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Abstract Recent years have witnessed the rapid growth of multimedia data, such as texts and images,
inducing many researchers to work on multimodal representation, understanding, and reasoning. As a fun-
damental task of multimodal interaction, image-text matching, focusing on measuring the semantic similar-
ity between an image and a text, has attracted extensive research attention. It indeed facilitates various ap-
plications, such as cross-modal retrieval, visual question answering, and multimedia understanding, and
plays a critical role in bridging vision and language. Recently, deep learning techniques have emerged as
powerful methods for various tasks. This motivates many researchers to resort to deep learning approaches
to tackle the image-text matching task. Particularly, great progress has been made by exploiting the global
alignment between images and sentences, or local alignments between image regions and textual words.
They can be roughly divided into the following categories: global representation-based image-text matching
methods, local representation-based image-text matching methods, external knowledge-based image-text
matching methods, metric learning-based image-text matching methods, and multimodal pre-training mod-
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els. To be specific, global representation-based image-text matching methods usually realize cross-modal
matching by measuring the semantic similarity between the globa image and text representations; local
representation-based image-text matching methods focus on modeling fine-grained correlations between
visua and textual entities; external knowledge-based image-text matching methods are devoted to acquire
certain prior knowledge from external sources, such as scene graph, to improve the accuracy of image-text
matching; metric learning-based image-text matching methods try to explore a better constraint or similarity
measurement to improve the discriminability between unpaired samples and the relevance between the
paired samples; as well as the multimodal pre-training models including single stream and two stream
frameworks have strong generalization ability. To give a comprehensive overview of this field, including
models, datasets, and future directions, we summarize the work on image-text matching and present this
survey. Specifically, to perform a deeper analysis of existing approaches, we establish the fine-grained tax-
onomy of each category. For instance, for global representation-based image-text matching methods, we
further divide them into two categories according to their architectures: embedding-based methods and in-
teraction-based methods, respectively. Thereinto, embedding-based methods directly constrain the repre-
sentation learning of images and text in the common space, while interaction-based methods exploit the
crosssmodal interactive information for better semantic matching. As to local feature-based image-text
matching methods, we further divide them into three categories according to interaction patterns: in-
traamodal modeling, inter-modal modeling, and hybrid interaction modeling-based approaches. More con-
cretely, intraamodal modeling-based image-text matching methods independently explore relationships be-
tween entities within a particular modality, and inter-modal modeling-based image-text matching methods
explore cross-modal relationships to better align visual and textual semantic information. Differently, hy-
brid interaction modeling-based approaches consider both cross-modal interaction information modeling
and intraamodal correlation modeling, to simultaneously enhance the modeling of intra-modal and in-
ter-modal relationships. Subsequently, we summarize several benchmark image-text matching datasets and
analyze the experimental results of existing models. In addition, we also introduce some related research
tasks, including weakly-supervised cross-modal matching, zero-shot cross-modal matching, cross-linguistic
image retrieval, and scene-text aware cross-modal retrieval. Finally, we discuss promising future directions
for this task, in particular standard dataset partitioning, interpretable image-text matching models, and
efficient image-text matching models.

Keywords image-text matching; cross-modal image retrieval; multimodal pre-training model; survey;
deep learning; artificial intelligence
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TR ] Y S 2R, A K i BRI T S - SCAR DT 1)
HERRPE. R, 55T R BB A 8 Rk 1 1R - SCA D i
Jrk i . Karpathy 25 R H A0 %3 058 -1 X
%} 5% ( Deep Visual-Semantic Alignment, f&j # DVSA )
BEAL N2 53 S SR AR, R 15 DRk
TAVREAIE 7] 5 R ) DE T 70 80 2 1 (R - SCAR DL 2 0 48
IR Z2 7R )25 2] R EHR - SCAR RN IL L. BRI T
VERIPERE L T35 T4 )R RRAIE 1 B - SCAS DL TS J7 v
EIHAFTELUT #esi: (1) RAEF 7 A DS
M RBROCHR , AR XS A OGP, B RE 5T 40
PRI SRS SUE R, S IURS R R - SR T
AL PAK (2) ARBEA TR R A RIS ] 1A e v 56
., WEMGAEE Z W AR O, S BRI S
)1 SCANREAR L i 55

N il e bR ), A T R AR AR Y TR -
SCAVERC 7 kBl 2 b gl f i . il 5 B, AT
REGN53R 32 (1) FFHREN KR RERBIN T,

BRI _
% | [ EERRHEEE | o % B b ik
E 7| MRS [ 5 E pp— =
2 iy G S AL
BsAATRR |5 BUERIHHER | 4
¥ evemasw [T X HEFE d
% [ ki R % ’
7] S
(a) FPHA 6 REBLN 7o (b) ETFRA X R
| (2] rawEmmE o TEEES
A vl | BEEE ! y=
= Eap | | K| || &[] R K 2 Bl =
A P IR A = AT NE ; i
BSRSTER o AR alw |\ BEsE i
= | HHLE g L I . #ll/Transformer | | 4% | 1 = FHLH
X RO 1) || X | [REE fi | = %
= R | ms 2 -
; G EIRNEEE 3
' (©) BT RALREU I g Bl
B 5 FET R RRAE Y R - SCARVC L 2 o P R HE 2

@D https://github.com/Wangt-CN/M TFN-RR-PyTorch-Code
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XA TR E TR A RS N R A 8 ) Y G
KFR, VMBI s s UABES MR R; (2) KT
B 56 RABI 71, X RTTIEME TR 5T B A
OSSR SO SN NE ot 7 I DR S 32 90 By 1 R he s BN = S
1 (3) FFIRA S H AN ik, XTI -
R TFIE R, T, AR SO #2807k
AT RITFAN4.

321 FETEASHNKERERIN I

FE TS N O FR AR 1Y) [R5 - SCAR D L 7 4
200 ST Hb X R B SCAS RS RS B T AT, AR
RFFERSNTLRZE R, AR, KR EA
BESAE BRI, XTIk it — P al oy — /N
(1) e TP A S S SC R AR 5 (2) Ul
BT SUARBUR SR R Tk DL (3) [FIAT
2 B E R SCAS S SR O R A T vk

(1) IR se B O R AR 7 ik

R FE A2 M G R R T SUE B SO S E B
BCER, AR T ARPEENLRIZH
Jrak, WniE XEANA | EE RS E
m%”[45,46]_

e, Huang 25 A2 38 S o P 45 -
SCA PR A (B¢ FRVE SCO ), i ik 38 {452 7 42 B
TEAf I 2 212 23 15 20 1) Jm il i SRR & =K, ok
ol I s i on . Li 25 A ST 2 10 05 i S
FRAEAY (Visual Semantic Reasoning Network, f&i#x
VSRN ), 3 1 1) JFH 11 365 R ) 4 el Pl 5 DX 38 ) 11 6 3R
PEATHERL, (Rl F T ACAZ AL O R 58 )5
B4 DX SRR F A 7 4 e 1 SCHE R, DA S o R .
Hefb) b, Wen 25 A48 L XGE XX 2 7 7 9 44( Dual
Semantic Relations Attention Network, f&j#% DSRAN ),
.30 A ] 3 R 4% ok 44 e DX 3 - DX Bl R X - 4 )y G
R, ARAWMAGEF R 245 8% RFET Lk
D7 1 R ] I 24 A A5 Jmy 8 IX i 2 ] /9 & & |, Zhang
SNSRI BS RS O R § 1 M4 ( Cross-modal
Relation Guided Network, &Fx CRGN ), HF|H
T IR e - 4 Jy A v 32 s R DXl RE AR 1) AH X BT
ik, IR EIR R RY. BAR IR B R
H SRS VCELROCR , M E TiE R R, 2
W& TR XS M 2SI & R, STk, Zhang
2 NP T B RS 22 06 R R AN HEBE M 2% ( Cross-

modal Multi-relationship aware Reasoning Network,

@ https://github.com/KunpengLi1994/V SRN
@ https://github.com/kywen1119/DSRAN
® https://github.com/zyfsal CRGN

fE PR CMRN ), JH:[m] Asf 25 p& P44 DX 3 i) JLAnf o7 8 G
RME XA T KRR, kI MeRR. %IERIAE
DX 358 - i) 14 DB O 3 % [ - SCA DR B iR BE A — 3
Wu %5 U4 S 3 0024 A X S 0 iR ) 4%
( Region Reinforcement Network with Topic Con-
straint, fiifK RRTC), %5258 1 % JEAL 5 X 48 1]
KF, AT DX %60 3 BOAAEL; I 38 2k % R0 o 32 78
HEATAA, G R R IR o SO, LR T B -
A SCVEE.

(2) CARBS A TR R AT

H P AE2C RNIN 2546 AR X AS) 4 15 20 14 20k
JESCARFIR, WO T SORBES 38 B @ i 1) 7 vk 250
T3 T 4R BE T SOORI O R AR, DAMGSR SUA i AR
. BN, Niu 2 AV Rk 2R K 6 012
#& #1 ( Hierarchical Multimodal Long Short-Term
Memory, f&FK HM-LSTM ), i Wb g 4 1
Gy R TR, SRS R A RS 22 ) Y )2
KRR, 2R SOV TE A A F R . Wu 4 A1
D45 0 G — P -1 Sk A2 2] B (Unified Vis-
ual-Semantic Embedding, f&#x Unified VSE ), Ho¥f
SCASRAT ARG 2410 44 TRl ET B R G R A,
JE AR 58 S B 114 Gt B g XoF AN [F] 288 AL Y 3 SCER R kA T
it , I HAS B AE AR AL, SRR
MY SCA AR A L R ik — 20 0 SOAR R N 6 R AT IR
R, Jing 5 AR RS R MY (Graph At-
tentive Relational Network, fij#k GARN ), HoKESCAC
Y 24 TR SRR 2548, ORI TR R I b 28 1 2%
K WA B IARIR. ART LR T %453 210
AR, Wehrmann 5 AR H—FHE S R
A5 1 i ik A 2% 2] 7 ik ( Language-lnvariant Word
Embeddings, fiifx LIWE ), %7k H—An]2:2 1)
PR A B I il o A 2 2T Al i A

(3) MWL H KR ER Ik

g [a) i} B THL 5 BOCA RS RHIER R, 280
R 3 T L R [] S ] G R 190185051
T 53 77305 D SR P Pl A B 428 IO 4% 4 i S AR ] O R
15253l A5 7 ka2 — B S R A AR AR
PR SCAS P —Borkis SUE B BRI,
— SR BU T 2 A ARy s,

TE TR ALY 7%, Huang %8 A4
PR 2 BS KA ICAZ M 4% ( Selective multi-
modal Long Short-Term Memory, fij# Sm-LSTM ),
I R 2SR SO O ALE, RsR AR

@ https://github.com/jwehrmann/lavse
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BRI FIN SCASTE: LR . 25 BB 3 1 = L] A R 47
PERE, DANEURT SAEMUBI L I ] [ 7 b, ok
RS MBS RN SR, DL 55 4058 FSC
ARFRoR. WG Transformer AU HE H FIEFE H 4R
TE S AL BR AT A B B, Qu AR AL B SO
T 200 g M 4% ( Context-Aware Multi-viEw
summaRizAtion network, fjFk CAMERA ), ¥ %3k
B SIHLET A SR gt s DL S e gt b, DA
01 TR) A 1 A S A B R, S TR AL
i A P RS -SCAR DR BCAT: 45 i 22 LS4 ) @, Song
4tz \ PR %2 Szl A R 2% ( Polysemous | nstance
Embedding Network, &#% PIE-Net), i# it ffi £ 3k
Hd R, RPURNLHZ A, Tk
AUCE®.

AR TFRETEZE VR, Liv 2534
oG R B8 SR 15 X R M A ( Relationship-enhanced
Semantic Graph, fii#k ReSG ), H43 5| FHA 3 % 2
s ] AR SC AR S 2R e TR X6 X IO S A ) v i AR
AL B SGE ORI TR, IR MR- SCAR T
T 7o) R b Ay Pl DG B [ A, Sy B s b R AN ) R B2
TS B AR R — A 3has ) b, Yan 25 SR 3T
T B WO L7328 M SRS B6 FE 9 & J) ( Discrete-
continuous Action Space Policy Gradient-based Atten-
tion, fA/FK DASPGA ), H4r5iFIFH EIG M 2 W 4
ARG 5 SCARBES B E LR R, a8 X IR ERE
i B JIT B 1) I S SR M R R v A B
B, IR 2 O DX R AR A 7 R Al
PR A EAGRN SCAS 8 S5 31— A~ A 23 (i),

R RS AN RCR, ERBEHERR A
RS R A R IE S DT LT R i R T SE . AL, Guo
25 NS AFIY BEYIZR5E S ( Two-Stage Training,
fRIFR TST ), e > B RO AT fif B 1) S R SCAR 3R
. BARM, R E A BAG T AR ER-SCAR T AL
£, RSEE U AR 26 AN E; R
B3 R SRS i g R R 2, N BRI
FRAEH, HEBRBLS LR (5 B R i 2.

AR TH LA M AR S AL RCR, Tu AP
$i H Bk T A 1 e RUE AR (Hashing based Ef-
ficient Inference, & Fk HEI ) . Chen 2 A4 —Fh
I SO Ak #E4E ( Generalized Pooling Operator, & %
GPO ), Hn] [ g2 2] i I AS [A] e i e AR b Ak 5K

@ https://github.com/yiling2018/saem
@ https://github.com/LgQu/CAMERA
® https://github.com/yal esong/pvse

W&, RRA R RRIE B R A, IF HAZOR A
WEF AR
322 B THIASIH G R A Ik

AR TFRETHEENLRE/R L, BTN
K F B J5 H R - SCAR VT BL 7 W 80 FIR R B
PSSR ] SC R EAR, DL B 47 b X6 55400 58 A SCAS i
SAE R, 3950 KR - SCAR VT FCORS HE B (H 2B F RS
KRB, % X2 B80T BRI E TP
s E B I HL AR S AR ST ORI G R, D E
J7 1 R — SR 1 2 o i I ) 4% 45 7 A AR B A

2 B I WLEIAE TS o A SR A L S 1 g
MR K, VF2 3 TR OC R BRI ek TR
FILA R X 5 A T U5 B BN, Huang %6 A9
P H OO ) 25 (] 1 3 B M 4% ( Bi-directional Spa-
tial-Semantic Attention Network, f&i# BSSAN ), H
A3 9 ) FH 1) 3 - DX ) RN AR G-l R
F1, g R A SCAS R B B ARAE . Hu 252 AT
LA T A OC R B A T M 4% ( Relation-wise
dual attention network, f&FK RDAN ) SRR £ )2k
AL -1 SO 5%, DA 4R T R - SOAS G i P g
Wang %5 A\ B8R H — Bl B MRS 11 385 0L T4 AL AR A 7Y
( Cross-modal Adaptive Message Passing, fij %
CAMP), iZ 515 WL AT LA3E 33 i) i A1 R X 3k 2 ] 1)
B AR AS VR  JF PR R 9 I 3 A B A B A
DX BN 0 1) i 2 SO B AT IR A i T LUR 5
ST TR A, ok [ A I b 42 1] 35 A A R fl
A7 BTSN EE VLR AMOCE S BN
MRMELR, BXEFESERNELENER. AT
fp P I R, Liu 25 A0 — o UL 2 o T
#% ( Bidirectional Focal Attention Network, faj#K
BFAN ), HoBsfrf i 2 i BA O B (R
XaakinliE ) b, MITHE BRSO B B s B s
M, pegh, BFAETENEES SR A —E
FR MR RS, e 4t N\ TS0 L e T — S MM IS DE i 0 B A
AEME CARKZE J7 1 (Matching with AGreement,
AR MAG ), HoB X 55 2 1% 55 43 R M sUZ 19 U
BB AR, THE 45 BRSO AR BLEE
DU THEE R SR R IERE. Xu 2 NI (8115 X e A1)
FHALR] 2 R A i L — B N SR R 5 A T
fFE, i —FiE B ERET R Tk

@ https://github.com/woodfrog/vse_infty
® https://github.com/ZihaoWang-CV/CAMP_iccv19
® https://github.com/Crossmodal Group/BFAN
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( Cross-modal Attention with Semantic Consistency,
faiiFr CASC), FTREMESCARICHE. AR, %05k
I FH 85 4525 1 0 S 30 G RN SCAR | Je) 8 i SR
55, BTG A 4R B0 A DLOR R 4 R i S — 3.
BARBUARAEEIRCE,, B ER T EARAEN ST A
T2 N7 VA DX 4 AH 5 FIAS AH DG 1] 1 - A5 DX S8R L
MR AT, X AN ] akE A L BR i T 3R SR SRR
M, Zhang 45 ALOARE G5 — 1 [ 3 R G AT IX
Iy EEHLE (Unified Adaptive Relevance Distingui-
shable Attention Network, fijf#k UARDA ), iZA#Liil 15
YR AR O B FURRAIE 22 S WA — DG — I HESE,
38 2 5 K PRl X3 R S RN R DG i85 A 285 S AR
AEARLPE 43 A R 4 i 1 SO 5%, S8 F i 7 i34 2w
TALE(S R EEM:, Wang 25 AR 7 & R
HEE % (Position Focused Attention Network, — fij
FR PFAN ), JHCFI FH DX 35l 9 437 B AR i R 398 58 i 4 7 141
R IX SRR, T 8 5 — - SOAS T B ) ML A
P, kxS EMGIX G B RSOREEFRY. 25,
AT T4 Bk R R A PRAN++ 570084 13 5 4 i 4
JaRE, SRE— PRI o WA o] fEDC PR
fefs Bt — 4.

T AT [ 5 25 A 1 T i B A B X 55 A
FRIBSFEZS I XAEH, Lee %5 NI Ml B A8 Wik
= JIM %% ( Stacked Cross Attention Network, f&iFR
SCAN ), W] AR A X B A7 AT fig i) S A A 1 XA 8.
HEAT X TR, R[4 ATV A - PR M ) 3 7 o 4%
( Co-Attention Network, & #K CoAN ), Hul i3 ik
FHEFE SRR NS, SR 5 SOARR
TR, A R U AR S R 1R] A S 3 Ji 4 ATET)
P H —FZ R4y 2 %) 55 M 4% ( Step-wise Hierarchical
Alignment Network, SHAN ), ¥ &4 - SC A DT fic 43 it
BRSO 5 R R
RUSRHE T Z B b E LR, DABRAR G A SO
ZIEI R A

R MO S RN SCAS, — Sy ek AR T
B MU BAZ B SR mG. fn, Wehrmann 25 A\ IR 1 3t
T2 RE B I — MRS S i AR
REYITH, Bk ADAPT?. Chen %5 N8R H LT 15
M= R - O K R A ( Cross-Modal Im-
age-Text Retrieval with Semantic Consistency, fij#x
CIRSC), HAEHEF HbreR B I A T 18 X —3 4y

@ https://github.com/HaoYang0123/Position-Focused-\\Attention-
Network
@ https://github.com/kuanghuei/SCAN

® https://github.com/jwehrmann/retrieval .pytorch

W, ARG SCAS ik A 53 )] DRI 22 2] . B
Zth, MBS VCECIEREY. i Li & APNR I £
JE R F R 2] 77 ( Multi-Level Similarity Learning,
AR MLSL ), J5E i 22 4R 28 45 AUl 28 0 4 G it 1 X
PRAw D, TRV Pl o 2 4l )¢ R - SCAR X6 XoF 4 R
WHRER, DISCEESRAE B,
323 HTIRG S HAMIIIIE

Sy (i) B 398 R AT A PN AR ) O R AR, — St
TR AL TR IR, EATRES & SUA-
28 BAG SRR, 2 RO TN SCAS P OGP
KRB E 5 FiR, —S R SITIRA R
2, BT [ S, HEE A TR Py sg 1. 070,
WE TR N S L, R AT R A ] A A
WAy —2e 5, AT P A A () g | 3 77,
K TR THEERMETRENLE L, BREX
R R 2ot 2 SR T R T ML R T A DG A B A
5, DR T AR R T I 24 S ARS8 P B85 ] S B
KRR,

PL—e RIS T AR A6, Huang 2 A7
P& — i T [ X G ) B RS T B M 4% ( Object-ori-
ented Attention Network, fiiFx OAN ), HI[FImF % H
PSS PSS IR R M 4%, BB R DL RS Y
ISR, AL, BB T — 8 2RSS
g B PR eRE, R SR RS N A ME X o3 A REAS . T
Zhang % N\ H i R SCRUATE B 4% ( Context-
Aware Attention Network, faiFk CAAN ), WJ5EH] 1]
P ] 3 0 R T B3] o - IX 4 %) =22 B 19 BT A 1T g
XPFF, FEE A BRI E TR ] AR R B
TSR, 25, Chen 25 A\ VOHE 3T f 58 vk
ICAZ I ARVL S )7 9% ( Iterative Matching with Re-
current Attention Memory, fEijFR IMRAM ), Htij&
SeM S BRI B BT T IS LS B 55, AR
Ja R A28 e i & MRS R R, HT
F—4 X FFUCEL. 5 _E IR PR R S B AN, Diao %
N4} SGRAF IR SCUT R /4%, S 1 T
3 3 7 AL ] A B R SCAR AR S PN T A s 8 22
FE, SRJE SR SRS T B I ML S B S AR A T L
X35, Wei 25 A\ T2 H 22 M 2558 YO B 4% ( Multi-
Modality Cross Attention, f&j#x MMCA ), H &
HFE BB N R, HRA Transfor-
mer X i 4 DX IR m) - B 1] HE S A RRAE 7 51 2R A 7

@ https://github.com/HuiChen24/MM _SemanticConsistency
® https://github.com/HuiChen24/IMRAM
® https://github.com/Paranioar/ SGRAF
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R, D[] s of P 5 DX 3 AR /) B 3] ) A 285 ] AR
BNRRIATEBL. S T IERTE AR X 5 2 18]
MIEIERZR, Chen 25 APHR H XA 85 1 28 ) 2%
( Dual Path Recurrent Neural Network, f&iFx DP-
RNIN ), 3 33 8 U5 i 28 0 45, % R st Ak B PR R SCAR
RIS RS LB A R TS R 38 RS 5 |
SEEHLER R AR, REDER SIEIEZ
) A AH AL, 45 3 R - SCAR B AR LEE . R T T
DP-RNN SR FIXSFRES H sk Fm AR IS B, Ji %
NS g RS S & 1 M 4% ( Saliency-
Guided Attention Network, fijFx SAN ), & 5eifid 4%
A PR DU A BE PR M S T SR AL B R AR,
it ZEAT T (RE I B . 2R ER
FSCAAE B ) FERE IO B SCARE, LSl
SCUCHL. 5 R e R w3 45 AUOHR
— P& X 2B ML (Stacked Multimodal
Attention Network, &k SMAN ), HAKK LA N {E
BMZESERNES, #7200 EE,
PEG TR SCAS 22 0] F 20007 38 S B A

BAR BRI IR R AR VE B, (HEAT]
Y R R il 2 XF G2 F1 56 R i AR B SR TR 1) H X iy
BSOS, [RIB SCAR R R TR 35 1 AH A FR A4 00 o 41 75
HE. KT, Long 2 AUHER i JL TR Ay WU 45 4
AR ( Graph-based Dual-modal representation, {7
FRM GraDual ), o Je i U B R s HLE] L K
F 5 AL A SRR SRR IR DL RS
O SUE BAR B EG FoR, TE R — S
S A R AR L — MRS R IR R R, LAEAT
PSRV, Ry TSR AmARL BE DAL, Liu %5 AUSHR
%] 45 ¥ 1k DT BE R 4% ( Graph Structured Matching
Network, fiFx GSMN ), A4 F& ICHURAE LA K SC
AT TR 43 0 2 A R 24, 38 o A e S R PR A
I, 580 EUR- ORI A", Bbak, BATRE
R T R B F AR AR RIXT AR AT g A EL
Wi, BRI A B AR, (H)E, X —u
A LB X 5, TN T 22 4= 0 28 AL Ab 2.
YT, Qu & AR Bl A5 S A8 T A R 4%
( Dynamlc Modality intEraction, &# DIME), H:
A DR SR s A B 5 2, S0 A 38 N AR R AN [F Y
ZHITA®, HFER-SCRICH.
3.2.4 /NG

R T AR R G - SCAS DT S A AR S P 1 SRR

@ https://github.com/Crossmodal Group/GSMN
@ https://github.com/LgQu/DIME

fift 5 ARIPRAR , T RFRIE A DT Ty BT A R
B B ML DA S SRR 2, RAZ SR A RS Y
A R A0k BE SRR B DL SR R SC R C &R L[]
A, A T HRETHBS R E XS AICHL, 2T
T B AL AR ] DI OC R AR s B 42 11
T o 0 G M B AR AT UM B R AT R SRR A
DIAS BIHRG E 1 EUR - SCAS DL E A3 i 1. R i sy
2 AN Ta] 22 T8 24 32t 2 R - SOAS DR EAT: 55 19 7 1
Pk HEUS T — @80, (B 5 2 i QM DG &
AR ICRCRCR AR, 3ok, XTI AR
JEFFOEAEAE fh LA SO 4R b P A5 80 T 4R B
Faster R-CNN i1 word2vec ), ‘52l % sE ik (5 &
Mg R, 5% BRI A .

3.3 ETIMEBAIRBER-X A LA 5 3%

FBR I TRy BB 19 R - SCAS E e J7 4 4R
TR AE B TS BRTE L ICREE, (HE TR
— i SUE B AT, B — i SOOCHK
KRMIZIAGE T 57 R F L R, B TAMR AR
) BB -SCAS VL 7 g 4 . 3205 e R 2 AR
FREL— 2 MBI A R, il gt 5 sidm s &, H
FHRETEXS b ol B SCAR (A1 SRR, df i $ T 45 -
SCAS VE B RS 7 B

PL—Sef0e b TAE B, Lin 45 AU b n]
% ( Visual Question Answering, fiifk VQA ) filh—
AMFEAESR IR, Sk S UG TN SCA B FRIE R
TR X 26 KR F T IER-SCAR U BT 45, Shi 25 AL
5 7E A K o 1 G 3 55 81 e B B 3 TR
H—37 5t & & ( Scene Concept Graph, fi Fi
SCG), s K% R, HOADMINR 37 5 K ok
IR 1o BE SS AR AL B B OSCARTE S, IR -1 X
VU FCAT 55 5 4k g S A P DU FE ) A AR SGMMEI
P2 s BORFOR UG RSCAR , [HHF RS Y
st B AL A R AE AR DAL S X 25 B FCRF A,
HETXZR)Z . RRZED 2 R)Z BB RRE,
RPN GO SCA B AL . o T e 06 R A5 B
T4, Guo 5 NP T —Fhgh & b I RN AR
D28 L O R AR EAE SR (B4 VRACR), %
77 ¥ [ B 25 S R S R RN G RAFAE , X PIARE
IR 53 590 5 SCASFRAETE PG4 A28 (8] X5, ey
FEARLBE T 43 2 P A i A 25 ) Hb ke BLBE SR R . 32
Transformer 7E A [w] <5 5 B A 2h 1 FH B 521, Dong
ae \IBAG LT Transformer 1943 2 FH1F 58 4 5 1
( Hierarchical feature Aggregation algorithm based
on Transformer, &Rk HAT ), HA B H) 375 K
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B4 R TR A BRI -SUAR DU TR0 58 25 2381

PEHLAR 3 5 A UG RN SCA s [, ] B R T2 TR
(&1 4 FR I 28 12 )22 A6 Rl 5 T M A 8 RN O &R A5 B X
SR RIE, X RRIRFK B A 2R
FAE Rl A Transformer 4TSRS Rl G s &5,
RG5O R AE B G ) A Jzs (el rp ) B EA -
P& NUN I

AF TR T Y57, Wang 2 AN —Fh
AR Y B i i A ( Consensus-aware Vis-
ual-Semantic Embedding, f#i#k CVSE) #i#l, ¥
PFE L, BIPFPBS I AR, G
P G- A DEE . Zhang 25 A BB A 4E F]
( Denotation Graphs, fiifx DG ) A 2 KL F SCA
TR, X BLANME K AT DLE VR A B X R
ML H AR Z 83 ORI JZ R AL, Hd s fU2 b
Hintril LEFEWE A EIE, W AZRPER
WHEFEE. A, KT BIE b A0 gn i 2% -
a5 e £ B IR F M T UA X —
F52, Huang 25 A\ B9 i 288 2 L2 B Mul-
timodal neural Machine Translation, &iff MMT ), i
ATHET W 3 AT X G2 () 1 1) RIS 1) R, DAAE AR
BAMASCAS -G, TR T B E 5 B REAS K 2 F
ZiE SIS R RMERE. Sun 2 A 56 1 T
BORCR R, P2 — P fa] B H S A T B v, |
LightningDOT. ‘&l id 78 = AN #r2% > H s L4717
Y4k, 7T LI LS BURRAE IR R A S BUC Y, 3 g
Jnpe T C R A R RN MR PR TR T,
B G - SCA DE R R[] e T 8T 4352

SRR, a8 a5 A SR TE AE R DL S ]
KHER R MBI AIR, — &R Al g smBas
W B, JF B B TS ARSI U TR,
B2, BT Aess iR B ok IR 5 UG SCAR DL B AT 55
B EZ R I2ES, TRES P ECH / i SCHLAR w
2 H 5 AMEFS 4R 5200 VT Bl 45
34 ETEEFINER-XALRSE

AETF B =Rk, BT E R E
18- SCAS UL )5 35 5 70 TR 50 T 47 A 00 24 o (21,2280
AR B R ML 12087 DR TS [RI R A %o [v] Ay A X
3 PRI R]—FEA G (] B DT AR b, X Tk
FEAE AT A B ik =2 ki sl v, s —20
FETHENT R PERE.

ZER UL, A TAER 2 R A HEF 1 2k ( Ranking
Loss) 2= vt -ih Ui AR, B FARME—TT 4R wl

@ https://github.com/BruceW91/CV SE
@ https://github.com/intersun/LightningDOT

RN EGE M =04l WA A REE AT HER
PR SRR SR 22, HA 3 M 2RSS R )
2. ik, —SET AR O IMBCR R, 38  JE R
ARXFEIAUE, $RTHERIPERE. 4N, Zheng %5 A8
i Sz 26 pR B (Instance Loss ) S HE T # k # 41t
I IA AR AL, DA AR L S e
PR SCAR R ™. 25U, Wei 25 AP 4  —Fif
W IACE S, REASAG 50 1 B X 4 Bic 3 24 AL
&, IR ACE YA PS5 B E & AT,

] i 5] A Z 3 4512k pR % ( Polynomial Loss) . Liu
i NP K 2 J 0 48 2K pR B ( Hubness-Aware
Loss, fjFx HAL ), AR .OMEER A 3
PHEAEAR AT, Wei 25 A5 A [ A2 101 3
2 BREICRUAE X AR 2 T4 2 pR gk, DA A b gl
BRUE RN, I ECE M ACE L E A T
Yk, AR FRCE LR s, — ey ik B
MG AT B 0. Filin, Wang %5 AP7ERL
] IR IR Z AN, BIA T 455 4 d Ok R
Zhang 45 AP ES S BEBY VL L ( Cross-Modal
Projection Matching, faiifk CMPM ) i, H24>) H
A B ) AR - SCAR R A 7 ®. Thomas %5 A B4R
W — BB B RS, B SCAS RN B G T4 TR )
W2, #ROE ORI A (an, BHR-EHR
Xt) fEFas ) P AR R . Liu 25 A1 KNN
#4529 ( KNN-margin Loss), CVSE++*1i%it T
B phait 2. A4 AR X 43 1E S A9 IZ AL fE FT, Chen
25 NIBUR Y —Fh B 2k PURE A SRAE 7 SN LG L 8 2
PR (Quintuplet Loss), H M HEANYIIZhaE g 2 B
FEFAEAS, (A4 5] 0 AREAR T B X PE. AT
FEF B REOR TR M, — 28Ty ik PR 1
WItMER K, o ER-SCORICEAES. Wi, Chen
i \ 8T8 B A% i ( Graph Optimal Transport,

fAIFR GOT ) HEHL, 4 B -SUAR VE BCAT: 55 4 Ak o i A
AEVCE S, 4 A AL =, BT
AT S UL Y Wasserstein B 25 F1H T34 DE B 7Y
Gromov-Wasserstein fE &S, % [& £ A DT 1Y F Berp
SR BELR, Zhang 5 AL I BN T
HEZE ( Negative-Aware Attention Framework, fiiF

® https://github.com/layumi/l mage- Text-Embedding
@ https://github.com/wayne980/PolyL oss

® https://github.com/hardyqr/HAL

® https://github.com/lwwang/Two_branch_network

@ https://github.com/labyrinth7x/Deep-Cross-Modal -Projection-
L earning-for-lmage-Text-Matching
® https://github.com/cdluminate/l adderl oss

© https://github.com/sunnychencool/AOQ
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NAAF), ‘& BIaf A FH DS EC e B B AR T AAS DL
e i B P14 90 A A T A BB 45 87 PRI - SCAR A R AL
Zhang %5 N\ POV i 5 5 25 1 0 JEOHT I 4% ( Cross-
Modal Confidence-Aware Network, f&# CMCAN ),
1228 2% [T DL IE DX 3g-1R) % (R B AR B, S )R
R SCARLBE MRS A, DAV B 7 o B A S A e
WA, BT HE Z R Recal @K AfgsE 4 F
Aili 5 7€ MG 5 k2 B 0 ) 1 B HERR PR N 5 R 1 7R

FE . Biten 45 AP 15 3 1 it 5 AU {930 AAE
G A

RAORYE, LT 23 10 PR - SO I B
A AR TCRORCR IR T | AT — 25 R T
BRI [0 S B 0 B A o 7
TSNS VT DY SR ey
IR, AT AT =K, AR M LA

PRAGEZS N T8 SR LA A () T8 SRS A PR A

*1 UR-XASRESTINGRE DL

ik 0] BiRIES €S AT 55 TR SS K] (]
VILBERT?®  ayifesn Conceptual Captions, BooksCorpus. HERG TG F R | fEAS X SR R R 48 NIPS
Visua Genome AR RS SCARICHD FRFE KRB . ESCR R 2019
EEIES A X .
. i G () 2 . A R R
TDENPI®  Jui%iHESE  Visual Genome. Conceptual Captions #5570 | [ {4 SCAS VL | I;;;:li mi{i;w fep & AzgéAll
) T 1 R R
. EMGSCAICHE . fi%iE
LXMERTI®S  yyyfesn COCO. Visudl Genome . VOA.GQA . -y s b b . BLaeii’s . pokis e EVNLP
Visual 7W e 2019
P () 2
MBS . ARG c
12-in-1%919  JYHAHEZL  Conceptual Captions 2552 B FEAR IS B | R SCRE R 2\62P§
P 2 B
s SR X o it ST b
~ . . i B ()25 LB H IR . R
ERNIE-VILE®” iyifi4 Conceptual Captions, SBU Captions BUHIA . [E{& A . '”J ““Wj” B AAAI
- ) AL BEfR . RISCRER 2021
Y R
METER™® il Visual Genome, Conceptual Cap-  HEfSIEFHE, FESC MR, w1 cvPR
T fons\cOCO. SBU Captions ARVGHC, FES RGN 3ZE e . RIOSORR 2022
AL Scale Noisy | Text B SO 3R . e s L 18 U oML
ALIGN'™  fiffe s [ o9 e OISy Tmage e PR SCA L AHILL G . 3 ooy
SR SCAR AR
OCR. Fh{EWHI. HHEN .  I1CML
CLIPea® BURHEZE  WeblmageText NN UM : o
LR Weblmag R SIS S K 2021
BrivLI®Y  3yiifiEs RUC-CAS-WenLan P SCAS VL i Bk . Bk Azggf
. e o BSCREER . BRI . BsE ()
GHIBERTION iy g CONCEPIuAl Captions, COCO. SBU HERSIA ¥ EUIL . JEMML %X#%%{%T;E H;}tiﬁ SIGIR
M Captions, Flicker30k, GQA SR T A Y HE 9021
aptions. Flicker Q BRI ATH -
Visual- T . SRR 5. HEBIE PG . BC . B Aniv
peRriicas  FUEAR COCO Captions i ET LI . S 2019
SCRMGEXS 57 . i .
Uni- , ) . e o AR R | FREARERSC AAAI
coder-V/L[1% FURHEZE  Conceptual Captions, SBU Captions 7 /58 | A5 2 7n o 2020

ES

@ https://github.com/Crossmodal Group/NAAF
@ https://github.com/furkanbiten/ncs_metric

® https://github.com/jiasenlu/vilbert_beta

@ nhttps://github.com/YehLi/TDEN

® https://github.com/airsplay/Ixmert

®© https://github.com/facebookresearch/vilbert-multi-task

@ https://github.com/PaddlePaddle/ERNI E/tree/repro/ernie-vil
® https://github.com/zdou0830/METER

© https://github.com/openai/CLIP

https://github.com/BAAI-WuDao/BriVL
@ https://github.com/uclanlp/visual bert



1134 X WS BRI EUR - SOAR UL LB ST 2538 2383
HR1 MUR-NASESTNGEE RS
ViR 251t TN E s 4 I AE 5 TS KR [E]
- i FEASTE F AR | AL WL . R R | FE ICLR
VL-BERT!!04® 2 g Conceptual Captions. BooksCorpus. !
FHRHER 2 ieh Wikipedia i PR 1 B 2020
. . e MUSE IR . BRI e
. SBU Captions, Conceptual Captions, iS5 &AL HERGIX s
OSCARMS: ittt o H R Gon T g s ESCRR . g B SOy
’ ) 7 ) X EGER . BUR NS
SBU Captions, COCO. Flickr30K . IR . WA AR S et
. IR SRR R IX ,
VinvLHo®  yumiELL Openlmages. VQA . Conceptual ﬁé%”m Ll HOESCRR . BRI . B %\(/)5?
Captions, GQA . Visual Genome g EUGHEE . E& IS
I E A & PLIE 2 A ARG
Pixel-BERTI  HijfifiE 2 COCO. Visual Genome iﬁfg%%”m B I{émgx#\; L ';ggg
\ ~ VR
VILTO®S gt SBU Captions, COCO. Conceptual HEfGIHEFH AL, EESC MAERIZ . AR S WL ICML
o Captions, Visual Genome NI M. B KR 2021
Al dle Noisy | Text D ML R B SR F e ICLR
SImVLMU® sy £ S0SSCACNOISY IMAgeTextDa g o gy N TN N )
AR
) P E SR ADIX MR PLSE R IR, A
UNITERIOIS gy OO VIUEl COMS, OSSP g pmigpie i micn. wicas . Gy
aptions. & T X 0 5 PR SCA R % R i T
Uni- - . MERIEF R 5 . AAAI
fieqoyLpime  HUHEAL  Conceptual Captions P BT = R AL . BRI 2020
UG SIS G F AR
. T MRS A S e G i NLPCC
XGPT!!2 RAES C tual Capt & ®
FFTHESE  Conceptual Captions S A PR A EUZ R 2020
B B R
i i FERDIE F AR | S IX Arxiv
Image-BERTIMS B fig SBU Captions. Conceptual Captions. o K2
& TR Cair N o e 2020
SBU Captions, COCO, FEM DKL . RRSC MLBEIRI . IR . S
UNIMOM™4  MfES BooksCorpus. Openlmages. Visual —ASPCED WU SCATM . & . SCAISE . SCA 2, 7] ACL 2021
Genome, English Wikipedia FHNENFHISCARA R A
. ) . MSE IR . BRI e
. . N hig H AR hIX ot a1 A
) ” t TOHE . BISCRER . e
VIVl HEHES  Openlmages X bR 2 DRI PR EGHE . BURSE AAAIL2021
" ) FERSTE F AR YRS BRI . HARIE S ILoE EMNLP
B2T2171® MAELE Conceptual Captions ot s i1 b
i piuel &apt N B WLSEHARME MRk 2019
oy gy PPV PR B
VLTSS s COCO Captions, COCO, Visud zwtﬁ%nm ”F'L’EE 1;7 - HOWLSE R IR JERERE oML
BT Genome, VQA v2.0 . GQA . Visua TW ey %E;ZI‘DJE\ iR EG R, ERE, 2021
5 N AN (=) . v
AR
SCA-SCAAE R . BRI BSOS SIGKDD
M6 FAFHEZR M6-Corpus SCAAG R | RSSO R SORA RES  KOUAR 2021

ki

@ https://github.com/jackroos/VL-BERT
@ https://github.com/microsoft/Oscar

® https://github.com/pzzhang/VinVL

@ https://github.com/dandelin/vilt

® https://github.com/ChenRocks/UNITER
® https://github.com/LuoweiZhou/VLP
@ https://github.com/zhegan27/VILLA

® https://github.com/googl e-research/l anguage/tree/master/| anguage/question_answering/b2t2
©® https://github.com/j-min/VL-T5
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35 BEE-XARZESTIIZGESR

LR JURR B0 I A A BR & s E AT 2k,
WOz ARG . Z PR AL AN A AR5 T AL PR
YBT3 %, 5 BATVF 2008 - SOAR Z RS i
YIGRRE R . ATl A2 iz, (1) 2
WAES, W s BASCR S B — 2SN EE
BRAALH; (2) BURAESE, B bl X Ao 5 8 R SC
ARG BT, G PR T 2R A A
m=E 1 i, SURHEL T/E, 40 VILBERTE
TDENP®I | LXMERT® | 12-in-11%! ERNIE-ViL[®
METER®? | ALIGNI®®  CLIP®¥) & BrivL™™, i
B A BRSSO 265 43 1) Ak B A1 SCAR FTRTZ
SR 5 R — A~ 5 12 il X 28 X AS [ A28 it 7 6
BR. VE N X HACEME T AR, VILBERT 43 512K
Faster-RCNN #E47#L52 {7 B AL B A2 BERT #£473C
A5 BACHL, 17 )5 >R A PMANE R Transformer #5475
PSRRI, IR EIDE DL SO i U R I E
i, LXMERT ZEAL5E i 543 32 51 AT 456 R gt
@y, M ERNIE-VIL FECASmS 5 A=A
SUCHERE, 12-in-1 $& H Z24E 55 1 B0 2505 20k 1 55
R TR Kot 5 B S MR () A, TDEN IR AR [l AT
45 1) ()RR 6 M ok 2 T U 2k ) & i 1. AN TR 3
ALIGN ,CLIP 1 BriVL 454 £ T RIS & SCH i
£, IF I F X b2 ) HE AT BIS SCAR DG F I 5
METER D 835 7 B Al 2 — A4~ 52 e F
Transformer [{# 5% -15 5 A8 . GilBERT!ONYE 2% )
PEI5 - SCAS B8 138 FH 2 s[RI, 38 AT DAgh 4 Bl 2
B,

AN ] BUI HE B2 A A0 - SCA T A, PR
HE S B JR 5 - SCAS TR R R 5 R e ol o, mT LA
SN O RS A S TR Visual-
BERTIMOAWE Jyi% 43 S A S Bk T4, Hoks Sck s in)
5 UL MG X kA5 S S [F]f A % Transformer
AT, 7 I Faster-RCNN 42 HAY [X I8 41
AR AE AN, Unicoder-V LA F) X 35k (4 47 213 4,
L B o7 B A5 R HEA T AL E A , V L -BERTIM O] 35 1 —
AN 5 B AE S A g% . 1 OSCARIMPUR 1 42 i FH
Transformer 19 [ 35 2 ALGI SCHLE SCUTEC, 12K A
A8 ST B AR R RGOS 5 6 SIS0,
M f Ak A% R SC AR 22 (8] 19 i X 55 2% 2 AT 55 .
VinV LI 1 %5 OSCAR F 470 A 4G 0 A6 0 3547 ke F
PE— R T FINGROER . AR T3 T Xk R R AE
BRI A | Pixel-BERTIOM 1] T 1458 5 2%
FEOESEAT U0 SR, SEBE T — Mo 1) i 1) 248525 U1 2k

Fa, (TS EUE T AR, VILTI® R
T — AR AT A - SCAR TR ZRABE 78, AR 5 2
RIS S T R A B 7 =0, $R T TR 3%
SimVL MR B A e Ab B 7 =X, 1 R R
bR IO ST OIS, WO R iz AL RE
FheJ). AT R AR EE T X 4 A ) S it s i
Ak, UNITER™MY  Unified-VLPW A XGPT!H
5k o T R AT S5 ok G o AR A Y A 2 e
Image-BERT™¥ UNIMO™ VILLAMF vIvOHe
AU R SR Ok B THBR PR i, i B2T 20
BT R RE 5 B PRAE PR AT 55 BE I I 2R A . AN [m] T
A B L5 FE 5 2 > 7 08 0 T N AN A AT 55 1
T E TAR S5 WA R H A, VL-TSMERH T —A4
G —RRESE, HAE AR R A S B AR R A
[F4E55. HIRE|Ih LB ARG E KR, BE
B R A TR S 6 2 DA R R AT BAAE H T R AR S
ML TN 2 5 Hl A iy 90,

SR, BUR-SOR 2RI s R 17 4
PEREELOE FaT LI k. i FUIZATE 55 DL R B s
IR, AT T A ABES A T SCHE AR AT i 72
gy AR, X SRR AR 1 A 2% P I S AR s
36 HHEEHRMES

WA, B 55 W = 2] DA S B RE AR 25 2 S5 4
RGP, — Lt 55 N R AL S8 R - SCAR L AT 55
AT TP, 2T 8 B SRS ICET S . R
ARESHASICEUAE S5 . Y ORI ) S B R R DA
K518 F B RAT S5, T SOK 2 — X ik 84T 45 it
T4,

3.6.1 55 WE B RLASILAL

PRAT JE TR B 2 20 1 R - SCA DG e J7 325 4 3
WA RN EAR T 0 R -SCARXHE B, B2
B2 2 T AR R d v T o N T R R - S
AN AR R B SRR SEPR. 8T, Huang 5%
D2 3t s AR e B 5 (3T RO S s, R
A — /N4y PGB bR i T 18 SCUT L A SCAR i ik 1
B, BRI PR AL (Adversarial Atten-
tive Alignment model for learning Visual-Semantic
Embedding, fiifk ASVSE), FTESHIAITHEL. %M
RV A A T K B AR R 0 BS -SCA T 1) 5 s B
SR TCE BRI B Bl Y DX A 2 1) 55
BARS, REIWTE SR A . SILFER, R
SR PR BT H bR pR B, e PR b T 55 R B SCAR
A ER AT SRR, DA/ A Z R IR e 2R
I, Huang %5 A\ P56 AR A 18] 44 R i) 1 D G i)



11 1 X

B4 R TR A BRI -SUAR DU TR0 58 25 2385

(SR SCAS o L DX R i) g T DR AR
), IEHEH—FP X 538 AR ZS 212 ( Aligned Cross-
Modal Memory, &k ACMM ) BRI, %75 AV
fE LA 55 W8 O D REAR N A AT X SERCAZ e
AE Ny b A 5 S N A R
36.2 FHAPBISILE

Xu %5 NP 3 R A BB R N, 5
— A A 3 g A A RN AR R XX BT R &% ik
( Assembling AutoEncoder and Generative Adver-
sarial Network, fiifk AAEGAN ), %77 ] [a] 2
> e fm] R s RGBS RHE. S T g 2 [H
WRZs 2% ), AAEGAN 42 1 T —Fl 40 A5 4 55 24
H, DR RS 6] 118 AR, Lin 28 NP2 —
BT AR S BN K RIEL, PEFRN LCALE
( Learning Cross-Aligned Latent Embeddings ), 1% J5
138 358 AH DA 43 [ G B A5 7 AR 4 1 A 2 18] vp AR g
R, SCEL T ROE MM Sk R ERE. 5
BEIRET , LCALE i) FH 5 55 245 o e s % 55 18
A, RVCECAN [FIAS B IS A A, A 23 5
T TE IR A ZS 0] 25 2.
3.6.3 W AR EBSRER

Mafla %5 A5 i 1 5t SOAR AT Y B B 254G
Z ( Scene-Text Aware Cross-Modal Retrieval, fj Fi
StacMR) 155, %A 5544 BRI 5 b SORME BAE R
HEEE, S SRR
36.4 EHHFREBKE

EiEERGRER, WEE— e 4
W, B — 4 IR R 2] S A SR DR B4
TEH =SSR E R BEE KSR RS ik
T EMGR R AR, FrE AE S ZE 5 A SCA R
Z I AR, T HLE 2 EE P RO R R I
SR Z B ARRIE. Ui AP TS oh Ay R
MSCOCO ##ls 47 T4 78, 2 i 7 vy 4l 4
COCO-CN?. [alff, T W2vvie  flfi14 i —4
PS8 EIR R R A, X e R 4 MSE ik
PR RO A R R A )1 25

4 BIBEMITFENIRAE
41 HIE&E

Xt TR -SCAR L BEAE 55 M5, H A2 1e K-
SRR RAE S B0 AT Ik, 2R

@ https://github.com/AndresPM D/StacMR
@ https://github.com/li-xirong/coco-cn

NIFEREE T

(1) CUHK-PEDES ##ls ", %3k 2 —
AN A SCAREABRE AT NS 4R, 4% 40 206
KRG R 80 412 4 A IE /).

(2) Flickr8K #4128, Z8uE 42—
8 092 5K Kl i 4 W i AN B 4, BRI A7 5 X
AN A B SCAR T A IR

( 3)Flickr30K %i# 4:12%, 288 4 2 Flickr8K
BARERY R, s 31783 sk, 5 Flickr8K
—FE, PSR R B 5 AN AR AT TR .

(4) MSCOCO ##ig 410, %8k ¥ 42 ) J2
PR B AR B BRI A AR A B AT 55 B
HETth g AT EUR-SCRICEE 5. Bl 123287
SRR, FF H sk BURARTE 5 A SCARAN] T

(5) MUGE #iig4™. % E3| th e A
W E KR, IR GER RR T S5 = A BE A
BAAHE 1 R RS S 22 ARSI SR v (Mt -
modal Understanding and Generation Evaluation, 4]
Fr MUGE ), ‘B 51 A KBS v SC 2 B2 P
Fofe, AR SCHER . T ORI UG A Al B
BRRE. MR, T S BIS IZ8E
£, S 1.9TB K4 292GB SUAR.

(6) Wukong ¥ 41, 20808 4 & — A K
FOCEE IS EUESE, 8T 1424k A BB M A
SCEMG - SCAR YT

i T Flickr8K F1 Flickr30K #5450 4 () 55 15 Sk
VEAHTR, PR A Iy T AN R, BRAT 5 3k R
FHBCYE B8 0 K Flickr30K A4 4 #E 47 525 . 1
CUHK-PEDES ##i4E F 2 AT N-SUAK RIS,
TEEUR - SR VL FUAT 55 il b R . 2T Wukong
5 MUGE il 48 i p scfdis 4 . H e _Lim ik
ATSCE PEAG B AR B /b, gk, H Rl E 5 -
SCARVCECHFFE 1], KEH AR Flickr30K Al
MSCOCO A7 REITAL. (HIE, BIAT R - XA DL L
I EAER LR PSR R AT M BEVEAL B, X
BRI ZREE | SR TEAE Fnim i 5 1Y R 40 SR s AR
JUHARE, % 2 s, dE, X MSCOCO i,
A A 5000 KNSR, — i B Ry
. (1) MSCOCO1K, HIK; 5000 ik E{%%145 R 5
WAy, srRlAL s 1000 kMR, e ZMRLh KoM TE 5
AR LS R 1E; (2) MSCOCOBK,  ELH2X)
5 000 ik EZ 470 5aL.

® https://tianchi.aliyun.com/muge
@ https://wukong-dataset.github.io/wukong-dataset/index.html
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4.2 FFNIERR

X FEUR-SCAR DT ECAT 45, %R Recall@K
(R@K ) YE N PEAGFEFR, BIIERASS R HAERT K K
REJ B LE], XH K BEBE—HN 1. 5
PLJ 10, BR_LiR$EARAN, A7 875 3R A RSUM 1E
F VAL FE AR, BIKE BRSO R R FSOAR - ERK &R
P R Es S 2o, RP

RUM =
R@1+ R@5+ R@10+ R@1+ R@5+ R@10 -

it

t—i

5 MBEFEARMRERTH

&A1 T A AR - SCAR DT BT B AE IS K
KA E 3 4 . Flickr30K A1 MSCOCO I it S 56 4%

B ok

o EH

SR LRI L 37 12 7B, HihE 37 5
BT R T 4 R 10 P88 S0 A DG Ty o A

Flickr30K il MSCOCO ##ia4E acihah i, & 6~5&
8 JER T T R R AE i B 4% - SCA DT D 7 R AR
Flickr30K #l MSCOCO #i#lidE [ ry%E S, 3 9 Mgk

oN=s]

T Z B BN R AE [ER -SOR DR AT 55 1 (9 25

£ 2 MBAEX Flickr30K F1 MSCOCO HIBEM T RIXRI 9 0L

AR B B pIEERS AL B4 ik
31,783 31,014 29,000 1,014 1,000 SCHK[82]
31,783 31,783 30,000 1,000 1,000 CHER[10]
31,783 30,000 28,000 1,000 1,000 ;tliﬁk[l, 12, 16, 35, 34, 41, 42, 43, 49, 50, 52, 53, 61,
Flickr30K ,
31783 31783 20783 1,000 1,000 SCHR[5, 7, 11, 14, 15, 18, 25, 32, 37, 56, 58, 69, 73-76,
80, 91, 120]
SCiik[e, 8, 9, 13, 17, 19, 20, 33, 40, 44-47, 54, 57, 59,
31,783 31,000 29,000 1,000 1,000 eo,ﬁﬁs[z- 65, 67, 68, 70-72, 77. 78, 119]
123,287 91,783 82,783 4,000 5,000 Hik[121]
123,287 118,287 82,783 30,504 5,000 SCHk[25]
123,287 123,287 82,783 40,504 1,000 CHR[32]
123,287 92,287 82,783 5,000 5,000 iHK[34]
123,287 88,783 82,783 1,000 5,000 XHK[79]
MSCOCO 123,287 123,287 113,287 1,000 5,000 SCHER[71)
123,287 123,287 82,783 35,504 5,000 SCHK[82]
123,287 123,287 123,287 1,000 5,000 CHR[7, 12]
123,287 87,783 82,783 4,000 1,000 SCHR[40, 42, 50, 56]
123,287 123,000 113,000 5,000 5,000 SCHR[17, 33, 35, 47, 63, 64]
SCiR[6, 8-10, 13-15, 18-20, 36, 41, 43-46, 48, 49, 51-54,
123,287 123,287 113,287 5,000 5,000 575*2‘2[' 65, 67.70, 72.78, 80, 81. 91, 119]
%3 ET2BRHFERNEG-XATE S ATE Flickr30K HiRE LWER
ik K% S Image-to-Text(i-t) Text-to-Image(t-i) RSUM it ] 3]
R@1 R@5 R@10 R@1 R@5 R@10
uvsi OxfordNet LSTM 230 507 629 168 420 565 2519 NIPS 2014 AT
DSPE VGG-19 Fisher Vector 403 689 799 297 601 721  351.0 CVPR 2016 % AZEHY
RRF-Net®™  ResNet-152 HGLMM 476 774 871 354 683 799 3957 ICCV 2017 i AZEHY
2WayNet!* VGG-19 Fisher Vector 49.8 67.5 - 36.0 556 - - CVPR 2017  ir AZEHA
VSE++34 ResNet-152 GRU 437 719 821 323 609 721 3630 BMVC 2018  {# AZ4LHg
TIMAMET ResNet-101 BERT 531 788 876 426 716 819 4156 ICCV 2019 A Zeky
m-CNNg*% VGG-19 Skim-Gram  33.6 641 749 262 563 696 3247 ICCV 2015 T HARH
MTFN®  Faster-RCNN GRU 631 858 924 463 753 836 4465 ACM MM 2019 =H IR
4 ET2BRFEMNEKR-XAKREESEE MSCOCO HIESE 1K MiNE LMER
Sk @ A Image-to-Text(i-t) Text-to-Image(t-i) RSUM R 3]
R@1 R@5 R@10 R@1 R@5 R@10
DSPER VGG-19 Fisher Vector 50.1 79.7 89.2 396 752 869 4207 CVPR 2016 it AZEHY
2WayNet*! VGG-19 Fisher Vector 55.8  75.2 - 39.7 633 - - CVPR 2017 ik AZEHH
RRF-Net®™  ResNet-152 HGLMM 564 853 915 439 781 886 4438 ICCV 2017 i AZEHY




11 ) X B ST IREE Y W EUR-SCAR IL B T 25 0d 2387
x4 ETL2RFENEIR-XARAEEE MSCOCO HiEE 1K M &E EMER
Sk @ ok Image-to-Text(i-t) Text-to-Image(t-i) RSUM P 5
R@1 R@5 R@10 R@1 R@5 R@10
VSE++34 ResNet-152 GRU 646 90.0 957 520 843 920 4786  BMCV 2018 % AL
GXNP ResNet-152 Bi-GRU 68.5 - 979 56.6 - 94.5 - CVPR 2018 ik AZRHY
m-CNNs'“%! VGG19 Skim-Gram 428 731 841 326 686 828  384.0 ICCV 2015 A H4uHYy
MTFNM“! Faster-RCNN GRU 719 942 979 573 886 950 5049 ACMMM 2019 =ZHZEH
#=5 ET2FRFHENER-XALASEAE MSCOCO HHES 5K Mik & LrIZE
Image-to-Text(i-t) Text-to-Image(t-i) R
WR7S 5 A RSUM K et ] x50
R@1 R@5 R@10 R@1 R@5 R@10
VSE++34 ResNet-152 GRU 413 711 812 303 594 724 355.7 BMCV 2018 AT
GXNE ResNet-152  Bi-GRU  42.0 - 847 317 - 74.6 - CVPR 2018 ALEHY
MTFENIY  Faster-RCNN GRU 447 764 873 331 647 761 3823 ACM MM 2019 A
* 6 ETRIMFEMER-IAA S ELE Flickr30K #iE&E LR
ik o Sk Image-to-Text(i-t) Text-to-lmage(t-i) RSUM Pa— Sep
R@1 R@5 R@10 R@1 R@5 R@10
DVSAIM R-CNN BRNN 222 482 614 152 377 505 2352 CVPR 2015 IR T A
HM-LSTM7) R-CNN HM-LSTM 381 - 765 277 - 68.8 - ICCV 2017 AR A
Sm-LSTM[ VGG19 Bi-LSTM 425 719 815 302 604 723 3588 CVPR 2017 XUREZS A AR
DANE! ResNet-152  Bi-LSTM 550 81.8 89.0 394 69.2 79.1 4135 CVPR 2017 RS A AR
scold VGG19 LSTM 555 820 893 411 705 801 4185 CVPR 2018 T AR
VSRN™  Faster R-CNN  GRU 713 90.6 960 547 818 882 4826 ICCV 2019 T AR
LIWE"  Faster R-CNN Bi-GRU 664 889 941 475 762 849 4581 ICCV 2019 SCA AR
SAEMM™  Faster RRCNN BERT  69.1 91.0 951 524 8lL1 881 4768 ACM MM 2019 XURZS AR
TSTHA ResNet-152  Bi-GRU 57.7  — 892 429 - 79.3 - ACM MM 2019 XUBRZS AR
DSRANI Feer RCNN BERT 778 951 976 592 860 919 5076 IEEETCSVT2020  HLugekh
CRoN PRI RCNN  GRU 705 912 949 503 777 852 4698 IEEETIP2020 PR
CAMERAI®  Faster R-CNN BERT 780 951 979 603 859 91.7 5089 ACM MM 2020 XUREZS AR
GARN[ ResNet-152  Bi-LSTM 60.1 84.6 904 442 712 80.3 4308 IEEETIP2021 AR A
CMRNU?  Faster RCNN PERICR 708 015 954 552 818 881 4828  MTA 2021 W R
DASPGA®  Faster R-CNN FC 828 959 979 622 893 938 5219 CVPR 2021 XUREZS AR
RRTCH*  Faster R-CNN Bi-GRU 727 938 968 542 794 86.1 483.0 IEEETCSVT 2022 T A
ReSG™  Faster RCNN Bi-GRU 77.2 942 982 580 831 887 4994 oo LOYPRM  sppcqp
BSSANP®  Faster R-CNN Bi-LSTM 384 672 775 285 575 679 337.0 |EEETIP2018  B&HEIZSAS 1 a4
SCANI®  Faster R-CNN Bi-GRU 67.4 90.3 958 486 77.7 852 465.0 ECCV 2018 RIS RS A
PFAN®?  Faster R-CNN Bi-GRU 70.7 91.8 950 504 787 86.1 4727 IJCAI 2019 PERRAS 50 HEEA
RDAN®?  Faster R-CNN  Bi-GRU 681 91.0 959 541 809 872 477.2 IJCAI 2019 PRI AT
BFAN"®™  Faster R-CNN Bi-GRU 68.1 91.4 - 50.8 78.4 - - ACM MM 2019  B5HZSA0 T @t
CIRSC!®™®  Faster R-CNN Bi-GRU 69.7 917 964 540 797 872 4787 ACM MM 2019  BSRIZS 3 B a4
CAMPS®  Faster R-CNN Bi-GRU 68.1 89.7 952 515 771 853 466.9 ICCV 2019 RIS RS A
IMRAMUY  Faster R-CNN  Bi-GRU 741 930 96,6 539 79.4 872 4842 CVPR 2020 P75 % L A
PFAN++®1  Faster R-CNN Bi-GRU 70.1 91.8 961 527 79.9 87.0 477.6 |EEETMM 2020 Hzsss o s
ADAPT®  Faster R-CNN Bi-GRU 766 954 976 607 86.6 92.0 508.9 AAAI 2020 SRS AL T A
GSMN[®  Faster R-CNN Bi-GRU 764 943 973 574 823 890 496.7 CVPR 2020 PSR AS A AR
CASCI®Y  Faster R-CNN Bi-GRU 685 90.6 959 502 783 863 469.8 IEEETNNLS2020 HHizsss H fk
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. . Image-to-Text(i-t) Text-to-lmage(t-i) . R N
ik E % AR RSUM K2 ] 255
R@1 R@5 R@10 R@1 R@5 R@10
MLSLI®  Faster R-CNN Bi-LSTM 722 924 982 568 833 913 4942 IPM 2021 BEMERAT B AR
MAG!® Faster R-CNN Bi-GRU 721 928 967 528 802 87.1 4818 CAAI-TIS2021 BSfiZcH i
SHAN?  Faster R-CNN Bi-GRU 746 935 969 553 813 884 490.0 1JCAI 2021 SRS AE
UARDA®  Faster R-CNN Bi-GRU 77.8 950 97.6 57.8 829 89.2 500.3 I|EEETMM 2022 SizsscH dtfs
SN &R A
OAN!" Faster R-CNN CNN 533 801 871 686 930 96.0 4781 ICMR 2019 B . & jf’nl H
KR AR
A e[l
SAN"™  ResNet-152 Bi-GRU 755 926 962 601 847 906 4997  Icov2ole e M&BUETH
KR
. s
CAANY®  Faster R-CNN Bi-GRU 70.1 916 972 528 790 879 4786 CVPR 2020 *5"“\ W&*’E‘,,A g
K F A
MMCA!?  Faster R-CNN  BERT 742 928 964 548 814 87.8 4874 CVPR 2020 T’%‘“\ W&*’E‘% g
KR AR
LN &P A
DP-RNN™®  Faster R-CNN  Bi-GRU 70.2 916 958 555 81.3 882 4826 AAAI 2020 B . & jf’n‘% g
KR
TN SN[E]
SGRAF™  Fager RCNN Bi-GRU 77.8 041 074 585 830 888 4996  AAAI2021 oo PI&BUET
K F A
AN &P
DIME*®  Faster R-CNN BERT 810 959 984 636 881 930 5200 ACM SIGIR 2021 B . W *’E‘w I
K FR A
i IEEE T-Cybern  HEZS N &M (1]
[76] _ -
SMAN ResNet-152  Bi-LSTM 573 853 922 434 737 834 4353 2029 [
TN LA
GraDual™ Faster RCNN Bi-GRU 783 960 980 604 867 920 5114  WACv 2022 o PI&BUET
KR AL
x7 ETEITHMEMERGR-XARE S AL MSCOCO #iESE 1K MikE LR
. . Image-to-Text(i-t) Text-to-lmage(t-i) § ‘ N
Ik E14 AR RSUM I 2R [a] 255
R@1 R@5 R@10 R@1 R@5 R@10
DVSA[Y R-CNN BRNN 165 392 520 274 602 748 2701 CVPR 2015 JeIR TAE
Sm-LSTMB? VGG19 Bi-LSTM 532 831 915 407 758 874 4317 CVPR 2017 U2 AR
scol# VGG19 LSTM 69.9 929 975 567 875 948 499.3 CVPR 2018 P A
Unified Caption -
v Sl ResNet-152 [~ -7 o'~ 643 892 948 483 8L7 912 4695 CVPR 2019 SO A
PIE-Net!®Y ResNet-152 Bi-GRU 69.2 916 96.6 552 865 93.7 4928 CVPR 2019 WU S AR
VSRN™!  Faster R-CNN GRU 762 948 982 628 897 951 51638 ICCV 2019 A A
LIWE“?  Faster R-CNN Bi-GRU 69.6 939 980 555 873 942 4986 ICCV 2019 AR A
SAEM™®  Faster R-CNN BERT 712 941 977 578 886 949 5043 ACM MM 2019 UL 2 AR
TSTY™ ResNet-152  Bi-GRU 594  — 951 465 - 90.8 - ACM MM 2019 WU S AR
Faster R-CNN
DSRAN!4 and Res- BERT 783 957 984 645 90.8 958 5234 |EEETCSVT 2020 BT A
Net-152
Faster R-CNN
CRGN* and Res- GRU 738 956 985 601 889 945 5114 IEEE TIP 2020 BT A
Net-152
CAMERA®  Faster R-CNN BERT 775 963 988 634 909 958 5227 ACM MM 2020 UL 2 A
CMRN™?  Faster R-CNN BERT-GRU 685 925 97.0 573 884 948 4985 MTA 2021 HIL5E A
DASPGA!™  Faster R-CNN FC 840 958 978 639 889 956 526.0 CVPR 2021 NSURE 25 A
RRTC“  Faster R-CNN Bi-GRU 76.2 963 989 61.6 89.3 946 5169 |EEETCSVT 2022 P A A
ReSGI®  Faster RCNN Bi-GRU 793 967 983 645 00.0 958 5246 'EEEZB'ZCZVbem AUk s A
BSSANP®®  Faster R-CNN Bi-LSTM 492 761 851 362 692 825 3983 IEEETIP2018  BSHEZSAS H i
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R@1 R@5 R@10 R@1 R@5 R@10

SCAN®®  Faster R-CNN Bi-GRU 727 948 984 588 884 948 5079 ECCV 2018 PSR A

RDANP®  Faster R-CNN Bi-GRU 746 962 987 616 892 947 5150 IJCAI 2019 PERZS AT A
BFAN®  Faster R-CNN Bi-GRU 749 952 - 594 884 - - ACM MM 2019 A4 1
CIRSC!®®  Faster R-CNN Bi-GRU 738 953 983 599 889 949 5111 ACM MM 2019 BASHIZs 38 T #A
CAMP®®  Faster R-CNN Bi-GRU 723 948 983 585 879 950 506.8 ICCV 2019 PEREAS AT B AR
PFANI®  Faster R-CNN  Bi-GRU 765 963 990 616 896 952 518.2 1JCAI 2019 PR AT B AR

IMRAMI™  Faster R-CNN  Bi-GRU 767 956 985 617 891 950 516.6 CVPR 2020 PSR A
PFAN++®1  Faster R-CNN Bi-GRU 77.1 965 983 625 899 954 5133 |EEETMM 2020 B5HiZs3s B i1
ADAPT®!  Faster R-CNN Bi-GRU 765 956 989 622 905 960 519.7 AAAI 2020 SRS AT B A

GSMN!"™  Faster R-CNN Bi-GRU 784 964 986 633 90.1 957 5225 CVPR 2020 M RS
CASC®M  Faster R-CNN  Bi-GRU 723 960 990 589 898 960 5120 IEEETNNLS2020 MEfiZsssH d
MLSL™  Faster R-CNN Bi-LSTM 63.8 901 959 771 963 986 5218 IPM 2021 PR AT B AR
MAG®  Faster R-CNN Bi-GRU 752 954 983 591 87.9 943 5102 CAAI-TIS2021 BEMiAA: B A
SHANI®T  Faster R-CNN  Bi-GRU 769 963 987 626 89.6 958 5198 IJCAI 2021 SRS AT A

UARDA®?  Faster R-CNN Bi-GRU 78,6 965 989 639 907 962 5248 |EEETMM 2022 ESHEiAscH qf

AN &I
OANI" Faster R-CNN CNN 60.2 886 945 717 964 99.3 510.7 ICMR 2019 RENSRER

KR AL

SN &R A
SANI™ ResNet-152  Bi-GRU 854 975 99.0 69.1 934 972 5416 ICCV 2019 B \W jf’n: H
KR

A LA
CAANY  Foaster RCNN  Bi-GRU 755 954 985 613 897 952 5156  CVPR2020 oo MI&BULT
K R A

5 s
MMCAI?  Faster R-CNN  BERT 748 956 97.7 616 898 952 5147 CVPR 2020 E"’“"jf]&*’ﬁ‘w g
K FR A
DP-RNN™  Faster R-CNN Bi-GRU 753 958 986 625 897 951 517.0 AAAI 2020 *’%‘“\W&@l g
KR AR

A SN[E]
SGRAF™ Faser RCNN Bi-GRU 796 962 985 632 907 961 5243  AAAI2021 e M&BUETH
KR

. s
DIME"™®  Faster R-CNN  BERT 788 963 987 648 915 965 5266 ACM SIGIR 2021 E"’“\W&*’E‘,,A g
K R A
i IEEE T-Cybern BN &BLZS[H]

[76] _ -

SMAN ResNet-152  Bi-LSTM 684 913 966 585 874 935 4957 2025 % 2 g
L

SN &R A
GraDual™ Faster R-CNN  Bi-GRU 77.0 964 986 653 919 964 5256 WACV 2022 B \W jf’n‘% g
KR

%= 8 ETRERIHMEMEGR-XAIRA AL MSCOCO ##ESE 5K Mk ERZER
. Image-to-Text(i-t) Text-to-lmage(t-i) § X N
Itk 14 S oY gl £
R@1 R@5 R@10 R@1 R@5 R@10

DVSAL R-CNN BRNN 384 699 805 107 296 422 2713 CVPR2015 EIKT/E
HM-LSTM#] R-CNN HM-LSTM  43.9 - 878  36.1 - 86.7 - ICCV 2017 SCAS A
scoi VGG19 LSTM 428 723 830 331 629 755 369.6 CVPR 2018 T A
Unified VSE“®! ResNet-152 gﬁgg{;’; 3.1 664 777 254 530 662 3248 CVPR2019  CACE:f
PIE-Net!®! ResNet-152 Bi-GRU 452 743 845 324 630 750 3744 CVPR2019 XMz dif
VSRN!“! Faster R-CNN GRU 530 811 894 405 706 81.1 415.7 ICCV 2019 P A A
TSTHA ResNet-152 Bi-GRU  40.2 - 80.5 299 - 71.9 - ACZ'\("H'\S;'M UL 2 AR
DSrAN4  FaSterRCNNand  pror 555 g35 909 417 727 828 4269 'EFETCSVT i imp

ResNet-152 ' ' ' ' ' ' ) 2020
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Image-to-Text(i-t Text-to-Im. t-i N N
i 1% S ageto T 0D RSU e e
R@1 R@5 R@10 R@1 R@5 R@10
cronws  FesterRCNNand oo, 515 g0 897 374 680 795 406.4 IEEETIP2020 ¥iaifs
ResNet-152
CAMERA®  Faster R-CNN  BERT 551 829 912 405 717 825 4239 ACZ"SZ'X'M R A
DASPGA5! Faster R-CNN FC 687 887 930 462 778 855 459.9 CVPR2021  XUiZsaf
i IEEE » "
[52] _ _ P
ReSG Faster R-CNN Bi-GRU 558 830 91.0 420 724 821 4263 T-Cybern 2022 R 25 A
e
SCAN!! Faster R-CNN Bi-GRU 504 822 900 386 693 804 4109 ECCV 2018 ié%‘ff;-%gﬁ
AT
CAMPSE Faster R-CNN Bi-GRU 501 821 897 390 689 802 4100 ICCV 2019 E%*;*gﬁ
(701 . RIS H
IMRAM Faster R-CNN Bi-GRU 537 832 91.0 397 69.1 798 4165 CVPR 2020 v
BESRH
PFAN!®! Faster R-CNN Bi-GRU 508 839 89.1 395 695 808 4136 IJCAI 2019 5*’%&;“
PSR
PFAN++%4 Faster R-CNN Bi-GRU 512 843 892 414 709 790 416.0 'EEZEO;C')V'M e j“E
A
CASCle! Faster RCNN  BI-GRU 472 783 874 347 648 768 3802 'EEETNNLS BSHGEICH
2020 i
- SRR
MAG!® Faster RCNN  Bi-GRU 520 813 900 372 654 779 4doag CAALTIS — BSBEZL
2021 [
PR
SHAN®7! Faster R-CNN Bi-GRU 759  96.1 - 60.7  88.2 - - 1JCAI 2021 *if’;if;ﬁ“
MR,
UARDA®  Faster RCNN  BI-GRU 562 838 913 406 695 809 4203 'EEETMM BSREZR
2022 g
- BN &BLZS
OAN Faster R-CNN CNN 370 666 780 478 812 904 4010 ICMR2019 " "
[i) 5 R AR
9 . BN &BZS
CAAN Faster R-CNN Bi-GRU 525 833 909 412 703 829 4211 CVPR2020 . °
18] 56 Z2 AR
o ok
SGRAF!™ Faster R-CNN Bi-GRU  57.8 - 91.6 419 - 81.3 —  AAAI 2021 E“% W&*’i
i8] 56 21 AR
ACM SIGIR B HN&BE
DIME!™ Faster R-CNN BERT 59.3 854 919 431 73.0 83.1 4358 AN "
2021 [i) 56 R AR
29 ZESMINEIERE MSCOCO HIBEM Flickr30K HiEE FWER
MSCOCO Flickr30K
Jik Image-to-Text(i-t) ~ Text-to-Image(t-i) Image-to-Text(i-t)  Text-to-lmage(t-i) KRB 2
RSUM
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10
1K Test
VIiLBERT®?  —  _ - - - - - - - - 582 849 915 —  NIPS2019 #UjiHESE
UNITER™  —  _ - - - - — 859 971 988 725 924 96.1 542.7 ECCV 2020 PAjfifEZe
U\r}ifﬁgﬁr' 843 97.3 993 697 935 972 - 862 963 990 715 909 949 5383 AAAI 2020 HiHE4
B'E"RaTg&] 87.0 976 99.2 731 926 960 - 854 987 998 736 943 97.2 549.0 Arxiv2020 HiHEL
Pixel-BERT! - - - - - —  87.0 989 995 715 921 958 544.8 Arxiv2020 MjFHES
VILLAMS - - - - - — 866 979 992 747 929 958 547.1 NIPS2020 jifEL
OSCARI'™ 884 991 998 757 952 983 5655 - - - - - - —  ECCV 2020 HijfiHEs
12-in-1%% - - 652 910 9.2 - - - - 651 887 935 —  CVPR2020 XUjiHeEss
TDEN[®3 - - - - - - - - - 636 882 929 —  AAAI 2020 RLHiHESR
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HR9 ZEATINLGERE MSCOCO HIEEF Flickr30K HIBE NG R

MSCOCO Flickr3oK
ViRS Image-to-Text(i-t)  Text-to-lmage(t-i) RSUM Image-to-Text(i-t)  Text-to-lmage(t-i) RSUM % FE A 25
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10
ERNIE-VIL®® - — - - - - — 867 97.8 99.0 744 927 959 5465 AAAI 2020 WLiiHELE
ViLT!o8 - - - - - - — 835 967 986 644 887 938 5257 ICML 2020 HAiKESH
ALIGN!® - - - - - - - 953 99.8 1000 849 97.4 986 576.0 ICML 2020 WiifELE
METERI®" - - - - - - — 943 996 999 822 963 984 570.7 CVPR2020 WiifE4R
5K Test
UNITER™ 644 874 931 503 785 872 4609 - - - - - - —  ECCV 2020 HuifiHEL
UDICOSS™ 623 871 928 467 760 853 4502 - - - - - - - AAAI2020 HiiifEd
B'é"RaTg[‘f;al 664 89.8 944 505 787 87.1 4669 - - - - - - —  Arxiv 2020 BAEHESR
Pixel-BERT!™" 636 87.5 936 50.1 77.6 862 4586 - - - - - - —  Arxiv2020 FUFHELE
OSCAR'™ 700 91.1 955 840 808 885 5099 - - - - - - —  ECCV 2020 HuifiHEL:
VinvLE® 746 926 963 581 832 901 4949 - - - - - - —  CVPR2021 HjfiHESR
ViLT!o8 615 86.3 927 427 729 831 4392 - - - - - - —  ICML 2021 BjfiHESR
ALIGN® 770 935 969 599 833 89.8 5004 - - - - - - —  ICML 2021 XUjiHESR
METER®? 762 932 968 57.1 827 901 4961 - - - - - - —  CVPR2022 XUjiHEsE
F 10 H=XEKR-CARLESATE Flickr30K #EE ERER
Image-to-Text(i-t) Text-to-Image(t-i)
WIRES GRS WA RSUM R H] Bl
R@1 R@5 R@10 R@1 R@5 R@10
SCG!® VGG19 LST™M 718 908 948 493 764 856 4687 IJCAI 2019 AN A
SGM™  Faster R-CNN  Bi-GRU 718 917 955 535 796 865 4786 WACV 2020 HRERENR
VRACR®  ResNet-152 Bi-GRU 417 715 804 551 818 885  419.0 ICMR 2020 HRERENR
HOAD"™  Faster R-CNN Bi-LSTM  70.8 927 960 609 861 91.0 4975 CVPR 2020 IR
CVSEI"  Faster R-CNN  Bi-GRU 736 904 944 561 832 900 4877 ECCV 2020 HPEBHIA
HAT!®2 Faster R-CNN GRU 770 951 977 654 90.1 927 5180 |IEEETCSVT 2022 #p&RHIR
CMPMP MobileNet Bi-LSTM 496 768 8.1 373 657 755 391.0 ECCV 2018 R
CVSE++®  ResNet-152 GRU 502 788 873 371 669 764  396.7 AAAI 2020 R
NAAF®  Faster R-CNN  Bi-GRU 819 961 983 610 853 906 5132 CVPR 2022 R
CMCANP®?  Faster R-CNN  Bi-GRU 795 956 976 60.9 843 899 5078 AAAI 2022 ]
A3VSE'  Faster R-CNN LSTM 495 795 866 650 892 945 4643 ACM MM 2019 ii%iﬁ
. 55 B
ACMMP  Faster R-CNN  Skip-Gram 854 969 984 551 817 884 5059 |IEEETPAMI 2021 o
* 11 Hitb=XE&R-XARE AL MSCOCO HiEE 1K MikE LR
Image-to-Text(i-t) Text-to-lmage(t-i)
ik ESEE AR RSUM R [H] el
R@1 R@5 R@10 R@1 R@5 R@10
VQAL™ VGG19 LSTM 505 801 897 37.0 709 829 4111 ECCV 2016 AR
ScGE VGG19 LSTM 766 963 992 614 889 951 5175 1JCAI 2019 HPEBHIA
SGM*  Faster R-CNN  Bi-GRU 734 938 978 575 873 943 504.1 WACV 2020 AN IR
VRACR®Y  ResNet-152 Bi-GRU 566 87.9 947 677 917 967 4953 ICMR 2020 HNERENIR
HOAD™  Faster R-CNN Bi-LSTM 778 961 987 662 93.0 979 5297 CVPR 2020 HRERENR
CVSEM  Faster R-CNN  Bi-GRU 786 950 975 663 930 979 5297 ECCV 2020 HNER R

HAT®3  Faster R-CNN GRU 825 972 992 845 974 989 5597 |IEEETCSVT 2022 #p&BAIA
CMPM! MobileNet ~ Bi-LSTM 561 863 929 446 788 89.0 4477 ECCV 2018 RS
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Image-to-Text(i-t Text-to-Im: t-i X N
ik 1% SO i 1 W) oM s e
R@1 R@5 R@10 R@1 R@5 R@10
CVSE++°®Y  ResNet-152 GRU 66.7 902 940 484 810 90.0 4703 AAAI 2020 R
NAAF!®  Faster R-CNN  Bi-GRU 805 965 988 641 907 965 527.2 CVPR 2022 R
CMCAN!?  Faster R-CNN  Bi-GRU 812 968 987 654 910 962 5293 AAAI 2022 e )
(121] . 5 B
ACMM Faster R-CNN  Skip-Gram 844 979 994 634 903 957 5311 |EEE TPAMI 2021 o
#* 12 HM=XER-XAKRLEFETE MSCOCO #HiESE 5K Ml &E EMER
= Image-to-Text(i-t) Text-to-lmage(t-i) . ‘ .
Ik 1% A RSUM K e 6] 289
R@1 R@5 R@10 R@1 R@5 R@10
scGle VGG19 LSTM 566 845 920 392 680 813 4216 I1JCAI 2019 ARSI
SGM! Faster R-CNN Bi-GRU 50.0 793 879 353 649 765 393.9 WACV 2020  AhEBHIA
HOAD™  Faster R-CNN  Bi-LSTM 514 818 89.1 405 735 841 4204 CVPR 2020 HNERATR
HAT®?  Faster RCNN  GRU 585 861 929 586 866 929 4756 'EEEZOTZCZSVT IS gl
CMPM# MobileNet Bi-LSTM 311 607 739 229 502 638 3026 ECCV 2018 |
CV SE++9U ResNet-152 GRU 393 69.1 803 252 258 540 2937  AAAI 2020 el
NAAF Faster R-CNN Bi-GRU 589 852 920 425 709 814 4309 CVPR 2022 JE RS
CMCAN™?  Faster R-CNN Bi-GRU 61.5 - 92.9 440 - 82.6 - AAAI 2022 R 2 )
ACM MM 55 B
[120] _
A3VSE Faster R-CNN LSTM 390 680 8.1 493 811 902 4077 2019 .
1121] : in. IEEE TPAMI 5505885
ACMM Faster R-CNN  Skip-Gram 675 896 950 421 709 813 4464 2021 o
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searchers to work on the multimodal representation, under-
standing, and reasoning. Thereby, image-text matching,
focusing on measuring the semantic similarity between an
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It benefits a variety of applications, such as cross-modal
retrieval, visual question answering, and multimedia under-
standing. However, it is non-trivial to build an effective
image-text matching model because of the difficult in-
tra-modal reasoning and cross-modal alignment.

Recently, deep learning techniques have emerged as
powerful methods for various tasks, such as image classifi-
cation and visual object detection. This motivates many
researchers to resort to deep learning approaches to tackle
the image-text matching task, and achieve significant im-
provement. Although many deep learning-based methods
have been proposed for image-text matching, we are un-
aware of comprehensive surveys of the subject. A thorough
review and summarization of existing work is essential for
further progress in image-text matching, particularly for
researchers wishing to enter the field. Therefore, to provide
advanced readers with a thorough overview of this field,
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including models, datasets, and future directions, we aim to
summarize the work on image-text matching and present
this survey. To the best of our knowledge, this article would
be the first survey in the field of image-text matching.
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In this paper, we first introduce the definition and
challenges of image-text matching task. And then we clas-
sify existing approaches into four categories and introduce
the corresponding methods, including their motivations and
method details. Afterwards, we would describe currently
available datasets and evaluation metric used for image-text
matching, as well conduct comparisons among different
approaches. Finally, we would discuss possible future de-
velopments in the task of image-text matching.





