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Abstract:  Action recognition aims to model and analyze human motions to automatically identify and understand hu-
man behaviors, and it has been widely applied in various fields such as intelligent surveillance, human-computer interaction,
and smart education. In recent years, self-supervised skeleton-based action recognition has emerged as an important re-
search area due to its low computational cost, strong adaptability, and minimal reliance on labeled samples. However, exist-
ing methods often rely on template-based prompts to generate action concept descriptions, which suffer from the lack of spa-
tio-temporal information and limited semantic modeling capability. To address these issues, this paper proposes a cross-
modal prior-assisted self-supervised skeleton-based action recognition method, aiming to effectively integrate skeletal struc-

tural features with semantic priors to achieve more semantically rich action representations. On one hand, it employs a dual-
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branch decoupled skeleton encoder to separately model the spatial structure and temporal dynamics of actions, and integrates
a cross-domain contrastive learning strategy to establish feature alignment and consistency constraints from spatial, tempo-
ral, and global perspectives, thereby obtaining skeleton-modal features rich in spatio-temporal structure and global context.
On the other hand, it feeds temporally concatenated action images along with prompt instructions into a vision-language mod-
el to generate action descriptions, and utilizes the text encoder of the contrastive language-image pre-training (CLIP) model
to extract text features, thereby supplementing the limited fine-grained semantic representation capability of the skeleton
modality. Furthermore, a cross-modal contrastive learning strategy is proposed, where the textual semantics are dynamically
modulated under the guidance of skeleton features using a feature-wise linear modulation (FiLM) mechanism, enabling ef-
fective semantic alignment between skeleton and text modalities. Experimental results show that the recognition accuracy of
the proposed method outperforms more than ten state-of-the-art approaches, including C*°VL, on the NTU-RGB+D 60 and
NTU-RGB+D 120 datasets, and surpasses eight competitive methods, such as ACA’Net, on the PKU-MMD-II dataset. The
proposed method integrates skeletal structural information with semantic priors, achieving effective complementarity be-
tween skeleton features and language semantics, and providing a new perspective for skeleton-based action recognition with
low annotation cost. In future work, we will further explore domain-adaptive fine-tuning strategies to enhance the open-set
description capability of vision-language models, and develop an online collaborative optimization framework to jointly op-

timize description generation and action recognition, thereby improving the practicality, intelligence, and interpretability of

the proposed method in complex dynamic scenarios such as real-time human-computer interaction and smart education.
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o £ )R B, () AT RARAT B e, a2 J2 ol 2 AR
e, Z AL [ ALY R R A R A AN [ 4R 55
ZRAF T RTE M EE A FRAF 25 (0] K bk FE A ARk
P B G RN SCAAE S (X 5 A - 45 8 B A 4,
TS 650 IR R T (g, ) F0 B, ). TFAEFT T
AHFE g 7E SN
9 =740 i+ B(q,) (8)
b, 0 R BICR A, () F AC) 550 H iy A2 JBE AN
e C ki E S
(2)FRAEE— 1L S A LE T3
Ry R RS RE BT 2 2T ZS Ta) PR R Y SCAR BRI
SEEaE g L2 im—1k, 2 Xl

PR g (9)

do] " |4

R 6 0 R R 2 Sl
S=q x4, (10)

(3) R BRSNS Loy ) i
K R FR A InfoNCE S48 2% sREL, 4351 LA SCAS Ay
BN E 2O THE SRS T L RE TT L E SR

Ky ’ I)
TCTUSS

T
Ky ’ 1)
TCrUSS

Horpr oo ISR XS L > v i U B R S RN A
B 1) i, XM 2 o0 R 0l 2SR I IERE AR L X
CrossEntropy(-) b 28 SR #01 K eREL . B4k Lo WP E
T

L .50 = CrossEntropy (
(11)

L 4o = CrossEntropy (

1
Lcross = E (L text-skl + Lskl-text ) ( 12 )

ARG | PR AE 1 s (8] Hr g U B St 2
TET) 14 145 5 i) I 4 38 S DG J 45 %o, DAL T S BRI A 45 )
FRIEXT 57
3.5 JIZ%B+R
NLE AP R SRS DN 5 Bl X E e o) 5 A
A Z [ SO 55 B AR, A SCOMA Rl 85 3800 e 45t 2k
Lomain -5 BN IR SE L, T AL H b R
K. Bk, i URZARK Lo N
L L +AL

total — & domain Cross ( 13 )

Forp AU A0 1 0 B 50T HE A R A DI ot 8 v
TTRRAR | DA S B SRR I A A8 A8 285 0] S0 5 1Y
PrEIEAL .



4122 H, +

EE 2025 4F

3.6 ZiRAC-SAR

SIALAT ZE R A5 2 ) B w0 R s e B ) 3l 2 1Y
KT I8 SR B R AR R T S VE R AR RE g . o R
EHE (Bone ) F AH S OG5 2 44 B i) BB S 287, 3l 3 A
LB A 1) B = A A bR 25 ] it AR 5 OC 1T 32 Bl U (Mo-
tion ) 38 12 T8 4% 51 s FE AR SR i 8] 1) = 4k As bR 22
2] ) FL G I (] AR A 132 B AT

T AL A T AR U (Joint Stream ) BB
i (Bone Stream ) Fll 3¢ 37 iz 1 ZU 42 i (Motion Stream) [
SRR EEAY 3s-AC-SAR, WNE 2 I 7 . ARSI 0l 2
BOH PR B e ARSI EEAR R 4E B 15 .
P B B B, >R P3R5 9 1% (Decision-level Fu-
sion) , B =AU TINS5 S AL & | e ARG &
ey VRN ZE AL .

% — . i LS
4 (Nl ) ]! =
% *fII.; it T I
L N 20
P
i {» Iy Iﬂf
PSR S]] RERi R S]] R IB BB 5
EEEE L RhEER
Fr51 (Joint Stream) .
e
5 * e
HESE __ RESER --» S I LR
FF51 > (Bone Stream) %ﬁ @
&
SAEH | XWEHEIRR - -
il 41 (Motion Stream)
B2 ZHHH 3s-AC-SAR
*
4 HEE

4.1 NTU-RGB+D 60 #1#54&

NTU-RGB+D 60(NTU-60)&— L7 LMK
SRR B R AERR A 05 RCB WU IR B [ 551
3D B ALECHE AL ANATE 4 B[R] 8 SR SR AR ZS SR AR
2R 388 Kinect v2 AR . BB LW I 40 4 %2 H
1 602581, 56 880 1™ R I HEA L2 ik i , A 56 578
AR . A BB R 2 B S A N SR, B
AN AR HT 2545563 SR = 4EARARFRAE . %54 1P
FIPEAL 77208 < (1) Cross-Subject (x-sub) : #% 3214 1D
FEEE R 4 HA 40 091 ANFEA AU ZRBE I 16 487 4
FEAAYI4E 5 (2) Cross-View (x-view) : ffi F 2 5 F1 3 5
BAGHLALAA 14 37 646 NHEARNE RINGRAE , 15 BAZ PN
FAIR) 18 932 M HEAAE Al i £ .

4.2 NTU-RGB+D 120 #1154

NTU-RGB+D 120 (NTU-120) %% #& 4>/ 2l NTU-60
BIP SR RRA , ¥ K 106 44 5238 19 120 sl 1, B b B
AN 114 4804, 20 vk 5 34 113 945 4Rl FREAS . 125K
PEAEFELE T NTU-60 B ECHE FLE . 1250 42 10 B D P4
J5 34+ (1) Cross-Subject (x-sub) : ¥ I8 106 44 %214 ID

B4y BE Y 2R RN 4E | 43 5142 5 63 026 F150 919
A5 (2) Cross-Setup (x-set) : {KHHE 32 Ff G- 73 (14 401
a5 N ZREE RIS 00 7 54 468 F159 477 N FEA
4.3 PKU-MMD-II #iE&

PKU-MMD"* & —N 1 35 RGB WU IR J 8] L 41 4k
PR SR 4 RS Y s o B Bt 4, L
PKU-MMD T 1T ¥~ AR . PKU-IT R A A A8 Ak 33 K o
ELHRERAE ¥ 13 43238 10 41 s, 78 3 MR AEAL
LA T 1 009 /™ 55 A 50 6 7 A= B 6 952 /4 it i i
A TR S5 SUREA R 6 9454 . AR S 2k % (x-sub)
VEAG 7 2, B S5 40 40 A0 75 5 335 A REA B I SR
1 610/ FEA A AL

5 LI
5.1 LKigE

it A5 5256 Y4 7E NVIDIA GeForce RTX 5080 GPU i
PyTorch HE4E T 523, S90S E AT .

() SRS R A BB B . 8 T B R B, R3S I 15
YNGR WHATE S 2R 48 . Bk H, >R B YOLOvS-m
FE R b A 025, RS I AR i A BRI &
640x640, & {5 & B {H 1% 4 0.25; i FH S 8 it b 7012
(7 Billion) FIRLFETE S48 Ovis W g BGRB8

(2)TUNZRB B . R s sl i SCD fle Ak % it
WR/INBER 64, W1 155 21 %28 0.01, I 25 JR 151 450.
2 2] B R P 3 D3R W, 76 575 350 A4 8] 41 Bk s ik oAy
0.001.

(3) T IR R PEAG [ BE . FoA TR 2 R PEAG 7 =X,
A5 LA VEAL LU LR 1% 5% F1 10% b5 1 RE AR F
AT YN ZR 21 W B PPAL I 2 WB PP AL A A iR AR AR
T SRR s 3 A0 i BLR A 55 Sk L6 ] AN Sk [ 10 ) P HE—
. LML, 7E NTU-60 FITNTU-120 %085 45 1 bk
KN 1024, WG 24 2] RN 25 7 PKU-TLEHE4E B it
KR /INR 256, F) 46 27 2] 2228 0.032 , A L 3 Il 1
0.001. Xif T2 Wi B PAT , bR K/INEE B R 64, PThR~4 )
RN 0.01. Y2 B SR FH sl 25 27 27 32 8 45 5 s L 45
BILTH , 2545 0 32 52 3 A JE S v Al >R DG AR T, DU /N2 2
AR VL S A R MER R ICEE T, IR AT 28 1R )11 25

SR E . BRI R, BB 2R ALR A 64
g 1 B e , BERE B A 2 (AR A ]
FERS AT HE RIS K 50% ; 25 [ HEAS S b | k=8 ; Biof [ 4
TRBE T, 1,0=16,n=6. X T H 4245545 , 575 MoCo v2
HEE 240 27 A AT 6] G ) o AR 7 1) G ) B 0B A7 ) 2
A, Hai AT . ML, a=0.999, 74000 =0.2; TE
NTU-60 il NTU-120 I, M=8 192, £ PKU-II |-, M=2
048. SRR L 2E i), 7, =0.15,2=0.5. 15 B 4 i
FSCARAE W BF I, C=3, C =64, C,=2 048, C,=128,



& o1 IS T B L 5 B S SR T 0 P B L 4123
L,=77,D=512. 4 TR Ovis (T R R -7 o, 5 SUHRIR
5.2 WLSIE S (ER R 2 FLROTT H 4T fig 1y

T H = R S B A Video-CCAM'™ |
DeepSeek-VL Fil Ovis ™' 7 sl 15 il i 4= i v i 2 2R .
SRR SRR R 7044 RIS —F5 4 X — N
i [) 5 A8 DF B2 0 s VR UG i R b i s AR A2 46,
FRUAE A SCAS A FEAN R L 75 74

TE NTU-60 x-sub |, ] X Video-CCAM , DeepSeek-
VL F1 Ovis = AMBEAL AR U R SCAS X i v g ry s
TR AER 0 31 86.6% .86.9% F1 87.3% , Ovis T BE i
Do . 20, 43 e B N B A ZE BAT R DA
e AEARLEE A BROXT S VEREAS X LU A BT B AT TR LA B
L RE J1 AN ShVEHE IR HERAPE , &5 R & 3 i

(DTEE 3 (a) 1Rl 287 S AR RS, Video-CCAM
I 7 vl UG " A LTS R BB UM B A 5 1
DeepSeek-VL A1 Ovis BJPUI 3 “ il 25 747y , /i 46 B4l
T 5 R 2h 4 5 3 004 4 2 A A2 ik B Rk
TR M .

(2)7E# 3 (o) 1y “ 48 F7 3¢ B AR, Video-
CCAM iR 45 4 5 3I1ETC K ; DeepSeek-VL 3 58 & b g

SPA
2

(3 TER 3(c) FEI3(d) Hy IR IE I “ e 50 5 “ 28 e
e BRI A, Video-CCAM H“ B e 52 " 15 4] o0 “ 2 e
52" s DeepSeek-VL i# SCRDRA , 51 23 T ; Ovis DI 7E 1 2
B X 2 1 MERR VS MR T A IR B VR IR i B
JI5 .
5.3 SHMEHAENILE

R GOV PR A H R SR IR AT
AT B et D e i PR RE R I, o bR 7 Rom 2k
T 5 7R SOH ] ) 52 35 0 1 52 I BT A5 2R s T § "

O 5 RS o i B B AR R T ik

5.3.1 BMEEZRIMEDRA

224 AC-SAR J7 ¥ 7E NTU-60 . NTU-120 1 PKU-II
s sE b5 2R et o BE 2R sh IR BT iR I X L
gl L o I O o A G

1E NTU-60 FIl NTU-120 %45 45 I, AC-SAR #& k%
A . A NTU-60 8045 £E I B9 x-sub Al x-view i
535 R 87.3% F191.8%, 7£ NTU-120 £ 45 £ I 19 x-sub
il x-setup HE#H 253514 79.3% F1 80.4%.

This is an image of action behavior spliced along a temporal structure. Please briefly describe the action

4 changes, no more than 75 characters.
e T BN
(] I I
| 1 RIF I BF |
| 5] brush teeth I shaking hands |
| # N |
I A, Video-CCAM | A, Video-CCAM o O

¥ ; | Th h tand front of ter desk, with
I The woman is holding a microphone and speaking into it. | © TIHEYHE S & WERTETR SETEaE T Gk G1F & COmIIET ek wil I
. . . . | another woman standing behind her. The woman in front is wearing a
| She is wearing a black shirt and patterned pants. She is I white shirt with the word “UTN” on it, and the woman behind her is |
standing in front ofa white wall. | wearing a black shirt with the same word. The woman in front is holding
| | | a phone in her hand, while the woman behind her is looking at the... |
I
: &deepsee\c : : @'deepsee\c I
| The woman is brushing her teeth in each frame, as indicated | Thg image sl-(liovi‘s a sequefncc of six hoéo}s‘ okfa }vomhal%jn a v}&;hite t-hshin |
5 8 and patterned shorts performing a handshake. In the first photo, she is
| by the toothbrush in her mouth and her hand motion. l facing away from the camera, and in the second, she is turn l};lg around to I
| | face the camera. In the third photo, she is walking towards a person to
| | I shake hands. In the fourth photo, she is shaking hands ... |
I V Ovis I . ) |
| The woman transitions from holding a marker to brushing | v Ovis . . |
N . . | The women shake hands, then the woman in white tums away, and the
her teeth, with slight posture adjustments. X ; |
| I woman in black stands still.
- e )
(a) “RIZF” ShEfidn (b) “HBF” ShfEfRxT
——————————————————— Nr—F/(————————— — — — — — — — — — —
2 | 8 d% %9 5 |8 ¢ ¥,
1 ol Jisese 1 Nl § FRF
5] take off jacket & put on jacket
3 %

Ay, Video-CCAM
The man is putting on a red jacket. He starts by holding the jacket in his
hand, then he puts it on, and finally, he adjusts it to fit properly.

&'deepsee\c

The man is shown in four sequential images, each depictinga different
stage of an action involving a red jacket. In the first image, he is holding
the jacket with both hands, looking down at it. In the second image, he is
holding the jacket with one hand, adjusting it with the other. In the third
image, he is holding the jacket behind his head with ...

A, Video-CCAM

The man is putting on a red jacket. He starts by holding the
jacket in his hands, then he puts it on, and finally, he adjusts
it to fit properly.

@'deepsee\c

The man is progressively opening and closing his jacket.

Vv Ovis . .
Man re d jacket, revealing white t-shirt, and holds it V Ovis
A IMONEES 1 D, TS TS LTI, SR Man puts on red jacket, buttoning it up, then lifts it over his head,
in hand. P
adjusting it.
___________________ - - ___)
(o) “Mtder” BhfEHRRT L (d) “%IE58” HERERRT E

3 R RSE T H R S AR A A AR R L



4124 CER S R 2025 4F:
F2 ACSARFEEHMBEUREHENITLER i %
- o NTU-60 NTU-120 PKU-II
x-sub X-view x-sub x-selup x-sub
H-Transformer™(ICME 2021) Transformer 69.3 72.8 — — —
Colorization”(ICCV 2021) GCN 75.2 83.1 — — —
T GL-Transformer®™(ECCV 2022) Transformer 76.3 83.8 66.0 68.7 —
MAMPP(ICCV 2023) Transformer 84.9 89.1 78.6 79.1 53.8
MMFR"™TCSVT 2024) Transformer 84.9 89.5 77.1 78.8 54.4
ACA’Net®™(TCSVT 2025) Transformer 86.0 89.6 79.1 79.8 53.7
CrosSCLR"(CVPR 2021) GCN 72.9 79.9 — — 21.2
AimCLRPY(AAAT 2022) GCN 74.3 79.7 63.4 63.4 38.5
CMD"(ECCV 2022) GRU 79.8 86.9 70.3 71.5 43.0
ActCLR"(CVPR 2023) GCN 80.9 86.7 69.0 70.5 —
HiCLR™(AAAI 2023) Transformer 78.8 83.1 67.3 69.9 —
UmURL®(ACM MM 2023) Transformer 82.3 89.8 73.5 743 52.1
PCMP"(ACM MM 2023) GRU 83.9 90.4 76.5 715 515
Xt HeE ) Skeleton-logoCLR™(TCSVT 2024) GCN 82.4 87.2 72.8 73.5 54.7
KTCLH*(TMM 2024) Transformer 82.4 89.4 74.4 745 55.5
MID-ECL*'(TIP 2024) GRU 83.9 90.3 75.7 77.2 —
SCD-Net"(AAAT 2024) GCN&Transformer 86.6 91.7 76.9 80.1 54.0
SCD-Net*(AAAI 2024) GCN&Transformer 84.7 90.9 78.8 79.7 49.0
C*VL'"S(TMM 2025) GCN 84.4 89.8 76.0 78.7 52.6
USDRL"(AAAT 2025) Transformer 85.2 91.7 76.6 78.1 54.4
AC-SAR(ASCITE) GCN&Transformer 87.3 91.8 79.3 80.4 54.0

AU A4 A W iR e, L3k 4k
SCD-Net' " N 9], 7E M [ 52 5615 B T, AC-SAR £ 4
P AR 0 T AT DAL O 2 IR R R A B AR T T
PEI7IE G I SIETE SCHE R I 1 B RIS X L 2E > 51 7
B IRRFAE 2 218 ORI S 3R, T 281 o — B 2R A
BE R .

5] S S S UG i B [ W B A ST B MMFR ' 5
C*VLM )5 g M e , AC-SAR {3V B i . 7E NTU-60 x-sub
B b, 4R 7 B MMEFR ™ VRT C2VLI 43 Bl 45 2
2440 H 43 AU 2.9 A 43 8 T AE NTU-120 x-sub £08s
£ BB R 22 A A M 33N A AL JEKAE T
JIT 4R T (et B A S I R LS - A 7 B 45 AR 5
ANERA L R4S B B AR A A R R 1 SCAR T A B

TAN, 7 A PKU-TTEUE % | x-sub PR 5 HERA
F M 54.0% ,tF SCD-Net .C*VL . UmURL . PCM*%: 11 ff
ik,

25 LTI A T4 SR 19 R et i T ik
AC-SAR 7 Z A SEMERCHR 45 T R B R 4 U1 g
Mz e bERE .

5.3.2 ZRBBREEZREINERI

32 3 0 T EE 7 L AE AN VB i AR I TR v A
O ST CBT RS o R RSB R
BE AT 12 S s R A B AY , “JB-" “BM-

AITM-" U] 2 7 WU il 5 R, “3s-7 ROR =R Rl &
SR

x3 AREEBBHMNFTIT AC-SAR M52 A : %

. NTU-60 NTU-120 PKU-II
x-sub | x-view | x-sub | x-setup | x-sub

J-AC-SAR 87.3 91.8 79.3 80.4 54.0
B-AC-SAR 85.6 88.8 71.3 78.5 51.6
M-AC-SAR 83.2 87.7 73.3 74.2 47.0
JB-AC-SAR 88.1 92.3 80.4 81.8 56.9
JM-AC-SAR 88.2 93.0 79.8 81.6 58.3
BM-AC-SAR | 87.0 91.2 78.9 79.9 55.7
3s-AC-SAR 88.4 93.0 81.0 82.2 60.0

AR 30K FH A7 BA A BRI A DU R = A v
£ 1Y softmax HEFIA L 0.5 BALH BEAT AIACHIN , 3B
G I 2R e R 2 AR Ry e 4 o 45 21, FH T oA
THERf %

& 3 R AN RIS (8] 9 4 A A AR T LA
PIAERE ST . HorP, #E NTU-60 A1 PKU-TT UG 46 I,
IM gl A 0EF IB BlE, M AE NTU-120 ) 2 31 JB W%
. Rt — R IE 22 5 7E NTU-60 x-sub 2 51 2 1 X He
“JM-AC-SAR” 5 “JB-AC-SAR” W R El-& 77 2 B PERE , T
Bl 4 s .



£

TR A5 - Rl ST IR A S B RS T SO 5 1 B AR Bl AR Ry ik

4125

W2 4 7] 51, IM-AC-SAR 7E “eat meal . wear a
shoe” ZE 1R B2 /N HL K0 B 2 285 B 2 () 28 51 b R B sEAL , 15
B2 Sl B 7 B o A Ay PR A T AN SEAE S s

JB-AC-SAR 7£ “pointing to something with finger . put the
palms together” SE 125 [ 25 K9 () Sh A BRI Gf, %
W B S A B2 5 25 al A Jey T i AT %

100 X
3 'y
\

%
VAAIER

90 |-

AN
y

HEH/%
o
S
—
I—
%
—

¥ —e— IB (Joint+Bone)
M (Joint+Motion)
IM>JB
JB>IM
11: writing +5.1%
9: clapping +5.1%

*

*

*

*

* 1%
* 18 take off glasses +4.4%
* : eal
*

*

*

*

*

»

omething with finger +6.2%
46: neckache +4.3%

47: nausea or vomiting condition +3.6%
38: put the palms together +3.6%

31: taking a selfie +3.3%

D I I RN

RINENEDEVEE K B R RIS EAE O s i AR RN NN

POYDFDPDSD

814 1E NTU-60 34484 x-sub | IM-AC-SAR 5 JB-AC-SAR % & 5% 2%

it — AT TR 3s-AC-SAR BYTERE, e 45 H T
EPYRTSEHE 20 B B AR E R T 0T H s S,
O R 2 AL

P8 % 4 55 A1, 3s-AC-SAR 1 NTU-60 il PKU-II
B4 bR B LBk M fE . 7E NTU-60 I 1) x-sub Fl
x-view 53 9| BUAS T 88.4% F1 93.0% 1) #E ffi %, 5 A AN
TR Z B B 28 [ B 2 S o e x-

view AV L 3s-USDRL' " M 0.2 4 1 43 45 . [6] i), A1 L
] FE 51 OA B B2 JC 50 19 3s-C?VLI™M (88.3% A
92.8%) , WL L T /N IR H B . #F PKU-IL I, x-sub i5
#] 60.0%, 5 3s-C?VL MEREAH 24 . v DL AR SCHE i A1)
FH A1 3B 5 56 00 Al Bl B4 i AR S 6 b 2 2T O 5Kl A
AC-SAR J7¥E7E 2 T 2840 F R B HL & B I 09 R AiF 2
BifE

F4 ACSARF#EEHMERALEFENITLER Wl %
X NTU-60 NTU-120 PKU-II
WP E IR -
x-sub X-view x-sub x-setup x-sub
3s-CrosSCLR™(CVPR 2021) GCN 77.8 83.4 67.9 66.7 21.2
3s-AimCLR™(AA AT 2022) GCN 78.9 83.8 68.2 68.8 39.5
3s-CMD'*(ECCV 2022) GRU 84.1 90.9 74.7 76.1 52.6
3s-ActCLR"(CVPR 2023) GCN 84.2 88.8 74.3 75.7 —
3s-HiCLR®(AAAT 2023) Transformer 80.4 85.5 — — —
3s-UmURLP(ACM MM 2023) Transformer 84.4 91.4 75.9 772 543
O] 3s-PCM* " ACM MM 2023) GRU 87.4 93.1 80.0 81.2 58.2
3s-Skeleton-logoCLR™(TCSVT 2024) GCN 86.1 89.8 79.8 80.1 57.7
3s-MID-ECL*(TIP 2024) GRU 87.0 92.9 79.4 81.2 —
35-SCD-Net'(AAAT 2024) GCN&Transformer 87.3 — — — —
3s-C2VL'S(TMM 2025) GCN 88.3 92.8 82.5 84.3 60.0
3s-USDRL"(AAAT 2025) Transformer 87.1 93.2 79.3 80.6 59.7
3s-AC-SAR(A LI 1) GCN&Transformer 88.4 93.0 81.0 82.2 60.0
5.3.3 FEEBREIEIRZ Bl N e hss

25 5 A1, AC-SAR TE LN PEAG Jr s i PERE A B,
T HAE B bR FL 9] (109% ) 1Y x-sub | HUS 82.2% 14 HEHf)
R AE x-view [ K15 86.0% M HERG R, 7E B A X EL T

7E NTU-60 $08 4 B9 A R 3EAL 7 20T, % AC-SAR
55t () 2 W B B AR s VR T VA AE 1% 5% 10% hiiE:
FE BT W B O A S48 e O P RE , 25 5 DL 5, bk



4126 A O S 2025 4F:
R5 ACSARFEEHMFUEHEHITLER i %
- x-sub X-view
1% 5% 10% 1% 5% 10%
ISC*(ACM MM 2021) 35.7 59.6 65.9 38.1 65.7 725
Colorization(ICCV 2021) 48.3 65.7 71.7 52.5 70.3 78.9
CMD(ECCV 2022) 50.6 71.0 75.4 53.0 75.3 80.2
GL-Transformer™(ECCV 2022) — — 68.6 — — 74.9
HiCLR®(AAAI 2023) 54.7 — 82.1 53.7 — 84.8
UmURL(ACM MM 2023) 58.1 72.5 — 58.3 76.8 —
PCM*"(ACM MM 2023) 53.8 — 77.1 53.1 — 82.8
MID-ECL*'(TIP 2024) 55.2 74.9 78.9 54.9 78.6 82.9
SCD-Net""(AAAT 2024) 69.1 — 82.2 66.8 — 85.8
SCD-Net*(AAAI 2024) 66.0 78.6 81.4 64.0 82.1 84.8
USDRL"(AAAT 2025) 57.3 — 80.2 60.7 — 84.0
AC-SAR(AICTr k) 68.0 79.3 82.2 64.0 82.1 86.0
B R . ETE O7 T HA BAMES.
5.4 HRRSELG 5.4.2 BSEXHEEENFIE

1E NTU-60 %548 £E 1Y x-sub PEAl 5 28R 2847 7 fi 5
¥, ZR G55 B B 0 3k v G B SR WS A AT kb L R, E
— T TS E SR E K E S BT
VLM FUS B W8 DL AN [R) i R 25 58 BAIL il oy i vk
REAY L .
5.4.1 KREEBXME

T TR [F) 1 SRy 2 B AR X L R s 4
BRI RERE RN, W 6. Horh, “RARRL SCA TR
T FHAILDE o 5 B AR A0 s 53 A U IE S 5 X T
2 2 5 T SR SCAS+CLIP 45 SCAS ™ I Se A i [ AR 1E
SCAS, FAE 3 CLIP SCAR G 31 0E S A, T i X
18 G 5F .

F6 KEAMME

SIVERRA: R BEASTAXT Eh 2 ) Sk NTU-60

ESa ffAS SO+ KIHE | E AR (xesub)
A CLIP 4t SCAS A PEN

X X X X 84.7%

v x N x 85.9%

x v ¥ x 85.8%

N x v N 87.0%

x v v N 87.3%

1% 6 AIHL, ARG I AT SUAE B 50 Ll 2 2 Y HE 2
RIAER R H 84.7%. 48 FA A A5 () SCAR SRR B 5 TC R
il K W HEAT X H 2 ST B ME AR R AR T & 85.9% ; SUAR L
fife % J5 38 2oF CLIP 4 5% 1 P B 85.8% , & W R 28 1 L
AR ZO RN A SR THERCR AT . 51 2R
SCAR WG J5 , R SR 4 B4 T 2 87.0% 1 87.3% , 1A BH
A B SOAR TR L5 e . R, o SCHE IR
A R e 5 B R T 08 B RSN L A ST AL A A

TR o3 AN Ml = A S M L i N
Toross €40.1,0.15,0.2} LA R A V-1 40 4 €{0.4,0.5,0.6}
X7 RE R, LR 7.

£7 BSEM M REN

BN NTU-60(x-sub)
Tiross A
0.10 0.5 86.6%
0.20 0.5 86.8%
0.15 0.5 87.3%
0.15 0.4 86.4%
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