR B I
FUE T CTWS) 1 7735 % I 28 45 123 v SR AR TR 11
A5 IR TCHEA T A P G ARE . R T IR A AR SR H A AR
o i ) 2 e (] J2 5 P AR vk TW'S 1A 30 7
AN H DA T PR A ) B Ry SR AR AR, 7
VA8 FH B 2 5 2.0 B B B A A 100 T L A L
FPAS AT e =Xk JUR A A%y = nT LU
VERAE CLIP (R 7 vk 2) LAl B A BB, 43
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Eitd 2024 4

B0 R AR (T CO I P2 % (TSSOl Transformer
(Transf. ). TC. TSl Transf. 43 53527 X 0455 i b
D) 286 T F) 38 A 1] S HEA T B A RS L s 6 % A
It Transformer 245 . 7E TC B, fii F i 35 fH
¥ K/ 3, A6 TS B3 b i@ 38 8 3l L 5l oy 1/8,
Tranf. fH N5 X-CLIP H i sE 8l — 20, R £ 3k
TR AL A FEN 41 % 19 Transformer A8, 7 &
IR L E H o 8.
WSS IR . LTk 1 3L 51k 2
4338 B S AU FH 31 2k CLIP 455750 () R0 5 2 ) 1)
2% DL KAt CLIP 131 25458 58 /% mini-Kinetics-200

AR T AT ROM A 45 5 eI AR i rp
B Zit % TN 45 A A T AT R B ok ST 1 A TR 486, 3R AR
B — M ) e 28 323 T WAL 8¢ 35 JIT A SR AR i ¢
K PIE . LR 7 1 #F mini-Kinetics-200 3 #i 42
A Top-1 MERE R 79. 69 %, KLk )57 1k 2 (L5 SR Ny
83.42%, M UL AT L, N T T MBI 2 S A
R A H T PR 14 W 25 A A8, fifi £ Top-1 1
THRIET: 3. 7356, XL WAIE T 2R AR LA
1T R BIE S5 LA R0 TR 2 S5 9 T A S 56 4R
TE AR G 00T AT . I L0y ik 2 ) 5 2%t
Bb S 56 H 32k ik

R1 LR N & 5 R T 2R

WRES B NS e pIRvS GFLOPs Top-1 #E#I3R (%)
CLIP-M3 M 45 (B2 i 1) MAE X 35.2 79.69
CLIP(JEL 5% 2) EE X +0.2 83.42
CLIP(EL 1% 2) HE TC +0.4 84.10
CLIP(JEL 5% 2) HE TS +0.2 84. 14
CLIP(EL 1% 2) HE Transf. +2.2 84.28
AR EE TWS +0.3 84.35

F 2 LA, 53R vk 2 M H . Irl k3
PET . AR SCHE 9 7E AT Gt B P 4% v R A 7 e A A
B TWS ik Fb 34k vk 2 4271 0. 93%. 4E A TWS
FE B B X e )59 . TC LTS i Tranf. B9 5 %520 90 e
AT 2 R X 288 A I AT ] s A o 245 A e f e 2
Fk 28 FH0.68%.0.72% F10.86%. F1H A
STTRTEE THERELR T ik 11 GFLOPs B LAl L, AN ]
LI GFLOPs 340 iy 15 8 - SE 26077k 2 Hh 54k 07
B 1IN E GELOPs 0. 2, TS B e 5 HH8 i (6 4H
], RIFE 3L F0f 5 AL 10 Z B 1 00 R R 38
GFLOPs, fH & TS#EH ) Top-1 IR ARG R, %t
T TWS.TC F1 Tranf. fiHe, B GFLOPs 7371 /2
0.3.0. 4 F12. 2, L] LLF B4 SCHEH B TWS A1
A E A R PESA G IE T TWS i 20k
TEBA T TWS #85 He 2 % 56 AT 3810 A1 A o5 A S 1y
FE.

(2 A0 24 5% D) 26 A i 24 531 ) G B 7 A 1
i A3 2 PR AR T AR 2 iR JCAS HEA T B A
REFIEH] Transf. 47T P B0 25 2R . A2t in]
JUHEAT Transf. AP 2T, SR MERT R R 85. 12%,
Fb A St AN A7 R e AR (4 25 SRR T 0. 77 90, [RI I EE
FLEL T 24T 1. 70 %6, U B AR S5 2 E AR G 5% 4
25 v ] J2 060 T8 A 1) T HEAT IR AL 5 2R i %o 2 331 1)
JCHEAT Transf. B @80 7 X AME R4F

R2 PRELGRED 0 48 SR o 2K A 1R 7T B P R A A

Jrik igﬁ?gz Top-1 e ()
CLIP(REZR )7 1% 2) X 83.42
ARICT5 X 84.35
BIXHBE Transf. 85.12

e 323 A5 B B B B ) G B S BT
1626 2 9256 (A B L 32 3Ca) () (O W PEAS TiE S -
MRATXE L2 =) BRI N0 1 B 25 £ 2 0 B M A
BRI 2R D R L SR S RO R RE A R ) . S
T A5 Sl B W B B (8 i AT LI A ]
JG » AT L2 50 e AL 1 T, B LATE 2 3 ()
HANIT PEAR T X PR CR R B L . 7E 2 3,
BRMSEEE T 8 5 -0 2 2 B RS
25 {5 0 B W B B B A R A R 0.5, R
IR 4ERE 2K, RIPLSETR] T A9 48 B R 512 2 R4 5 64 4
ZIEHAT AR B Ris . B 3 AL FEANE
FHE 23 {5 U5 BB H i, AR SOy 15 IR0 HE A R
85. 1250, 34 m 1 Bk 25 5 2 By W S )5 L R 3 oA
B 3R T+ 0. 35%6, 1 Uk B Tl Bl B A e 1) A
PR TR @G T A 1R T Y — B Ak 28 18 A2 )
1) JC 1Y 7 1% Top-1 HERR 3R 85. 19%, @il & 1 AL 5
T G Y B 2 38 RN S IR T Y O o 85. 47 % . X
it FH AL 1) T 1) Feak VR R A 22 35 1) Top-1 1
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R3 HEEEHDEERREXES T

F3a) MTEDHBEEESR LT TR TER AL
) T - L 2 3] AR B W " ,

ik KT ST T WL Top-1 HEBRE 00)
CLIP(EZ )11k 2) NG X 83.65
ARSI NG X - - 85.12
AR5 vk N X X N, 85.38
ATk N X N/ N (it fl) 85.19
AT ~ X ~ ~ 85. 47

Fz3b) H=EEEHEEERRPRIEEEITEGE

ik W AE 22 (D') FanYi Top-1 HERR (%)
CLIP(RZ )1k 2) - 512 83.65
AR5k 64 2K 85. 47
AR5 96 4K 85. 24
by iR 128 8K 85. 61
ARSI 192 18K 85.57
AT 256 32K 85.22

F3(0) HZEBHBEEERPINERYITRE

Tk A2 A5 B B I B U (1 — w) Top-1 (%)
CLIP(GEZ 71 2) - 83.65
ATy 0.7 85. 33
KNS 0.6 85.32
A 0.5 85. 61
AR 0.4 85.55
ATy ik 0.3 85.28

11 3%k 85. 38 %6 » ik 14t BH 78 il By W B b, e 2411
TRAFZE I B2 28 500 ) T AL 1R T RE RS R TR 1 v
B 258 WAL 0 18] T HEA T D 7 22 R A RO L T — B
Ak BT L2 A6 T Rl S 0 1R FH X RR 7 =X

32 3(b) AR SCHE 1) 2 BB R i 25 {5 R
1l B W A R TR L B DA . R AR SR H A A
ABLIY i 8 A 4 2 T R R M AR B TR o
T 2 1) OGS S B0 AR A /N AT B SE 86 R4S T
WS IR A AE B, FLA S H0R B AT < 2 il B B A
HAIALE N 0. 5. 2 3(h) R gl T 23 f5 B A B
BRI IR T A B S A R I B Rk e
9 2K 4K 8K 12K 18K F1 32K B ) Top-1 #J i
LR N S N RS vl 2 0 D VAT 115 € B i
RAZ AT HEE 5y 508 N 512 F 5 64,96, 128,192
F1256. R 3D A1, s in et i 2 BE5
() By 22 35 4k i Ry K, BVRRAIE (1) 4 5 M 512 [ 2]
128 I, Top-1 HEMA F8 b5 5 Ay 85. 61 %6, A SR 4Ly
S, RO U ik 8K, BIVRRIE4E BE M 512
R3] 128, BLRF A SOy ik LS4k ik 2 427 1. 96 %.
32 3(0) RARSCHE 1) Z2 LA ALY v i 2 5 5 i By

W B H A T R EOTAL . DL AN 5 - L
2 SRR R R B A R, AS/INT i ) A S B
T 17 R T A S I 2 R B e . AR 3o
IR AN PEAS TS A5 B B W B R A R
0.7.0.6.0.5.0.4.0. 3AF BB R 2 . Y25 F
S5 Bl W B R A AR R R 0. S ARSI TA IR
SIHER IR B S L AR SCH 19 Top-1 #4351
o3k Jr ik 2 887 1. 96 %6 X U HH I 7 - ALA9 X Hb
2 ) B 5 A 2S5 8 S B W R R B i I
HHIA] .

(DOARE R 2 IR . X T 2R s Rl
HAE T G A I 45 (B T , B B TAE R 2 80
RN R A T T R HEAT B R 2 > T T A
TEA /N o OB AR 3. 3T TR AR AR R 2E )
5 SRR R % ) ik kAT TR . g4
7R s & T LEEE A3 P 43 B — 0 A SR A SRR T
BB BT T HE 2 75 16 15 5 4 % 190 45w fifi AR SC
PEIR 2 2T I MR A SCRE TR 2% 2 Dy ik AR B4 Oy
BART0. 37 %0 WA UE B T AR SCRF18 7 g i 1 45
PR AR R S S TR R L B R AR SO
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£ 5 Mini—Kinetics—200 BB EAR T FiE S HM AL R

Ik PoRE 2 )ik Top-1 #EWH (%) Jrid SLAHAR Y Wikl Top-1UERAR (%)
CLIP(HE£ )57 2) o 83.65 MARS" 3D RX101 8 72.8
CLIPGEZ F Y 2) AR EIHIL 84.02 BAT 2D Slow50 8 70.6
[N b 85.61 RMSF 3D R101 8 78.6
ARSI X-CLIP#¥ 85.71 CGNLP 3D R101 8 79.5
KN iR CoOp™ 85.53 Ada3D™ MobileNet V2 16 79.2
ES'@RS ActionCLIPH!! 85. 49 TCPNet™" 2D R50 8 80.7
AICH SRR ET F ik 85.93 V4D 3D R50 4 0. 4

DSANet® 3D R50 16 81.8
K AR 7R 2 2 Ik B b . AR SO IR AETE 5 D ES @ip-3 ViT-B/32 8 86.5
A ViT-B/16 8 89.6

T 1) 2 T AN 2R HATART 42 735 27 2] J5 ¥E ), Top-1 #Eff
A 85.61%. ATk 5 X-CLIP* 1 Video-
specific #& 7 2% 2] J5 % - CoOp™ LA K ActionCLIP"
o) T AR VA A5 A B, Top-1 e 2623 50 oy
85. 71%085. 53% 1 85. 49 %4 & T i e /N s TC ]
WART . YA SR 22 S TR A 3. 3 1 TR R
22 T 5N R R 27 2 7 iR AR SO I )
Top-1 HERRAH L HETH 0. 32% , HeFELR J772: 18 Top-
1HERRRAR T 2. 2800, LA HI K IE F RIS AT R
FNE T R A TR R 22 2 W e it — AL A Tt
AR5 1k B R
4.4 AXFEEEMITHIRANGTELE

R TR AR SO TR AR AT AR
3 J7 ¥ 4E mini-Kinetics-200. Kinetics-400, UCF101
AMHMDBS51 X 4 a4 5 Y Era e ) v
RV B A TXT L . 3% 5 J27F mini-Kinetics-200 5K
Pt A A MR HAR )7 2 A

W3 5 B R b HAL W 7 VA SRS R A 45 2D
13D BRI LAY, A 1 i A T BCE 45 4 T, 8 Mo
F16 Wt . AEITA BT 8 Wt AR LhA T, T VIT -
B/32 13T VIT-B/16 A SCr ik b o p i LS8
J1 89 77 % TCPNet 3 51 #E 1 2 43 il = 5. 8% Al
8.9%. HF VIT-B/32 MELTF ViT-B/16 A 7
BAEACR H S AE LT+ 2350 b fe HL 5w 4 7 16
75 1 DSANet ) Top-1 #ERfRAETF 4. 7% 7. 8%.
&5 P HL By 1 38 R T RS 1R O T L X1 A
T Z BRI A

3 6 J& 7F Kinetics-400 # 4 4 A k54
BABAT AR 5 2 LU R T B HGAT A R
FE LT 4 BIASTR] I 28 B0 A 1) AT 56 4 T3 AT Uil
T a5 X L S50 BN 25 5000 4 L ik
Top-1 #ERZ A W GFLOPs. 3 6 BY45— 3040 Jt 5t
T 3D BRI 7 vk 55 8B 2 52 T 2D AN

F6  Kinetics—400 ¥ #E £ _F AR 757 5 HMRAIT ARG E LR

D5k e AL Top-1HERR(%) WA GFLOPs
SlowFast'™! IN-1k 16+64 74.7 10X 3 284
X3D-XXL"™ IN-1k 16 80. 4 10 X 3 48.4
TPN# IN-1k 32 78.9 10X 3 -
CorrNet™ IN-1k 32 79.2 10X 3 224
SmallBigNet®! IN-1k 32 77.4 10X 3 418
TEAPY IN-1k 16 76.1 10X 3 70
TANet™" IN-1k 16 79.3 10X 3 86
TEINet™” IN-1k 16 76.2 10X 3 66
VTN-ViT-B*! IN-21k 250 79.8 10X 3 4218
STAMEY IN-21k 64 80.5 10X 3 270
MViT-B" - 64 81.2 3X3 455
Uniformer-B"™ IN-1k 32 83.0 43 259
TimeSformer-1." IN-21k 96 80.7 1X3 2380
Mformer-HR'®! IN-21k 16 81.1 103 959
Swin-1." IN-21k 32 83.1 4Xx3 604
ActionCLIP-B/16"! CLIP-400M 32 83.8 103 563
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(ER)
Tk I T4 Top-1#EHH(%) A GFLOPs
A6 CLIP-400M 76.9 - 141
X-CLIP-B/321 CLIP-400M 80.4 4X3 39
X-CLIP-B/321 CLIP-400M 16 81.1 4X3 75
X-CLIP-B/16"% CLIP-400M 3 83.8 4X3 145
X-CLIP-B/16" CLIP-400M 16 84.7 4X3 287
AIM-ViT-B/16% CLIP-400M 16 84.5 1x3 202
ViFi-CLIP-B/16* CLIP-400M 16 83.9 4X3 141
M?*-CLIP-B/16/*" CLIP-400M 8 83.4 4X3 214
M?*-CLIP-B/16/*" CLIP-400M 16 83.7 4X3 422
ILA-ViT-B/16™ CLIP-400M 8 84.0 4X3 149
ILA-ViT-B/16™ CLIP-400M 16 85.7 4X3 295
AR E-B/32 CLIP-400M 8 80. 6 4X3 38
A HE-B/32 CLIP-400M 16 81.3 4% 3 74
A3 B-B/16 CLIP-400M 8 84.1 4X3 142
ATy E-B/16 CLIP-400M 16 84.9 4% 3 285

LRI 25 AR Y 7 1k 5 =R /& 55 T Transformer
(7 1%+ 55 VU B 0 S 3k T 2 S BRI 7 vk | X st
AL 1) T 25 8 4 4 A ImageNet-1K (IN-1k) .
ImageNet-1K (IN-21k) . JET-300M. JFT-3B.
CLIP-400M.WTS #I FLD-900M. %% 1Y 2534
A Top-1 iR BIMER R . ik 6 iR . 3T VIT-B/
32 F1ViT-B/16 874, fiy A%k 8 A SC T i AE IR
A R A BRI E . T
VIT-B/16 8 {4 A SC 5 75 TF 3 ME A 25 LE Rl 452 7Y
K VIT-HAEIR) Swin-L & 1. 0%, X T 2
RIRY 7 BT VIT-B/16 88, AR 8 i i A< 3¢
J7 ¥ L 32 M1 ActionCLIP R 9I MR #8155 0. 396 5
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Video action recognition has been a popular research topic in
computer vision, attracting the attention of numerous researchers
in recent decades. The research in this area can be divided into
two main stages. In the first stage, numerous hand-crafted
descriptors were designed for spatio-temporal representations.
Currently, we are in the second stage, architecture engineering,
and we categorize these architectures into four groups: two-
stream CNNs, 3D CNNs, compute-efficient networks, and
visual Transformer-based networks. Two-stream methods use
separate networks to model appearance and motion information,
which are then fused at either the intermediate or output layer. 3D
CNNs naturally learn spatio-temporal features directly from RGB
frames, augmenting common 2D CNNs with an additional
temporal dimension. However, the heavy computational burden
of 3D CNNs has led to the development of many efficient
networks that trade off accuracy for speed. Transformer-based
networks utilize and modify the latest powerful vision
transformers to jointly encode spatial and temporal information.
Nevertheless, most approaches in both stages are unimodal,
overlooking the semantic information contained in the action
labels.

Recently, multimodal models based on the CLIP model have
shown good performance in various computer vision tasks.

However, research on video action recognition is still in its early

preprint arXiv:2004.04968

[76] LiR. Zhang Y. Qiu Z, et al. Motion-focused contrastive learning of
video representations//Proceedings of the International Conference on
Computer Vision, Virtual Event, 2021 : 2085-2094

ZHANG Jian—Xin, Ph. D., professor, M.S. supervisor.
His research interests include intelligent medical image analysis
and image/video recognition.

LI Pei—Hua, Ph. D., professor, Ph. D. supervisor. His
research interests include deep learning, image/video

recognition, object detection and semantic segmentation.

stages. To address the core issues of extending CLIP model to
video action recognition, namely how to model spatio-temporal
information in the visual encoder and how to perform prompt
learning in the language encoder to obtain more accurate language
supervision, this paper proposes a language-video contrastive
learning model based on spatio-temporal information auxiliary
supervision.

The proposed model is inspired by our previous works on
ICCV 2017, CVPR 2018, and IEEE TPMAI 2020, which are
called “Is Second-order Information Helpful for Large-scale
Visual Recognition? ” , “Towards Faster Traming of Global
Covariance Pooling Networks by Iterative Matrix Square Root
Normalization” , and “Deep CNNs Meet Global Covariance
Pooling: Better Representation and Generalization” This series of
works explored the use of probability statistics represented by
covariance pooling for image recognition tasks. Later on, we
applied these core technologies of this series of works to the field
of video action recognition and achieved good results. This
achievement was published at NeurIPS 2021 with the title
“Temporal-adaptive Covariance Pooling Networks for Video
Recognition. ” The method proposed in this paper explores how
to use probabilistic statistics to better model spatio-temporal
information in videos under the CLIP model proposed. It is a
further extension of our research group’ s series of works to

multimodal video action recognition tasks.



