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Typical Concept-Driven Modality-Missing Deep Cross-Modal Retrieval
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Y (School of Information Science and Engineering, Shandong Normal University, Jinan 250358)
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® (Institute of Military Cognition and Brain Sciences, Beijing 100850)

Abstract: Cross-modal retrieval takes one modality data as a query and retrieves semantically relevant data
in another modality. Most existing cross-modal retrieval methods are designed for scenarios with complete
modality data. However, in real-world applications, incomplete modality data often exists, which these me-
thods struggle to handle effectively. In this paper, we propose a typical concept-driven modality-missing
deep cross-modal retrieval model. Specifically, we first propose a multi-modal Transformer integrated with
multi-modal pretraining networks, which can fully capture the multi-modal fine-grained semantic interaction
in the incomplete modality data, extract multi-modal fusion semantics and construct cross-modal subspace,
and at the same time supervise the learning process to generate typical concepts. In addition, the typical

concepts are used as the cross-attention key and value to drive the training of the modal mapping network, so

Wk H A 2023-06-01; & ml H#: 2024-11-20. EEWE: EXK A AR 2E5E4(62172263); LR ARFI2EHE 4 (ZR2020YQ47,
ZR2019QF002); 1144 5 252 40 75 4E 81 37 1 A KL 42 (2019KIN040). BEEF(1997—), B, Wi-H#F554:, CCF 446, FEBIT T A
TSR, KEA98T—), B, WL, ¥, WLASIW, CCF &0, WIGHEEE, TEHIIT I R KM A N A0 51
%, BF L0981, B, Wi+, #, WA, EEMIRS RASEF T 5N SIS, EEE0991-), &, it @
RO, EEMR N ATE RS RMEREENE . EWEEY . FEKRR; KULEQe6o—), B, ML, #z, M ESm, R
WEEE I Al an e o) o B SR RL . SRR . BRI BT R . KBS A 3 H AR AT A U,



520 TRV B BT 5 B 2244 %371

that it can adaptively preserve the implicit multi-modal semantic concepts of the query modality data, gen-

erate cross-modal retrieval features, and fully preserve the pre-extracted multi-modal fusion semantics. Ex-

perimental results on four benchmark cross-modal retrieval datasets—Wikipedia, Pascal-Sentence, NUS-

WIDE, and XmediaNet—show that our proposed method outperforms the existing baseline models in the

paper, with average precision improvements of 1.7%, 5.1%, 1.6%, and 5.4%, respectively. The source code
of our method is available at: https://gitee.com/MrSummer123/CPCMR.

Key words: deep cross-modal retrieval; incomplete modality; multi-modal Transformer; typical concepts; modal-

ity mapping network
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BTN GE NGB BSRREA, R5T7EN
AR S B R R BRI PR RE. S T
PEREXT HE TN AT A, RS i TAEMHE IR 1
B A5y, BURE R a0

(1) Wikipedia #4473k {1 Wikipedia
Pt 10 A2 A EHR - SO, B EHR - SO
XF i T — 200 5 R — W EGORD — Bt SCAR R 20
. TR, SR 2 157 ASEHR-SCRXE MY 25
2R, 462 A EIR-SCAR R il i 4.

(2) Pascal-Sentence i A2 Wi 4 T3k B 2008
PASCAL development kit H1 20 /2851 ) % - SCAR
xt, Hoh, BIEEGA R 5 ANTFREE. Sigh,
FHI 800 MR -SCAXHE Ml 24, 100 4~ &4 -
SCAS XA Ay A A

(3) NUS-WIDE-10K ¥t#E4C 405 10 2%
S ER-SCAX . S8, K NUS-WIDE-10K &
530 28853 8 000 MEAXSVE R UILZREE, 1000
ARXAE Ay i A

(4) XmediaNet $#i 423405 200 2851 1)
MG -SCAXE, Ser, SR 32 000 A4~ EHER-SCA X
YERVNZREE, 4 000 4> EGR-SCAS XA Ry TASE.

32 XIKE

Fie AR ERY) Transformer g ht#s JLAE 1 1T 245
Eh4 Transformer, H.H, Transformer #7223k A 1%
BANESLE R, 2, mindiEh 2. Wikt
TIME S, BEHLAE AL 1024 2 BRRAE ) 500 —
A AL 3. RUARE 2B B A4 RS S P 2 v, R
T EIIVLHIA Transformer BIHAE K 1024 4k
FERPIE RN, Horp, RIS WG P 2% 23k B )
1k FRE B 2, T AE M4 A )= 2 e Af T IE —
A B 24 1) Z SRR R R

WERYI S HOR BT EIIM B, R
ADAM AL #8115 & batch size S 128, LAl
4 Transformer 2% 2] 34 0.000 1, HLAIAE & 0K 5
i) Transformer %% >J %84 0.001, 8RS HU{E 47 ik A+
Ji-1. £ NUS-WIDE ##i4E I, YIZREeh 80;
HAE RS EA9IIZREe 38R 100.

3.3 EMIELR

H5EABHREEAR AP ST —5, ARCRA
S Y4 HE R 2R ) {H (mean average precision, mAP)/E
RS BS K RYERE R PR FE . B AL AG 22 W



526 ECRIE I S RIS S

37 4%

KR, GG R SCA (image to text, 12T)FI
SCARKT R E % (text to image, T21). DL 12T /), &
Seit AR R A R R EE R, ARYE 5 G A i)
FEAARARLRE, FEECHE P2 b B SCAS $icai A fes I
17 HE P 11155 Y4 Ui 1 %R (average precision, AP);
RIGTHE A B AR RER AP P, 15
P R AR R R T RETE bR mAP. AP fITHRA RN
)
AP:FETXG(k).
o, P RIR ML o 5 45 A RE AR AL R AR
i n MRS, p(k) FomHT k4
KR AR b S AR R EAR B, G (k)2
— MR REL U KRR S AR AR A
B, HAE 1, 2N o.
34 RETERBRSKER
N T S A SO A 5¢ £ B S B S K R AT
% LA RPE, BEHL 16 FRESHIS KL R 7 ke M X)

Feores, i CCAMY, KCCAU A JRLPEX 3 filifg
443t 2 2 vk, L& Corr-AEM"™, CMDNPY,
JESSLP ACMREY, JLSLRPY, MCcSM™!, cCLP7,
CM-GANs!,  DSCMRPY,  pANI™ MCCNP®!
C*CMRPTHI CLIPACMR™iX 13 B2 > J5 1.
TE 4 ANFHEMEERAE |, AR Y 16 s
PSS R T I AT 925, mAP (X Fo gl SR an g 2 fr
N, Horb, SCEEE SR A SCER[4]. TRLEH, 5
ﬁ%ﬁ&m%,ﬁiﬁﬂﬁfﬁ%%%%;%%
Hi, 7F Pascal-Sentence 1 XmediaNet ({54 I, 5
MCCNPYIH LL, AR SCEERLA) mAP -S4 50 42 5
9.4%F1 5.4%, S MLtk CLIPACMR AL,
AR SCREAY ) mAP - E 53 042 5 5.1% M1 5.4%; IR
B2 2] T3 1k AR B LA 5 ) i ik R R g A

TSR TY, Ul IR BE B R A A R 5 ik A B TR
2B R Y RHIE RN BE T, REBTERS LS I R
155 b R BRI B ) 1 i

K2 HEANEERIESE L 17 M5EH mAP EXTEE

- Wikipedia Pascal-Sentence NUS-WIDE XmediaNet

i 2T T2  CFE 2T T2I FEE 2T T21  FHE 2T T21 FHE
CCAM 0298  0.273 0.286 0.203  0.208 0.206 0.167  0.181 0.174 0212 0217 0.215
KCCA! 0.438 0389 0414 0488  0.446 0.467 0351 0356 0354 0252 0270 0.261
Corr-AE! 0442 0429 0436 0532 0.521 0.527 0.441 0494  0.468 0.469  0.507 0.488
JRLP! 0479 0428 0454 0563  0.505 0.534 0.466 0499  0.483 0.488  0.405 0.447
CMDNP 0487 0427 0457 0544 0.526 0.535 0492  0.542 0517 0.485  0.516 0.501
JESSLI! 0.458 0426 0442 0553  0.542 0.548 0.514  0.523 0.519 0.525 0518 0.521
ACMRP" 0.468  0.412 0.440 0.538  0.544 0.541 0.519  0.542 0.531 0.536  0.519 0.528
JLSLRP 0.473  0.440 0.456 0.568  0.551 0.560 0.536  0.531 0.534 0.544  0.553 0.549
MCSMP! 0.516  0.458 0.487 0.598  0.598 0.598 0.522  0.546 0.534 0.540  0.550 0.545
CCLP7 0.505 0457  0.481 0.576  0.569 0.573 0.506  0.535 0.521 0.537  0.528 0.533
CM-GANs!®! 0.521 0466 0494 0603 0.604 0.604 0.536  0.551 0.543 0.567  0.551 0.559
PAN!"! 0.517 0462 0489  0.686  0.689 0.688 0.590  0.571 0.581 0.669  0.660 0.665
DSCMR™"! 0.521  0.478 0.499 0.674  0.682 0.678 0.611 0615 0.613 0.697  0.693 0.695
MCCNP# 0.552  0.487 0.520 0.705  0.712 0.709 0.741  0.743 0.742
C’CMRP! 0.561  0.475 0.518 0.702  0.715 0.708 0.573  0.589 0.581 0.748  0.744 0.746
CLIPACMR®™ 0592 0574 0583 0742  0.733 0.738 0.609  0.621 0.615 0.746  0.758 0.742
ES'S 0.606 0581 0593  0.780  0.772 0.776 0.617  0.633 0.625 0.784  0.781 0.782
35 EEBRABESKER FUGEE. TEBS B MBS R g, A

3.5.1 ARk oy

Sk T HE G i b i R RS TR Y B AR RS 2R
PERE, 7E RIS R T LI B A A A R AR A
B, 50%-25%-25%R R GEREARXT I 50%%k
P A0 5 R AN SCAS; 25% I 2R 4E AR A 2 40 55 5]
1%, BB SRS, BITH 25%Aa& 3ok, %A

B 10 FOR[R] B SRT B, 0 50%-
50%-0%, 50%-0%-50%, 50%-25%-25%, 30%-70%-
0%, 30%-0%-70%, 30%-35%-35%, 10%-90%-0%,
10%-0%-90%, 10%-45%-45%7F1 100%-0%-0%.
3.5.2 SRR

R T U AS SO AL TR i R PSS ARG R AT 55
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A RCE, 5 4FTHET CLIP 2R8I A5 H
BERTRLAR B R IS RS RAT 55 1 E W Ik CLIP4
CMRMPH 3280, 255N 3 s, b Tl scii 2
WA AE, WY CLIPACMR OB 45 IS5
By BALREE SR, BUS KA AR AR

3T LIE H, A SCHAITE 4 S SEifE S 42

) mAP B xF R, PEAR TN

(1) 7F Wikipedia $(#a4E I, FfifE B R
HIA BTG 2, 2 A5 1 mAP (L ERTE B WA, (H
S, BMEFERSS B L LR E T, AL
L0 B B S K R mAP [ B KR BR IR BE AL R
8.6%, HEMSIRIUF— & IS RIAKI R IERE.

T3 EANBEERIRELARSAET 2 #7558 mAP EXTEE

e 2 Wikipedia Pascal-Sentence NUS-WIDE XmediaNet

CLIP4CMR™ AL CLIP4CMR™ EN'S CLIP4CMR™ AR CLIP4CMR™ AR
50%-50%-0% 0.575 0.584 0.726 0.753 0.595 0.623 0.735 0.773
50%-0%-50% 0.574 0.586 0.726 0.755 0.604 0.622 0.745 0.773
50%-25%-25% 0.574 0.585 0.709 0.758 0.600 0.625 0.744 0.779
30%-70%-0% 0.561 0.566 0.684 0.741 0.581 0.614 0.713 0.755
30%-0%-70% 0.566 0.580 0.664 0.737 0.595 0.616 0.736 0.765
30%-35%-35% 0.573 0.582 0.717 0.746 0.599 0.626 0.736 0.777
10%-90%-0% 0.539 0.542 0.569 0.637 0.540 0.593 0.615 0.701
10%-0%-90% 0.522 0.559 0.600 0.649 0.572 0.608 0.685 0.728
10%-45%-45% 0.570 0.570 0.685 0.725 0.592 0.623 0.730 0.772
100%-0%-0% 0.580 0.593 0.738 0.776 0.612 0.625 0.755 0.782

(2) TE Pascal-Sentence %(#i4E I, Bfi& BB
PRI ARWIHEN, mAP H BN IA A T PR .
TEARE BB T, CLIPACMR FIA SO R 1)
mAP Fx RZEE 4314 0.169 F1 0.139, 3B SO
UM RE B MRS, AR Y45 e 1 o

(3) £ NUS-WIDE £i#lidE I, A CHAAEARN
RS B 3 R, RFRBASHET mAP
(B R 2 (E40M 0.032, CLIPACMR Hf K218
K 0.072, HF— L ULIHA SR AR [REHE S . A
BB T BYBUR . CLIPACMR J5 i ANk sE .

(4) XmediaNet J& 4 > FEAEEHE 4R T 45 i i
KIEHESE, BEEKER mAP AR 4 MR
PetE b e Y. B VISR SBR[
Ak #H T, CLIPACMR B mAP it KZE{H 4 0.140,
A SCREAL Y mAP e K22 {0 0.081, IEH A SCAR
TR ELAT T b A G 2R v R L AR S e EL AT T i
OEER e

ST b R s AR SRS AR B 1 AR A B
413 7E Pascal-Sentence fll NUS-WIDE $#g % %
il T Top100-mAP, SEERZ5IRUNTR 4 FR.

BEAh, X £ G 5 A A5 G 2% A 2 R G 090 4
EORTRIER R R B PR REEA T 08, 25 R AR S A
IR, AT LU Bl B SRR N, 5 Gt B B AR AS A
RO 2RI BEAR, I A SO A RV 7E 2k
BRTEEMFOT, RS IR E M PERE.

R4 2MBIBEELTRIBRARTAIRE
Topl00-mAP

Pascal-Sentence NUS-WIDE

12T T21 12T T21
50%-25%-25% 0.752 0.744 0.703 0.651
30%-35%-35% 0.746 0.734 0.710 0.660
10%-45%-45% 0.720 0.732 0.704 0.656
100%-0%-0% 0.778 0.760 0.699 0.653

B

3.6 JHRRSLIY

AT A B B A SR A v ) AR e, B8 IE
AR A O

(1) BB A Transformer Bk, AT
it PG R SCAS RS 194 ] kB S5 380 8 23 ), fiff
JH Transformer H* Y45 1E FEN 2544 0 Z 8 R &
Transformer FH, @l SZIG 25 SR 403 6 Fros. WLk
E i, 2SS Transformer FHLBEGE A 2K
AR RS Z M AE B, 2 MRS 1 FRR I}
Rk L —3%, AU B RIS R A AL

(2) Mt 7Y ARE 5 TIK B A A5 2 B S D) 4% 71 1 i 5
I ZERINER 7 Ui, H, FEN %78 Transformer F
A5 UE FEN 2544, Cro-att &7 (3l 185 142 3 F1 AL
% Transformer Z5#4, FEN-+Cro-att 35715 HL AU & 9K
SRS B 45, v LUE H, SRR 0K Bl i AR
WG I £ BE A% BT 47 b A IR AR S S, AR A
1 B SR ) AR SRR RRIE.
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+=5 EARIEKET 8 MAAERN mAP LEE
50%-25%-25% 30%-35%-35% 10%-45%-45%
ik 2T T2I T 2T T2I T 2T T2I X
JFSSLP?! 0.129 0.133 0.131 0.128 0.129 0.129 0.124 0.132 0.128
FSH"" 0.152 0.147 0.150 0.146 0.143 0.145 0.145 0.139 0.142
JRLE 0.489 0.479 0.484 0.398 0.367 0.382 0.112 0.176 0.144
NeYaa 0.560 0.614 0.587 0.546 0.578 0.562 0.466 0.485 0.476
MTFH* 0.406 0.642 0.524 0.366 0.609 0.487 0.125 0.109 0.117
SDML! 0.449 0.441 0.445 0.442 0.444 0.443 0.376 0.354 0.365
DSCMRE" 0.679 0.695 0.687 0.650 0.670 0.660 0.556 0.565 0.560
AR 0.762 0.754 0.758 0.747 0.745 0.746 0.729 0.720 0.725
#6 HIESHEA Transformer EREY (3) XA e e A A Kb 4= 19 T il S 56 45
JERSCIS mAP ZERXTEE R 8 Pran, o, Paired+Only oA 25 Hl 2 Z P
JRE Wikipedia Pascal-Sentence A5 RIS KR R RE, Paired s {UFH 764
RARES  masik  FEN  WABGR  FEN B B A TR DAL 10 B B R R . T
50 0.585 0.578 0.758 0.747 DLE Y, TR b 4 SR i A 4G 2R 5 v LU AR
30 0582 0576 0746 0731 5 A6 RS R 0K 2R 7 o LA I B
10 0570 05T 0725 0722 KRR, IR T AR SCHR 0 4 M B
o L — BRSBTS I SR AR RE 1 R A B
F 7 HBESIREN RIS 4% B H AL SIS mAP S5 R xdtt
N Wikipedia Pascal-Sentence NUS-WIDE XmediaNet
ko FFN  Cro-att FFN+Cro FFN Cro-att FFN+Cro FFN Cro-att FFN+Cro FFN Cro-att FFN+Cro
50%-50%-0%  0.568  0.569 0.584  0.719  0.758 0.753  0.613  0.572 0.623 0712 0746  0.773
50%-0%-50%  0.573  0.575 0.586  0.729  0.746 0.755  0.616  0.587 0.622  0.704  0.756 0.773
50%-25%-25% 0.571  0.582 0.585  0.731  0.755 0.758  0.619  0.621 0.625 0714  0.763 0.779
30%-70%-0%  0.557  0.552 0.566  0.696  0.744 0.741  0.602  0.605 0.614 0694 0724  0.755
30%-0%-70%  0.560  0.560 0.580  0.704  0.730 0.736  0.609  0.612 0.616  0.690 0724  0.755
30%-35%-35% 0.567  0.570 0.582 0713 0.742 0.746  0.618  0.622 0.626 0710  0.749 0.777
10%-90%-0%  0.516  0.507 0.542  0.578  0.657 0.637 0583  0.595 0.593  0.633  0.651 0.701
10%-0%-90%  0.531  0.521 0.559  0.598  0.646 0.649 0595  0.546 0.608  0.636  0.674 0.728
10%-45%-45% 0.562  0.571 0.570  0.690  0.728 0.725  0.614  0.619 0.623 0713 0.721 0.772
100%-0%-0%  0.584  0.581 0.593  0.746  0.770 0776  0.621  0.614 0.625 0715 0.786  0.782
F* 8 IREHEAHARMESHERSEE mAP &Rt
N Wikipedia Pascal-Sentence NUS-WIDE XmediaNet
Bk Paired+Only Paired Paired+Only Paired Paired+Only Paired Paired+Only Paired
50%-50%-0% 0.584 0.572 0.753 0.734 0.623 0.611 0.773 0.756
50%-0%-50% 0.586 0.572 0.755 0.734 0.622 0.611 0.773 0.756
50%-25%-25% 0.585 0.572 0.758 0.734 0.625 0.612 0.779 0.754
30%-70%-0% 0.566 0.555 0.741 0.710 0.614 0.602 0.755 0.735
30%-0%-70% 0.580 0.555 0.737 0.710 0.616 0.602 0.765 0.735
30%-35%-35% 0.582 0.558 0.746 0.697 0.626 0.605 0.777 0.734
10%-90%-0% 0.542 0.514 0.637 0.593 0.593 0.574 0.701 0.667
10%-0%-90% 0.559 0.514 0.649 0.593 0.608 0.574 0.728 0.667
10%-45%-45% 0.570 0.521 0.725 0.563 0.623 0.569 0.772 0.665
100%-0%-0% 0.593 0.593 0.776 0.776 0.625 0.625 0.782 0.782
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(4) 7 Wikipedia F1 Pascal-Sentence $U#E4E I,
PESEEA BRI A 50%-50%-0%, 50%-25%-25%,
30%-70%-0%, 30%-35%-35%, 10%-90%-0% %I
10%-45%-45% T, Xof AN [+ 415 B {0 ) ) 5 25 A
FBIREAT I RS, 253Nk 9 MK 10 R, 7]
AW, 76 2 MAEE L, M4MHF A8 1, -1

O B, FERD RS Y RE R IR ERE; b TR
R B (1) 5 s A 1l 7 07 R AE Y AR e, e B
A7 FEAS [ 2 7 -1, 1 F1 100 FOPERERORAE A
ME; ZEA R X SRS U, 24 A =1 R, R
A D A B B K R 7 ik e U R AL Y
o M RE.

9 7f Wikipedia H#E & _EH#HD & (LRI AYIHRASEIE mAP Z5 RXTEE

A TR M 50%-50%-0% 50%-25%-25% 30%-70%-0% 30%-35%-35% 10%-90%-0% 10%-45%-45%
A=1 0.580 0.582 0.570 0.579 0.538 0.574
A=-1 0.584 0.585 0.566 0.582 0.542 0.570
A=0 0.585 0.584 0.571 0.577 0.540 0.570
-1 0.497 0.521 0.420 0.440 0.289 0.290
1 0.479 0.522 0.435 0.424 0.293 0.290
100 0.495 0.458 0.392 0.438 0.314 0.175

# 10 7£ Pascal-Sentence {85 _E#5 SR EE AOTHRESCIE mAP 25 R 3tttk

HE 15 5 mis 50%-50%-0% 50%-25%-25% 30%-70%-0% 30%-35%-35% 10%-90%-0% 10%-45%-45%
A=1 0.753 0.758 0.741 0.746 0.636 0.724
A=-1 0.753 0.758 0.741 0.746 0.637 0.725
A=0 0.753 0.758 0.741 0.746 0.639 0.724
-1 0.601 0.678 0413 0.564 0.245 0.319
1 0.600 0.664 0.491 0.565 0.256 0.325
100 0.590 0.514 0.467 0.397 0.279 0.193

3.7 BHHAMES

F T MR M 24 2] () 28525 Transformer 7%
ZRARALS Transformer., SLRIMES: 7 5] RIS pL
SRz, ROFOUFa,p,yix 3 MESE. NT
A3 3 MBS RO R E BE AR IR, FE 4 S FEAEEL
Pt L AT SROURPE SRS, 2R WA 2 s, AR
SCE g, I — A S B, o S Bk
FE, AR S 5 U

ME 2 TEH: (1) WTF a, 4 MEEREHE K
AL FEE B SERE N, Wikipedia $HE4E,
1) mAP IR ETE, S o Ml 10 B, mAP JFiR
TR, 4 o BUETE 10~1 000 i, mAP 23 T, BT
Ph o B9 5 A BUE S F o4 [0.001,10]; %F F Pascal-
Sentence, NUS-WIDE #l XmediaNet $(#54E, o )
B DG B 75 Bl [ AR 4[0.001,10]. (2) XF TS %k
B, 4 DEWEREE LR AL A — 2,
FE[0.001,0. 11K R L REMF 2 M A MG K GEH, 25
PEREZH A T8, FrLL, B BUEE 0.1,
1000]. 3) HSH y tEREEMLBEHR S B o
AL, HA A BUE i 24[0.1,1 000].

BEHMSH a, B,y WEURMESLE AT LLE H,
e SRR B LR, BESKRIEERS
— B MRRE Tk, FWIA SCHRE A S A R i R
K 207 B — 5 & B b T fg
3.8 WS

T A3 AT I S RS AR A s s, F
3Tk scs, 45 3 Fion. wTIE S, B
FRllIErR o G | PN FEEE R ST N R S N
2 e B Hia T -2, Wikipedia F1 Pascal-Sentence %%
PEAETES 100 DUIZRAS I B I IT b6 TR ; NUS-
WIDE 7E%% 80 Ml ZhfE R S5 R AE T FRHT 2%, Fifi
FH IR B AN, XmediaNet 7655 200 NYIZR4E
WIFLR R AS. LRSS R, AR SCRAIE &
AR5 BUG P e s, AR T ISR R
FEHY (I 2T FE.

4 &

AN SR H A S RUARE & SR S AR A B A AR 2
KA, et T — 2 HSRG Transformer



530 TR B S BB %53k %37 &
0.6 0.6 0.6
Ay
% 0.4 % 0.4 S 04
0.2 0.2
3 2 -1 0 1 2 3 3 2 -1 0 1 2 3 3 2 -1 0 1 2 3
lga lgp lgy
a. Wikipedia $HE5E
08} 081
% 0.6 a 061
04} g 0al
0.2 L 1 L 02 I I I I I I )
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
lga Igp lgy
b. Pascal-Sentence ${#E4E
0.6 0.6 0.6 -
A~y
%0.4- 30.4— E 04 r
02+ 02r 02F
3 2 -1 0 1 2 3 -3 2 -1 0 1 2 3 3 -2 -1 0 1 2 3
lga lgp lgy
c. NUS-WIDE-10 K g4
0.8 0.8 0.8
% 0.4 % 0.4 % 0.4
00 1 ! 1 1 1 1 J 00 L L 1 L 1 1 J OO 1 1 1 1 1 1 J
3 2 -1 0 1 2 3 3 2 -1 0 1 2 3 3 -2 -1 0 1 2 3
lga lgp lgy
d. XmediaNet %t#z4:
—e—I2T; —— T2I
P2 25K b [ 2 U XA R PERE I 52
g 210 3 g 110 « TS RIS b, ASCRBIHE R T 08
200 \
g % 100 I PERE.
:H< 190 \. 90 e
E 180 e, X T e
1 1 1 1 E\ 80 1 1 1 1 ]
0 100 200 300 400 0 100 200 300 400 = s .
IR TP % 3Rk (References):
a. Wikipedia b. Pascal-Sentence
. [1] Peng Y X, Huang X, Zhao Y Z. An overview of cross-media
& 630 F o m 240 , i
= 600 \. retrieval: concepts, methodologies, benchmarks, and chal-
E 570 E 160 \'\. lenges[J]. IEEE Transactions on Circuits and Systems for Video
Bl “teege, | SO0 e Technology, 2018, 28(9): 2372-2385
0 100 200 300 400 0 100 200 300 400 [2] Yin Qiyue, Huang Yan, Zhang Junge, et al. Survey on deep
YFK YIRFR learning based cross-modal retrieval[J]. Journal of Image and
c. NUS-WIDE d. XmediaNet Graphics, 2021, 26(6)' 1368-1388(in Chinese)

Bl 3 A SCRORIAE AN ) K £ B s
DENIE IO

(3]

Fey AR A S s ], M) 0 SR 52 TR gk 2

(iﬁﬁﬂt, R, TR, S BT SRS R S
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Jing M M, LiJJ, Zhu L, et al. Incomplete cross-modal retrieval
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the 28th ACM International Conference on Multimedia. New

RIS PME B AN 4, SR 38 A Py RS (] 1) 40
L BE T A H L RINE s ), R s LA L g2
] () 250 L ER/RBE T S5 o S AR A S K 3
f) Transformer A5 7122 > BIASLGT 2%, B GRAR
B S P 285 R 1 SO, 7E 4 DSBS RS R R 4K
PEAE I 0 S g0 45 FAIE B, RS o8 £ P A g2k
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