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Recent Advances in Cross Modal Image Text Retrieval
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Abstract: With the rapid development of Internet technology, the volume of different types of data has
grown tremendously, such as texts and images. How to obtain valuable information from such
heterogeneous but semantic related multimodal data is particularly important. Cross-modal retrieval is an
essential way to meet users’ requirements for obtaining different information on the Internet, which can
effectively deal with the multimodal data. In recent years, cross modal retrieval has become a hot issue in
both academic and industrial area. In this paper, we make a comprehensive overview of the image-text
cross modal retrieval task, including definitions, challenges, and detailed discussions about the existing
methods. Specifically, we first divide the existing methods into three main categories: (1) traditional
methods, (2) methods based on deep learning; and (3) Hash based representation method. Then, we
introduce the commonly used cross-modal retrieval benchmarks and discuss the existing methods on these
benchmarks in detail. Finally, the future development direction of image-text cross modal retrieval task is
prospected.
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Fig.2 Classification architecture for cross modal retrieval methods
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Table 1 Brief introduction to representative traditional methods
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Fig.3 Structure diagram of SCAN model™”

TG B TR B2 2 2 05 1 oy T A A T TR A R il B I e, AL T 1 R T R 4 o B0 1 SUAE JEOR X S
SCAR R BE R AE o J2 8 S DRI AS AN 9F 5 3 30 e R b B9 o AL 106 7 oA i bl 5 A [l A, 451 6 24
JICRF T2 2T (AR IR 0T L ot 2 S 4 A A A 2 IR A M LR A BRSO A L WD R
A IR () 475 AR R o T TR R AL AR L ek A B IS RS 5 L BE A T R AL
], R i Il 1 S 3K 1] S 2R, B AR AU £ 4R BBORIRR AT 1) B 240 R 5 o TG M TR R o T BN (8 )
ST TARZEAR B, P AE AR RAD IR A BRI & =S 1]

2.2.2 RHBEHFIH*k

A7 B T 2% 3 R b £ SR U it R e M AT AR BT B S A A RRAE SR o LS U —
T T TR o o R BS AR SR R T 1 o %5 WAl 2 S A A B R 28 ) 2 4 T — AR A B AN [ A 2 R A
PR BN 2 ICRREAR 23 18] v, 32 40 iE 25 18] 00 2 182 5 4 280 9 2K 1) 308 — B30, PR A A 0 BOE 114 s 28 e 1 i v



488 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 3, 2023

PR o I I R KA R AR AN [ A B R R AR 5 bR A ) A 00 AR DL | L R B A% 27 B O 4R R YRR AR R
TR o N T A R GRR AR, Woed 250 R BE I SCVT TE 7 3 3 5k X R X 1 2 A 2 R X SC AR
MR AT R AE SR I . HAA R U, MG T HE R FUBTECHE 4R 1 280 0091 25 1) 45 FRUBH 28 00 2 4 Ry TR Y
CEAE G B 2 | SCAS {8 4 3 2 A 48 IO 5 A Sy Gt B 245 20 A7 R TR 4 B, B 24> G B 245 1) B S — 2 I R B
R b 2 2 SVEL, B i AE s FEAR AR 2 (8] epORUXT B P B 28 ] e AT ARALLPE BE A 7R RS AR S I BT A
150 B A% 2 o T LR 7 O R AE R o Hu S5 VR T — R AT P R VR S RS AR R AR A AS
JE 1) i B 25 15 31 22 B0 S B0 1 B X 360, SR R ik i 2 X B o 3 s HEAT A AL o 3 3 e /A B A6 AR AR
L7 R A (18 P 5 i/ N AR A AN [ 28 R A i R BsF ) AR OE A S 0L % [ R P b 284 J8 24 R B 2 3R 7 o
e RACHEAR AR B RRAE 2 [0 0938 SCIBE &R o BT 8 DSBS HR A 27 i Z 5 4% L A0 0 2 18] A 52 ), [
W% 7 0] DLAE S 87 I 2R A BB A T4 T, S KT BB AR B AR B ARG T R . B
S O BB 1 A A R S o B RS K B O 1 ) S B I P B . O M X R T —
N7 FE T ol W P 28 SR 1) 5 B S R R Ll 2 ) T R O VR SR X L o) o 2 S BUR BROE B A
ezs [a] v, £ 1 E D00 Ak Ak 380K 7 1 i BB OE B B R R AR S ASE AR ) 52 e, O LA Bl A A R P A ORI ok
SR I 2 3ot Tt v B8 2 v i) R 7 R AS R 0 1 ) FE, L v T AR T M PR RE AR ORI 1T . Zhen 2P R
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23 [1] v g /I B 28 [ R L S b 48 22 ) (9 B, DTG 27 2 BRSO AR PR RRALE

| |
| ]
l | |

———————————————— o

- - T | ] I =
DA TR RS e 1 AFEAR[E] — TR
B R AR | ] el BE

A blue-green hummingbird sits | ]
upon a twig.

A multicolored bird sits on a | |
branch. Blue and green bird 7

per ched on a twig. IEZIK%{IE

Blue and Green Hummingbird %EEX%% eee | ]
sitting on a branch.

Small bird with colorful

feathers perched on a branch. | |

A o

P4 DSCMR gL g P
Fig.4 Structure diagram of DSCMR model™
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IS0 0 760 O 2R 4 RT3 o JH e XoF G e B 0 e A5 A AR i 0 7 X G O HE AT L T SUX 5 5 B 45 1)
A T i PSS A X AN [v] %o G AR AU 1 SR B ) 5 DG 2R 0 S TN 1 AR Y X AR ] X G 22 B AN [] 56 & 10 BE
J1o Li%EHR T JE T o o B I 285 5 ( Towards unified-modal, UNIMO) , %5 75 1] F o H
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Sre /B R A T R SRR AR B e A B R BERS L BE A8 5 1k e A Y B AL IR B & A BUS R RREE B B2
DCMH A~ AR 4 Hb Ak 38854 1 B85 9 AE DG M, I BLAE I 2 ik R o AS TR RS 25 1 s i B8 22 ) 2 2 17 D Bk
Yo NIt Meng 25 B0 T — Fh B A B R R B9 AR FR 2 2 07 5 107 B AN [ R S A e S 19 4 A
Ry s M 20 R R RS R s B, b A SRR GE BREAZ AR T RS (R kS RO B R S A Bl
AT A RS AR TR T 8 A X R Oy AU L BE 9 B I A b B IR [) — AR AR B R ) A S SRR 2 ) A s
WAETE X o 1205 15l FH B SOPR 28 R 48 5 W8 A i 2 2 s B, e 40 R T W B B, il 2 20 BI04 B 1)
PHE F AR TR KA R . Liang 27 8 T XA 3 3 ) A O HEIA 75 D7 5 (Dual-pathway attention
based supervised adversarial Hashing, DASAH) , % J7 1%t F A1) {4 5 7 WL >F 30 A5E 780 35 45 200 067 132 ) A8
ARHIE K 57 I $ JBORT A= 10X HO I A 27 20 B2 JNATE — D38 — I AHE 22 rh AT B 2 > Al Ak, i — 2P i &
TV VERE . Zhang %7 HE T W B Wi B B WO A (Two-stage supervised discrete Hashing, TSDH)
T5 ¥k o T RAESS 1B BOKFREAS B AS [R] 4SS 25 40 E 38 2o W6 A5 40 368 o 002E BN 7 B 5 55 2 B BOKE A A B B
92 5 b5 25 ) i AT HE 2 de /M I 2 3 5 3 T B Be 19 2% 2 1 45 85 A0 e 6% A S A BN At o Ry
T A ORI A 2 5 SRR AIF (14 23 ) 57 45 5L, Tang 253 T 2 S0 B4 0 i 104 15 B2 25 05 % 7 9 (Su-

7 DCMH 825 g [
Fig.7 DCMH model structure diagram'®”
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pervised matrix factorization Hashing, SMFA) . % J7 i {81 FH A5 B4 40 ik Sl 3R A5 [ 45 25 0040 P 35 174 i 2
W SCRAAE I HLAE U2 2o A8 v DR 1A () A 25 22 ) A A 28 — B30 R B AS B2 v 19 Jey 3 L A] — B . (H
ST VAN R AR Gy b 3 1 A 7 AR Ak, BIXT TR B0 2 RS EE  ASREAE E  BERE A iS . R
TP X A ), Chen %575 T 38 T W A 9 43 f# 1 IE U 04 4 75 9% (Intra-and inter-modality
similarity preserving Hashing, IISPH) , 1% J5 ¥ fdf H] 55 SR 1% 1% 0 Ay R &R, 76 A= B0 A A% 1) (] P (45 AH ]
AR AN [ 462 25 22 ) 18 R AL IR 48 7 iE 2 ) o S RS 1 JR 8 TL AR 285 440, 9K 5 ) P B s 48 15 B 7E IR 4k
N s ) v i Ak Jag P AT e 2 A L 5 45 0 A R BCEE 2% ) i AR BE A8 R 4R IR R AE 25 1) Y 4 R AR B AR
B LiZE R T A W B b B £ B S WA A (Supervised robust discrete multimodal Hashing, SRD-
MH) o %R B AR 2 5 5 A A bR B 27 2T v A5 A B BB A% A4 il B A B 0l g R e A B kT
P& THRL AL B KG BE

BT MBS A O B TR T AR S S8 RE 0 AR S A AR RO T, OF HAR S B AR B
I IO 0y iy R KR 2 2] v AT LSRR T G A 1P o A T 3RS R A S OB BRSS9 [
SR AE W B 2 R T BB A A P B0 5 1 T AR 2 05 L, TR IH A AR R B BIF 5 v AT LA 2% A P 44l 1 4 55 AR
P BHE A B (0 R A2 4 B 5 B AT LA A B A O AOR BT A2 T
3 ERBEEMITNIER

FE X AR LR IR BEE 0 IR L, R T HE— 2 R AR SR AN IS B AT S o B R [ B A
B R BRI 09 5, SO WA T B S A5 SR 2R RE O DEAN 8 A DL SO U A T R 4R
TR TR AN A 230 JT R s B LA K R 8 b L O X BB 20 B 4 b B O s i PR RE R LA T TR AN 2 T
3.1 HEEENR

B LS R A B SR 3k 4 *4 SHEBESHESLE
7 H A R R R T B 2 Table 4 Comparison of commonly used cross modal datasets

BRI 28 BRI R . B 4 K 1 BUL KR /A SCA KR /A
(DMS-COCO™™ , Z I - /2 % MS-COCO™" 91 173 791 868 955
O A R B SCROR B R B B KR Flickr-30K™ - 31783 158 915
Rl B EZ —. wBIRE TN Wikipedia®" 29 2 866 2 866
BRI A5k H 5 AR B 8BS B NUS-WIDE™ 81 269 648 269 648
By RS LA (KU AE INRIA-Websearch™ 353 71478 71478
55 80 2% ) , 4 & 7 123 287 5k A IAPRTC-12" — 19 627 74 961

15, Hoip A 3K R R I 54N SCAR IR

(2)Flickr-30K™ . % %o 4 2 by e 5 4 78 119 10 SO 8ol 4 i 800 45 2 9 1 MS-COCO ¥l 4 — 2
FH T SCEs s R b Horh i G SCAS SR I8 T Flickr M3, 4t 405 31 783 K 1%, 5 MS-COCO 2%
oL, 45 5K R LA 54X B SCAH A |, 59— 3R #0454 SCAR R, B B R LA 158 915 4N BRSO
o HorpscARME R RERARS S5 &M HEREHADEER.

(3)Wikipedia®. 1% ¥ 4 2 56 1 R b i 5 5 S0 8 20 8, 1% S0 8 i 2 866 4 181 SO Xt 4, 4
K G B — A~ SCA 34, v SCAR 2 — R R N | b o1 s 2 o g SR T T ) 2 S v A
BB 45 I 29 S S o 100 BB ME AR 26 . I B 4R 5 A B 4R A LU R DB /)
i H 2 3 A R .

(4)NUS-WIDE"™ ¥4 4 2 g gk [ 37 k2 4 28 9 11 SO 8 48 | 4800 45 42 % M Wikipedia
Bt A — kR i A, EMR 2RI T Flicke b, A1 5 A 269 648 7k FIR , 4 7K AR X R — A SCARHE IR,
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Nt 3L B 269 648 A MR SCARKT

(5)INRIA-Websearch'™ , % %4 48 t 22 [ 19 Lear A 58 I BAAG 2, i 71 478 R SCAS 2 A 21 AL,
— A7 35342 . TR SRl MR A 56 0 T 3 bR 4 N L il A G T 800 4, 49 4 I 0T URL L B
URL | G T A7 25045 435 ., Bl 4 b 4 PR 4% 08 4 i 31 150 1% 25 X 15018 F 19 1E 5 T % B 48 vh (U & [
BRCAME R . W w 5 B USSR R 51

(6)IAPRTC-12""". % ¥ 4 540 B Grubinger % #2240 &4 19 627 K FE1% L 44 VG X R AT
L~5ASCRFE IR 2800 4 vh (0 SCA LA 1 SR iR 4 4240 3850 rb 18 SOl iR #0491 ik R O
H G VR, R0 4 v LT A R
3.2 iFMiERR

PR R PR 4155« (1) F BMSAE 8 20l 46 R 5 28 56 19 SR (Image to text) 5 (2) F3C
ARAE A ) LR S 2 KB B4 (Text to image) o 7EIIRBY B, 44 & — A SCAR Bk B G & EEA K &
i SCR S i S ST . B A I 2 pE 0 2 S R R R - (1) A ) G SR 2 ) B 2R SR TEA 5 (2) 4
2 UG SCAR KT A B A M SE M o 5 1A PR 3% 00 W ABE TR 2 o) S [ 25 Wk A R AE A BB T, T 6 2 4 P 3R 40
B ASEAR 2 S R [ B S AR DG TEME S IR 1 o 5 R PSR A AR AR I F
3.2.1 F¥mamRIM

B8 1 2K ¥ {H (mean Average precision, mAP) % Fl F Wikipedia f1 NUS-WIDE 85 £ 4l £ 5 , %
i E R RETSEREEE TR -2 8N G T (E%) . B EIA I HE M
YIRS BRI . AE A RFEAR g DL R T FEAR B R A R 45 R, - 3K 7 %% (Average precision,
AP)TT LB E R

AP(q);ilP(r)rel(r) (5)

AP r BB RER DB P DA P )RR r DR AEA KRG 00 2 5 24 - 5 A R A AR G,
rel () &R0 1, B W rel(r) A 00 BEJG , 2E T F BIRG 8 5 7] L5058l i 4 mAP R9(E, A8

Q
AP =) AP(y) (6)

A QIVERA WAL ¢ R H P i — DA . mAPEBRK , 7R BB R A MERR R .
3.2.2 Bw@E
A [l F (Recall) & 78 JJy K R RS 2 H (1) 55 2 100 B A AH e AR AR 5 80808 45 b 5 2 i) B AR A 56 19 L
i, X H
TP
Recan:m (7)
Aot TP RoR 5 A if) 45 SR OC 10 25 R4 s FN R I Bk R 219 5 2 1) A A< A0 OC i A A 280
TP + FN Zm $i8 46 v 5 2 1 FE AR OC I FEAS S 800
15 B AS R i 5 A R A G 1 F I PE M 8 bR iR A Recall@K, Ke[ 1, 5, 10 ], /Ry R@1 . R@5 il
R@10, 43 5 F /- FEHT 1.5 F1 10 A~ 25 50 rp &G 2% 21 /9 EL(E A9 3 43 LU, (8 B s R R B AL g PE g 4T, 8 X
REL A ERHT 270 45 5 v () A0 SC 08K, REL 267K 45 7 A0 100 19 AH SC I B 4k, ot AU R
_ REL,
Recall@K = L REL) (2 REL) (8)
3.2.3 #HHE

K i 5 (Precision) 5 A K BRI 2R B9 -5 2 30 R A A OC B BE AR 5 Bk R B A9 BT A7 BEAS 1Y 1L
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fH & X~
Precision = _ (9)
TP + FP

o FP 2R 58 AR AR A CAEAS (808 ; TP + FP R K R B 1) 885 R4 .
3.2.4 MHHE-BEEWMLK

K i 2% -3 ]l 2k (Precision-recall curve ) {83 T 45 BURS A 2 A1 73 [0] 5 2 8] 1) 56 2, B 48 70 (1 3 ]
SRR R AL B RS R R E R PN AR AR AR R RS 17 A i 2R Y T R ORIV SR R T Y PR B L
SR RS (1 1 2k 5 A — AR A 4 T AL T DAIA R IS M R A TR .
3.3 LIS

MR 22 4 2 4 B0, AT DU X B 5035 4 4 0 2 28 - R Ok R B9 4 AN R R B HE 45 . MS-COCO
Flickr-30K F1 TAPRT C-12 #f 4 — A~ EHG XS i 22 A SCAS , TR IHKs & T VA Sk AN 6 B K4 45 5 Tl Wikipedia
NUS-WIDE F1 INRIA-W ebsearch & J& — 7k BIGXF B — AN SCAS, Bt LUKEE AT S8 XS FR B 45 . TS A
X R A 2 RN G R BRG] R 2 AN BN AR R AT SE B A BT, 43 R R 6 R B 4 P i MS-CO-
CO F1 Flickr-30K DA K% #R & 48 48 Hh i1y Wikipedia Ml NUS-WIDE,
3.3.1 Wikipedia# NUS-WIDE % # & L 48 % 7 iz o #7 5 i 4

A5 E Wikipedia #l NUS-WIDE B4 £ b X5 1% 48 5 vk B 108 B2 2% 2 (0 05 B K 8 7 1k AR Ty
i 3N B B BUSA R J7 IR AT M RE B BT S A

F 5,6 45 T BN e i I B T AR G 1 R T IR BE A ) Y TR SO B R R R A G5 IR R
Avg FR TG BIE o T KR 43 1B S RS A R O B 23 45 5 Wikipedia Al NUS-WIDE — & fif
FH, DRI 2 5 036 6 B0 7E — R AT Lo Eef, CCA 75 3 7 ) FH A R 2 Ak 6 AN ) A5 25 500 e S 39 2 3
AR 25 ] Fr L SR U5 783K A 23 ) m R R AR B AT AR s UCAL J7 773 7 0ot 2 > JARL 3l s 47 1 25
T A B RS A5 A A5 5 A ) B 2 > 8285 ) B4 2 6 6 7% 5 SCL 05 135 2 R BB A0 A6 E v A i A S b 2
5B o 30 3 fe KA SR G EGRR AE RN 48 5 SCACRRAE B R SCAS RRAE R 4% 52 EQRR AE 22 18] 14 T A .+ 2
T AR A3 [ 2 AE =2 i) B4 P A DG B L SRR 2 5] B T B AR AE KR s DCCA 7 3 CCA 5 IR

x5 AEAETE Wikipedia 4B & F 8 mAP L K6 AREFEENUS-WIDE E#EE FHI mAP LL &

Table 5 Comparison of different methods in mAP  Table 6 Comparison of different methods in mAP

on Wikipedia dataset % on NUS-WIDE dataset %
mAP mAP
PR LR 4 PR LR i .
Text to image Image to text Avg Image to text ~ Text to image Avg
CCA¥ 13.4 13.3 13.4 CCAM™ 37.8 39.4 38.6
UCAL® 26.3 27.3 26.8 SCL 50.8 46.9 48.9
S A L10]
DCCA 44 4 39.6 42.0 CCL 506 535 591
JRL™ 44.9 41.8 43.4
) DCCA™ 53.2 54.9 54.0
ACMR™ 47.9 42.6 45.2 \
ACMR™ 54.4 53.8 54.1
CMDN" 48.8 42.7 45.8 -
COL 50.4 157 181 P3st 54.5 57.4 56.0
. [80]
P3S 52.0 46.9 495 JRL 58.9 59.8 59.2
DSCMR™ 52.1 47.8 49.9  DSCMR™ 61.1 61.5 61.3

AAEGAN®™ 59.5 54.6 57.0  ALGCN™ 74.7 75.8 75.3
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JE 2 2 25 G Rk 0 FH A FR A 25 I 4% Ab B A 2 1 [] 7 ; JRL (Joint representation with sparse and semi-su-
pervised regularization) J5 7™ 2% ] AN [ B2 25 (14 5 7 5 5% S B4 O 412 FH 8 Mt 7 ) 45 B 1 5 ACMIR (Adver
sarial cross-modal retrieval) J5 2" AR 2 {7 S 35 /N Ak B A A ] 5 SC b 285 AN ] A5 265 R AIF =2 1] B8
DL K S RAGAS [6] 18 SCAR % AN [R) B2 FR IR A R 5, 38 i 1 B8 (9 PE fiE ; CMIDN (Cross-media shared repre-
sentation by hierarchical learning with multiple deep networks ) J7 2= % W 45 25 485 AF A5 L ke 5 381 2 SR 4 £F 25
], SR )5 4 2 SL AR AR 25 18] v i B 28 R AR R AT 43 )2 20 6 ok itk — 20 2% o) BEAS H) 3 SCAH OG5 CCL(Cross-
modal correlation learning) 75 12 ' 5 HI 25 AT 45 2 o1 5% W A [ 185 I07 1) Y- £ 45 245 A AR 25 1) A S L A T 45
) HORS 1 A4 2 4L 36 7R 5 P3S 75 3k ) 3 5 1 25 ) AN RA A T A ) 22 ) A T S8k 2o {45 7 vk RE HERS
PR AN AH DG 1 3 5045 B 808 SO A S D205 ) 7 26 1 T4, DTN LA 28U R 4 T8 BAR SR M 9 R 41E s DSC-
MR 7 32 2 0 8 i 2 i) e 85 /0 Ak W B 155 JE0 R0 50T 07 AR [ 5 245 8 0 2 i) 4y 9 3 40 2, DA 27 2 8 25 A A5
FRAE 32 T L PR A . AAEGAN(Assembling auto-encoder and generative adversarial network ) 77 3%
3 ok AR L R AN BRI DA AR Sy i R v i i B A R S RS A A 2% S Bk s AL
GCN(Adaptive label-aware graph convolutional networks ) 75 3% RE fi% {5 B £ A K 7] 65 25 =2 [] 9 5 462 2%
T SCORHE A2 bR 2 1 T2 S5 A5 5, HE T4 T AL R

5,6t a] LUFE AR [R]85 ¥ 7R X P A i B I MERR R AR 22 R . AHER T Wikipedia, NUS-
WIDE A7 58 K (4 808 KU AN o =E 6 19 200045 2., I AR AL B 0% /F NUS-WIDE #dis 48 FF 175 78 2 1Y
k. A NUS-WIDE 8084 0 61, %3 L2 07 1 34T BAR e AR L TG0 CCA B T IR 2 )
(25 BEAS K R OT IR PR R LA AR AR &, U0 W IR B i 28 I 28 AR 4R MR 5 S R P X T IS S A R Y
YRR s ACMR J7 3 3 o A 25 15 5L 2 o B R 285 09 — Bk, AR T I8 B 19 07 7 (i CMDN L CCL \DCCA)
PEREAT 1 — D4R T X 2 o ACMR IE# A T AR 2 A5 5, TS 3] 1 58 BA7 A0 51 ) i) 2 B35
fiE s AR e b 3R 7 ¥, P3S MR RE B AT W] W42 T, Ud B A 2k 52 1 25 R AN AL A 1 25 (1) 22 1] 1 1E 22 M 2 SR RE A%
A R 25 BR RS 2R JC G Y 75 (5 8L s DSCMIR o 3 =52 5~ > B AN AR HEVE DR S5 AR R AR A T AN [ 2
T8 SCRROGE AR T P3S, PRREA T i — D4R T, BT B0 2% > SR, B0 R 23 o) 3] 25 B e A
M9 AN AR i SCAT T P A A S 1 1 B2 B 5 AL.GCN Jy 125 J0) 36 ot B 52 285 S 366 ok /N A A AN [] A5 285 R A
BTEB R B A SRR AE 25 () I 4 2% 04 Jay 3 45 8 () I el P RE A s 28 1 R U2 5 M A ORI G RS 25 1, I
WAER 6 P33 T e b RCR .

T84 T RN e B TR A R 1 1R S RS A RO B A DG 45 L, b 16 bit 32 bit Al
64 bit Z /R I A B YK . K HFCVSS(Hash
functions for cross-view similarity search) J7 ¥
3 3 A /N A S TR S 1) 1 35 DU B 2 Ok 2% ) 0 Ay
PRIER , HLJZ 0% IR 5 B B RS 2 ] 25 5, I Tmage 1o toxt Text 1o mage
U #r5 F E AT B 5 IMH (Imer-media Hashing) )y FAAFE o o 64 i
RS HECVSS P L R OTIE RS “Hpcyss™ 1257 1212 1205 1185 1034 10.24
FIRT RS Z MO 25 OF BRI B g 1573 1575 15.68 14.63 13.11 12.90
UL EREAS AR AR ] A S AU B IMH T cMSSH™ 18.77 17.71 16.46 16.30 16.17 15.39
TR R REA ARLE IR RECRIK, A cMFH® 2132 2259 23.62 44.84 51.32 52.69
IE A RS 4 ; CMSSH (Cross-modality met- LSSH™  21.41 22.16 22.18 50.31 52.24 52.93
ric learning using similarity - sensitive Hashing) /7~ HSCM®™ 2210 23.37 24.42 21.35 23.66 24.79
WS R B AT W A AT B ARERREAR SePH™  27.83 2956 30.49 63.18 65.77 66.46
4 R B S A R TE fRE A X L SR S Mg s Wiz TSDH®  36.41 38.56 39.08 75.68 77.03 77.31

K7 MFHRTRFERE Wikipedias 2 & FAI mAP LLE
Table 7 Comparison of hash representation meth-

ods in mAP on Wikipedia dataset %
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WA A BR BV A AR R R AR AL T 4r 2 RS MABRRITAENUS-WIDEHIRE LRI mAP L&
Wi ;CMFH P B % F —FEAR RN [F A %4 Table8 Comparison of hash representation meth-

1 B 9 T W 600 2 6 o2 — O A R A ods inmAP on NUS-WIDE dataset
AR W MO G S R T e — g Image o text Text to image
RFL 2 J5 3 T 108 75 15 3k Sk 45 A48 25 1) 5 5% B 1 16 bit 32 bit 64 bit 16 bit 32 bit 64 bit

WA A R B, BRI S T S ke R g, STMH™ 47.10 48.64 49.42 44.71 46.77 47.80
LSSH ﬁ?f[%]fé CMFH 7P 2 3% 5 i 1E CMFH™' 49.00 50.31 50.97 50.31 51.87 52.25
CMFH {4 5 Rl 1 R 55 4 7 5k 675 0 4% i LSSH™ 49.33 50.06 50.69 62.50 65.78 68.23
R G TR B 22 5 Y 7 B S [ HSCM™  54.09 54.85 55.53 53.44 54.12 54.84
R 5 BB [ S 4 2 ] R AT DCMH" 59.03 60.31 60.93 63.89 65.11 65.71
WUVE B8 P LSSH 75 25 A L T CMFH 7 SCPH“T? 60.37 61.36 62.11 59.83 60.25 61.09
E'fiﬁﬁj:,ﬁﬁ*%ﬁ’ﬂ%ﬂ‘;HSCM(Hashing with PRDHL[‘:‘J] 61.07 63.02 62.76 65.27 69.16 67.20
semantic correlation maximization)ﬁ‘&“m”%~ﬁ ADAH“;; 64.03 62.94 65.20 67.89 69.75 70.39
B TSDH 64.73 65.74 66.89 75.52 73.38 78.69
A B A 7 O R R AR SR B T A
ez B 19 Ko, oA BK B I )5 2% E 5 SePH
(Semantics-preserving Hashing) 77 ¥ s FF M ASE 25 B 4 v 35 B4 3 SRR O PR B4 1R 9 W B4 B ok 2 )
W A, %7 R R AR A, 5 B K B I 4R 1] 3 STMH (Semantic topic multimodal Hashing) 75 il
Tk X AR B R AT SR 2 SR AT BRI 1 SCAS 32 A, 3 A R A R A2 i LR B 1 UM B RS
BR85S % 3 i T e e (A TR A ol B W i 0 EL A A v 1 S O L AT BE S PR AE R 2 19 {5 B s DC-
MH J5 3508 FH 0 755 2 S e SR 2 AR [ 58 250 A B0 A 755 0, AR 40 W15 R o K Ak 9 o A5 245 i R 1
P4 A RL A P T 0 e /N 460 R S i 30 A 28 AR A1 R HG s A 5 1 R, AT L P A A A R AL IR B A B R
XM HE 15 B, s PRDH(Pairwise relationship guided deep Hashing) J7 %%/ 5 DCMH JE# ML, 1% )7 B 4
TSN [7) 24 7 g B0 X 243 S A A £ A TR RS2 P 5080 e 7 B 18 AR RU A |, O HL A2 A ) 250 D6 29 SRk T
SR I 7 T P M DA e R B P i A DCMH A — & I3 55 s ADAH (Attention-aware deep adversarial
Hashing) 77 ¥ 51 A7 3 7 WL K i 45 8 1) 2 o A6 980 ek FH 3 385 g WL o) B0 A7 40k 38 138 SO 5%, 8
2 S A R sk i FH 3 B ML Tl (A R 220 K 22 A kA B TSDH J5 87 by W B Be 4Ll 45— B
BOR A B REAfl F B B0 AL 5 vk B A U A 5, D TR A e AR 2 A R BORE IS A D
e 5 R4 ) T HE AT BE B S /MBI 2 TR TG AT R X AT .

M 7,80 LLE i, IMH il i 2% IR 35 22 (8] 1Y JC 56 FN 22 5, LA 31 1 [l HECVSS T 4 Y %UR .
LSSH J7 i J& % CMFEH (1 3#F — 25 et 1% 7 1 At R 98 4 65 ok 8 B0 IR 10 w8 SRR AE A U8, DRI g e
e B 2B A rh R v T /5 & . HSCM Jy v 3 3 £l FH s 2515 S0 R B I ik 2, AL okt SR 00 5R A s i
TR Ir ik 1 LSSH L& CMEFH BAT — 2 148 T, {H 2 i T HSCM A7 78 BRI S AL 32 5%, A it HC Ak
Ae A R T8 T W B 2% 3 1 SePH vk 4y . DCMH J7 k3 ax 3 05 43 AE A A 65 174 B 85 0 ol 2> 4 A1
o Ay Wy A B I 7 A A AR S DR L RE AR AR T HSCM B B R 42 7+ . PRDH J5 ¥k i 748 DC-
MH 51 A T 85 25 M DG o, 38 5 1 0 A i 9 45 5L J PR st O AR P B 22 [k DCMIH A% AU i) 1k g B A —
FE MY HE R o TSDH i B 2 28 e Ay it ok sl /) 1 Al 152 22, JF HL [8] I A4 1 M B A J2 ok e A 2 v 1 2
P TR A PR AR AR R A B A I ROUR o R NER 7, 8 ik B DL Ak R 25 X TR A g
B R ], DR A0 A 9 /I R0 A 7 5 Ak Sk s i B e v %) 90 2R 2 T B AL Y [ R
3.3.2 MS-COCO #= Flickr-30K # # %&£ AR % 7 koM 5 b

F T % 45 07 32 R T 0 A 1) B85 S G 2R 07 9k MIS-COCO A Flickr-30K | Ji7 Fl 4 /0, A i AR 5 4
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SRBCHE R TR B2 ST W 5 i AT 0 A 5 B . A TF D7 4E MS-COCO Fi Flickr-30K %% 4 4 |
Recall@K U3 9,10 BT/ o &t : Dual-Path J 044 £ T — i oy 5] 5 14 DR 2 PE1 SR AR 80 1045
BUAAL RS 2 2] [EIGFN SCA XS v () DR 3 #5485 25 A5 6, L iy HL AT A28l S 285 9 A 8080 43 4 SCO(Seman-
tic concepts and order) J7 ¥ R AR A 4 Ja) R F N JR) R E 4L A AR — &, A YA AS [ A I B i SCAE
AN T SC Y AR X B s SCAN J7 kO $ B A PRI R SC A R A0 8 FH 28 ST 6 7 AT 4IRS
XF 5, 6 B H A AT T SCOCHR IR AIE L 55 J 38 3 i K PSR U R0 SCAS e A 19 R B2 e R 47901 2%, 42 T
TR PE A 5 CAAN J7 k70 FH T 38 0 oh Al 00 vk A (0 RS 25 P S B DT B UE TR AIE A 43 A S AR
VSRN (Visual semantic reasoning) J7 3% & — Fh 3 T 1 3 1 AL AY 85 B A5 AR B0 | B 80 1 FH 1 2%
JI AL A i AR [ A2 1 0 3B PR AR AE AR S ol P BT 0 286 fe by AR A 22 ) A9 G R, 35 DR AR 2% o B R AR
Ty 23 18] 45 B s MMCA (Multi-modality cross attention network ) J7 1248 H —Fh 32 XU 2 7 WL 9 %%
2 2 AN 2 ] BREZS N T T R 19 ORI L T LA 8 AR TRl 2S rh T R 2 IR YOG IE 9K S K 2 2T B i B AR
AN TE] () e Bk Gt — B 6] — 25 8]~ F - VC L % 20 A1 s GSMIN( Graph structured network for image-text match-
ing) IR T — bl el A A DG TS IR 4 3K IR A5 K R G2 5 ZR R IR W AR Ok S0 I ok ik g
A b b 3 T AT G Sk S [ 4 BT 4 ORE B2 A9 X 1 OC 2R SGRAF (Similarity graph reasoning and attention
filtration ) Jy ¥ i FH 35 T 1 £k 0 K AU 2 7% O B A 0k b A B A5 25 DG T, I L6l PR T 38 0 2o DB A e ofe
W T B SUAE B T4 s IMRAM (Tterative matching with recurrent attention memory) 77 2%/ % SCAN
Vi Bl itk | 78 A2 SCVE B0 i BE Al B3N 1A R YOk B BRA AN E ZAE B B 2 XA
38 S B ) B B I S kAT S TS A 8] ) 48R BE %) 5F s GPO( Generalized pooling operator) 77 3% 4 i
T A I A R, A g Tt A 4 1 A o) R M AR K, DA Bk R 3k 7 AT SC D B ) b A R A
Oscar B8 3206t 4% b ) Uk B AR 25 4 B0 SRR T 01 R AT 55 v, 26 400 MR B 285 1) W 5 B A 780 [ 4
HA 8 K & DX W) A R AE | 75 485 B0 R % T 47 Ml 5 SCACRRAE 47 18 X 5% s UNITER (Universal

£9 MS-COCO # #E & F Recall@wK(K€[1,5,10]) %10 Flickr-30K % #& £ F Recall@K (K€[1,5,10])

Lt %% Lk %%
Table 9 Recall@K(KG[l, 5, 10]) comparison Table 10 Recall@K (K&[1,5,10]) comparison
on MS-COCO dataset % on Flickr-30K dataset %
Image-to-text Textto-image Image-to-text Textto-image
WiRiS Recall Recall Recall Recall Recall Recall WiRiS Recall Recall Recall Recall Recall Recall
@ @5 @0 @ @5 @10 @ @ @0 @ @5 @10
Dual-Path®™ 442 70.2 79.7 30.7 59.2 70.8 Dual-Path®™ 52.2 80.4 88.7 37.2 69.5 80.6
SCO™  69.9 92.9 975 56.7 87.5 94.8 SCO™ 555 820 89.3 411 70.5 80.1
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< ~[98
SGRAF 79.6  96.2 98.5 63.2 90.7 96.1 GPOI™ Q17 954 976 614 859 915

[99]
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