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Abstract Early action recognition aims to classify ongoing activities using only initial video
segments, a constraint that often leads to suboptimal accuracy due to incomplete temporal
information. To address this, this paper proposes a novel method that integrates contrastive
learning with future feature prediction. The proposed method is built on a Transformer-based

encoder-decoder architecture, which includes a module dedicated to predicting features of
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unobserved future segments. A key contribution is the introduction of a contrastive learning
mechanism designed to enhance the discriminability of these predicted features. Specifically, the
model first employs a video feature encoder to perform temporal modeling on the observable
segments. Subsequently, a decoder based on a cross-attention mechanism is utilized to generate
features for future segments, thereby explicitly modeling the mapping relationship between early
observable segments and future ones. During training, a strategy is adopted that constructs
and negative sample

positive sample pairs as “predicted future features-real future features”

pairs as “predicted future features-early segment features.” A contrastive loss function is
introduced to strengthen the distinction between predicted features and early features, thus
improving overall model performance. Extensive quantitative and qualitative experiments are
Something-Something V2 and UCF101. The results

demonstrate that the proposed method outperforms existing approaches across various observation

conducted on two public datasets,

ratios. On the challenging Something-Something V2 dataset, it achieves an average accuracy
improvement of 4. 96%. On the UCF101 dataset, where baseline accuracy is already high, the
proposed method further increases accuracy from 89.44% to 90.03%. These results adequately
validate the effectiveness of the introduced contrastive learning strategy and the overall model
design. Furthermore, experiments show that the method achieves this performance enhancement

while maintaining a manageable parameter scale, reflecting a favorable balance between efficiency

2026 4%

and performance.
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FRNE A 1] (0 A Lk iS5 i o A 4

TEA SOt B 7 vk v, 223k 28 SO R T HL
() S0 ELAR AN T 1 5 B A SRR 2 1) S oA A
TR ERORIE ) o, RO ) [ D HLR G 5 s 1
TIE F B 5t Ay A 360 o) s T4 B5F 5 2 ) X6 245 i 113 1 .
1 BURFAE token WS R SEFE M) 5 . Bl B 2
3 28 SO B I HLEIR LR PR AR AT LA 45 3
RS AR H AR R A (D FR

Q,=Norm(H)W,,

K,= Norm (token) Wy,

V.= Norm (token)Wy, 7

H,{I(.a:S()f'z;nax(Q’)z(Kf)T/«/d—h)Vf,

H,..,= Concat (H}py Hy ... Hpt WS,
Hr,QeR", KeR"MV,eR" 4 jl /R
FEAE B S JS Y AR L B R (E ) B s W e R
Wi€RIH Wy & R 3 il 52 A OGS 7 A 11 | B
A BB R . 2D AT = A7 R A
A3 T K I X6 B A B IR R A T A 0 B [ e A
B S5 o R 5 B 4 47 3k 0T iz A o8 R Bt 1) a5 e 1T
R IBGE I S A I AT R e —
A FIE NN KR Z L LS, 200k
B E e R, ERASH B AR 2
SR I HLE S RIVRE I b S A RRIE 23 il o 2
13 A TAS) A A B 08 JF 47 & T i A
TIE B AN [ 28 B 23 [ B A e 3 7 Skl sr b A T v
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T8 A B B ERE T 25 ) thddi a5 B . B LA AD TR
M5 -5 ASFIE RS 4E BE d 953457k A28 18] A L= ||F" — token,|, 1D

R SRS AR d, = TR 5 A
33k X Ry A A A B R (E 2 e 7E QLER!T.
KI€R"“ VIER" s AR 56 4~k i HRRE
HHER” e Fefi P8 AT B 73k 1y i
IR R AR AT R AR Rl G, T O 2 Pk B S R
W3, € R B 2 R IRFFEAS 0], LSRR 23k 28 X
T LR AR A H, e R,

Zem )2, 5 — )2 QIE T4
ACHRAEXRT R Afy ) i AT R B R A B R A
AT EE B BeA T R RRAE s an A= (8 IR

F*=avgPooling(Q1, Q% +++, Q")
3.3 RGN

FEXT COEE AT Fr Bt A 74 7 R G i X AN
AL R B EAT AT MR AE T A iy I, AR SO
T =AUK RO TSR U 25 35 AT Ry 53 2Pt
2R VRAIE IR B 45 2R FOGT H A 2K

AT R EARMES AR H bR . R
PRHERR 1) EAR TN , A< SCHE AT WA L 5 Be AT R
FEAIE 55 A Do 245 Y0 45 28] ) N W] U5 e BEAT SRR
PEAT DR S K0 B 58 3 A T A AR R, IF LT
A R SEBRAT R S T, BTN A58 (9)
Ji7 -

(8)

F,.,= Concat ( token, F~ )
P*= classifier (F.,)
Horb, Concat (», ) Ko FHAE ERHRERAE | classifier (+) %
TN EAS . AR ET I g o 2 2 BTHL
(MLP) , 32 i softmax pREAE A 38005 pR 8 H AT
F SN RER oA e E Pre BiJE . h T R A
) B RENE X 4047 R 2 i F R PR RRAE , JFORIIE ST 28
53 3 HAGWERR Y 3 2568 1 AR SCR FH R R R 38 S0
RN L, WA L0 s
Lo=CE(Y,P")
Hrp, YRRIT bR
LY, Ry ff DR A A o) 286 Tl 9 S mT ORI B
IS AT fig 42 3 B R AT ERA T M RR AR A ST
TRFERE B T 29 OB BN ATOURER J B
TR 2] S o R R B0 2R SR b A 2 X REIE AR
RUEE A ok, o H AR SR m A WX BE 2 A X AR RS
L. T HEA M TAEY T AT BT, R
FHRRCHE B VE R a J pR %k . Rk R B4 2k iy B

D

am

v, roken, 2% 7 U 25 W BRI FH BT 4 6% 45 DA L 52
(AR T RS RAT R B v 1 RS 81 (0 AR AE L A S A ]
WA R B R iR 2] B B bR .

e Ja s it — 25 B v A AL T T A AN o] AR R
BURFAE () X 43 BE ) g e, AR SCa | AT 2% ) 3R
W A Ly SRR AR 24 2] i AR . MR EAR AT 55 B9
B, B FIE T %) R R UREE e BERRAE Y 5 B SE AN
AR BERRAE AR, 175 0] SR R B I RRAE A7 A
Z5t . RICLAEIIR T MEE B BERHE token, 5 TN
FRIE F 4G B E B AR, 10 DA AT W R BE (4 AR AE 7 371
X, FEAFAE 5 TR F A SRR AT o R i

W AR AR A 14\1E1°i2|-<5<ﬂ‘%u(/2€+ 1)4\

TAREART o 38 2 TE SR A ZZ 8] A6 LE A 2 Xo) A A4l
AT I G o 5 AR SCRT BT 9 1 67 R A ) 22 5 s
Ry L REA S AR ALY 2R b R T B S X E
1 it (Information Noise Contrastive Estimation,
InfoNCE) i 2% R B 3E 17 00 4k - FL AR 11530 5 72 4
ARAD PR .
exp((F“lo/eenu)/r)
S esp((oxi) )
Horr, e FoRmEM AN, c RRIBESH HT
PETRT AR K ) RERURRE

25 L RTIR AR SO 2 i filt AT AU 1 5451 2%
bR =T A ARG L A (13D R

Loss=Leg+ Ly T AL e (13)

o AR X LA R A AR o AR SCKE R 221
SIS I e i AR A

HYlZebr B B0 A B s 0 7 B A e A
], 75 EARAT: 55 (9 4HE B B Be » A A R 08 2R 15 40 33t
MR BRI . Bl B T R 4% S T
St asrt I R BOAT R E A T HR I ; B S ) FH i
s D) 245 i -5 22 5% o7 149 J BN T URER e B A T ok e
I 5 B Je P R 1) S SRR 5 ) 45 28] ) i 10
TERA VB R B RA T R fE F B 2 A R0
B3 FRs o HeAh A SO i g B RRAIE B 225 460 2k XS
L2 2 SRMSAUR TR B B, ARG oA 22 o) () 5 4
PEFRHIE X 53687 » AEHEER T BT AN 290 M S0
HMPIAIRITE . PRI, S S 15 | AT AR AN N
FERTEHERL I B THA R PR B A Sk

12

—log

Lyee=
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3.4 NLEFSIEEARES FHIIBE RS

ARSI AT L2 ST AL AT 4k —Fh TR
IR B RAEAR 7%, e B AR 2 AR AR 25 [E] vy
I TN A R AR 5 LS S A AREAIE 22 [ i) 5[] Fsf
PRH S YT B E 2 [ i 22 5% . X — 23
5 SImCLR™ 4 19 S ms AT — B0k A i b
PETE TR R IR 0 25 (] 0] 43 R 55 40 G, AT
B TR ARRAT R R EE T . IR, Oord 55
NHE ) CPC AT E— 25 R Bl s A bR 5.
FAINAE: 55 It ik b 2 5L GRS A 254 R A0 A
KA BIEIRE ) o ASCIE SUREAKT i # 2 Jr =U7E
B 5 CPC 2. il o “ 47 N3¢ - A&k H
b 2 6] 1 22 572 ) TN 3 A AR ORFRAIE
BEAI s A% SC ) IE AR A AS AR T 3 S i AH AR
EXFAL R B T I ) A v A 2 oL B A
T RRAE - B AR SRAFE Sk IEREAR X T
TIE-FL10 J5 BERRAE 3 A7 AR IS 8] 56 05 5 19 7 510 o
FREAKT , (AR AL 2% 2 18 A RHAE 9 [R5 1
S Al SRR AT S ) T i B AR X — I S
RN L2 S HESR A B 1 B s R X A7 Ry 1
PR EBLRE T , 2D AR T AT I 55 Y
Tou A

Sk 1t — 2 i BT 4R HH X L 2 2T BILHIAE EARAT:
%5 P PE TR B B AR TS . A SCNRHIER R 2% S 5
RIS AT T . A ARYE Oord 55 AR F
T AER HE2E 2T HEZR R (19 EAR A 55, InfoNCE
P4 BREICAT L e R AL BURRAE B 5 B SRR A
fiF token, 2 [8] A B {5 & (Mutual Information, MD) i
AL D

I(F*, token,)=10g(N ) — L e (14)

Horp, NFROR IE A B , TEA S EAR AR 5%

qﬂj@(ém)o B 38 3o 2l TnfoNCE $516 8

RGN T i KA F 5 BRI coken, Z [0 B AR
SR B DAF B e A B PR UE T (4 R A T 2
()56 TFRARAT MG R . X NTE EAR HEZL R X} H
= ) PLAE T AR B B S AR

T3— 5 T FEAS SCAY BT B AR E A 75 A%
5 RURRAE 0 B 22 5, DLk Uk . S T SR
XA H AR FEAS SCHY A9 InfoNCE #R 28, T
FEOEFD R REAE 20 B T HEAS KT . 7E InfoNCE 9 %
DA R, 45 2k R BT ) 42 1 TE A AR KT ) A B
JE I RRAR A SRR AR X A AR AR 5 PRI L, AR o] 7 I

G rp /D 5 TUREA B TRVE » DT 7R 45 AIE 25 18] N 1
SRR B 25 TR, InfoNCE L4k H A7
AR5t A T A AR IR AR Ak A S — Sk AL
TR OE LS R AR 2 S 1 22 1) S92 B A, ARG |
iR TR SCBCTT R He A A AL BEAT 28 T EAR
PERERIBRIA

4 ZWERSHH

4.1 HFEEMIWIEZE

B4R £ . A R H Something-Something V2
(SSv2) FTUCF 101 FH 4 54 36 3F BT 42 5 EAR 7775
MY R . SSv2 B AR W40 % 1 24 22 J7 S P
A WA TE 174 AR I N 5 Wik sg B s VE2R G .
P AR e K H 200 6 SSv2 AT B Kk
A8 )1 I T R T A 24 ) 4% A AR A E RS B0 A
PUIME S PEREIEAL . UCF101 894 h 13 3204
PRAIZH B o 55 101 A SIS ] . A FB A 4 R 4
YouTube. REASIESGHE—20 4145 25 -1 51,
B E AETNNEMN . ARG SHVERAE 58
ST LUH Ry TR A N SR AE B 4l B iikiz g
NS AL H iR AR T ZEE) . UCF101 &
o NARAT Sy B ifk 5L RF 5 o P I s o 5000 4 =2
— BRI T = AR [ B0 2R S5 R 4 24
Sl 45 R Split01 ., Split02 il Split03 , I 2% FH - 44 1
W RAE R TR AT

TR R : 5 A EAR M ERF 9 — 30, A ik
BUAEAN R SR 550 T B hVE oy e R AE PR
M FERR . T EARAE S5 5 i 3¢ AR08 I 2 4t
St PRI S 0 B Jr 38 AR LSRR O 1090 &
509 BT Bl SEAT PR REVEAY o AR SCIR G X — &
R X I AR H AA RCE R T I 5 43T

SERBEE A SO R Y 7 TR S 3K Intel 17-
9700 CPU.64 GB 1% NVIDIA RTX 3090 GPU
AT G AT SE 00 . AR LT 5 Ak 5 T AR
FER FH B TAE [FIRE A3 SR AR SR g2, VB
BLAf 2 B A 51 )RS R TR 5 | I DI G
FFURIELERAFE 16 T, 240 51 4 B AR 2 16 A
GRSk 10 Y0 BT L) « WI3E 3 AR AST 51
S G RFEWUY 7 3 KPS B AR ST 2 16 il
HEHE B 9 45 5% 7E Kinetics-400 B 4 _E Il
210 Swin-S BERIFCE . Yt Fe b, WL SE00 L
bR F AdamW {6 2% AU 2208 R E h 1le—
3. FEUCF101 #t4 4 &, YN ZRdtb vk K/ & Ry 165
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1£ Something-Something V2 #(#& % & . % & 2| H & TEZTUNECR T FIR R . X RIAAR SR

FTH S TRRS LR /N 8. A S 56 i DIl 25
U BEE R 60, TEALAI BB BT I g e
F A 1 I 1 SR B i B 8 AL LAk, G
W2 R R R 2 R BN 52 RS R
W RS SUTE IR J2 RO BN 6 )2 FERE R
O 1) S 38 v o AR S Xk 4 G S R 1
X A 4 S A T
4.2 5MBFERXTEL S

R T VEAS T O A R AR SO S
H FER EAR J7:7E SSv2 MIUCF101 3k #i 4 |k
T B XT LT . B 58 s AR SCHAE B R HL B HL
Pl B F 45 SSv2 1 BRE T H vk A s L 5K
AR 1R 5 LinZ A0 gl b, A SC
T BEAE LR 0=20% Fl p=40% 14 F L5 o
R o i m T 6.12% M 7.76%, FH & T
6.94% . 5 AAtNet™ 5 A L, 7EMEE KK 10%
20%30%40% F150% BITETE T ARSI iR iR 5]
K RE IR T 3.81%.3.63% 4. 44%.5. 27 % Al
5.69% I HETET T 4.96% . Ak, AR S B
KFH ARSI A CLEAR J7 ¥R 136. 1 M, i
T AAttNet 1) 364. 3 M., [Ai} i 0T Swin-B(88 M)

BT EARAT 5 R B0 HE A R A R, 38 2 A A b
e T RIRLA S AR SRR T R AR RIOCR -
REVA , g — 2D Bk 1 HAE SC PR & 3 50 T 1y 0
w.

ok, # 2 R T ARSCH 7 vk S5 HoAb Iy k1
UCF101 B4 45 E Xy g . Sl as LW, 5
A )2 3 EAR A AL (40 MSRNN™, Transfer™’
T-S Model®” . DBDNet*’, S-T Relation™” , DRL."*
1 AmwmNet ") A Fb o A SCHE S 04 7 92 7 BT A W4
BN BRI — S0 HEA R, LT AU o
R TFT 5.72%.4.05%. 2.02% 2.43% .
6.25%3.08% Fl2.14% . weabh, I fr & £ T
B N5 Lin 8 NS00 05 B L, 78 AR o 43 51k
10%.20% F130 %6 B AR S5 15 10 M 6 2R 40 S 42 v
T0.5%.1.79% F10.97% , F 388 T 251.09% .
5 AAttNet™ 77 M L, 78 WAL R0 10%. 20%
30%640%6 F1 50 %4 B o AR SC 7 ¥k 1 ER 500 42 T
T 0.8%.0.59%.0.8%.0.35% F10.41% , V-
2800y 89. 44 $27F2 90. 03,48/ 17 0.59%, %k
SEYR 2 A — 25 AIE T AR SO A FE EARAE 55 1
AR

F1 FTIRMHFEE SSV2 BIEE LTI ER

M5 R
ik SRR Kl

" 10% 20% 30% 40% 50% Tty
Swin-B# 88 M 14.4 23.5 31.5 -
Liu®! - ) 16. 21 23.67

" RGB #4

AAtNet™” 364.3 M 14. 98 18.70 22.07 26.16 31.42 22.27
CLEAR 136.1M 18.79 22.33 26.51 31.43 37.11 27.23

SR S AR T S A AR 488 1 EAR B
R AR RGN — e i 258E . H %
JE PR AE T A B 2R BB % 38 A A AR SC Y S5 B
A AL B T EL e ko X AR Sl AT AL AT
WD S T . EARRBIWFSE TAE T, A3
F it — SRR G Z B BAE T EARBY, U2 T
BRI BE RN

AN AR SCHE UCF101 B i 46 1 1Y 52 56 25 4
7N 2 ER AN 1020 T+ 28 50 %0 B, A AL TEU0 E
YRR AR XA R, X — B4 5 UCF101 $i i dE A
B RS PIAG . UCFI01 & K EA B
SOOI WG S EL R M4 T R0, B an koK |
o G A oA 7Y BB 6% e AR B gl 4 2 4 1 L)
52 s DT 5 S50 B RS R 1 in P s o ()15 8 o

X fe 2oy A g R T A X 8/ . e Ak, UCF101
B AR Sy JE R R B L 88 %4, L i It HE i Bk A
BEAET AT AT M) L XX BE A XA . A2
T A SCHE T BBk R SSv2 B4R b RIAEHE T T
Bk . SSv2 1R AR S ERHR AR A 5 R 2
WA 2 1F T8 Akt B A R A T HERR I I I 58 BAT R
WERIN TS W k. SC g R AR SO
BAEZEIRAR AR LA 7 vk PR I R P2 T
T 4.96% , JE— A B AE T $ O ik 1 A B A0
JE A A5 S B 24T R s b A A
4.3 HRRLIE

TEAS HRC 3 3 3 Fl S 56 S0 T 2 L v ok
BRI A M . BT A SO A UCF101 £ 86 4
R RESR T AR AR TAE SSv2 R AE FoRaE L A
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2 UCF101 #E&E LT ER

Jrik sl AR
10% 20% 30% 40% 50% Ty
MSRNN® 68. 00 87.39 88.16 88.79 89. 24 84.31
Transfer™ 80.00 84.70 86. 90 88. 60 89.70 85.98
T-S Model™” 83.32 87.13 88.92 89.92 90. 85 88.01
DBDNet™! 82.70 86. 60 88.30 89.70 90. 60 87.60
S-T Relation™” ) 80. 24 - 84.55 - 86.28 83. 69*

i, RGB #3 _
DRL 83.90 85.10 86. 90 88.37 90. 50 86.95
AmwmNet-RGB"” 85.95 87.47 88.21 88.57 89. 26 87.89
TemPr?" 85.70 91.40 92. 10 92.70 93. 50 91.08
Liu®! 87.56 87.59 89. 38 - -
AAttNet™ 87.26 88.79 89.55 90. 58 91.00 89. 27+/89. 44
HARDer-Net™!) NS S5l 87.26 - 92.65 - 94.32 91.63
ERA-Net? RGB ¥4 + AREHIT5] 89. 14 - 92. 39 - 94. 29 91.94
CLEAR(Split01) 87.42 88.66 89.61 90. 40 90.75 89. 26*/89. 37
CLEAR(Split02) ‘ 88.40 90. 01 91.14 91.94 92.11 90. 55%/90. 72

) RGB 4
CLEAR(Split03) 88.37 89.48 90. 29 90. 45 91.37 90. 01*/89. 99
CLEAR(AVG) 88. 06 89. 38 90. 35 90. 93 91.41 89. 94*/90. 03
9 FOR 0.1.0. 3 1 0. 5 WERSE T I P IERR 2R s - FoR IEIRTE SCr PR AT SR e i (25 4L

SCIERRAE UCF 101 BCi 4 b JF Jie 57k 40 50031 f 522
5o O 5 S R G, B TR
WE— T I 5 A UCF101 B0diE 45 i 3 81
Rk T E— 2D Bk oA RE . A SR 2457 h
A T S 6 441 3 T UCF 101 B0 82 1 55— Fh B 751l
Y/ MAKN 43 (Split0O D AT

SR T AR T B X L 2 2T ik B A B L AR S
BT T — 200 fl S 50 B il B v SR X E A 2R
R 55 R 5 | AT H gt 2k AR SR A 756 Lo BT o 5K
U R MFR 3N . NG AT UL, 7R AN R W58 2%
PEF R o2 20 5 ik BASE R XA S8 T RS
PR TE o ELORIN T L SR I E 2 2T A B A AR S 2 13
DUREASR 2R AH b A FH T b2 2 RS 7R S 24 o ff %6
M88.64% $2TH3 T 89.37% . E 17 0.73% . ik
SEYG 25 B ASCHRE X 2 2T RS A AL
iR AR () R E S ) BE ) 3 3 B R R IR A R 1 2
(i) DX 73 i 455 780 fig A B L B A S R Bl 2
SRR o ELAA Ml 38 25 X Fb 6 O 4 3 B RR AR K T
£ 2R SRR AE 5 R AR AE S R T AT 30 A AR 2
> BT 22 5 A RAT Ry AH G B H BRI | ok S A
TN R AIE o B 2 3 B UL R 4 AE 1T AR L BUAME B
Hazs .

T3 b % S ENRRIE IR B 5 2k 5 X L 2 S B R A
T TRIARAE 5 1E AR AR 22 (R AR DL B A7 A — R 1
B A SCHE— T TR AR B T A S 58 LA
B U FLAE B AR R AR S T Yy b e . SR A R R

R3 XTHREABAHAHRKE

W PR
g 10%  20%  30% 40% 50% Ty
Bk 87.42 88.66 89.61 90.40 90.75 89.37

88.06 88.53 89.37 89.90 88.64
87.47 88.55 88.55 89.61 87.81

oI 87. 34
TR B 84.85

HH L YA SR TR RS BRARRAE I B 010 5 L B ) S 3
U OKS B f 89.37% F MR & 87.81%. BEAR T
1.56% . iX— &b & T FEULIT AR T L2 > e
B IE GOREAR A3 A 1 IR AS 2 LA FE 204 2 T 45 iE
5B RRRHE 22 (8] ARORS i R R . R Ha S
i 1] T Ak 4 SRy A 235 ] b 28 550 [ 1 0 S0 2 i e
FIE B 4 20 U 4 e/ VA S0 AR 5 LS A SRR AR
(R IRR G IR 25, DA AT B 2 T 3 o 1 P 3 ) — Bk
) IR RPN S o 11 9 70 A P s I DEE S 1
I 483 2 XA R A TR A 24 oL BE RS AR A X L
= S TE SRy RN X 57 A AN AL L SR AR T A P R Y
ERHEEK,

P42 W T X FAB R v S 0 o XA
SR » SE56 A1 & BUAE — 25 W80/ « SO 25 B0 RURS
JE R, X T /NG o2 FEO H2E 2] A A
RIS A 3k T A v (R TR 0o B O A T R AR i 22 W
FUREA Z (8] AT 30X 53 IATATHE LA 38 402 > Bl v
BITME IR A FEERE TR A A
Yl Zad A2 R =0 R B AL A T B
fbo Horp 328 SR B EARAE 45 H



458 it A

Pl

¥R 2026 4F

FRAGLJE BRI, AT oAt 2R ) R A SCH 5T A .
TG b YA A R R RS TR L AS A 2
PRUE 168 LA 2R A 2R 280 A KBS AL i 1Y) 52 i)
TIGEERINFE SN . M A=0. 5, BiRA B FAf
PERE MR K 89. 37% . 5 A4 BIEUE M 1.
0.7.0. 3F0. 1B TEHH LL L HoV- 357 1 2500 Sl 42 7
T0.28%.0.34%.0.11% F10. 16 %,

F4 NEEHBREHBSHA LK

P A
10%  20%  30%  40%  50% Y
0.08  87.23 88.61 89.16 89.93 90.56  89.10
0.09  87.42 88.66 89.61 90.40 90.75  89.37
0.1 87.39 88.55 89.11 89.90 90.62 89.11

x5 LMK ERHXTELH

. UK 2323
10% 20% 30% 40% 50% Ty
1 87.15 88.61  89.27  89.96  90.48  89.09
0.7 87.10 88.37 89.32 89.93 90.43  89.03
0.5 87.42 88.66 89.61 90.40 90.75  89.37
0.3 87.66 88.66 89.21 89.96 90.80  89.26
0.1 87.81 88.53 88.90 90.25 90.59  89.21

KT 25 M Gt 2 S O AR R Bl AR TR
RE RS2, A SCBET T S8 1 B XA [ 2 Bt 25 )2 2
(%55 b S5, AH OGS S 45 R AN 6 s . AR AT
PIRZER, 5 2 gt as a5 i 7E 0N Ve e R B
HARW S HETRA4ZE S 6 )2 5535 45 5 1y 1
AU, 5 )22 G B 5 45 A8 00 ~F- X U0 TR e o B v T
0.44% F0.27% . (HAFFEENE X MRS
JIT B WA A T ¥ R BRE , TH A 5 )2 gt
A AR S TR A A B AT 2 AR

F6 REBEHTEIRG RN L LR
S v 25U A -

10% 20%  30%  40%  50% Py

4 86.86  88.08 89.56 89.90 90.27 88.93

5 87.42  88.66 89.61 90.40 90.75 89.37

6 87.34  88.47 89.58 90.01 90.11 89.10

BEAb AR SCHE— 2L VEAG T i A 4% 2 BOu A8 Y 1
AEAY SR T TR 1 AR N ) S 58 70 BT, SEER 45 R 4
KT WRPATLE AR R AT
Ui A% 2= EON 6 I BB R PR RE R I T HABZ
BORE . PR AE SR N 1006 ) 6 JZ A e 25
R AR AR T 52 5 7R MR 435 42 T

T0.56% F10.43% . FEBEART-HIMEr 205 1. 6 )2
A AR S5 A I R AR B 5 25 7 R B T
0.37%50.42% . FETULESCIRE5 R ARG
() 7 s B 2 R 6 )2 B MR R 454

) WMEER
Ll 10%  20%  30%  40%  50% VY
5 86.86 88.32 89.11 90.22 90.48 89.00
6 87.42  88.66 89.61 90.40 90.75 89.37
7 86.99 88.18 89.51 89.88 90.19 88.95

FET A BT AR A AR A ST
TR RGNtz T
BRI R 52, AR SCIR 500 T % i e
HOR Tl 0 S B O X L S5, ELAR S SR N6 8
JI7R o NSEBS S5 BT A, 2 ) Sk AR R 4
if AR A e P e 0 - S v AR 4 T 1
BB E N 2 6 TR A Bl T 0. 28%
F10.29% . T, B IR BEEI N & R AR
FebE BT v R S B R AN B i A, AL
MRz MR . BEAh . i 20 BT k2 2 1
BRI S HORR . 5 | AN BRI R Rae 1
Ut JEF S IR A S A SR A B A A 5 R
FHANSE SRR 13k IR BRI PERERICR .

F8 ZXWEBENLHBEIMEENRZ MR DX L 218

SENER MR

k¥ 0% 20% 30%  40%  50%  FH
2 87.34 88.34 89.43 89.93 90.40 89.09
4 87.42  88.66  89.61 90.40 90.75 89.37
6 87.18 88.45 89.27 90.11 90.40 89.08

5 N T HRIEH T HRRAE 9 48 XA R B A 52
Wi, 75 SCE UCF 101 F1 SSv2 S5 45 F 43 5%
Swin-T Fl Swin-S VE N FEAE L HUE T, #-47 1T X L1
SRS . SEEREERWME R . ATLUE 1, Swin-
SHENE T M4 AR AE UCF101 A1 SSv2 4 4
b T S TR ORE B o L SR Swin-T #& T
0.12% F10.47% . 3k —&5 5K, 3% H B3 B FRAE
BT RE A AR T AL R A PERE . BEAb L AR SO
P B X 4 HESRAE IR HL A AT Rk
AR I i IROR e ] DA 52 3 G o B AR ) 4%
4, DA 7 S e 5 v i itk — 2 ARG 2K
4.4 TEHESWH

R T HE 2 P MDA AR SCHE H Y CLEAR 5
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R AREHFHET T M 3HERIR 5458 2200 B X L L3

WEER

BRI 0 a0 v wn 0 e
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convolutional networks, recurrent models, and Transformer-
based architectures. Future feature prediction has emerged as a
promising direction, where models aim to reconstruct unobserved
future representations from early observations to enhance
prediction accuracy. Nevertheless, existing approaches primarily
supervise learning by minimizing the distance between predicted
and real future features, often neglecting the need to enhance the
distinctiveness between predicted features and early observed
features, thereby limiting the model’s discriminative ability.

This study addresses the aforementioned gap by proposing a
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Transformer-based framework that integrates future feature
prediction with contrastive learning. By explicitly encouraging
the predicted features to be simultaneously similar to the ground-
truth future and dissimilar to the early observations, the model
improves its representational capacity and recognition accuracy.
Extensive experiments conducted on the Something-Something
V2 and UCF101 datasets demonstrate that the proposed
method achieves substantial improvements over existing state-of-
the-art approaches, thus advancing the frontier of early action
recognition research.
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