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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 fundamental task of
multimodal interaction, image-text matching, focusing on measuring the semantic similarity between an image
and a text, has attracted extensive research attention. It indeed facilitates various applications, 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
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image-text matching methods, external knowledge-based image-text matching methods, metric learning-based
image-text matching methods, and multimodal pre-training models. To be specific, global representation-based
image-text matching methods usually realize cross-modal matching by measuring the semantic similarity
between the global image and text representations; local representation-based image-text matching methods
focus on modeling fine-grained correlations between visual 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 taxonomy 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 interaction-based methods, respectively. Thereinto, embedding-based methods directly constrain the
representation learning of images and text in the common space, while interaction-based methods exploit the
cross-modal 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: intra-modal modeling,
inter-modal modeling, and hybrid interaction modeling-based approaches. More concretely, intra-modal
modeling-based image-text matching methods independently explore relationships between 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, hybrid interaction
modeling-based approaches consider both cross-modal interaction information modeling and intra-modal
correlation modeling, to simultaneously enhance the modeling of intra-modal and inter-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.

Key words image-text matching; cross-modal image retrieval; multimodal pre-training model; deep learning;
artificial intelligence
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Query (a): A kid in a red and black coat is
(b) laying on his back in the snow with his arm in

the air and a red sled is next to him.

1. A group of spectators watch a men's sand
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3. Two males playing volleyball on the beach. X
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Two boys holding a green rope
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Two boys holding a green rope
and competing against each
other on a balancing rod , while
others look on.
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(I REAL T2 T4 R R IE K UG - SCAR L L 772, 15
HAFELL I8 1) RAEE AR A S M
KIRKFR, WEG XA, BUEARE R 2
MR IE S B, 2P HER 1% - SCA T
fics PAA 20 AKAEATHIRZR AN RIS ] (1) AH DG 1 ¢
R, WEGAEE Z RIRAE D, SRRSO
)35 SUAS REAR 1 Hh X 55

@ https://github.com/Wangt-CN/MTFN-RR-PyTorch-Code
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HASPREERR
PR RS/ EER

R /SER DL

WERIEEER
R EAEASLSTV/IE

Sl B || S

() BT HESAXRRRAAZ

et E R
¥

EERSIE R NALHI/
BERNIBI/ERS [—»
e

L %

SorMPRE

S p e || S

(b) EF RS EXRBRATT E

1 1
b kA e e it
= [ ﬁ;@?@f’ w ;@ L
a a2k i 2

| waEEan | |5 || = P

H #l/Transformer ' - ﬁjﬂ‘flﬁ'l ¥

b3 | ] N i -

x i Vx| [ ErEansy =
* : b R | mmme o i
= VE EHE R i
B VLE S RS

H V= 1

© BFRATTRN® = A

BI5 T R AR AR Y B - SCAR UL RS 7 200 S FOHESR, 1 P () o 5 TS ) 5% A AR 1 Joy 0 B - SCAR DL P 7 i HE 2R
T (b) TS [5G 2R AR J5) 8 BB - SOAR DL FE T VAR SR I, 7 B (0) Jo ik TR 5 58 TS A 1 Jg S R - SUAR DL S 7 i E S

Dl Bk e R, HAREE T R AR AR 1 B4R -
SCARVERE T kRt s e Rt o &l 5 o, BAITAT
KRB N3 K 1) BETEENRKRERN T,
KRTTVEME T ERR &S N R &5 B IE ok
PR R, DAoL ol B A R 2) J
THEASERREBER L, ZRTVEME TR
BEASAE BAS B2, DABE I o) 55 MRS (E
B A3 ETRAEZHEEN L, XRITEFH
ot bR PR RITVERIR S . T, AR SO IO 528
TIEHAT I 4
321 EETHEENRREEN T

TR N R R BRI EUR - STAR UL S 77 724X
AT IO AW B A N EE BT @R, DR
REERSN AR ZBIRR R . HARM, K@
BSEBRIAR, XEITER B a5 ="
F: D ME TSR REBNTE: 2)
B F SRR AR R R T7%: BLKL 3D [
I 2 FEAR D A A S SRR R SR AR ) 7

(1) DA AT HOG R TV

7R Y248 BB R RS SUE S DL X EeAE
BEIR R, WA TR TAFEMES N K RIZ
a7, s CEAA, E R R g A g
L eI,

20505k, Huang 25 N2 3 SO 98 1515 -
SCARVLRCRA (BEFRAE SCO)D, Jdit 1l AfiAs A 44 e
TEB 20 232 2145 20/ Jm s XBES B 77 X, ok
S R B E R o Li 25 NIRRT
PR (Visual Semantic Reasoning Network, &K
VSRND, i 1) i el 5 AR 0 255 ok IS4G DX 3R] 1) 5 3%
BEATHERE,  [RINR TR A2 LD 9% R IG5 )

(T IX S AT 4 S U SCHERE,  DASM SR AL R
A, Wen 25 AR B 0T Ok R M 4%
(Dual Semantic Relations Attention Network, &5
DSRAND, tH 38 o Py 735 194 246 Sk 31 5 [X J- [X 3 AT X
-4 xR, ARARMERREHTE 25 8%,
AN T B3 T 7R P ] T 248 ke S A5 S 5 X Jk 22 (1]
(K155 &, Zhang 25 NVOHR RIS L R S 4%
( Cross-modal Relation Guided Network , & #x
CRGND, HA FIVE R s LRV 4 SR AR ot 2 s AT
DX SSRAFAE (RO AR T DRk, i I A MR R R . B
IR EIRTT A AR I PSR VLB SR, (H 350 &
TR SO R, AN T MR X I B i A (R o B
YF. BT, Zhang 2 NP TBEIS L XA
TSN HEFE /X 4% (Cross-modal Multi-relationship aware
Reasoning Network, f&# CMRN), HI[F]H 25 &K
G IX 3R] U AL B R RANE XX H R FR, RN
W TN o 7 B8 BN [A] X 35- 1] ) IR OC FR 0 R -
AVCECGTRREE A — B, Wu & A\ VOR B T 3 i
TR X I8 38 k4% (Region Reinforcement Network
with Topic Constraint, &% RRTC), %5 ikiEt %
JEAL I DX R &, AN [R] X IE- 3] 6 43 B AR I
T R 0 R AT 20, 3 A R AR 1 S
%, VUSRI BUR-SOA )18 LULAD .

(2) AT H G R AR T2

HH T BEC RNIN 25 M) 1R A4 2 Q04008 2 i 46
FESCARR IR, W T SUARBS A BN T 2 3

® https://github.com/KunpengLi1994/VSRN
@ https://github.com/kywen1119/DSRAN

® https://github.com/zyfsa/CRGN
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DT AR FE TR SORIRR REME, DU SR IR AR
e BN, Niu 258 NFHR 2 vk 2 4 KA HEAZ
% ( Hierarchical Multimodal Long Short-Term
Memory, &EFK HM-LSTM), liid bt s 4] 1
IrRENAE TR, AR JE R ) RIS AR 2= IR
KB, 2 ) SOARE A RVE VS AN R - Wu 2 A1
I3 gt — M- 15 S AN 2] LR (Unified
Visual-Semantic Embedding, fi#x Unified VSE),
B SCASRENT AN G447 L 441 BB E ATOE RAK
B, I RE e SR B G i 2 0 AN [R) R AL 1 A A
AT, I AR B HE LIRS, 153
R AISCAIRN o AE— 50 SO P Ok SR AT
W%, Jing 25 NP EE B L RN (Graph
Attentive Relational Network, fij#k GARN), Ho¥ ¢
A () 44 TR A R B S, ) R B R TR A 22 1Y
%, RFEAFHBILAT R ART EIRTTES
BN PR30, Wehrmann 25 ANEE Hy — i
AR 3] R\ 2 ) 7325 (Language-Invariant Word
Embeddings, {&FK LIWE), %7 —ANA 2 2] 1)
BR AR B AL B TR i N B ST TR RN
(3) XUBAAL B R T2

9 [F I TR B A S I RHIE R R, 24
J7 3 K F VR = 0 B AR [R] SR TR R &R
(BIILSIOONEM - g 7375 ) SR Y PR 5 A e 20 ) 4 48
SR I] 5 R AR PARS, Ay Ok i s B
K F L) AR AN 3 A SCA R () — BOMEE B R
0L Byt LAgh, AT 207 30 T 25 g
Ak R 7 i g e AR,

FEIE T3 B AW 773, Huang 26 \ PO
Wk R 2 RS KRR iE 12 M 4% Cselective
multimodal Long Short-Term Memory , fi] #x
sm-LSTM), JEIE A 2 B R SCRHIER bl
i, SRR B A SCARE X RN . H IR R
JIBUHI Y R IFPEfE, DANEIAT SAEMIEIZ A [
RG], RRRE S NS AR ARG R, U
ISR E A U AR IR . BE%E Transformer #E7L[H)
PR AIEAE B ARTE 5 A BT IR, Qu 5§
NER BN SO 2 R W%

( Context-Aware  Multi-viEw  summaRizAtion
network, f&FK CAMERA), #4Z SkiE=R JIHLH| 5]
SCA i A AL s b s v, DU ] 25 3 98 iy >

@ https://github.com/jwehrmann/lavse

@ https://github.com/yiling2018/saem

FAAE UE R RIEARS . N T A R RG-SO
VCHEAE 55 ) 2 SCSIEA il 1, Song 2 APHR 1% X
S ik N\ WX 4% (Polysemous  Instance  Embedding
Network, fiiFx PIE-Net), JEid{ii % sk i
B, FRECRANSEHIZ AR, T BB ITA

ARFHETFEEANHIM %, Lo 2 APR
H o6 R 9 1B S AR (Relationship-enhanced
Semantic Graph, f&Fr ReSG), 4 7F| FH W 5t 5%
F3 0 5 LN SCAS O 5% 998 o P ) 56 R S 461 ) v
SOMES J L B SCHE Ok R AT A, TR R -
SCASIUTE v /4% A o PR DT 10 5 Ay B e A [
RS TE S RS — A g2, Yan 25 AP
T2t A T B IO SR AT B)) A (B SRR B R RV E R )
(  Discrete-continuous ~ Action  Space  Policy
Gradient-based Attention, fij#< DASPGA), 437l
I T A R o 2 ) 2% S AR i 5 ST AR B3 R S
KF, T JER XSRS N\ 2 th 1 B HOE 2256
WA 52 S b A S I, R R e TR DX IRy
TEBEAT EERIRE S, B DR RN BRI ST 3 0
B —AA LA .

R TR RS AR, EARBEHRR A
HhRE A AT A A DL K ) SR 20 . D, Guo
i NOOG | N Bei)ll 2555 (Two-Stage Training,
faI PR TSTD, R > BEAG RON ] fif e i) R A SCA
Fono HARHL, Folg BA5 AN THEI NI BUR-SCA T
BEAE S5, NRLSEiE RN DR B BE 2 A IS &,
A $2 s A R o 7 =), B ST RS L
ERME, HERREES T RS BRI .

RTINS G RR, Tu AP
P2 3L T 05 A 10 RHE BE AR ER (Hashing  based
Efficient Inference, %k HEI). Chen 2§ A\ P44 th—
F Cifk#E1E (Generalized Pooling Operator, f&]
PR GPO), HAJ B Bla =)k AN [F) R ) f R AL
Hel, SREA YR EERFIE B AR RN, IF HZOR S
REEFEHIERS.

322 FETHEASE K REMN 7L

AR TETEENRREBE L, ETHEEH
KRR S B R - SOR LI T VB TR R 5
RS SEARIA] G R AL, DASE 4 U6 S5 A58 A SOAR
XAF R, 1G98 EUR - SO VU BCAS B2 AR AL T T4

® https://github.com/LgQu/CAMERA
@ https://github.com/yalesong/pvse

® https://github.com/woodfrog/vse_infty
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BNRREWTNE, 2 X2 HOTENRAE R
WU BRSO B L B S AR TE XORBR R R,
S HOT IR F — BOVE A S TR ] R 4 25 7 1A
R RILK R .
SR IRV AE TE SO B 5 U AR S
BB A A, VI 202 TSR] 5 R @A) 7 iR I
TIPSR S BASTR UE 2. i, Huang 55
N PPLBRE 0 i 23 () 3 X 3E % 1 4% ( Bi-directional
Spatial-Semantic Attention Network, &# BSSAN),
FL A0 ) R 1] v - X A = ) A B S -1 T
J1, RIS AN SCA R ) BE AR Hu 25 AP
AL A 5 N 9% R R 1) X E R W4
(Relation-wise dual attention network, fijfx RDAN)
RAEWT 2 2 R A -5 SO 55, DUER TR -3C
AVCHEPERE. Wang % A PP — Rl i 25 1 38 B
4 2 % # A% ® ( Cross-modal Adaptive Message
Passing, #% CAMP), iZAAY Bk AT LU i i) 5 Al
P 5 IX 3z T) P 0 A VA T 0 0 B 3] o) IO ) . 25
FDEAT 2 LA S5 AN DX 300 B [ 42 25 SCAAE BT
R DR BB e, REEMN
M ] BE RS RRE AR A . T ARG ITE 2 1ML
AMCREE HF s N BEHKRIE S, EF 5 HirN
BLERIER . N TRRZIE, Liu 25 AR H
— BB ) £E A & W 4% ( Bidirectional Focal
Attention Network, f&Fx BFAN), HoBprfa s
JIEERE BRI Be (BRI EEE) b, AmH
BRASHASS O P Befs B ™. eAh, BT R E
B ESSE AU A, wes NER
BT —BME P DL 1R 5 B A BB S A R 7 vk
(Matching with AGreement, f&iFk MAG), Ho#xt
T2 B S 5r BO M SUZ I B o B s & ek, it
a5 8 BB -SURRT ARBLRE , DR THES B 2R
Bt Xu 25 N\ [ 45 (X dsk R 7 B3] 22 A £ 42 SR
BN R R R AE R
N —F MBS E R /1771 (Cross-modal Attention
with Semantic Consistency, f&i#k CASC), T K%
SCARVUHAD . HAfth, 207 7ER PSS & sl
BUR AN SCA ) R v SRS, [RIINE 51N 2 AR Tl
FH CAORARR A Jails S — 8tk . BAREUS AEE IR,
B BRI A BRAE I ZR b H & B AE A X 43 AH O
ANAH R 8- B X S ABLRE B 284 3 A, 3K AN ]

@ https://github.com/ZihaoWang-CV/CAMP_iccv19

@ https://github.com/CrossmodalGroup/BFAN

Gu PR T VE T, Ak, Zhang 45 AP
48— B dE BAH SR AT X 20 E S L] (Unified
Adaptive  Relevance Distinguishable  Attention
Network, f&# UARDAD, ZAL R AH PR
EMRHE S I I — DG —HIHEZE, i s KPR
Hiu DX 73 A SR AN AH 5 1 8 R3S SIS AR ALLA: 73 A
KRG O 5. BT BT A 2R T AL EAE
(B EE, Wang 25 AR £ B R AR TE B 4
( Position Focused Attention Network ,  fij #%
PFAND, ) FH X 458 7 5 AR 41T R 18 5 Ji7 43 (1) MR
DIRARFAE , 10 i 38 R — AN 5 - SCAS T T ) B A
B, SR 5B IX S BASCARERE RS, 2,
AT BSGHERR F PRAN++ RSO, L e 4R
R, SR P sRIL R A E] A 2, (UL
PEREAF B — DR .

BT PAAT [ 5 25 003 75 0 A LA RE X 55
IR IEEHATE UE R, Lee S ANPHR IS X
VER 1M 4% (Stacked Cross Attention Network, &i#x
SCAND, AT LARII 3 i A v B s AR a1 S5 2
BEAT TR M54 NI S AR - A W R 7 X %

(Co-Attention Network, fajF#x CoAN), Hidid#ix
HEIGFHERIHLS], 153258 KA 5 SRR
N, A R IR R RS B (R A SO Ji SN
O3 — B i 5 2 6 5% W 4% ( Step-wise
Hierarchical Alignment Network, SHAN), #f&l{%-
SCARVCHC 73 fiff 9 22 D P SR AR . IX bt =X
X FE A R AL R A 1 B 2 TAM S 2k, DA
il UGN SCA Z B ) R IR R AR

NS U 55 BURFISCA, — L8 07R FHARVE
B IHUBII A H SR . 41, Wehrmann 2 \ B 1
T AR B S I — A S RN
FoRIIITE, B9 ADAPT?. Chen 2 A P8R
TIE B BRSO R AR (Cross-Modal
Image-Text Retrieval with Semantic Consistency, ]
PR CIRSC), HAEHEF HARR A 7 L —3
PELIT, AEAF EUG AN SCA R N 2 18] AT LARJ A 25 2]
HHREE, MTIREICEPERE®. T Li 258 AR
1 2 J2 kR os 2% 2 J7 % (Multi-level  similarity

®
https://github.com/HaoYang0123/Position-Focused-\\Attention-Network

@ https://github.com/kuanghuei/SCAN
® https://github.com/jwehrmann/retrieval.pytorch

©® https://github.com/HuiChen24/MM_SemanticConsistency



24 EE 4%, WA 11

learning, AR MLSL), NI 2 br2s 35 4 A
g2 IV S W Cl R N SIEEES HEN S Sy azN
XPHO RANA PR FR, LASSIEE M 5 B gt o
3.2.3 JETIREZ LAk

9 [F) IS 3G GRS A AR [R] G AR s, — bt
TRG T LEBRINITERIR L, TR &SR
LA AT B, 25 R A0 SCA A # SGH
KEEB, K5 s, —SIRABITIRGH
X, BT HRERZH, BHETHESAZH
BITONTY, 5 5 4 AT RS NS L, FF AT RS A B
r2rsIAILSITe | o oy — b 99, [ A EAT RS P A
2 1) 2 LT SRl 3 R A [ AT T s
LEITHE, IRESE RS K Z W R A= L)
AT AT BB, /DB T AR FH A T % AR
AW B REE R

PA— LA M ORI 98 TAE A%, Huang 25 A7
e — Mo oo RO B R M
(Object-oriented Attention Network, fE#x OAN),
FLIRIF SR S A S NV E R I 2%, AR AS [H]
DL NG R o AN, ek izttt 7 —AN 8
SSRGS H AR R, FISR SRS I HEX 73
FREAS . T Zhang % ANPHR i E T ST E M
2% (Context-Aware Attention Network, [ # CAAN),
D 7 ) FH RS2 ) 335 0 SR A B R ] 1 - [X 4] 2 [a]
FrA AT REXS T, P45 GRS TR R IR S A
BFBIE URTE . i, Chen % AIOMR %
TR E R HIE IR 777 (Iterative Matching
with Recurrent Attention Memory, &% IMRAM),
HoAb 22 e R S ST BT T i T RS (R B
XI55, SRR HICIC 28R B T B A A N E
By T T8I, 5 _EiRpikhsEng SR
A, Diao % AU 944 SGRAF [ B SC UL AL M
2%, SeR B R L AN AN SOAAE A Y 1Y
AIRLEEAE HAG R, AR JE R SRS TR = L] S
PR SAE U552, Wei 25 AU 2 B 254 Wik
= M 4% ( Multi-Modality Cross Attention, f& Fx
MMCA), H BRI B3 S LSS B A N oK
£, AHRH Transformer o i 5 X 30 %) 5~ 517
HE S HRFAEFE BT Ab 3, DA RIS X G X A 1)
- BL1] ARSI RIS N R AT @2 A8E. 1 n ik
B MR X R 2 A %355 &, Chen 2 NPl

@ https://github.com/HuiChen24/IMRAM

@ https://github.com/Paranioar/SGRAF

XA #2445 (Dual Path Recurrent Neural
Network, f&#% DP-RNND, JEIE# I ML, X
PR 1 Ah BE G AN AR, Sfe 1 5 5%/ BB S A 1 3R
AN T JE RS RS 5 S = AL A B s
WL, SRS WIE 2 [ I ARAL T, 753 2] B -
SCAPIFLLE o AN [F]F DP-RNIN SR X FR &5 f) ok 3%
ARPIRHSE A R, 0 SR B RS B
J1M 4% (Saliency-Guided Attention Network, f&EiFK
SAN), &Sl I % B g0 I 3 M A I 2 Ak B 1k b O
TR RRAE, PR 2 AT (RS A
EYE. 2RWE BASCAE R HEIINHISE R
SCAFHIE, DASEHLESCULAL . 5 FIR P HERE )72
AEL I S ANV h—Ff B X 2 B B M %
( Stacked Multimodal Attention Network , & K
SMAN), HARIULIEL N5 A 2355 B O TR &,
AT 2 BT S, S EEORI SOAR ] () AR
KIFER

B BB TR IS AR UL R, (HEAT
1) BB R T R = 0 RN R E XAF B R T ) H%
FEFRSCAS,  [RIIN SCARTE R EE 1 AH 24 R 40 4
TifgE. STk, Long % AR I T B XU
A #£ 5 M A ( Graph-based Dual-modal
representation, fRARA GraDual), 5 2aF A XU
AEIFRRPH], KT R E UG B REI SO
TRV FE ) B 0E UE BRI BB R R,
M J5 ) — AN S 45 B R AR il oy — MBS
P IER R, DAATES S ULAC . Dy 1 nsm At B2
UCRE, Liu 25 NUPHE B 5 L ULEC 4% (Graph
Structured Matching Network, [ &i# GSMN), Hokt
G X AR AR DA S SC A 3] 0 RFAIE 43 i) 4L 3 o ] 45
Fay, E I S A AR A, 45 3 MR- SCARILC AR
Y. BRAh, BUE IR A A B AR VA N E SR
Zey, R TARATA ANEAE, A RIRE R 2 i Ak
MR, (H2, X T —8ERfEaRxms, A
FEA AT E AT, ST, Qu 2 AR
H 2 A B A B AW 4% (Dynamlc Modality
intEraction, f&#x DIME), HaJ DUKHEH A B RS
B, A EEMIREARNLZ TR, HTE
B -SCA VLA
3.2.4 /&

N T B EUR - SCAR L IC (R AR S N 1 SRR

® https://github.com/CrossmodalGroup/GSMN

@ https://github.com/LgQu/DIME
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fie SEEBREL, BT RERHE R ULEC 7 VE B TS ]
7 B IHLE DL BRI Z, SKRIZ 0 & MRS N
A H B YIRLE SRS S DL SR A SRR R o [F]
i, N T RS TE SO RIS, V2T
TR IHUH RS (B] DS A OC R B B P2
T T 0 IR B AT S B AT AR AR,
DA BREHE I BUR-SCARIL D 20 il v o AR IR £ Ty
TEMANTE] 2 i o R - STAR UL A 55 1 9 A
Phbl HHUAR T —E 2R, (IR ORI G R
ARG B ILALRCR K. A4, X TTVERR
JE R AR A G At 4 B B T 2R A58 Y iy 42 X
(4, Faster R-CNN Al word2vec), S EUAL %} 52
A5 BHRECNRIR, 252 BT AR 50 o
3.3 ETHEREIRMEIR-XALE S E

BRI TR BB AR AIE () R - SCAS DU IE 7 4 3R
T ARLEE TR S B TSRS TE LU, (HEAIxT
— LB S B BRI AT, A — L8t SOGHK
KAMIZIANE T NGMZ I B, BT Hh %R
() B - SCARIL I 7 VE R AR th o IX R TT VR 22 AR
S IR FR, nHIgES s = -, H
THETFE XL GE B SCAS IR SCERfR, Ak RS
-SCA LT RS HERE

PA—BeAR I TAE M, Lin 258 ANt
% (Visual Question Answering, fiifk VQA) ¥ N—
AMRHEFR IS, SRR G AR RHIE R R,
F¥x e R T G- SR TR % . Shi 25 A
B E R MK & 1) G 37 5% B 4 R B R
W——3 =M &K (Scene Concept Graph, f#iFR
SCG), KM EE % r. HOADM IR 147 5 &
RN w FE A A AL B AE S, R -
B U AT 55 FE 4k 574 PRI DT IE 17 A, B4R SGMIE)
W42 th F 375 BERE R BUR AN SCAS, (R S
st B SR S [F R AL AR RLBLAS B0 S5 B AR RS
B, HETHRE. RRZEULERZ SR
ik, SRPPAL MG SCAR AR . R T B K RS
BIIES, Guo & NBMRI T —Fhss &z EAE
HRME M X RBEBEER (ash
VRACR), %77 %R 25 R MR AL SO RHE A 5% 547
fiE, XML 53 50l 5 SCARRIEAE AN BN 7 1]
XI55, B A B AR V40 R AN N 2 ] HR AR ALL RS
K. 32 Transformer 7EAN [F] T8 s D) N 1) 5%
i, Dong %5 A\ B2 1 5L T Transformer 143 2 45-4F
BB (Hierarchical feature Aggregation algorithm
based on Transformer, f&iFx HAT), HF|HI B

BRI 70 0 A U B A AR 5 ], R
JZ IR B BN 24558 2 AR il TR YRS B AR R AS
BN GER: Ra, B RFRFR B HADBES
)4 S5 A [F N4 N Transformer #HAT SRS A&
WG, TG G RHE B B A LA |, TR
&2 EG -SRI AR BE

RE T3 T 5K 7%, Wang 2 A —F
IL R A B A e 7 ik A ( Consensus-aware
Visual-Semantic Embedding, fi#j#% CVSE) A, &
FIREE, BRI E = iH R an R,
&3 EBHR-SCAVLEL Y, Zhang 25 A B 41 4 1
(Denotation Graphs, [k DG) il N\ 2| G A1 A
Fon A, X EAME E AT DLE AR RS A O B
Pt 5 bR Z A8 SCRIR I ZIRA L, Hod i 2 L
HARPRZEE L FE R EGRE, B2 mERR
WHEFE . AL, T E L3 R g A 25
R ER AR £ E RIE SR Z2E S UAZ N
X2, Huang 2 N\ PURI A 2 B Th A WL 2R 1%
( Multimodal neural Machine Translation, A #x
MMT), JEA7 58T 0 25 MR o6 G i) I ) A ) 36
B, DA BUEAN SOA- UGN, AT+ HiE &
BSRRMZIE T EESE RS, Sun A
(ST K3 DT P R0 il B, 45t — o f7 B L s PO DG
fic J73%, B LightningDOT. ‘Ei@idE =1 H
b EEAT ISR, AT DA BS 2648 BURFIE 2R FH RURR
Be, IXEFEMP T UL RIS . R AR
FIRTAR T, e BG-SCA T R TR bR 7 50 T-5°

SRRE, 18 5] NSEARIE XAE B DA S S A4 ]
KRR ENIR, — @R BT DU RS N
G BRI, I HA BT B ASTE UL .
fHa2, BT AelemiREuE RIS BESUARILEATE S
IR AIIRZE R, WA FEGH /15 SO
ZE HAI NS, gk sem UL 2 3
34 ETEEZFINWER-XALEFZE

ANFET ER=FERT5 i, BT REEY M E
15 -SCAVTIE J7 v 5 4R 70 30 17 1 i 7 ¢ i BelI2Hi2)
sl AR ol LA B0, DU T A R A 18] fry T
DX 3 P[] — A AT TR] R OG TGt o el IX ST
EAEAE TR R FR =Fhnl 7k e Al v, gk —
HRFHEA TR RE

2Bk UL, WA TAERZ RHAEF K

@ https://github.com/BruceW91/CVSE

@ https://github.com/intersun/LightningDOT
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(Ranking Loss) %% I mi-i6 IR AR R, HITR
Me— AR B A& = e, kB AR
ERATHE R SRR A 22, HAUEM %X £
BSRAME . Ntt, —Se7ydf Bk sng,

T R AN AUE, PR RE . 9,

Zheng 2 A\ B4R 1 52451451 26 B 8 (Instance Loss) A
HEFP A R AR LB U (B E R4 1L, AT 7= A B L
o ek A A ) BRGSO R R . KU, Wi
2t NPPHR il I BUHE 22, Bt A3 0o 15 B
Xof o3 CAE 24 AL R, RVEE R A A 4y il 2 5 B B
FEMFEARX, FA 5N 2 T8k R
(Polynomial Loss) ®. Liu 2% A4 K 21 5 45t
% (Hubness-Aware Loss, faifk HAL), HF|H
BHOh O 15 R F BB RE A HORLE® . Wei 25 A
TSI N F AR 22 15 345 2 B B5ORHE S AR AL 22 155K
TR BRE,  DAE RO A 8UE B, 0 EiE
MREE S EATH TS AT E R
W, — Ty vk B OE M 5K 4K R
W filhn, Wang 25 N P7E s = e ik 2 Ab, Bl
AT SR FA R ALY . Zhang 25 PR A
SHEZULEL (Cross-Modal Projection Matching,  fij
PR CMPM) #i2k, o2 =) BA F I v i) EUR - SO
HRNETR® . Thomas % N PR — g BN 25 4
&K, BN SCARREG T 25 8 08 LB, BiRE
SRR A S Cln, IR -EHE) #2723 B i E
HOBeUT . Liu % NP KNN3 Bk
(KNN-margin Loss), CVSE++CH¥it 7B ihdi sk
O R ERER X 2 IESURZ ALBE /T, Chen 25 AP
& o B 2 SRR A SR U7 S A T T AL A 2R R B
(Quintuplet Loss), H EEAYIIZREE Hh 2 2L BUFE 471
FEA, MRARMAREARTERX ST ANFET%
TR R B T (SRR, — L8 ik AARABAT: B ik
THABE MR, R EUR-SCARILECAESS . Wi, Chen
2t N i R A4 5 (Graph Optimal Transport,
fEIF% GOT) HEZE, H4EME-SCARVLEAT 55 A s

@ https://github.com/layumi/Image-Text-Embedding

@ https://github.com/wayne980/PolyLoss

® https://github.com/hardyqr/HAL

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

®https://github.com/labyrinth7x/Deep-Cross-Modal-Projection-
Learning-for-Image-Text-Matching

© https://github.com/cdluminate/ladderloss

@ https://github.com/sunnychencool/AOQ

BASEUTHC 8, 4 P R AE s s =, BIH
FHEATAT UL Wasserstein #5254 F T3 UL fid
() Gromov-Wasserstein 525, 25 & FIANULEC I A B
AR LR, Zhang 25 N I AR RGN
SAHEZE (Negative-Aware Attention Framework, &i#K
NAAF), ‘& IR F] FH ULHC F B AR AR FAITAS L
Bc v B PR T Bl A P R BB & HE W B - ST A B AHABL
9, Zhang % N\ PO S B ZS AR 0 KR 4%
( Cross-Modal Confidence-Aware Network, & #x
CMCAN), ZMZ25 18 1 VLI X I- 1l 5 ) BAF L,
e H 5 SR TR TE UL EE A, &, DAV T B e 5
AMRME. tAh, BT HATTZRHAB Recall@K
ANRE T84 VAL 25 08 BR SR 2R B A 1 1R R
M7 5 RTERE, Biten 2 NN (G 1k i 85
N B EUG SCAAT 5534l e

SRR, BT RE A ) R - SUAR LIS 732
WA UL AR SO T, w2 HIL
BOKERE . RO EATM A AR ALAG I H bk bR HEEAT
e, AR5k 2 AN S H DA AR .
32, MBTRI =K77, efFFERMAAR R EiE
LA N 1 SRR AR DA A TR) 3 SR 55 AN Bk

® https://github.com/CrossmodalGroup/NAAF

© https://github.com/furkanbiten/ncs_metric
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F1 M-SR Z BTGB 5 45
J5 i 4t IR 5 TUIZAT %5 NI R A2 ]
- Ry Conceptual Captions. BooksCorpus. B S HON . WX M. MR R, FEER
ViLBERTF2® ) NIPS 2019
HEZL Visual Genome B, BUE AT TR B R
i MRS, X o
R XL ) BUBE T2 Dot R, IR AAAI
TDENE? Visual Genome. Conceptual Captions R UGS ARTTRE .
HESE fliik . ERER 2021
Tithe) A=
‘ FURSCARTTRE, HER i
N X COCO. Visual Genome. VQA. GQA. . o L EMNLP
LXMERT1® B RIS, W MSERE . EARTE S ISR
HELE Visual7W 2019
AR
N LA EN = PN TR TGN
AL CVPR
12-in-151® Conceptual Captions ERE R | fefrRRik B, B R, W
HEZE 2020
2 4
Al
WAL FRA, xR o
U o PSRV MR, $55 AAAI
ERNIE-ViL8® Conceptual Captions. SBU Captions AL, BHESCARILES. 3 \ \
HEZE ) RILIE . ESCRR 2021
St T
- L Visual Genome. Conceptual MERGTEF B, BEOCR  PSERE . PUEE IR, A CVPR
METERP™®
HE 248 Captions\COCO. SBU Captions VL RS (% T Zie. BURER 2022
-~ BIScRgR Masras. B0k
AL ICML
ALIGN®! A Large-Scale Noisy Image-Text Dataset RS NIN AR B SRS A A B SR
HEZE 2021
SCARA
B B B OCR. ZhfEiR. B ER. & ICML
CLIPEI® WeblmageText RS NIN .
HE 22 IR 2 A 4 AT 5% 2021
- L Arxiv
BrivLI® RUC-CAS-WenLan FUGSCA IR Bsck. Bk
HEZR 2021
o o B, BRI SR
e Conceptual Captions. COCO. SBU G F AL, FERDHLIE . SIGIR
GilBERT! o X R BIA . FARE S I
HE 48 Captions. Flicker30k. GQA FoRayK 2021
eI
R SCRMBERFE . MARES W%, MR IR, A Arxiv
VisualBERT0A? COCO Captions ‘ o
HE 22 R B AERL, AR E AL 2019
_ - L ) ) AT MIEE BGOSR ER. BREAREB R AAAI
Unicoder-VL10% Conceptual Captions. SBU Captions ) B
HEZE R HERDML LR TR 7 2 &R 2020
VL-BERTI4I® i Conceptual Captions. BooksCorpus. MRS SR, FEMDALE  PUSEI . U IRAEEE . FeAR ICLR

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

@

©

@

@

@

®

https://github.com/YehLi/TDEN
https://github.com/airsplay/Ixmert

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

® https://github.com/PaddlePaddle/ERNIE/tree/repro/ernie-vil

©

@

Q@

@®

@

@

©

https://github.com/zdou0830/METER
@ https://github.com/openai/CLIP
https://github.com/BAAI-WuDao/BriVL

https://github.com/uclanlp/visualbert
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HEZE English Wikipedia E VS KR PR 2020
N %m’ﬁ‘:l‘ﬂ%\ Eyj‘lu I:J‘}u JL‘}EEE\\
- By SBU Captions. Conceptual Captions. FEODIE SRR FEAD X 5k ECCV
OSCARLI® PISCRE 2R« IR T R
HE AL COCO. Flickr30K. GQA e X 2020
ik, BB %
SBU Captions. COCO. Flickr30K. PLDEIE . [ RTE & ML HE RN
R LN HERDE SR HEAD X I CVPR
Viny Losle - Openlmages. VQA. Conceptual - BIschrz . BIGHRIRWEHN 5B
2 e 2021
Captions. GQA. Visual Genome Wik, EBnZ
. B MG SEA, BBk HRmg. BRE SR, Arxiv
Pixel-BERT!"] A COCO. Visual Genome
HESE VLA B % 2020
e H SBU Captions. COCO. Conceptual MBS, BBoCR Mg, ARE Sz, ICML
ViLTLo81®
AL Captions. Visual Genome VCRL e 2021
B PUBE IS B ARVE S IR CLR
i
SimvLME®! A large-scale Noisy Image-Text Dataset A48 = T BUGHER . MARZE . 2SS
HEZL 2022
%
\ MG SR, M MOEIE . MU R, B4R
LR COCO. Visual Genome. Conceptual ) o L _— ECCV
UNITERM® - Cantions. SBU Canti A, BMEOCARICES. ) SRR MRS, IR 2020
S aptions. aptions ) ) )
X T 5 MARKER . TRIRRIATE AR
PR MR i S EAL ) o AAAI
Unified-VLPHU® Conceptual Captions ] P2 BGRER
HESE B P A REI L = A 2020
PG S P 5 A8
" LV PR AT L D, SO NLPCC
XGpTH2 Conceptual Captions A EIg ik
HEZL FAFBBAFEER. BB 2020
ik
3 By SBU Captions. Conceptual Captions. TR IE S B FERY X 5 o Arxiv
Image-BERT LB
HESE LAIT MR EESUARILAD 2020
SBU Captions. COCO. BooksCorpus- FERD X S A UG SCAR
L ) ) MILIAE . EERR . S
UNIMOH4 . Openlmages. Visual Genome. English ~ ULEE. XU SCATM . 5 S S A ACL 2021
HEZE ARG SCARGE, 1) A R
Wikipedia SRR S -
o B PR 28 SRS B LS A
s Fi  SBU Captions. COCO. Visual Genome.  fERGIE SR8, HEAY X 5§ I ——
VILLAID® MG RHER . FRRRRIE AR NIPS 2020
HE 24 Conceptual Captions TN S NUN T
Bsckr R Mss
CES AAAI
vivot - Openlmages X 3 bR 28 VT AT B R EBAR . EIG K
HE 2R 2021
B2T2l71® L2 Conceptual Captions MBS, BB M. BRE SR, EMNLP

©

a

@

©

@

@

@

®

®

@

@

@

\J

@®

@

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/google-research/language/tree/master/language/
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it BN 20774F
HEZE N MSEH R, B 2019
N WAEI . B AR 5 AR
- FERDE F R, BGOSR
N AR COCO Captions. COCO. Visual B PR IRHERL FRAR I LA ICML
VL-T5ME® ) VORL . RABESERL SOARE
HEZE  Genome. VQAV2.0. GQA. Visual7W KGR, BERZ. SRS 2021
AN A E=S
¥
o WA B BIGhE
" L SA-CAAE R ESCR X i SIGKDD
M6l M6-Corpus N ARG KA AR
HELE (2 E @ N ) 2021
AR A A

question_answering/b2t2

@ https://github.com/j-min/VL-T5
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3.5 BE&-ARSESTRIGER

IR JUR SR 7 A AE A BRI kAT U125,
WO AR RERC TS . SZTHE NI SN F ARG AL EE
NGRS BT () K I VR 22 M- SO A2 T
WA . ST AN HE: D #
WAELE, ABEAS BRI SCA S B — N 2 S D
BRA AT, A1 2) XUMAMEZE, Bt et (L 5E 45 2 AN
ARG BT A, S T 2 RS

0 1 PR, SRHERE TAE, 0 VILBERTNA,
TDENP, LXMERT®, 12-in-1%!, ERNIE-ViLP®,
METERF™, ALIGNE®, cLIP®Ip) % BrivLlr™, &
W PN ARSI 2% 2 ) AL ER AN R SCA T
SR I FH — A 5 B2 i 2 ) 8% 5 AR (R R 2 4T 9%
Bko 1ERIZD CHIMRENE AR, VILBERT 45K H
Faster-RCNN ZEATRL 3015 B AL AR BERT #E173C
AfE BACH, 15 RAPMEAEE Transformer #H1T
P BUSHFIERL G o 25 8 BILSE DL SUARTE LR R T
HEME, LXMERT fEAL S 73 3 51 AT 5K £ 4
2%, 1M ERNIE-VIL 7ECARZmiY I FEH 5] N335t
K, SRR, 12-in-1 38 2 AES MBIk
) S35 R Rt A S RS P R 1, TDEN JUIR AN
A4 55 18] B AH R PR SR 3R FH TN ZR ) B et . AN TR
H1, ALIGN. CLIP 1 BriVL Z35I#y% 7 K K
SCHEEE, FEEETT L S AT G SCAR DT EE S
%5, METER VLi £ 7 i Mg — o8 4
$£T Transformer [RRL 5 -1E = 8. GIIBERTM1E
S UG- OB 0B R R IR, R AT L4
A o

AR F XCAME LR AL - SCAS TR SR8, i
HE 2 AR B - SCAS TR SR ) 68 Ay e Ay g o, T LA
HHE N E AR S S R TS
VisualBERT MO0 g% 73 37 i Sk T4, Hofg e

AR E R DL K B AR IX EE S 3 E N 2
Transformer H3E47 111 Zk. Bk T FIH Faster-RCNN
FREL [ X IRAR A AE SR, Unicoder-VLESIEF1) F X
Se Y o =S N D O VA R F=Al i A W VT L

VL-BERT! U 37 38 — AN F0L 52 45 iF 4 £ 2% . 110
OSCARMIR B 448 F Transformer [ [ v 2 HLH1
SEHLEISCULES, T2 AH [EE SO A v G
AITE B0 SIS i, AT i A BN STAR 2 (AT 1)
TSR 21 %% . VinVLh@ i 6f OSCAR (444
Far AR AT et , PR A P2 R . AN
I X AR PG AAE 1 TN 25457, Pixel-BERT!
R TS G = R EAT B S5, SEEL 7 —Fh
Uiy 2o (1) 2 BN SRTT R, AE— 24 F5 FIS T
T 45 B . VLTI 7 —ANB BT AL 5 -ST A T
IR AL, AL Y A AL AR 9 e A A B T
R, BFF TR KRR . SIimVLMELR B AL R
A7 2, R R A 55 A 0 S S AT T
g, WMEAmEKMZ TR . AFT LR
VEM 2 T XN I b 2% 34T 00k, UNITERM,

Unified-VLPMYA XGPTM 5 i M0t 95 1 254F 255k
W 5E RS R %% ) RE /) ; Image-BERTM

UNIMO™M4L VILLAMFT vIVORMg i e Ak 1| 25 5
SR AR THE R IR, 1T B2T2M gt b 3 3 H HE
FAT S TN . A E T B RIS FiE
F A EIEE FEAAREAT SRR E TS
IZERIFD H bR, VL-TSMEHR T — AN g —HHELE,

LA R R 5 B AR R AN TS . e
PP 2SI E T KR, I8 BERE R Re BT SL
55 2N AR Be T BAHE B 1 K HIUBL A S 2 S T
SR A AR 1]

=2 WMBHEX Flickr30K 1 MSCOCO HIRE A RIX 4 18

Ex B s BUEHGE  JIZRE WE ik Jiid
31,783 31,014 29,000 1,014 1,000 [82]
31,783 31,783 30,000 1,000 1,000 [10]
31,783 30,000 28,000 1,000 1,000 [1,12,16,35,34,41,42,43,49,50,52,53,61,81]
Flickr30K
31,783 31,783 29,783 1,000 1,000 [5,7,11,14,15,18,25,32,37,56,58,69,73,74,75,76,80,91,120]
[6,8,9,13,17,19,20,33, 40,44,45,46,47,54,57,59,60,62,63,64,65,67,68,70,
31,783 31,000 29,000 1,000 1,000
71,72,77,78,119]
123,287 91,783 82,783 4,000 5,000 [121]
MSCOCO 123,287 118,287 82,783 30,504 5,000 [25]
123,287 123,287 82,783 40,504 1,000 [32]
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123,287 92,287 82,783 5,000 5,000 [34]
123,287 88,783 82,783 1,000 5,000 [79]
123,287 123,287 113,287 1,000 5,000 [71]
123,287 123,287 82,783 35,504 5,000 [82]
123,287 123,287 123,287 1,000 5,000 [7,12]

123,287 87,783 82,783 4,000 1,000

[40, 42,50,56]

123,287 123,000 113,000 5,000 5,000

[17,33,35,47,63,64]

123,287 123,287 113,287 5,000 5,000

[6,8,9,10,13,14,15,18,19,20,36,41,43,44,45,46,48,49,51,52,53,54,57,58,59,

60,61,62,65,67,68,69,70,72,73,74,75,76,77,78,80,81,91,119,]

BRI, BUR-SOR Z S TR ZRAETL )2 1
VAR T AT LT % T INGMESS LA B
I RENE, A0 T2 MBS I 18 SRR AR th B 78
o AL, IXEGHRAIEAL I A AR A B -
36 MEAMRES

W JUAE, BEAE 55 B o AR R REAR S S 554
ARG, —LeBF TN TR A% Gt R - SOAR UL BE AT 55
AT TR, W T 55 I B s S ULACAT S5 . FFF
AR VLECAT S5« Wy SUAR RN I 5 A A 2R DA
KEEE T BB RS . N OKE — XX 55 i
T4
3.6.1 Syl EERIAILAR

PRA TR B 2 21 K M - SUAR VL G 77 V0% 5
MRATR N RARVE B BUR-SCAHE R, B2
B 07E AR R B BB N TR A -
AN AR B AT LR, BT, Huang %%
NP2V o B ARV R OO T KR {5 B dis
R —/NE o BB AR T 5 UL ) SCA R A
HED, PP R AL (Adversarial
Attentive  Alignment  model  for  learning
Visual-Semantic Embedding, {&i#% A3VSE), H T
BEASVLIC o ARSI T R B AR BUR-SCA
XTI 5 e B 5 0 A CVERE MR B B S B XI5
HMARBIMEREE S, REIWESURA. 5
BERIE, AR R P H bR R, RS
X S5 o A SCA I N R o B SEAR, A4 =3 2
A PR 22 5 . 2Bl Huang %5 AU /b e A )
BN ULHC ) R UG AN S AR A BB, 3 X R B
] JE TR, R A RS D
1. (Aligned Cross-Modal Memory, fij#x ACMM)
B, AZTTEAMN BE LA 55 B 7 2O DR AR P 25k
ATREFFAIEAZ, TR RE H IE S 5 308 N AR
Ao

36.2 FFEAEHAILE

Xu 25 N2t o T RE AR AR S A 2 ) B, 4241
— P AR R H B Y b5 A% A AR R 2UORT BT 4 O Tk
( Assembling  AutoEncoder and Generative
Adversarial Network, &k AAEGAN), 1% J5 %] [A
I 27 2] e [R] PR3 2 B RN B 22 S R-AE « D9 1 n ik
LR A A2% ), AAEGAN i T —Fh A xf
FLIH, DR 035 A . Lin 2 AP
RE MR EREABEBESERESR, HKN
LCALE ( Learning Cross-Aligned  Latent
Embeddings), %77 %181 A AR 2 H g 48 7RG
YA A AR IR AE RN, SEBIL T AR E R I 2R AN
AR RERE. SR, LCALE FIH B
HEMPESEAN 77, SRITEA RIS HE 1
BIEIRN, A IG5 7RIS 0] 2]
3.6.3 WEUARAIMBEBHRS R

Mafla 45 NP2 0% T 37 5 SOAR G () S A 2
¥ 2% (Scene-Text Aware Cross-Modal Retrieval, f&i Fx
StacMR) 1155, ALK G I 50 SORME BAE A
HEME R, LIRS R,
364 HiEERGKR

FEERGaR, e — NP CaF1ENTE
W, B2t —HEME PR 25 A i s VT E
%, ZEA-NEXHRER). BESEBRRS
IR BB REAE, BE AU RSO
B2 T AR, T R B R A EE 5 2
LI SCAS Z A AR . Li 25 NPT 325 rpyc )
T MSCOCO s idtAT 7478, $& i %
4 COCO-CN?, [}, FET W2vvi, finfi13z
— MR B G R R AR, FA X ELAR Ok B i MSE
71 2R bR BON B AT 1 5o

@ https://github.com/AndresPMD/StacMR

@ https://github.com/li-xirong/coco-cn
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#= 3 ETL&RHEREG -SRI /5557 Flickr30K #IEE ERZER

Image-to-Text(i-t)

Text-to-Image(t-i)

Jiid E15 BN RSUM R A 251
R@1 R@5 R@10 R@1 R@5 R@10
uvshe OxfordNet LSTM 230 507 629 168 420 565 251.9 NIPS 2014 HRNZEH
DSPER VGG-19 Fisher Vector 403 689 799 297 601 721  351.0 CVPR 2016 HNZEN
RRF-Net®  ResNet-152 HGLMM 476 774 871 354 683 799 3957 ICCV 2017 HNZEN
2WayNet!®] VGG-19 Fisher Vector 498 675 360 556 CVPR2017 ik AZH
VSE++B34 ResNet-152 GRU 437 719 821 323 609 721 363.0 BMVC 2018 RS
TIMAME?  ResNet-101 BERT 531 788 876 426 716 819 415.6 ICCV 2019 HRNZEH
m-CNNs ! VGG-19 Skim-Gram 336 641 749 262 563  69.6 324.7 ICCV 2015 A H
MTENMY Faster-RCNN GRU 631 858 924 463 753 836 4465 ACM MM 2019 %8 H 44

4 BIREMTENIRE

41 BUE&E

X ER-SCARILEATE 51 5, H a0 215 Bl -
A RAT 55 B A5 B AT, EECRA M
NIFHAREL T

(1) CUHK-PEDES #4417, 28t 2 —
AN SCARTE AR AT N RS, FEALE 40,206
Tk K5 80,412 AN SCAIEA]

(2) Flickr8K i, Z¥nde 2 —4
8,092 sk [E v EE s, HEIAA 5 X
JOL PR N A 1) SCATE A IR

(3)Flickr30K %4 422, 12 ¥ 4 J& Flickr8K
BIEENY R, L5 31,783 5kE4. 5 Flickr8K
—Ff, BRI F R 5 SR T TR .

(4) MSCOCO ¥ 410, ZHm iyl N
BEUE B AR B ARSI AR A AT 55 1 )
H ATt 2w T G- SCARILEAT % . &l 123,287
ik PG A R, 5 HB sk U ARTE 5 A SCARR) TS

(5) MUGE #4931 rp e 2 1247
BN R IR, BB BT S8 S A KR B ]
BAHE H T K B ASE b S 22 B A B I o
( Multimodal Understanding and  Generation
Evaluation, MUGE), ‘&M AN K sc £
BEASVENZEE, BFEESCHIA . BT ORmERAE
. BESKRERS, R, HRET RS2 s
WEBESE, & 1.9TB K141 292GB YA,

(6) Wukong ##iE™.: ZHuaER — K
R SO B EIRSE, BT L14ARE TN 1)

@ https://tianchi.aliyun.com/muge

S MR- SCAR KT

H1F Flickr8K £ Flickr30K P45/ %5 ¥ 5 1 $diE
SKUFARIE , AAEER T AR, I 7320
KRB B K Flickr30K ¥ S 1E4T 92560 . 1
CUHK-PEDES ###4: + Z AT N-UAK RAES
15 B - SCARTLECAT 55 il D K - 2T Wukong
5 MUGE Aysii et i sc8di 48, Huide b
AT LBV T RAE R D . ARG, H AT
B -SCARVUECAR 7807 ], R 5KH AR AR Flickr30K
A1 MSCOCO #ATHEREVHAti . (HAZ, A EUR-SCA
DURC VAR R R P A S AT 1 REVPA T
W FZEARE RIS . 50 UE SRR 1 I 4 5
BE AN A A, W3 2 flios. 17, %HF MSCOCO i
=, AR 5,000 skEMG, — RO E PR
WA 1) MSCOCOIK, HI¥ 5,000 7k K4 %4>
95 EBAY, ArRIALE 1,000 Tk EE, 2R 45 RN
£ 5 MIREE 25 R~ F341H; 2) MSCOCO5K, H
FEx} 5,000 Tk B AT A o
4.2 FFNIERR

X EMG-SCARILELE S, 8% KA Recall @K
(R@K) 1ENIHETEFr, BIIEMIS RHAER K 4
MR RME RG], XE K HEE— A 1.
5. PLJ% 10, B Bk FEFRAL, ALK A RSUM
VERVEALEAR, B BUR-SOA R AN SCAR- B G s
R TT IR 45 R 2o, B
RSUM = R@1 + R@5 + R@10 + R@1 + R@5 + R@10

i—t t—i

@ https://wukong-dataset.github.io/wukong-dataset/index.html
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5 WMBERENMERERSTH

PTG T A BUR - SCAR VL T IETE AR
R 4 « Flickr30K Al MSCOCO I fif) 526 45 B
SEIGAE R R REEER 3% 12, HpR 3£ 5
M T T AR FRE M E A& - SCR VLR J5 V5 7R
Flickr30K il MSCOCO #i#i4E Farinst 4 & 6-
F 8 JEIN T BT R RFE 1) MG - SCR UL BE 77
Flickr30K Fil MSCOCO #i#fi4E L iI4h R & 9 k4h
T 2T G B AR BUR - SCAR VT BCAT 55 &5
B3R 10-3 12 g5 T HABSE I B -SCARILRL 77 i
£ Flickr30K 1 MSCOCO {4 45 b suat 45 R 3 &,
Fekgrh g s Wbk B TR TAE KR WSO, #F
G- RIN TR RIS A5 R

51 ETEEFHEERG-XARLESEDH

3. RAME S hRLTIRT RSN A
14 -SCAS VUL J7AE Flickr30K LA MSCOCO #idf:
& BIRSEIR g R . Hr, R 4 e IR BTk
7E MSCOCO1K Wit4E L rgh 5, Mgk 5 e
JE AR [F] 7 124E MSCOCO5K AR b 1 Szt 45

IR 3 AT AT, BATATLURI: 1D
THRNZERIULEC /7%, UVS BT DeViSE
FIMERE, X3 B R O B B 43 2 bR BSOS R f 1
— EFRRE BN T T B ) B AR R R A AR
bR, X R LSTM $2EL 45 SCASHIE L
Skip-Gram FEEUS B SCARHIE F 26 & B =E & 1

EXAE R, 2) BAR UVS Al DSPE K F XAl &2 i
BURMRE, HEEHEMREEMR TS, L ROL
Fabr B BT 17%F0 13%. X R PIERF &AM
P AR N AR ALPE + BB, 3) VSE++IE T
T LR ik s R, X s o RE A S 4 T
AR S, £2ToLZEMW. 4 MET
VSE++i &, TIMAM 7£ R@1 - HU 75 1 3k —5 47+,
KRB H] NG PUA e T 3k B A A LI 2 A &
M. 5) TR HREMMITES, MTEN B
AR, KRBTSR L B B 3R
LNEPHE, TINR RIS EE R, (2
HEPERASTE UR5% .

X MSCOCO #i#E4:1M &, ik 1K ik & 5K
MR 4E LT, SN HEEUKE RS S HE
Flickr30K L 28fel. HAkHh, VSE++HUfH 78T
DSPE. 2WayNet. RRF-Net SZ46 4t 5, X — k5
R4 2R R B B e o FEARIZ IR I A R . Ak,
R TR UCEL 7, GXN PEAEEAL T VSE++,
XA S e 2B o R R N BN 2 2] H, AT LA
SR 5 SR IS SO 5

SRR, EPRANEIRAR b, BT HHEAR )
DURC 7772 MTEN BUPS T B R S 45 5 o IX R B AR
BT HEH TR R T2, SRS
BT RS RS B TE SCUCRC AT 2 — s B

x4 ETERAERER-XARLE G AR MSCOCO HIEE 1K MIXE LRIER

Image-to-Text(i-t)

Text-to-Image(t-i)

J5i: E1g A RSUM RAEWFIA] 251
R@1 R@5 R@10 R@1 R@5 R@10
DSPER VGG-19 Fisher Vector  50.1  79.7 892 396 752 869  420.7 CVPR 2016 HRNZEHY
2WayNet!®! VGG-19 Fisher Vector 558  75.2 39.7 633 CVPR 2017 N 0]
RRF-Net®?  ResNet-152 HGLMM 564 853 915 439 781 886 4438 ICCV 2017 HRNZEHR
VSE++834 ResNet-152 GRU 646 900 957 520 843 920 478.6 BMCV 2018 HRNZEH4
GXNE®! ResNet-152 Bi-GRU 68.5 979 566 945 CVPR 2018 AL
m-CNNs! VGG19 Skim-Gram 428 731 841 326 686 828 384.0 ICCV 2015 2 H LR
MTFN“Y  Faster-RCNN GRU 719 942 979 573 886 950 5049 ACMMM2019 A2 H.4H
=5 ET2ERHERER- XA AAE MSCOCO iR E SK MR E L
Image-to-Text(i-t) Text-to-Image(t-i)
Jii: E5 LA RSUM IR [ B3l
R@1 R@5 R@10 R@1 R@5 R@10
VSE++B34 ResNet-152 GRU 413 711 812 303 594 724 355.7 BMCV 2018 N YA
GXNE ResNet-152  Bi-GRU  42.0 847 317 746 CVPR 2018 N i3]
MTFN Y Faster-RCNN GRU 447 764 873 331 647 761 3823 ACMMM2019 A2 H4H
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6 AT BEFEREIR-STAR LA JAFE Flickr30K HiE& FRVEER

Image-to-Text(i-t) Text-to-Image(t-i)

i B4 AR RSUM RIS [A] eS|
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 SEIR TAE
HM-LSTMH 7 R-CNN HM-LSTM 381 - 765 2717 - 68.8 - ICCV 2017 SCAR A
Sm-LSTMP VGG19 Bi-LSTM 425 719 815 302 604 723 3588 CVPR 2017 RS A
DANE! ResNet-152 Bi-LSTM 550 818 890 394 692 791 4135 CVPR 2017 R A5 A
scoi VGG19 LSTM 555 820 893 411 705 801 4185 CVPR 2018 R A
VSRNI! Faster R-CNN GRU 713 906 960 547 818 882 4826 ICCV 2019 PR A
LIWEM! Faster R-CNN Bi-GRU 664 889 941 475 762 849 4581 ICCV 2019 SUAR AR
SAEM[ Faster R-CNN BERT 69.1 910 951 524 811 881 4768 ACM MM 2019 WG A AL
TSt ResNet-152 Bi-GRU 57.7 - 89.2 429 - 79.3 - ACM MM 2019 UL A At
Faster R-CNN
DSRANE! BERT 778 951 976 592 80 919  507.6 IEEE TCSVT 2020 WL AR
and ResNet-152
Faster R-CNN
CRGNM™! GRU 705 912 949 503 777 852  469.8 IEEE TIP 2020 RS A
and ResNet-152
CAMERA®  Faster R-CNN BERT 780 951 979 603 859 917 5089 ACM MM 2020 UK A5 A
GARNMI ResNet-152 Bi-LSTM  60.1 846 904 442 712 803 4308 IEEE TIP 2021 SCAR
CMRN! Faster R-CNN  BERT-GRU 708 915 954 552 818 881 4828 MTA 2021 WL AR
DASPGAFY  Faster R-CNN FC 828 959 979 622 893 938 5219 CVPR 2021 WU A%
RRTCUE Faster R-CNN Bi-GRU 727 938 968 542 794 861 4830 IEEE TCSVT 2022 WL AR
ResSGP Faster R-CNN Bi-GRU 772 942 982 580 831 887 4994  IEEE T-Cybern 2022 WU A%
BSSANDE! Faster R-CNN Bi-LSTM 384 672 775 285 575 679 3370 IEEE TIP 2018 PRSI AL T AR A
SCAN! Faster R-CNN Bi-GRU 674 903 958 486 777 852 4650 ECCV 2018 PRSI AL AR A
PFAN[® Faster R-CNN Bi-GRU 707 918 950 504 787 861 4727 1JCAI 2019 PRSI AL AR A
RDAN[ Faster R-CNN Bi-GRU 681 910 959 541 809 872 4772 1JCAI 2019 PRSI AL T AR A
BFAN( Faster R-CNN Bi-GRU 68.1 914 - 50.8 784 - - ACM MM 2019 PSRN AL LR A
CIRsC® Faster R-CNN Bi-GRU 69.7 917 964 540 797 872 4787 ACM MM 2019 PSRN AL TR A
CAMPE®! Faster R-CNN Bi-GRU 681 897 952 515 771 853 4669 ICCV 2019 PSRN AL TR
IMRAMI™! Faster R-CNN Bi-GRU 741 930 966 539 794 872 4842 CVPR 2020 PSRN AL TR
PFAN-++4 Faster R-CNN Bi-GRU 701 918 961 527 799 870 4776 IEEE TMM 2020 PRSI AL AR A
ADAPTH Faster R-CNN Bi-GRU 766 954 976 607 866 920 5089 AAAI 2020 PRSI AL T AR A
GSMN[ Faster R-CNN Bi-GRU 764 943 973 574 823  89.0  496.7 CVPR 2020 PSR ST H AR
CAsCY Faster R-CNN Bi-GRU 685 906 959 502 783 863  469.8 IEEE TNNLS 2020  PAHEAAS F it
MLSLE! Faster R-CNN Bi-LSTM 722 924 982 568 833 913 4942 IPM 2021 PERLAS A B AR
MAG®! Faster R-CNN Bi-GRU 721 928 967 528 802 871 4818 CAAI-TIS 2021 PERLAS A B AR
SHAN Faster R-CNN Bi-GRU 746 935 969 553 813 884  490.0 1JCAI 2021 PERLAS A B AR
UARDAI® Faster R-CNN Bi-GRU 778 950 976 578 829 892 5003 IEEE TMM 2022 PERLAS A B AR
TS P &AB A ]
OANI Faster R-CNN CNN 533 801 871 686 930 960 4781 ICMR 2019
KRB
TS P &AB A ]
SANL™ ResNet-152 Bi-GRU 755 926 962 601 847  90.6  499.7 ICCV 2019

KA
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S N &MZS ]
CAAND! Faster R-CNN Bi-GRU 701 916 972 528 790 879 4786 CVPR 2020 i
KRR
, S P &MZS )
MMCAL2 Faster R-CNN BERT 742 928 964 548 814 878 4874 CVPR 2020 i
KRR
3 S P &MZS )
DP-RNN Faster R-CNN Bi-GRU 702 916 958 555 813 882 4826 AAAI 2020 i
KRR
A N &MZS )
SGRAF™ Faster R-CNN Bi-GRU 778 941 974 585 830 888 4996 AAAI 2021 i
KRR
A N &I
DIME™! Faster R-CNN BERT 810 959 984 636 881 930 5200 ACM SIGIR 2021 i
KR
A N &I [H)
SMANU®! ResNet-152 Bi-LSTM 573 853 922 434 737 834 4353  IEEE T-Cybern 2022
KA
NPy BN
GraDual™ Faster R-CNN Bi-GRU 783 960 980 604 867 920 511.4 WACV 2022 i
KA
#=7 ETRHRIFHERNEIR-CARE 5 A MSCOCO HIEE LK M E ERER
Image-to-Text(i-t) Text-to-Image(t-i)
J5 i E1g LA RSUM i) 251
R@1 R@5 R@10 R@1 R@5 R@10
DVSAL R-CNN BRNN 165 392 520 274 602 748 270.1 CVPR 2015 eIk TAE
Sm-LSTMEY VGG19 Bi-LSTM 532 831 915 407 758 874 4317 CVPR 2017 RS AR
scol VGG19 LSTM 69.9 929 975 567 875 948 4993 CVPR 2018 Rt A
Unified Caption
ResNet-152 643 892 948 483 817 912 469.5 CVPR 2019 AR
VSEXE Encoder
PIE-Net®! ResNet-152 Bi-GRU 69.2 916 966 552 865 937 492.8 CVPR 2019 RS AR
VSRN! Faster R-CNN GRU 762 948 982 628 897 951 5168 ICCV 2019 HLBE A
LIWEX! Faster R-CNN Bi-GRU 69.6 939 980 555 873  94.2 498.6 ICCV 2019 AR
SAEM[1 Faster R-CNN BERT 712 941 977 578 886 949 504.3 ACM MM 2019 RS AR
TSTH! ResNet-152 Bi-GRU 59.4 - 951 465 - 90.8 - ACM MM 2019 RS AR
Faster R-CNN
DSRANM! and BERT 783 957 984 645 908 958 523.4 IEEE TCSVT 2020 FE A
ResNet-152
Faster R-CNN
CRGNM and GRU 738 956 985 601 889 945 5114 IEEE TIP 2020 PLBE A
ResNet-152
CAMERAL! Faster R-CNN BERT 775 963 988 634 909 958 522.7 ACM MM 2020 RS AR
CMRN!2 Faster R-CNN BERT-GRU 685 925 970 573 884 948 4985 MTA 2021 TR A
DASPGAP! Faster R-CNN FC 840 958 978 639 839 956 526.0 CVPR 2021 RS AR
RRTCU! Faster R-CNN Bi-GRU 762 963 989 616 893 946 5169 IEEE TCSVT 2022 TR A
ResGF Faster R-CNN Bi-GRU 793 967 983 645 90.0 958 5246  IEEE T-Cybern 2022 TR AS A
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BSSANLE! Faster R-CNN Bi-LSTM 492 761 851 362 692 825 398.3 IEEE TIP 2018 PE A A B AR
SCAN® Faster R-CNN Bi-GRU 727 948 984 588 884 948 507.9 ECCV 2018 PSR RS B
RDANB" Faster R-CNN Bi-GRU 746 962 987 616 892 947 515.0 1JCAI 2019 PSR RS B
BFANS! Faster R-CNN Bi-GRU 749 952 - 59.4 884 - - ACM MM 2019 PSR RS B
CIRSCI® Faster R-CNN Bi-GRU 738 953 983 599 889 949 511.1 ACM MM 2019 R AT T A
CAMPE®! Faster R-CNN Bi-GRU 723 948 983 585 879 950 506.8 ICCV 2019 AR L AR
PFAN®! Faster R-CNN Bi-GRU 765 963 990 616 896 952 5182 1JCAI 2019 AR AT T A
IMRAMI™ Faster R-CNN Bi-GRU 767 956 985 61.7 891 950 516.6 CVPR 2020 AR L AR
PFAN++4 Faster R-CNN Bi-GRU 7714 965 983 625 899 954 5133 IEEE TMM 2020 PE RS AT AR
ADAPT! Faster R-CNN Bi-GRU 765 956 989 622 905  96.0 519.7 AAAI 2020 PSR RS B
GSMNL®! Faster R-CNN Bi-GRU 784 964 986 633 901 957 522.5 CVPR 2020 PSR RS B
CcAscll Faster R-CNN Bi-GRU 723 960 990 589 898 960 5120 IEEE TNNLS 2020  PAHizsss b i
MLSLE! Faster R-CNN Bi-LSTM 638 901 959 771 963 986 521.8 IPM 2021 SR AT T A
MAG!®! Faster R-CNN Bi-GRU 752 954 983 591 879 943 510.2 CAAI-TIS 2021 SRS AT T A
SHAN Faster R-CNN Bi-GRU 769 963 987 626 896 958 519.8 1JCAI 2021 PSR AS T A
UARDAI®2 Faster R-CNN Bi-GRU 786 965 989 639 907  96.2 524.8 IEEE TMM 2022 PE A AT LR AR
PR A QA [
OAN[™ Faster R-CNN CNN 602 886 945 717 964 993 5107 ICMR 2019 i
KRR
PR A QA 1]
SAN! ResNet-152 Bi-GRU 854 975 990 691 934 972 5416 ICCV 2019 i
KRR
PR A QA [
CAAND! Faster R-CNN Bi-GRU 755 954 985 613 897 952 5156 CVPR 2020 i
KRR
PR A QAL [
MMCAL2 Faster R-CNN BERT 748 956 977 616 898 952 5147 CVPR 2020 i
KRR
S N &AHZS [A]
DP-RNN Faster R-CNN Bi-GRU 753 958 986 625 897 951 517.0 AAAI 2020
KA
S N &AEZS (]
SGRAF™ Faster R-CNN Bi-GRU 796 962 985 632 907 961 5243 AAAI 2021
KA
S &M [A]
DIMEX Faster R-CNN BERT 788 963 987 648 915 965 526.6 ACM SIGIR 2021
KA
S N &AHZS 8]
SMAN[® ResNet-152 Bi-LSTM 684 913 966 585 874 935 4957  IEEE T-Cybern 2022
KA
PR A QAL i)
GrabDual™ Faster R-CNN Bi-GRU 770 9.4 986 653 919 964 5256 WACV 2022 )
KR
# 8 ETRHRIMFENEIR-XALE 5 AE MSCOCO #iiESE SKIMINE EMER
Image-to-Text(i-t) Text-to-Image(t-i)
Ty K15 BN RSUM R 1A] 25
R@1 R@5 R@10 R@1 R@5 R@10
DVSAL R-CNN BRNN 384 699 805 107 296 422 271.3 CVPR 2015 SR T AR
HM-LSTME R-CNN HM-LSTM 439 - 878  36.1 - 86.7 - ICCV 2017 AR
scoi VGG19 LST™M 428 723 830 331 629 755  369.6 CVPR 2018 Rt A
Unified Caption
ResNet-152 3.1 664 777 254 530 662 324.8 CVPR 2019 A AR
VS Encoder
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PIE-Net®! ResNet-152 Bi-GRU 452 743 845 324 630 750 3744 CVPR 2019 KU A A
VSRN! Faster R-CNN GRU 530 811 894 405 706 811 4157 ICCV 2019 HLBE AR
ACM MM
TSTH ResNet-152 Bi-GRU 40.2 - 805 299 - 719 - R A AR
2019
Faster R-CNN and IEEE TCSVT
DSRANM! BERT 553 835 909 417 727 828 426.9 A AR
ResNet-152 2020
Faster R-CNN and
CRGNM™! GRU 512 806 897 374 680 795 4064  IEEETIP 2020 HLBE FASE
ResNet-152
ACM MM
CAMERAL! Faster R-CNN BERT 551 829 912 405 717 825 423.9 KU A A
2020
DASPGAP! Faster R-CNN FC 687 887 930 462 778 855 4599 CVPR 2021 WAL
IEEE T-Cybern
ResG!* Faster R-CNN Bi-GRU 558 830 91.0 420 724 821 426.3 KRS AR
2022
PERLA AL H.
SCAN®! Faster R-CNN Bi-GRU 504 822 900 386 693 804 4109 ECCV 2018
g
PERLAACH.
CAMPP®! Faster R-CNN Bi-GRU 501 821 897 390 689 802 4100 ICCV 2019
g
PERLAACH.
IMRAM™ Faster R-CNN Bi-GRU 537 832 910 397 691 798 4165 CVPR 2020
e
PERLA AL H.
PFAN!S! Faster R-CNN Bi-GRU 508 839 891 395 695 808 4136 IJCAI 2019
g
IEEE TMM PERA RS H
PFAN++%4 Faster R-CNN Bi-GRU 512 843 892 414 709 790 4160
2020 et
IEEE TNNLS PERAS R H
cAsclty Faster R-CNN Bi-GRU 472 783 874 347 648 768 389.2
2020 et
CAAI-TIS PERAS R H
MAG!! Faster R-CNN Bi-GRU 520 813 900 372 654 779 404.8
2021 et
PERAEAT B
SHAN" Faster R-CNN Bi-GRU 759  96.1 - 607 882 - - IJCAI 2021
s
IEEE TMM ERASZE H
UARDAI®2 Faster R-CNN Bi-GRU 562 838 913 406 695 809 4223
2022 e
P & A
OANU Faster R-CNN CNN 370 666 780 478 812 904  401.0 ICMR 2019 LIPS E:
1
LA Y &t
CAAND! Faster R-CNN Bi-GRU 525 833 909 412 703 829 4211 CVPR 2020 BlRKRE
1
LA Y &t
SGRAFL™ Faster R-CNN Bi-GRU 57.8 - 916 419 - 81.3 - AAAI 2021 BlRKRE
1
LA Y &b
ACM SIGIR
DIME™! Faster R-CNN BERT 593 854 919 431 730 831 435.8 BIAKRE
2021

5
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£ 9 SESTHIIZIERAE MSCOCO HIBER Flickr30K 2R LRIZER
MSCOCO Flickr30K
W7 Image-to-Text(i-t) Text-to-Image(t-i) Image-to-Text(i-t) Text-to-Image(t-i)
R@1 R@5 R@10 R@1 R@5 R@10 RSUM R@1 R@5 R@10 R@1 R@5 R@10 RSUM & ESi]
1K Test
XUEHE
ViLBERT® - - - - - - - - - - 582  84.9 915 - NIPS 2019
4
ECCV LAE
UNITER™ - - - - - - - 859  97.1 98.8 725 924 96.1 542.7
2020 4
AAAI ALAE
Unicoder-VL™@ 843  97.3 99.3 69.7 935 97.2 - 862  96.3 99.0 715 909 94.9 538.3
2020 4
Arxiv FAIRAE
Image-BERT™  87.0  97.6 99.2 731 926 96.0 - 854 987 99.8 736 943 97.2 549.0
2020 4
Arxiv HURAE
Pixel-BERT!"" - - - - - - - 87.0 989 99.5 715 921 95.8 544.8
2020 4
B
VILLAM - - - - - - - 86.6  97.9 99.2 747 929 95.8 547.1  NIPS 2020
P
ECCV FATHE
OSCAR!®! 884  99.1 99.8 757 952 98.3 565.5 - - - - - - -
2020 4
CVPR HUAAHE
12-in-11* - - - 652 910 96.2 - - - - 65.1 887 935 -
2020 4
AAAI HUAAE
TDEN! - - - - - - - - - - 636 882 92.9 -
2020 5
AAAI RUHAE
ERNIE-ViL" - - - - - - - 86.7  97.8 99.0 744 927 95.9 546.5
2020 5
ICML HAJHE
ViLT!% - - - - - - - 835  96.7 98.6 644 887 93.8 525.7
2020 5
ICML RUHE
ALIGN®® - - - - - - - 953 998 1000 849 974 98.6 576.0
2020 4
CVPR RULHE
METER" - - - - - - - 943  99.6 99.9 822  96.3 98.4 570.7
2020 4
5K Test
ECCV FAJHE
UNITER™ 64.4  87.4 93.1 50.3 785 87.2 460.9
2020 4
AAAI BAJAE
Unicoder-VL™ 623  87.1 92.8 467  76.0 85.3 450.2
2020 2z
Arxiv FARHE
Image-BERT™ 664  89.8 94.4 505 787 87.1 466.9
2020 2z
Arxiv FARHE
Pixel-BERT!® 636 875 93.6 501  77.6 86.2 458.6
2020 2z
ECCV BAJAE
OSCAR!™! 700 911 95.5 840 808 88.5 509.9
2020 2z
VinvL 746 926 96.3 581 832 90.1 494.9 CVPR HAJEHE
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2021 P
ICML LHE
ViLTRe 615  86.3 92.7 427 729 83.1 439.2
2021 0
ICML XUAHE
ALIGNE® 77.0 93.5 96.9 59.9 83.3 89.8 500.4
2021 %
CVPR XUAHE
METERE" 76.2 93.2 96.8 57.1 82.7 90.1 496.1
2022 %
F 10 Hih=HER-CARE /5 7A7E Flickr30K HIEE LML R
Image-to-Text(i-t) Text-to-Image(t-i)
ik E15 BN RSUM R 1A 285
R@1 R@5 R@10 R@1 R@5 R@10
scGl VGG19 LSTM 718 908 948 493 764 856 4687 1JCAI 2019 AR
SGMU! Faster R-CNN  Bi-GRU 718 917 955 535 796 865 4786 WACV 2020 SRR
VRACREY  ResNet-152 Bi-GRU 417 715 804 551 818 885  419.0 ICMR 2020 MR
HOAD™  Faster R-CNN  Bi-LSTM 708 927 960 609 861 910 4975 CVPR 2020 MR
cvsel Faster R-CNN  Bi-GRU 736 904 944 561 832 900 4877 ECCV 2020 AR
HAT® Faster R-CNN GRU 770 951 977 654 901 927 5180  IEEE TCSVT 2022 AR IR
CMPME! MobileNet Bi-LSTM 496 768 861 373 657 755 3910 ECCV 2018 RS
CVSE++  ResNet-152 GRU 502 788 873 371 669 764 3967 AAAI 2020 SRS
NAAFEY  Faster R-CNN  Bi-GRU 819 961 983 610 853 906  513.2 CVPR 2022 RS
CMCAN®  Faster R-CNN  Bi-GRU 795 956 976 609 843 899  507.8 AAAI 2022 RS
A3VSE®  Faster R-CNN LSTM 495 795 866 650 892 945 464.3 ACM MM 2019 55 M B s RS VT
ACMME2  Faster R-CNN  Skip-Gram 854 969 984 551 817 884 5059 IEEE TPAMI2021  §5 MBS ILHT
FT 11 Hih=2KER-CARILE 75547 MSCOCO HiiEE 1K M E FRER
Image-to-Text(i-t) Text-to-Image(t-i)
J5i: [ A RSUM R 1] 251
R@1 R@5 R@10 R@1 R@5 R@10
VQAI™! VGG19 LSTM 505 801 897 370 709 829 411.1 ECCV 2016 AR
scG VGG19 LSTM 766 963 992 614 889 951 5175 1JCAI 2019 HMEAIR
SGME! Faster R-CNN  Bi-GRU 734 938 978 575 873 943 504.1 WACV 2020 AR
VRACREY  ResNet-152 Bi-GRU 566 879 947 677 917 967 4953 ICMR 2020 AMEATR
HOAD™  Faster R-CNN  Bi-LSTM 778 961 987 662 930 979  529.7 CVPR 2020 AMEATR
cvse!” Faster R-CNN  Bi-GRU 786 950 975 663 930 979 5297 ECCV 2020 AMEATR
HATE Faster R-CNN GRU 825 972 992 845 974 989 5597  IEEE TCSVT 2022 AR EIR
CcMPME! MobileNet Bi-LSTM 561 863 929 446 788 890 4477 ECCV 2018 A==
CVSE++P®Y  ResNet-152 GRU 667 902 940 484 810 900 4703 AAAI 2020 A=
NAAF!?  FasterR-CNN  Bi-GRU 805 965 988 641 907 965 527.2 CVPR 2022 A==
CMCAN®  Faster R-CNN  Bi-GRU 812 968 987 654 910 962 529.3 AAAI 2022 R
ACMME?  Faster R-CNN  Skip-Gram 844 979 994 634 903 957 5311 IEEE TPAMI2021 555 BESHIASITAT
Fz 12 Bt =REE-CARLE 5 7AE MSCOCO HiEE sK A E FHER
) \ Image-to-Text(i-t) Text-to-Image(t-i) )
WiRis B4 A RSUM R} E] 25

R@1

R@5

R@10

R@1

R@5

R@10
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scGl VGG19 LSTM 566 845 920 392 680 813  421.6 1JCAI 2019 HMEATR
SGMI®  FasterR-CNN  Bi-GRU 500 793 879 353 649 765 3939 WACYV 2020 AP EATR

HOAD™  Faster R-CNN  Bi-LSTM 514 818 891 405 735 841 4204 CVPR 2020 AP EATR
HATE Faster R-CNN GRU 585 861 929 586 866 929 4756 IEEE TCSVT 2022 AP EATR
cMpmE! MobileNet Bi-LSTM 311 607 739 229 502 638 3026 ECCV 2018 FER]
CVSE++  ResNet-152 GRU 393 691 803 252 258 540  293.7 AAAL 2020 FER]
NAAF!?  Faster R-CNN  Bi-GRU 589 852 920 425 709 814 4309 CVPR 2022 JER]
CMCAN®  Faster R-CNN  Bi-GRU 615 929 440 826 AAAI 2022 JE R

A3VSER®!  Faster R-CNN LSTM 390 680 801 493 811 902 407.7 ACM MM 2019 559 W B S R AS TS
aster R- ip-Gram 67.5 89.6 95.0 . 2 . 446.4 35 m. B LN

ACMMI! Faster R-CNN  Skip-G 421 709 813 IEEE TPAMI 2021 55 i B AE AR DT T

52 ETRHAMHEERGR-X AR LB A

F 6. RTULESH T HET R IR RRIE )
BUR-SCAR LI 7V AE AR AR B s g IR,
W 7 HRYLS T IR T ETE MSCOCOLK R4
&5 R, % 8 Y12 B 2 AN [F] 77724 MSCOCO5K
MAASE FRSRIG et o ik xf =N s gt T
N, BATRIL: (1) FETHEES 22 B I VEHE /72
#, GARN A1 Unified VSE PEGEEAL T HM-LSTM.
ERATL IR CCRKBD TR (BN
G SEAAR ] D6 RIEAT R B4R, AR SOARE X
PR T Ao P SR O R TR,
DSRAN HUS AL sehas 51, Xt — R0 KM
28 TE AR SR 8] 5 2R 77 TH (1) 55K RE ST o T SHE O 79 o
TS N SR O R T 15, DASPGA 1 BER I 5
A, HEAGRWELT DSRAN A1 LIWE. iX
SRATEN AR 800, RIS AR
NSRRI P —PERR L. SR, X
— R B HE PR 7 7 X 4 A S A S 2R ASE T T 1)
BN (2) fEFETAEAS 22 B R B UL e 7 i,
UARAD 7£ MSCOCO1K il MSCOCO5K I B {34
HISEEG 25 5, T ADAPT £ Flickr30K 75 #x%
IR . XA 7 B3R R 22 AL TE T35 R R s
FNEAH A5 BT F IR AI/E R, H UARAD #
FH 3 B B BV E R L], 1T ADAPT R 12
R IHLE ML o XTI AN A
BUE X381 1B XS S, X TS A 15 UL &
KEE, (3) BT IRAZE BN R HFE TR 77,
DIME 7 Flickr30K F MSCOCO5K |- [ Bl 43 s 1 45
B, XK E PR A TR I G T A
FOECHE, T S A LSRR R BN TSRS 1R
SN %% . SAN 7E MSCOCO1K _F B 5l itk
e, X AR DT HoR AR A SRR AR ) T
S TITAR A 1 DGV SRy S AR i (X 3k«

4 ok

AN

SRR, F TR AR AR ) R - SO DL RS 5
PEREZEAL T3 T 4 AR AR A BB -SOR UL BE 7 1X
FEARTE T B IR o DR DAL P (R S AL 10 SO 5
1P e T RERE B AT SO 5 BeAh, FEANAEAE —
MEVE A = Eda g E— B R Itas R, X
RUPIA TN RERSS, AFR AU G
A AR
53 ElR-XASESTINGEE S

T R R AE A B 48 B Re sy T3 1
A SRy B SR BB ARRAE 1R R - SCAR UL C /7725« 1% 2 L
DA 3% L T VAR AR BRI g, RO mT DATE
Ut RAE BHR LR SCAR NS, A SO s s 15
XyE . phAh, FEXEERIZTTET, ALIGN 7E
Flickr30K %t #5 % F £ M & 1%, 1 OSCAR 7
MSCOCO #i#fi4E FacRily. FEERTHEZ 1
ALIGN A& T 2455 i o G SUA UL FCAT 55
WO T [FAE 25 00 R AT 55 A TR AP iz A PR R s
2) OSCAR Ml Zrdidl & s 1 Flickr30K A1
COCO, I 5E1G SCAVLHCAT 55 2 (M AT 1E 54
25 . #F MSCOCO5K |, ALIGN HIPERERS (LT
OSCAR, XHA[fE/2H T ALIGN KTl gt 5
MSCOCO [alfF EE i 2 =
54 HMEIR-XALEFED

* 10, X 11, F 12 hopnlads 7 HAL =807
IRAE AN B 5 B RS2 a5 . B X SEue &5 gk
FFO3HT, RATATLLRBL: 1) fEFETAMERER I K
G- SCA UL 532, HAT 78S $od 4 EvE—
Hm MR XKW G5 B ARE B T4
Wt 5 AR RN, A Transformer m] LU RS
RIS US55, 2) TERT 225 I I EE-SCAR L
Be 77, CMCAN #ARRILHLF . XK BETAL
FHAMPEFE BRI, 25 FEAN R X $5-1] 18 o) (1 B AS B -+
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20774F

WE, 3) KT 55 B B R EUE -SUR ITRR AT S
R /IN 43 BB bR i SCAA B B B S AR D
FEAIE X, A3VSE 1 ACMM BN RAS &R, H
AR T T AR B A 2] Ui ]
WL, 551058 1 R - SCAR L L 2 — /ME AR R AL AT
%, HX TSR HEA E L.

6 KREKIAFRAIE

fEI 2 LA B, MR- SCARVERCAT 25 T8 1R T
Wi 2 B SR R 55 7 T A T — RSk .
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Background

Recent years have witnessed the rapid growth of
multimedia data, such as texts and images, inducing many
researchers to work on the multimodal representation,
understanding, and reasoning. Thereby, image-text matching,
focusing on measuring the semantic similarity between an
image and a text, has attracted extensive research attention. It
benefits a variety of applications, such as cross-modal retrieval,
visual question answering, and multimedia understanding.
However, it is non-trivial to build an effective image-text
matching model because of the difficult intra-modal reasoning
and cross-modal alignment.

Recently, deep learning techniques have emerged as
powerful methods for various tasks, such as image
classification and visual object detection. This motivates many
researchers to resort to deep learning approaches to tackle the
image-text matching task, and achieve significant
improvement. Although many deep learning-based methods
have been proposed for image-text matching, we are unaware
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, including
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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 classify
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

developments in the task of image-text matching.



