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Abstract This paper presents a novel multi-modal model for video action recognition, which is built upon the con-
trastive language-image pre-training (CLIP) model. The presented model extends the CLIP model in two ways, i.e.,
incorporating temporal modeling in the visual encoder and leveraging prompt learning for language descriptions of
action classes, to better learn multi-modal video representations. Specifically, we design a virtual-frame interaction
module (VIM) within the visual encoder that transforms class tokens of sampled video frames into virtual-frame
tokens through linear transformation, and then temporal modeling operations based on temporal convolution and
virtual-frame token shift are performed to effectively model the spatio-temporal change information in the video. In
the language branch, we propose a visual-reinforcement prompt module (VPM) that leverages an attention mechan-
ism to fuse the visual information, carried by the class token and visual token which are both output by the visual
encoder, to enhance the language representations. Fully-supervised experiments conducted on four publicly avail-
able video datasets, as well as few-shot and zero-shot experiments conducted on two video datasets, demonstrate the
effectiveness and generalization capabilities of the proposed multi-modal model.

Key words Video action recognition, language-visual contrastive learning, multi-modal model, temporal modeling,
prompt learning
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[RIALATE 201 B B 5 RO AL 45 JE 0 1 5 R s AL A
RO ELAME . R, AT v R AN AT 2 > i
HLIF & ZAERTIE 547 Sl R s R 2% i
TR A, IZB R B B TR A R 0, KR
INEE RN TR R AR T

3 Sy
3.1 SLENRE

3.1.1  1EAISEfH)

A SRR 5 dmid#s 5 CLIP —FRH 12
JZ Transformer (L. = 12, N}, =8, d = 512). H.H1,
L RoRZH, Ny, TR 1330 BASRA VIT (B)
(Le = 12, Nj, = 12, d = 768) {F JyFE Atk /) 45 #) 2 i
gnhads, WHE 32 x 32 FEM 16 x 16 BERPIFHIR
Wi B RSE . AR AR (L. =1, N, =8, d =
512) AL s AL BRI EL (L, = 2, N, = 8, d = 512),
JEHY M E N 1A 2.
3.1.2 HUEE

ASCAFH K400 (Kinetics-400)"2. Mini-K200
(Mini Kinetics-200), UCF101¥ Al HMDB51%Y I
ASATFFRAAT AN R AR, X A SCHR AR A 1) A
RO A AR I B AT B E AN H . e, K400 & —A4
FA T RUARAT 00 0 KRR s i s e 4R, S
400 NMEERA, MmN EWIRMZE. N5 AN
B, 529 240000 N UIZRALATFNZ) 20 000 /Nl
AR, B AP BOR Z9FR 4L 10 s; Mini-K200 /&
K400 14, B8 200 NshVESRM, &2 571
I ZREE AR R AE H BE ML HL 400 ANAT 25 SRS,

L4280 000 AN YIZRAL AN 5 000 AW 8 HE A 5
UCF101 L5525 13000 MM B, A il %
N 25 fps, 738 101 AEEII, s A Fkis
. NS AW ESN, NSV ES). R RESMEE
iZ3 5 ANMA R HMDB51 53K H 51 AN Eh7EZ 5
1129 6000 MRS B, |BAKMNZE DS 101 4
Y. UCF101 1 HMDB51 23 Bl # 4 3 FhAS[7)
W ERATIRE R (4 2 77 5K, i AR 1 .
3.1.3 SCIOHRTS

eI 2, KA TSN (Temporal segment
network )" A [F] FRARASICRAE 77 7%, A B or
T ARG, HAEREA IR R BEHLRAFE 1 i, 1528 RAE
MWL T =8 BLT = 16. RFEMUH AR ] 224 x 224
% &. 5 X-CLIP M, fEIlZit b, KA EN 1L
122 T B 48 50 SO, VA AR TR )N 28 2 B B
A ENR R, £ NE RS VIVIT Al
Swin AH[E ) 4 ANE B BY 48 x 3 N2 [A] 38 11 2 L
DR, B —ANAAE B B 4E S B 3dEAT 4 TRIERAE,
BN RAEMTEL 3 ANAS[F) 1R 25 (A1 3 8, B 12 MR
PG R B P IEAE AR A R AT FEA
SEO6 K 1 AN TA] BT AR < 1 /> 25 18] 3 5 (1% FR g )
B, SO A 1 RIWERAE, R SRAE i At O 3 8T
3 Pz v B A LA 2 HE 4 AR 1 RO S SEBR
SEIRMTFIHER R (FRONEE 1 IR BIHER %) s T
M AT 5 LS S bras R 2R (RN
BT 5 R HERA ) RN PE bR dE. X T HMDB51
A UCF101 45, 764 B ARSI K
F 3 Bk 43 77 SRAIIARER 28 1 R0 VA 28 11~ 34
YE RNV Fa bR (E/NREAR LRI A A A2 1 Fh &)
4375 AT N GRATIR. ToRFIR UERH , 76 BT A T Rk
SIS, BIRNEH RS R 32 x 32 R K 8 i
BN B DA

A SCAE R B N5 A0 U 25 T IR R ) Py Torch
TREE2E SIHESE  AZHE SRR % 2 > NVIDIA GeFo-
ce RTX 3090 GPU k%548 Ligfr.

3.2 HRhILIG

7E Mini-K200 -, X AR SO ) 35N 5 H R %
B AT 75 I RS IEAT
3.2.1 ESEEMNER

RSB S G BWER, &it—M s
RS AR A 12 AR A 55 AR SCASE R B A A (] ) AR i 2
Tttt R0 2% . INF 5 A VE AR SRR, 8 S WY
2B WAL I A B R N 2k,
2 1 PR, AR SORR IR LY X 97 ) B A 2 A 7R A R F R
THETR R IRTE 3.0% F1 3.2%. iXEH, 1B S T
B AE S B A B TR A S 5 5 EL R0 P AU R
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* 1 BREA/ARAESEERHEBT (%) g4, | VISt (1/5) + T-Con
Table 1  Ablation studies of the model w/wo
language information (%) 8447
T3 21 R i 5 WA % 84.2 1
RS 82.7 94.0 84.0
RO 85.7 (#F+ 3.0) 97.2 (£ 3.2) 38l
k. T L AR TR B /16  1/8  1/4 3 5 7
f xfz mﬂf%_ii E B BERRT /1%
3.2.2  BiIRRAHRLSCH (a) (b)
N T B AR SRR H AR AR & AR A RPE, 1 . .
" 3 BB T SO A 4

T B 2 CLIP-Mean. iZ#4F HiE S A
B ABAEL B AT AT PP B RN N 27 2] J7 v, F it
FIBAE BT RAF AR AL . MK IRAE CLIP-Mean
IR, SRR IR THE L, WK 2 PR, B
o, TE Ik 2R 1 B AG G T 3% o i N R 000 A2 AR B
VIM, 2 1 R HER 22T 0.6%; B, TEmi% I
T 2% A i AN 0 4 J3 ot ik & B R GBML, 3R 1 HEff %6
BTt 0.2%, Vi IA A SCHE H AR A A i i S 4
it A2 A A 4 o ot R A A R AT 2550R) FH A AT B
&z, H AW P @B BAbh; a, dkeifeih
T Y A R vt S IR SR AL PR R AR B VP M, R
HER B — B3R TF 0.9%, LB AL S s A H At
A5 B AR RS & 1R A B T A A
VB Rk, i B, B A SO R AR R
LA BRTE T 1.7%, BIHIERAARAT iR, 56
iE T e A R

F 2 ACHBIEEER AR (%)
Table 2 Ablation studies of the proposed modules (%)
Hith 55 1 IR 2
F2k (CLIP-Mean) 84.0
F2k + VIM 84.6 (3&F 0.6)
4k + VIM + GBM 84.8 (&7t 0.8)
2k + VIM + GBM + VPM 85.7 (IR’F 1.7)

EANIZE B iR REB S B A%

R A FL AR f 5 45 A T-Conv Al FUM
43iA RS AL VT-Shift BANKE 5 @A ERAE M B, PR
fli T-Conv MBI SFFI VT-Shift [ 3 LA
X P R AR SR s AN AR R4 s D R ol i AL
HAREER, R IKIEAT VT-Shift (#3125 518 {1/4,
1/8, 1/16}) Al T-Conv (BRI 404 {3, 5, 7}
% &) #E. | 3 JBoR T X VT-Shift F1 T-Conv [
RS HAT W AL I I 25 R

W 3(a) Az, XoF RS2 18] it s 4 & 3 b
B ) VT-Shift #e/E, B4R R M2 8] 8 745
B, BBl 1/8 B, MR AT, WA HER 2R IA

3.2.3

Fig.3  Ablation studies of hyper-parameters of

virtual frame interaction module

3] 84.4%, HLIELRIRETF 0.4%. Kt 7E[H %2 VT-Shift
BRI S 1/8 BIEAt I, 3n T-Conv #t
1, R W 3(b) Fian. BBERZ KN N 71, 55
YRR — DT 3] 84.6%; T MEFRE RN 3
B 5 B, T2 SEOR R 2 PR, X B T-Conv
KK 126 R A 25 ey 3zt B B AR, v DLR %
5 VT-Shift B AN P EEAEH. FEEEH T-Conv
5 VT-Shift =&AL 7] 115 B3EA T35 #e, A
MK 7 VT-Shift CL&8 8 I 7Rk, S 2R
HER R AR, L2 IR B FE 28 /K
3.24 SHMRERZEIFESE

Nt — 25 BAIE A SCHRE HH A R A B R R 1)
AR, AR SO AR A IR 2% 3] RT3
ZER W 3. Hrh ) ActionCLIP F1 CoOp 43 %4
16 NF LHRBitR (BAR W25 L% B) A1 16 MBE
LRI GE A H 1) AT H 7R 2% 5T . AR ST o i A 3
R VPM 45 7 85.7% M1 97.2% R %, LT
HARTTE; s Re o 3Tt 7 0.9% 1 0.2%, 5
UE 7B E A RO, X — PR A B SR AL PR
H5E B 5 AR ol AR 5 3] I A 8 DR AT 1 3 o
G 5 P, MR 5 RELZzitrnmibfs, K15
T SRR

2B

AT FH 5 B () N R S AN AR 40 ) AT I
AR, 76 K400, UCF101 #1 HMDB51 ##i 4k I
PR B AL M RE. BRI 2RI B i R 4505 & i 2%
24, FAUIGRA AR g i 45 A 5 5 A0 32 7 .
F 4 NAE KA00 Bifatk b, AT 5 HADAR 0 HE
[y sge gt IR, HAR AL & 5T 3D CNN FrfR AL,
£ 2D CNN FgEfgio-t o0 B ViT i) B Asas
RRAY T, 22780 KR T4 F -0 EL 2 ST I 2 S
AT S 4 ANER 4y, Hodr ) CorrNet (Correlation
network) " SlowFast!*Y, X3D-XXL" Fl MViT

3.3
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23 PURSESINELE (%)

Table 3~ Comparisons of prompt learning methods (%)
JivE 21 R i 5 IR
T 84.8 97.0
ActionCLIP 84.9 96.9
CoOp 85.5 97.1
AR 85.7 (17} 0.9) 97.2 (#7F 0.2)

(B, 64 x 3) MKHEATIIZR; 13D NL' MprA 5T
2D CNN [ TSM!", TEA (Temporal excitation
and aggregation)!", TEINet (Temporal enhance-
ment-and-interaction)”, TDN (Temporal differ-
ence network)"™ 7EE 1000 25 ImageNet
o LT B4, VIN (VIiT-B). TimeS-
former (L)™' #1 Swin (L) 7EA.% 21000 4251 1
ImageNet #4ls 4£ L REAT TIZR; VIVIT (L/16 x 2)
TEHHE AL 3 42 ) JFT 8 45 b3t 47 Bl 25

EVL (ViT-B/16). AIM (ViT-B/16) f1%5 4. 5 ¥4
D7 VESL AR BG4 {21 WIT $dh 45 F b4
k. H& 4 vJLAE W, T VIT MR8k
T 1. 2 354 5T ONN s, BoR T ViT
TEAATAT 55 L AR 35, (HIRIIS s ok 7 58 KI5
A, 52 M, AR SO (VIT-B/32) {XH 8 il
NHIEE] 80.5% 5 1 IRAIHERM R, it 75 1. 2
53 v BT R AR B 2 NI VTN (ViT-
B), HEF 10 /2K 7% 512554 (Giga floating-
point operations per second, GFLOPs) Bk, #
T 2 EERME E RS . AR (VIT-B/16)
IR HER R I 28 3 S A & T VIT 1 B
AR s 22 R R T R 4 BT A A
B BRI 2R 84.1%, H GFLOPs . VIN (ViT-
B). ViViT (L) Al TimeSformer (L) 737 F#(K T 29
T 27 {5 AN 16 5. b, HHALZ BABIAAE L,
KRB A W E T RIS 45 R %5 T Prom-

K4 K400 FHEE L S BESRER

Table 4

Fully-supervised experiment results on K400 dataset

Z5 T (BT M) WNGEGRE Wi A LIRBIERER (%) B 5 WAIERR (%) IR < A¥ 8 GFLOPs
13D NL ImageNet 32 7.7 93.3 10 x 3 359.0
CorrNet — 32 79.2 — 10 x 3 224.0
3D CNN
SlowFast (R101-NL) — 16 + 64 79.8 93.9 10 x 3 234.0
X3D-XXL — 16 80.4 94.6 10 x 3 144.0
TSM ImageNet 16 4.7 91.4 10 x 3 65.0
TEA ImageNet 16 76.1 92.5 10 x 3 70.0
2D CNN
TEINet ImageNet 16 76.2 92.5 10 x 3 66.0
TDN ImageNet 8+ 16 79.4 93.9 10 x 3 198.0
VTN (ViT-B) ImageNet 250 78.6 93.7 1x1 4218.0
ViViT (L/16 x 2) JFT 32 83.5 95.5 4x3 3992.0
TimeSformer (L) ImageNet 96 80.7 94.7 1x3 2380.0
ViT MVIiT (B, 64 x 3) — 64 81.2 95.1 3x3 455.0
Swin (L) ImageNet 32 83.1 95.9 4x3 604.0
EVL (ViT-B/16) WIT 8 82.9 — 3x1 444.0
AIM (ViT-B/16) WIT 8 83.9 96.3 3x1 606.0
PromptCLIP (A6) WIT 16 76.9 93.5 5x1 —
ActionCLIP (ViT-B/32) WIT 8 78.4 94.3 1x1 35.0
ActionCLIP (ViT-B/16) WIT 8 81.1 95.5 1x1 141.0
iE= s ActionCLIP (ViT-B/16) WIT 16 82.6 96.2 10 x 3 282.0
XEH2] ActionCLIP (ViT-B/16) WIT 32 83.8 97.1 10 x 3 563.0
X-CLIP (ViT-B/32) WIT 8 80.4 95.0 4x3 39.0
X-CLIP (ViT-B/32) WIT 16 81.1 95.5 4x3 75.0
X-CLIP (ViT-B/16) WIT 8 83.8 96.7 4x3 145.0
AR (VIT-B/32) WIT 8 80.5 95.1 4x3 39.8
AR (VIT-B/32) WIT 16 81.4 95.5 4% 3 75.6
AR ILAFEAL L
ARICEAY (VIT-B/32) WIT 32 83.1 95.7 4x3 144.2
AR (VIT-B/16) WIT 8 84.1 96.7 4%3 145.8
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ptCLIP; 75 AH [F] 3 fitt X £ FISRAE WAL R, A SR
B ActionCLIP HA W] & PEREIL 3, IF H A SRy
(ViT-B/16) & 8 Wi N2 B N HR R % T
18 32 Witk N ) ActionCLIP (ViT-B/16); 534
HSEBERE R X-CLIP AH HE, A SO AR AN 88 A0 52 /0N 1)
TSR, AR TR (R A 0 2% AN N T3 BT 1)
FEAR 1 e

K 4 EMHER T 3% 4 R T VIT FIRR &
FARAR, 2SR Je HAR AN A SRR R (1) AR A LR
T Af 2 T SRR R T T P A I L, R R R
GFLOPs, R4 1R, & 4 7L
B, AIM BRI LUIRAS SE AL 1) U AER 2 (2
GFLOPs W2 ZE 3 n. Bk AIM 4b, 2T ViT 15
L5 5 T R U A1) A A 2R T 2R B AR Kb T AR SO R )
FRTT, BT RE SRS ELR R i 2% B A (1)
PRSAFIA SO 5] N1 5 W B R T R A i 2
IR A 2. 5 ActionCLIP AR, 530
R DLRE /N RSAS W 3 PR e 5 X-CLIP #
b, A SR DUAT 2008 ) GFLOPs B8 n#e i 1 1 fg
Tt

g4t
® 82y v VTN
; ViViT
- #-e TimeSformer
| 80 s MViT
= - Swin
= v EVL
s ¢ ATM
ActionCLIP
+ X-CLIP
or - ki
10? 10° 10t 10°
CGFLOPs

4 fE K400 Hu e b, SO Y H AT Se B AL
PR 2 A RIS A L
Fig.4 Comparisons of accuracy and GFLOPs between
the proposed model and state-of-the-art
models on K400 dataset

%% 5 45 71 HMDB51 fl UCF101 #di 4
|, T 2D ONNP294 3D CNNP7 FI Z RIS
Bl 27 ST FO R AIAT D9 VR A 7R R A ST Y 1 o K
Re. BT A BLAYE G AE K400 B HEAT TSR, F1E
UCF101 A1 HMDB51 4 £ EaEAT M. A SO
B (VIT-B/16) {f H 8 w4 A, /£ HMDB51 Al
UCF101 #¥fi 4R E5 513845 76.7% M 97.6% )26
LRI HERR R, SHABIAILL, SR8 1 HmettkRe.

5 457 TSN, TBN (Temporal Bilinear
Network)", PPAC (Pyramid pyramid attention
clusters)™, TCP (Temporal-attentive covariance

pooling)®! ZEHF 2D CNN 47, ARTNet (Ap-

% 5 HMDB51 fl UCF101 #4ii 4k b, 4= M Bt sih b
Table 5 Fully-supervised experiment results on

HMDB51 and UCF101 datasets

JiVE (B M) W% UCF101 (%) HMDB51 (%)
TSN (2D R50) 8 91.7 64.7
TBN (2D R34) 8 93.6 69.4
PPAC (2D R152) 20 94.9 69.8
TCP (2D TSN R50) 8 95.1 72.5
ARTNet (3D R18) 16 94.3 70.9
R3D (3D R50) 16 92.9 69.4
MCL (R (2 + 1) D) 16 93.4 69.1
ActionCLIP (ViT-B/16) 32 97.1 76.2
X-CLIP (ViT-B/32) 8 95.3 72.8
X-CLIP (ViT-B/16) 8 97.4 75.6
AR (VIT-B/32) 8 96.1 74.3
AR (VIT-B/16) 8 97.6 76.7

pearance and relation network)™. R3D (3D Res-
Net)P?, MCL (Motion-focused contrastive learn-
ing)®" &5 T 3D CNN HREHY DL f 22 B350 B o
SIBURANA SCRALTE UCF101 Al HMDB51 £ 42
R RVERE. AR E LA R UE L, A3
B HATRAT & T VIT BBRH 2 B 1 Y
L, #WAG T H oA sd I RrEeE. XHET 2
AFER: 1) IS B BEA FOUAE VIT Z5H
o ] J2 FASTANL AR IR [R5 2) AR SCH HY RS2 AT
DU 250 S ARARAT R B AT 55, 30 L 9 K AR A
Fikne

INEAR SR

WE— M E, W UCF101 At HMDB51 4
ERFA KA T, B K = {2, 4, 8, 16} ML
AR IR, AE S 1 Ak 73 07 EAT 1Al . SE
B8 8 it N A U (VIT-B/16) 34T AL
B, 2% 6 AR SCBAE/MEASEES EIEE 1R
IERR R, I 5 HAm SR IR F5 ) AR S A 2 RSB
BT, & 6 1, BEESHA TSM. TimeSformer
M Swin (B) 5ZBAEEA ActionCLIP (ViT-B/
16)« X-CLIP (ViT-B/16) fHLk, fA7E 35 I PERE 2
PR, 7E K = 2 WMm I OL T, Z R W] &, X 3]
PRBLASEA T BRI E Z, RAE T I E.

b5 Bt BN, LG 1) AR B2 . AL
BERAE M R85 AF T, o H WD S A P e AN 35 F
R, 78 K = 2, ASCERY (VIT-B/16) ££ HM-
DB51 Hl UCF101 #4848 E 28 1 Rl vl =2 73
i Swin (B) 28.7% 1 23.1%. X8R TIEFEL
SRR 43 S (0 M B, A3 — B B0AIE T AR SR
¥ CLIP (50 iRIT A% B ANE AR 1 14 20k

3.4
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#£ 6 HMDB51 f1 UCF101 ##fi4E b, IEARSLIGE R (%)

Table 6 Few-shot experiment results on HMDB51 and UCF101 datasets (%)
Ik (BT R) HMDB51 UCF101
K=2 K=4 K=28 K =16 K=2 K=4 K=38 K =16
TSM 17.5 20.9 18.4 31.0 25.3 47.0 64.4 61.0
TimeSformer 19.6 40.6 49.4 55.4 48.5 75.6 83.7 89.4
Swin (B) 20.9 41.3 47.9 56.1 53.3 74.1 85.8 88.7
ActionCLIP (ViT-B/16) 43.7 51.2 55.6 64.2 73.7 80.2 86.3 89.8
X-CLIP (ViT-B/16) 49.5 54.6 57.7 65.3 76.3 81.4 85.9 89.4
AR (ViT-B/16) 49.6 54.9 58.8 65.5 76.4 82.1 86.7 90.1

[, 5 ActionCLIP #1 X-CLIP #tt, 7E#ft5e 4
FE FIN SR EE (DL C) I, A SO R R 1 H 4
R

3.5 FHFARLE

FREAR S+ B P v, BRI AR
gt f 2 A1 MR, 55 SCiik [18] AH TR, w5 ff
F 8 Widi N A SRS (VIT-B/16) 7£ K400 -3t
TN, RG5> HI4E UCF101 A1 HMDB51 1) 3
Tl o R4 B EAT IR, 3R 7 R 3 FhRI A 2R
1R HE R 2R 1)~ 351

#* 7 HMDB51 Ml UCF101 44 I, TREARLIGLE R (%)

Table 7 Zero-shot experiment results on
HMDB51 and UCF101 datasets (%)
T (BT M%) HMDB51 UCF101

ZSECOC 22.6 15.1
UR 24.4 17.5
TS-GCN 23.2 34.2
E2E 32.7 48.0
ER-ZSAR 35.3 51.8
ActionCLIP 41.9 66.6
X-CLIP (ViT-B/16) 435 70.9
AR (VIT-B/16) 44.0 72.6

W 7 HroR, X A EIAY ZSECOC (Zero-
shot error-correcting output codes)™\ UR (Uni-
versal representation), TS-GCN (Two-stream
graph convolutional network)™, E2E (End-to-end
algorithm for zero-shot learning in video classific-
ation)") F1 ER-ZSAR (Elaborative rehearsal en-
hanced zero-shot action recognition)® 7 5
£ UCF101 #1 HMDB51 |, 43l L BAAE B i 45 R
ER-ZSAR $2J1 T 20.8% i 8.7%. X} th Z LA B,
A8 58 4 AR A B 2507 30, ASCRE HMDB51
A UCF101 kIR HER 2 73 HIIE T ActionCLIP
2.1% M 6.0%, i T X-CLIP 0.5% 1 1.7%. iXFf i
2 DU I AR SO AR AT DU AR T 9 AR AT 55

A T AP RS TR LA R Ik
4  LERIB

A X CLIP AR BEAT R, $2HH —Fiid
T ALAUT R A S5 1 22 S AR T i R A AL
o G i 4 A I T RE A ELAR R S il A 45 v 1]
JE RIS B A EL, S M R 1 AL PR S
ARt 18] I TR AR U5 RIS, R4 5 20 S B
F 7 ALGE SR A SRR, 3 R L LA AL
3 34 o] TP LS ALBE LS S, B A GE B AR
PAT DR 18 5 SR, sRACALIN I8 5 RIA. 1
S ANREARMIZREA 3 M RS2G5SR
W AR T A B RAEIUT R RIS
AR EAZ AL

FERR AR, A B 41 e BIA 7] 1 WL AU A
55, Bl 2 . AR VE L AL E S 1
S, AN, B R AR R SR 2
TS AN, BhadE— 2D 1 o 2 S AR R ) U HERA =

ik A RENGESH

3 ML i B RIS RN R AL iR,
Hor e B BB LR 46 10 2 B 5 3] 3R LU Ak 2 3] &

7 10 fi.
ik B FILIERER

% 3.2.4 71, PR AR R LS T
PERREMGEAT R EE, RN 16 ST TR

A photo of action {label}; A picture of ac-
tion {label}; Human action of {label}; {label}, an
action; {label}, this is an action; {label}, a video
of action; Playing action of {label}; {label}; Play-
ing a kind of action, {label}; Doing a kind of ac-
tion, {label}; Look, the human is {label}; Can
you recognize the action of {label}?; Video classi-
fication of {label}; A video of {label}; The man is
{label}; The woman is {label}.
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