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Review of unlabeled image-text cross-modal retrieval based
on real-valued features

ZHANG Li', CHEN Kang', SUN Guanghui’

(1. Faculty of Computing, Harbin Institute of Technology, Harbin 150001, China;
2. School of Astronautics, Harbin Institute of Technology, Harbin 150001, China)

Abstract; In order to investigate the current development status and key issues in the field of cross-modal retrieval
based on real-valued features for unlabeled datasets ( hereinafter referred to as cross-modal retrieval ) , this paper
conducts an analysis and summary of the existing literatures. Cross-modal retrieval refers to the retrieval of samples
from one modality that are relevant to a given query from another modality. Firstly, using a time complexity-based
classification approach, existing cross-modal retrieval methods are categorized into feature-based methods and score-
based methods. Secondly, the research status of these two categories of methods is described, and the main issues
in the current stage for each category are analyzed and discussed. Furthermore, two mainstream datasets and
commonly used evaluation metrics for cross-modal retrieval are introduced, and the performance of the two
categories of methods on public datasets is compared and analyzed. Finally, key issues to be addressed in the field
of cross-modal retrieval are summarized. The research indicates that although significant progress has been made in
existing cross-modal retrieval methods, there are still key issues that urgently need to be addressed. These key
issues represent important directions for future development in the field of cross-modal retrieval.
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Fig. 1 Classification of cross-modal retrieval
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Fig.2 Training processes of two types of cross-modal retrieval methods for image-text retrieval
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Fig.3

Inference processes of two types of cross-modal retrieval methods for image-text retrieval
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BB ALHUBL 0] [] 45 16 25 %A 0T ( gated recurrent unit,
GRU) 73] ¢ > W5 75 N Jay B 4 ik =2 1) 1 56 2%, 1) ]
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51, A5 SHETCAREE B S BS K R BT FE 2R ik -7

5B il G B > PRI [+ SRR IR 22 ] 1) o G
Bk, T AR A2 R i A . Ge S5 4R I BSHES
W X 5 A2 H. ( cross-modal  semantic  enhanced
interaction,CMSEL) J7 % , FI| FH 4~ 5C R &1 GCN 43
R 2 DX 2 8] OC R AR SOOCE&R A I
255 F Transformer W) X 7] g §5 % ( bidirectional
encoder representations from transformers, BERT) 315
%) e R SUA IR 2 DX AT W G 2R i 4 5
SR B B RS2 X 55 B2 RIS ORN SCAS 22 [R] ) SCAH
eI,

RREET AR R J EAA RBO ERE T R R RE
Z I FR A R SCAR I B AN R PR T SR R AIE
DERC, B XS 55 1 AR 2Z 6] 1Y 52 2808 &, R
T, 5T I AR 0 J7 V8 4 J TR R AIE A0 O [] 46
B AR BRI T OC R R (R AE G 5
EUG A AR b A ATTAEAE O B 2 5 E AR T 22 I I8
gy PG 8 TAE R 42 Jm R R4 - R AR AR SR
FRYREE R ATE BE B . Chen %57 MY [ 38 N B A
F£ VT C % 2% ( adaptive confidence matching network ,
ACMNet) , 14k B 40 2 X dsk 53] DC P52 07 v vh A7
TE AL D 22 7] 2, 72t BE Al B, ACMNet #1J ]
4 Ja SCAS (JRMG) A J2 F00IM0 Jo 35 AR P ) A B 0
B0 T S (i) 55830 (B 19 X
M, Zhang A8 PR bR SO B 4%
( context-aware attention network , CAAN) , il i R &
ey BT S0, A R OC T G B SRy R B (XA
B ) | ] P ) P A J A 2 ) RS 5 R AR 285 P e B
PR TEAYIE LR o Liu 287 48 0 F 5 8
2% (bi-directional correct attention network , BCAN) ,
42 J5y 587 1E B TC ARy T 1E B TC 73 S X Jay AR AIE
XY bR SCRAESEAT T 1E 459 2] G B s 18] Fi S
A B A [A] v Ry ERARRAE S5 7 1S 9 T SCRE B A
M, S 2T RS SCA (1 18 AR . Zhang 4517
O 185 0 AR L % ) (enhanced  semantic
similarity learning , ESL) , ¥4 1& A~ [] |2 2% %) 0] LD
FHTR7R R ERARAE | SR J5 7R 0T 10 A4 0 £ B 5T v 2 2
SRR HE— 2P | SR AT B AR AR DR B, T
VISR RAAL, M5 Y IR R R E
=2 ) 4% (hierarchical aggregation sharing network
HAS) ¥ BUA $2I01) EUR X IRAE A BERT 42 B
SCAC R RRAIE 43 01 3% ABUE 22 2219 Transformer 4
g, i o) 2 45 ARG S A T A5 B A i g
SFE B TR G A RRHE, T B RS R R A
ML, BRERRRAE™ 4 i LA A A FL I 24
(cross-modal information interaction reasoning network ,

CMIIRN) , 0,55 [ 38 10 58 3L 5 ) B A 5C 2% 4

B, 38 N A2 SO R R ] 58 B G T A s
TURAF DR 5 3¢ F HE TR H ] T 260 i ARl &
JEBIRERAR S, B A A s UE R, Wu S
HE OB A 18 SCHEFE ( dual view semantic inference,
DVSI) 2%, FH 15 0 25 v [a] i 1) 1 JR R 1 SCUG e
SRR CPCELAR R Xt T Rl L i, DVSI $i
Hh DI SR AT L A2 4 UG b A ] DI ) A8 e 2%
X TR AR, DVSE H ] G 5] A H A4 i ik
1742 Jmyi SCUC T, DA 4 il SRS . e, 48—
PSP A LAAS 21 G SOAS AR AL 735

B 151G R RS T Jm B AR AR P DL B2 A {2
PERE RS BT TAES I AR ZE R AR 1k 2 >
SEHAR LU IR AR FE XS 55 . Chen %51 42 H A A5 16
R J198 12 1 35 AR VR BC (iterative matching with
recurrent attention memory, IMRAM ) & i@ 18 5] A
TEARVETC LATZ AP PR AR G N SCA 2Z [ () 0L BE X 7
KOG T ICALZE 8 B0 LU B A R4, R
FAFAIAEXT FFRIR . Zhang %51 B2 AR 1R
e 2s [) T SCHES 1Y) 15 B S K R AB Y (Tatent space
semantic supervision model based on knowledge
distillation, L3S-KD) K2k A B AR AR Y H bR 7>
Fan AR ME D 2EA5 T I AR B s 8], Jf 8 1 iRz
TR L A DO A5E 18 v 3 SCRE % 3] R B s
(] 5 SR 05 4 H bR o3 2K 4 AR M o3 2R 88 0 A SUAR R A3
[i] , FH 7 X6F 55 SCAS L R) REAE RO 1 9 LR bR SCHR
fiF . Cai %5 54 2 16 ] B0, $12 1 3 55 I
sRALAF 2] 1928 B AR B AE 4L < 3 [5) A A (ask-and-
confirm) ” o ZHEZL T B AR BRE SE AR I 40 46 SUAS
T, DA B A 2R — 2 A DG A 32 PG AR P
o RGP afIA  ACBRER /)Mo 28 R 93 T e
W AR R A R B LA A B AR IS

IR T BEITE UG - SRS R R EHR X
JITAT LR A AR BE AR AL | DA S B 5 BT A AR X
Sof 22 [ 0 24000 B AR ABL 1 3 28 2 [T AR T DA A A
X2 G FR, T R RS SO Z 8] R AE A
PE R Z Z RS R AR IR 22X 27 1) 2 A fE
73, VARG o B 25k DA et R - SCAR XS hae ) 2
BEZS 7 AE 9 B8 J1. B %5 25 T Transformer™ [
VLP'™ SR G R Jig | ST 70 B B s i &
WA T BEHRE, 5 EiRIE VLP 5B, T4
Ky VLP SRS R R RE A TR R &,
fldn, Li 500 42 4 H AR 6 57 B 2R (object-
semantics aligned pre-training, Oscar ) ik B 1%t
G 2 i) H bR bR 24 S 5l PRSI PA T )
G155, LA, Oscar ¥ 9% SCAS BUiA) A 5 4
RUFFAE , 5 BRI BREIE — 2 3% A Transformer, ]
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5556 4%

F BB pLE 27 > BROCA T SO 5%, 1)
AR 2 ( masked token loss, MTL) ") #5571 3£ 4791
25 TERS LA, Oscar 42 MG DCHURRE 55 58 AURR
fiE, #5-5 SCAR BRI RHIE— 23X A Transformer, FH] A
TR TIPS SCA TR SUR 5, R FA LA 2R
AL HE AT I, Park A7 4R MY E SR SR R
(semantic alignments module ,SAM) [} VLP Transformer
2 % s i Y P10 DX SEARFAE 1 SCAR Bm) R A0 A 59
S I TR [RIBE RS Y R =2 TR A TR R T R, X
A TR SRR IR A A A T R
RRNSCA I U SO . BRms 55 B2 5 7 i)l
SRS R i B 2 1 1] SC 5 B S K R (cross-modal
retrieval based on pre-trained models and encoders,
PTME ) J73 | ) FH A & B 45 S5 S0REL g 4[] 1) FH
o O B A% 52 BURE EHE R ORI T T 2 K
Transformer (14X ith #5% A1 fl & w45, SCHLE SCZ
[F]) i o 1 SO 5, ST TR R R

Zhang %5V BF Y T WLGE B AR oL BE R
( visual representations in vision-language models,
VinVL) (& ik J7 1%, i 3 = 5 ML e H A5 A P26
I AT RA R/ INFITE BE AR 118 E s A 00 45 4 4
RTINS T B, I & — R et 8 E ARG D A5
T T A A AR AR 2R A i A DX SRR A A
Oscar BAYHATIOIN LR FFAET 12 B9 N AT S5 thitFtT
R, Liu 55 $ B ARSI SO B — B0k M 4
( cross-modal semantic importance consistency , CSIC) ,
e EHG drhhas rh o | G XU AR R0z 805 5L 18
YA GRS EE TP 5] A SCA token A1 E 17 B, JL[R] %
AZHEZS Transformer P HEFT 25, FF43 1 7€ KI5 1
SCAS A RS P B RS R R T

AT T 00 B005 ¥ A R N SCAS JRy AR ik
AL TS SR RAT 55 UG TR 1ERE, AR
T, 25T 53 B0 7 WA A W R 4 s ] 52 2 B v 1Y)
[, S BCHME A7 052 37 5% 1 R R Bl 4R B
B

3 BREE PN E E R

P T Eic s 45 B B R 25 R RE PEA
HCEHRAE R X TSR RE S 2 CEE, H
i, B8 25 K R 9 e 4E 2 MS-coco™ i
Flicke30K ™ | 3 B4~ $ic 3 45 25 60 55 MG RN SCAR B
MBS RS, BA R EEME TN, AT
BIZ AR ST RO, [, PR 46 A Al DL
i RIR A PERE , RS B o8 B E AT O vk 2 TR B
e, NI TEM e iRt Bt 2 e 2 Tk,
W5 Xt B R SR 2R A A 5 W A 45 A IV 6 A

PEATTEANA 21, SR 5 0 ) 3 T R AE 5 vk A3 T3
O A A TPBAEEE LR BEUEAT LA S5 204
3.1 BESKREREANEES

MS-COCO a4 Hh R o e B g, 4 1% i i
H ARG X e E R T T 2R 50, a8 AR
SWIAT R E NSRS B AR AR A
ZREME, A G ERGaE T RS AnbR i, B RS
AL Z AP R 7 B A5 B S 22 M 5 I SCAR S
W X BEARVE W T R USRS S
RETS . 76 MS-COCO $¥ide L ml LAk AT Z AT
S5 WEST A0 FE H AR A P A R | A S B i R
AR RS X AR B S )2 T
BHLALSE | A SRTE T Ab PR 22 25 2 = 4018k 110 32 v
Bz —.

N FH TSRS K R AR 55 T g MS-COCO % di 4k
15 123 287 EME, BAEEXT R 5 A4 ik BHE
FSCAS, M4 VSE ++ ) Fil SCAN'™ ity 5 B, MS-
COCO BRI 53 Fy YN 2 45 | 3ok 4 Al 4 3 &8 4%
Hor YIRS 113 287 ARG By HXt 07 SCAS ; 3
TEAE A 45 2 B0 5 000 A B Z K H X R 3¢
A, AR, MR I 4 K] 43 KA R[], MS-COCO
Bt A R AT A E— 2B 440 o 1K T SK B
1K B8 R BRI 5k 5 A4y, BN 54
1000 SR FGT R SCAS, T B A a8 A 2 s
SRIGTTIA 5 T3 DR S5 SR 391 SK I B R R
FHIBRAE T 5 000 A~ U AU R SCAR AT B AS
KR,

Flickr30K & — H T ¥ B84 2 1 H FH 44
£ KA Flickr B 432 F- 519 31 000 EUE,
IXLE G T T 25 R g S AR AT B A SRR
A, AR AR R 2R, A RGN R
5 AN TRREE R SORIGA w1 EUE b i
ZRAYEREE . XL A Jr =04 i, DL
PRERE B ZFE A5 M, Flickr30K B0d 48 v &
185 SCAHE A Z 8] (1R % 1 FHR R R A SCAR 22 [R]
FHE: SUIBE 2R, S50 & AL T AR %) B8 S s
I, Flickr30K Zdi S R b A F T A28 24 ST i 5%
(R

HRAE VSE ++ 11 Hl DVSAL 5 & | B5 M 546
FAE S5 PR Y Flickr30K i 48 R RE Bl %) 4> A
R BRURAE AR AE 3 Ay, Hodh IR A
29 000 ™G B X W7 SCAS 5 B0 ik 4R A 4 43 31)
£355 1000 /> EHG S HXS I SCA
3.2 EMIERR

PERLSR RS — MR R, (K =1,5,10) (%
FRINRAE P BT 25 1R A T KRG 2R 45 R A0 5 A G



559 51, A5 SHETCAREE B S BS K R BT FE 2R ik -9

WU E 5> ) 1B RV e bn, H PR R RGN TERIENTEIR. R FRERK R SCARFSCA K R
PERE, XA EE MM REE RLIR, MR K4 BIWITER(K=1,5,10) ZH1, BARTE AT,
R 4G T A A AR DG A I, A 1 WARR R =R, +Rs+R,, +R, +Rs +R,,
Wk 0, FEERESRE R B ELS R, (R FIR, 75 s EGKE R AR, (R,
1 000 ~EEH 5 000 I 3CA R4 SRR EMBARE  FIR, R, RsFIR 73 5 F IR SCA KRR IR, Ry
(ISCAH 5 A, SIEEXAMEHEBGNE 14, AR,

EPATEE R YR BEIT A B S At o 3.3 BELER

HICARVENT R RS Mk BT A SCAR S 5E 4 VLAESR  FETHRAE 7 e 7E MS-COCO #di4E 1K
W T R E MR R S, FSK & TP PERE b8 UL 3R 1, 7E Flickr30K 4

WA, R T e IR R R R R BT I A B BIPERE LR LR 2,

F1 EEREFHIER EE MS-COCO HiEE ERtERE bR

Tab.1 Performance comparison of feature-based methods on the MS-COCO dataset in recent years

MS-COCO 1K MS-COCO 5K
hy Jrik R %SO ARG . Gk SO A AR .
R Ry R, R Ry Ry R, Ry R, R Ry Ry
2014 SC-NLM!%?)
2016  DSPELS3! 50.1 79.7 89.2 39.6 75.2 86.9 420.7

2018 VSE++ (4] 64.6 90.0 95.7 52.0 8.3 92.0 478.6 41.3 71.1 81.2 30.3 59.4 72.4 355.7

2018 DSVE!7) 69.8 91.9 96.6 55.9 86.9 94.0 495.1

2018 GXNL6! 68.5 97.9 56.6 94.5 42.0 84.7 31.7 74.6

2019 VSRNI3! 76.2 94.8 98.2 62.8 8.7 95.1 516.8 53.0 8l1.1 89.4 40.5 70.6 8l.1 415.7
2021 DCPGH#) 84.0 95.8 97.8 63.9 83.9 956 526.0 68.7 8.7 93.0 46.2 77.8 85.5 459.9

2022 CMRN'® 73.9  93.9 97.9 60.4 88.5 94.0 508.6

2022 AME!?7] 79.4 96.7 98.9 65.4 91.2 96.1 527.7 59.9 8.2 92.3 43.6 72.6 82.7 436.3
2023 ESAL! 81.0 96.9 98.9 66.4 92.2 96.5 531.9 61.1 86.6 92.9 43.9 74.1 84.4 443.0
2024 CITR!® 78.6 96.4 98.9 62.8 90.4 96.3 523.4 55.3 84.3 91.7 42.4 71.7 8l.4 426.8

R2 IEERE T AT Flickr30K #1E4£ FHHaELLE:

Tab.2 Performance comparison of feature-based methods on the Flickr30K dataset in recent years

PG SCA SRR R EE

Ay Wik R,
Rl RS RIO Rl RS RIO
2014 SC-NLM%? 23.0 50.7 62.9 16.8 42.0 56.5 251.9
2016 DSPE!%] 40.3 68.9 79.9 29.7 60. 1 72.1 351.0
2018 VSE ++ [4] 52.9 80.5 87.2 39.6 70.1 79.5 409.8
2018 DSVE#7) 46.5 72.0 82.2 34.9 62.4 73.5 371.5
2018 GXNL0) 56.8 89.6 41.5 80. 1
2019 VSRN[3! 71.3 90.6 96.0 54.7 81.8 88.2 482.6
2021 DCPG] 82.8 95.9 97.9 62.2 89.3 93.8 521.9
2022 CMRN'®] 70.8 91.5 95.4 55.2 81.8 88. 1 482.8
2022 AME7] 81.9 95.9 98.5 64.6 88.7 93.2 522.8
2023 ESA[6) 84.6 96.6 98.6 66.3 88.8 93.1 528.0

2024 CITR %%
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M8 1 A3 2 W LU Y, 0 AR R 3 4R AE I vk
1E MS-COCO BURAEF Flickr30K A4 I 1 REHR
A TRATE, BREMZEAR, TERE 1000 MMEHR
F15 000 /> SCA Y [l AR FLASE 3 I X 4R 1 ( Flickr30K
DR MS-COCO 1K BEHE, B AN RIS A 1) 75 2
M5 000 ik SCA AR R I 5 AR SCAR
1A B SCAR AT ZE N 1000 A3t (5115
R TR T AN ER) X T MR RSO,
R IRt 45 IR 5 T 84. 6, R, M F 45 ik 5] T
96.9 R, M IFEE RIBE] T 98. 95X T AR RIE
1% R W B U455 B A 5] T 66. 4, R, e b 235 R 15 2]
T 92.2 R, AT RIR BN T 96. 5; R W e a4 5
RENT 531.9, R T 3 FHRAFE Jr i 7R IS RS AG
FALSS 7 & Fe AR E M, TTE MS-COCO 5K
BEEH, TR 5 000 44125 000 4

SCAS LR, A ER A1 7 2\ 25 000 i
e A, BRI S AR SCAR R 1A B
SCARA T ZE N 5 000 MEBE EIZ K2R H 4 R
1) 1 ASEUE, BT DL T HREAE 7 5 7E MS-COCO 5K %
B RE B AR T HAE Flicke30K 1 £ F1 MS-
COCO 1K & T ITERE, BLAh, X TAF B 5 THRAE
T, HAE BUSAG 2 SCOR TAT 55 W AR AR AL T HAE
SRR R EMETAT 5 W R BE, X 2 O 7E R K R
CARFALS 1 ARG A XTI 5 A SCARH IS, B
FLIR[A] 5 AN SCAS H ) 1A BVAT i R R i S
AKGREE FAL55 1A SCARE ) J TR 14~
18, FA R D6 AR SR g /2 225K

ARk, BT BT A 7E MS-COCO B¥lE4E 1K
FISK B E T PERE LB L3 3, 7 Flicki30K £ ds
£ FIPERB LA LK 4,

3 EERETHEEE MS-COCO HIEE EHMRELEER
Tab.3 Performance comparison of score-based methods on the MS-COCO dataset in recent years
MS-COCO 1K MS-COCO 5K
o ik Bifgkgsck  SORRRER FRREE  SORRRER .
R, R; Ry R, Rs Ry ) R, R; Ry, R, Rs Ry, )
2017 DVSA[65] 38.4 69.9 80.5 27.4 60.2 74.8 351.2 16.5 39.2 52.0 10.7 29.6 42.2 190.2
2018 Scotes! 69.9 92.9 97.5 56.7 87.5 94.8 499.3 42.8 72.3 83.0 33.1 62.9 75.5 369.6
2018 SCAN[#] 72.7 94.8 98.4 58.8 88.4 94.8 507.9 50.4 82.2 90.0 38.6 69.3 80.4 410.9
2019 CMR-SC3°] 73.8 95.3 98.3 59.9 88.9 94.9 511.1
2019 ACMMI®] 84.1 97.8 99.4 60.7 88.7 94.9 525.6 66.9 89.6 94.9 39.5 69.6 8I.1 441.6
2019 CAMPL7! 72.3 94.8 98.3 58.5 87.9 95.0 506.8 50.1 82.1 89.7 39.0 68.9 80.2 410.0
2020 ACMNet! 7] 72.1 95.2 98.1 59.2 88.1 94.4 507.1
2020 scm!7 73.4 93.8 97.8 57.5 87.3 94.3 504.1 50.0 79.3 87.9 35.3 64.9 76.5 393.9
2020 CAAN!% 75.5 95.4 98.5 61.3 89.7 95.2 515.6 52.5 83.3 90.9 41.2 70.3 82.9 421.1
2020 IMRAM 3! 76.7 95.6 98.5 61.7 89.1 95.0 516.6 53.7 83.2 91.0 39.7 69.1 79.8 416.5
2020 GSMN ) 78.4 96.4 98.6 63.3 90.1 95.7 522.5
20 O™ 9.8 988 9.7 8.2 95.8 983 0.6 L5 922 9.0 SIS .8 0.8 4918
2021 DVSII#] 75.6 95.2 98.2 58.3 87.0 93.4  507.7
2021 SGRAF[7] 79.6 96.2 98.5 63.2 90.7 96.1 524.3 57.8 91.6 41.9 81.3
221 VLY 0.8 9.0 98 T8E 9.1 985 SL0 754 929 96.2 M 8.5 0.3 491
2022 CMTFN-SRG!7! 75.6 95.2 98.3 63.0 90.0 95.4 517.5 53.0 81.5 89.7 40.3 71.0 81.7 417.2
2022 L3S-KD!#! 79.8 96.2 98.5 63.5 90.2 95.6 523.7 58.9 84.9 91.7 41.7 71.0 81.3 429.7
2023 HAS[7®] 69.6 93.0 97.5 56.3 87.4 94.1 497.9 43.5 75.4 85.5 33.0 64.2 76.5 378. 1
2023 CMIIRN!™! 78.3 96.2 98.8 64.2 90.7 96.1 524.3 58.4 84.3 92.0 42.8 72.1 82.7 432.3
2023 BCAN(7®] 81.7 98.0 99.2 63.9 91.1 96.4 530.3 60.0 85.7 91.7 40.6 69.4 80.3 427.7
2023 CMSEI™] 81.4 96.6 98.8 65.8 91.8 96.8 531.1 61.5 86.3 92.7 44.0 73.4 83.4 441.2
w3 st 6.5 9.3 943 B2 0.1 W1 425
208 prvE”) 8.1 943 9.3 6LE .0 9.2 0.7
2024 SAMPY 81.6 96.7 99.0 68.7 93.6 97.3 536.9 56.8 85.6 92.1 45.2 75.2 85.1 440.0
2024 ESL[77) 84.0 97.2 99.0 67.8 92.7 97.1 537.9 65.8 88.5 94.0 45.7 75.7 85.2 454.9

TE R RIZAR Sy 3R VLP Tk,
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Tab.4 Performance comparison of score-based methods on the Flickr30K dataset in recent years
bt ik [GF T @ AR R G k.
Rl RS RIO Rl RS RIO

2017 DVSA[63] 22.2 48.2 61.4 15.2 37.7 50.5 235.2
2018 scotes] 55.5 82.0 89.3 41.1 70.5 80. 1 418.5
2018 SCANI®] 67.4 90.3 95.8 48.6 77.7 85.2 465.0
2019 CMR-SC30] 69.7 91.7 96.4 54.0 79.7 87.2 478.7
2019 ACMM®] 85.2 96.7 98. 4 53.8 79.8 86.8 500.7
2019 CAMP 68.1 89.7 95.2 51.5 77.1 85.3 466.9
2020 ACMNet! 7! 66.0 90.7 95.8 51.6 78.0 85.8 467.9
2020 semi™ 71.8 91.7 95.5 53.5 79.6 86.5 478.6
2020 CAAN[] 70.1 91.6 97.2 52.8 79.0 87.9 478.6
2020 IMRAM!®!) 74.1 93.0 96.6 53.9 79.4 87.2 484.2
2020 GSMN!0! 76.4 94.3 97.3 57.4 82.3 89.0 496.8
@ 0scar[89]

2021 DVSIH) 67.0 90.0 95.3 49.3 76.8 84.3 462.7
2021 SGRAF([™] 77.8 94. 1 97.4 58.5 83.0 88.8 499.6
2021 VinVL®’

2022 CMTFN-SRG!] 73.6 91.7 96.3 56.2 82.5 89.4 489.7
2022 13S-KD %2 77.3 93.8 97.6 57.6 83.1 89.4 498.8
2023 HAS[™] 64.8 88.3 9.5 49.1 77.6 86.2 458.5
2023 CMIIRN!" 79.6 95.4 98.2 62.8 87.1 92.0 515.1
2023 BCAN!7¢ 81.8 96.2 98.1 56.2 83.1 89.4 504.8
2023 CMSEI!™] 82.3 96.4 98.6 64. 1 87.3 92.6 521.3
2023 PIME " 9.0 9.8 100.0 83.9 %.3 100.0 576.0
2024 SAM! 82.0 95.8 98. 4 65. 1 88.3 93.6 523.2
2024 ESL[77) 84.9 97.0 98.9 67.0 89.2 93.7 530.2

B RIZRH 53 3R7R VLP Jrk

H13¢ 3 A 4 W LUF AR R B T 0 807k
7E MS-COCO $Hi £ 1 Flickr30K Bdi b PERERT
A TR, BREMZEAR, 7ERE 1000 MMER
F15 000 A~ SCA 1 [A] FE RILARE (4 0 38 4 ) % 1 3
VLP J7ik  BUGKE 2 SCARAE 55 Th R, 1 e i 25 35 )
T 85.2, R,MYIRIFEERIAE] T 98.0, R, 1Y Fe i 45
IKENT 99. 4 SUARK R EURATE 55 h R, W B b 45 35
F7 68.7, Ry WIRIFEERIEE] T 93. 6, R, WY e if 45
BIBE T 97,3, R W B 45 Bk 8 1 537.9, X F
VLP J7ik  BUGKG 2 SCATE 55 Th R, 1 e 285 R 35 )
T96.0, R MIRAFEEHRIRE] T 99. 8, R, B R U 45
KENT 100. 05 SCA K R EURAT 55 R, 1) 5 i 45
KB T 83.9, R EAFEAERINEN T 96. 3, R, R
ZEELKE]T 100. 05 R W HF 25 Ik B T 576. 0,1k
P T 3T BOT AR IS BN ZR AT 55 O TH SR

PEFIEEE I, WAL, o1 T88 43 J7 4 MS-COCO 1K
BEE T IR 2 SR Bl A g HUAE A BR 1, (75
VLP J7iXf Al VLP J5 ik i ERE DU (ERAE 2R SC
AR, 96.0 vs.85.2,R; 99. 8 vs.98.0,R,, 100.0 vs.
99.4; UAKRE 4R, 83.9 vs. 68.7,R; 96.3 vs.
93.6,R,, 100.0 vs.97.3;R_576.0 vs.537.9) %A TR
U AR Sk, 7E MS-COCO 5K % & b, VLP J7 ik
XFLEAE VLP 7 iEAR S T A R A ( G &R
AR, 80.1 vs. 66.9, R, 94.3 vs.89.6,R,, 97.3 vs.
94,9, SUARK REMR R, 61.8 vs.45.7,R, 84.0 vs.
75.7,R,,90.3 vs.85.2;R_507.7 vs.454.9) X
T VLP 77145 B Transformer 7E S N SCAS 22 8] $4
AR BE A8 HRN I 25 1) 245

i 1 ~4 ATLIE Y, A M 2018 4 SCAN e
Lok BS RS R R USRI T R L SCAN Ry 3



S12- U A A N - 5% 56 &
LA T 50 B0y ¥k, W0 CMR-SC, ACMM | CAMP, BRSS9 G B T R —

SGM .GSMN F1 SGRAF 45, 7E4L 7 1 000 4~ E {4 Al
5 000 4™ 3CA 1 [ AE RRARE 930 X 4 ( Flickr30K 3t
£EF1 MS-COCO 1K &8 ) i, i Tk = FE 22 B 5k
FHEAE 5 P e K 1559 F A VLP Al VLP fi 3%
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