0 Vf :ﬁ- *fh 1‘*‘ ? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 190600181

H [ B R SREZRHEEE W EEE

B— HwRHE BFEEH X B RHE
HIRBRAFERSHRHEIRE¥K & 610054
(1277325835@qq. com)

H E REBR. XA FF ARTIEIMALUBALAERK ANTEHLOALZEREARA AP EISEZ
BFrizfE, Am  wTEAEFMEEZF ERRAAREREZN FRASAMED R LA KL, A F i RKHREFHH
BERHEERRERE AT AL TR, BB RKEL L PEAEFXIAGLEEEETE X R, MBRT HHEA
E:%rfé@,l:?iﬁﬁﬁn%u)%rﬂémh MRXEEE AR FEAPBREEEXRE, AR, X PRILAARBRAEZEIRNLEHER
(CoAN) il B £ S HARBEN ALZ LR D> RIBBASMMEY E S, CoAN A A T %4 4 VGGNet 4 R Fo 45
AP 22 W % am%bd{b#%ﬂl@i%%ﬂxiié‘véwﬁ;\#%411,%-' F ARG R R A ALH] R IR GE E Ao AL S 28] 0 dn R R AR R R R, 9%
R R 5] LA Ae BB oA R A Roh A kR GBR R SRk RGh R E, EFBRAB. EFHANATZ
1 R 64 % #%"iﬁ}?;%,t CoAN # -F 3 e # F 394 (mAP) BT T A s b or ik, LA & BB Ao B &k LA mAP L5 5 ik
5] 0.807 #2 0. 769, FI R . CoAN A THAMN S RAK BN AL EZERBPHREN MEEG X LE L, A LERE L
éi&#ﬁaéﬁm@#am‘&,;}%fﬁ?ﬁax
KBRS R R IEE DA b EAF AR B IR A S BB
FEZESES TP391

Collaborative Attention Network Model for Cross-modal Retrieval

DENG Yi-jiao,ZHANG Feng-li,CHEN Xue-qin, Al Qing and YU Su-zhe

School of Information and Software Engineering, University of Electronic Science and Technology of China,610054,Chengdu

Abstract With the rapid growth of image, text,sound,video and other multi-modal network data,the demand for diversified re-
trieval is increasingly strong. And cross-modal retrieval has been widely concerned. However, there are heterogeneity differences
among different modes. It is still a challenging to find the content similarity of heterogeneous data. Most of the existing methods
project heterogeneous data into a common subspace by a mapping matrix or a deep model. In this way.a pair of correlation rela-
tion is mined,and the global information correspondence relation between image and text is obtained. However, these methods ig-
nore the local context information and the f{ine-grained interaction information between the data,so the cross-modal correlation
cannot be fully mined. Therefore.a text-image collaborative attention network model (CoAN) is proposed. In order to enhance the
measurement of content similarity, we selectively focus on key information parts of multi-modal data. The pre-trained VGGNet
model and LSTM model are used to extract the fine-grained features of image and text,and the CoAN model is used to capture
the subtle interaction between text and image by using text-image attention mechanism. At the same time, this model studies the
hash representation of text and image respectively. The retrieval speed is improved by using the low storage and high efficiency of
hashing method. Experiments show that,on two widely used cross-modal data sets,the mean Average Precision (mAP) of CoAN
model is higher than that of all other comparative methods,and the mAP value of text retrieval image and image retrieval text
reaches 0. 807 and 0. 769. Experimental data show that CoAN model is helpful to detect key information and fine-grained interac-
tive information of multi-modal data,and the retrieval accuracy is improved by fully mining the content similarity of cross-modal
data.

Keywords Cross-modal retrieval, Collaborative attention mechanism, Fine-grained feature extraction, Deep hash, Multi-modal

data

FIHE H1:2019-06-28  RMEH I .2019-10-08  ALEIMATFHEA AR COSID) L3 £ 4l EJ7 — e R IUH (5 L .

H T H E R AR I H (61272527 5 U A RBHE R 5 H (2016GZ0063)

This work was supported by the National Natural Science Foundation of China (61272527) and Science and Technology Program of Sichuan Pro-
vince, China (2016GZ0063).

WEVEE K R F ([zhang@ ueste. edu. cn)



AR — 1, A5 < THT [ B A 2 A 2R ) IR T 8 0 IO 4 A Y

1 3l

il

Wi 2 AR BRI E AR R W RS RE R
eI 2 AT 2 BRI TF AR R TR L P 38 U0 A S AR %
TR R G Hp — o 0 28 R SRy A ) K G 0k A AR LA AR R S
Iy — FIECHE S AL Y N 2 0 0 SCAR RS R TG, SRR A R S
A SRR, BTSSR R . BESK R AR REA Z0H R A
XHE B R B R E R T2, P SR AR .0 iy AR 55, dn
e i LA K SCFE N A N ARG ES M. WA,
RS R R B AR T LR 2 2T 0 K AN L R R R 4
AR KRR T HIL S SRR TR R AT
2R AN E RIS X,

P AL S K AR T L) I Ak RS [ B 14 B 3 4 B T
P T EL A — o (A AR o 2 I 2 R AE 2 S5 1 DL
PEVI ST AT AL B B0 A 7 ST I ) L S A SR
T S A i) R — T RS A AR M L R 1 T R B
BEF ORI 4 W 45 1B 2 K 202 9 R ] A S 1 — A~ A 3k
T ), P2 30 57 K5OI (0 & SRR L DG &R L T 2 M T N R A
T SCHE M 4 R 0 AR BE AR AE 5 R B , 30 28 O 3k R BB R ]
RS 1 T8 SCAH S50 LA MR B0 15 8 2, SR TS R AR S A 1
B RPN E A 06 R ZE R R TR — 1 SR MR B
ARG,

TS A ) ASS 25 48 3R] — 1 SRS 75 B9 17 8B S 4, i LU
2 TS0 0 AR B AR 56 R A A5 ), AR SCHE S — b 3 T ML
55 VR B85 W A 114 SCAS- TR G D T) e 2 00 4 A, AR SO
TR AN TR + 1) 1) 5% B8 1 422 TR) 446 48 B 25 R AiE R J2 TR 1Y) 1 5
88 £ ] F 4R BE A B AR 4R B 5 2) 4 i SCAR- PR % b [ 3 7 R 4%
A, i By 2 ML A Y048 B A 5 R [0 40 1 1) 32 AR
AT 2 45 T8 4 B R AE 22 718 5 3) 2 20 WS A bR BCKS FR IE 55 10 o —
PR R PR T R R 5 ) AE AN I 8 A B A
ARIHERLE 6 PR F IR IEAT T LS H L B E T AR AR
A S5 A S 2

2 MXTIIE

RR L VEYNNEZ: XA R v o N DA PR 1 NI By
5 v TR B R 5 4% I A S B T A W A G B L, AR
Gy AR A W R A 3T O Ik WA A O Ik AR R A
2T H BN
2.1 EEEWEFZE

PSRRI M 5 v Xt T A A S B 1 R AE SR AT AR UM R
TR s PR I 22 B A R AE B B 3 — A 6 ) A T I s ) b kAT
ARABL P B A

Kumar 455 4 H #9590 K 18 % 8 3% (Cross-View Has-
hing, CVH) , ¥ 1% I 75 55 12 (Spectral Hashing, SH)™ 1% 4t
FBALS Y TR B 2 M8 ) 5 38 i /N R A BUR: A 1) g BH B
VT B8 A A AR RLAE A 1 Vg W B B Ok 2 3] PA 45 PR8I, Ding
Sl 3R Y B B SR B ) f M A5 B 7E (Collective Matrix Fac-
torization Hashing, CMFH), CMFH {5 i% 7/~ [F 4 25 Y 7] — 4
REAS A R [ B WA 7 S . Zhang 45000 48 M 38 SO 56 Bk Ak

(Semantic Correlation Maximization, SCM) & £ , 76 N 57 I 38
AR IE BT, R B 2 2 7 2 (SCM-Sequential Learn-
ing, SCM-Seq) & i 2% > W& A7 R &L, i T 4 3R 08 52 4% 1) S B
45, Lin 0 I T 3 X MR B WA A (Semantics-Preserving
Hashing . SePH) , ¥ Il SR B4 19 78 o5 F0 g 5 4 o MR 4 43 A
il 33 & /ME KL #E (Kullback-Leibler Divergence) ¥ H 5 i
Y 5 ) H R o > 1 I A B HEAT I ABL . 3X BT B R AR e v
2B BRI T R L AE — R LB S Y T X 4
PERAE , 4k 1 FEAR 1 27 ) e A B Y B R

ERZ SRR LY DR BE 2 2] RR TN 5T 43 Mb 3R U SURHIE
Jiang 4508045 H VR B 85 455 25 14 i (Deep Cross-Modal Hashing,
DCMH) , HATRHAE I A 5 27 > 42 B3 7] — A HE 42 L % HE 42
AN LA TR B A 2 I 46 1 i B i 2 ST HESL . Yang D4R
H T BN O AR Y 5 AR S A K TR B G Ay (Pairwise Relation-
ship Guided Deep Hashing, PRDH) J5 ¥, % I ¥R B ¥ FR A 4
PO 2% A5 28U, 7 i ) S A 2R 5 ) b TR I 2 ) R AR S Y R AE R
7 FIG 75 A
2.2  Attention #1 %I

PLSE 3 PL R Tz B T R AR 4 R0 B R R
B R R ) AT A . R SOAR R
ML C BB R AL 2% BRSSO A gt A i O
BRI AR AT S

I AE SR A AT 4R L R T BEATL ALY T ek o i o &) ST IT
Fic i) 1) 8, Huang 550" 42 H o6 5 1k 22 B8 35 1 J id 12 W) 4%
(Selective Multimodal-LSTM, sm-LSTM) , i% J5 & & — F I
OSSR R T 58 5 T AR PR M 1 R AR - SCAR R A R G
BEIXH, Nam S50 48 B0 22 ™ 46 (Dual Attention Net-
works, DAN) , il i1 22 4> 20 B8 41l $2 00 56 #1165 2 [ /9 K5 4l 52
HAEM . Zhang %4 — R B A A 2 AL S B X B A W
2% T S e R b O TR 2 RS BN B0 A R R R 0 ok B B N A
ARV B . R Tr B R B, T LR 78 25 45 S A R
B FH B 5845 A R 0 R R 25 1]

3 BHESHRBEENX

RS R 8 MO A A7 AETE 2, A SO 8 A TR A 45 SC
(AR S SR € R e ¢ W N PR (ER - X i BN IR 7R N
Fff . BERASAG SR A RS ) 3 i R R e —
PR BOE R R 5 2 18 S ALY o) — B HE .

P RE S 2R 1) A 11 AR A 2% > — b 5T 285 A0 R {0 1 B2 o
Sim, X F 45 € B A IR x, € X, 3R 8] 5 A7 LAY o5 — R3S 1 B
A (D PR

y:m‘in Sim(x,—y:) [@D)

B n A INGRFEAR AR A L& I8 AU R oA
L MIE KRR AR ST B SCA 5 ]G il A2 1 B A6 2
R, 45 B R BO0R 45 X SCARBUE 48 Y X R 1Y b
AR C 3 I B IS 25 R AF L 2 2 I v B A R B0 H(OXO il H
V) i PR AN SOA G $ 28— A S [ 9 — 9E il A5 25 ], 7R 3% =5
Vi) 0 ) R AR AR S 2 2t PEAGOR SCA BSOH 19 AR fBL 4

ARSCH B BT A £ FAR G B 3% 1 B gl



56

Computer Science TFFHLEIE  Vol. 47,No. 4, Apr. 2020

xS IR

Table 1 Symbols and interpretation

5

LR

X=[x;.x,..x, JERH "
y:[yl ’yZ""’ynjeRd? *n

C=[c,+cys e, JER

I I I I I
Vi={v] 0y, s0; 50000, )

VI = (o] o] ool e 0] )
1 2
qimg‘qtoxt
ko k
sw) b
k k

img * Vtext

~- k ~ .
Sim} . Sim

HAE X MERBMERNFELEE N d
XREYin MEREMERGHEEL N d2

KARERCHRAXFHIABHAEXRRY F8 i MHEAZ-AHERSx .y, ),

FBF— A% ¢, 3t i=1.2,0n
MABGHRERT, o] REFS MERKENHERE
KAME U ER Tl KR AL AL LT X P WS U
B X kW 0
ENN-NACE S %

BREREEHER XABERTAE
SRERM.XAREERTHE
% b BB R L R L

ko k
a; sa; s

I=1,T—>T ,I>T,T—~1

FrEAG XAERARE

XARME XA EHGAFEG E G R OR CRREER
ARZBMWHAEH A>BETHABRSRE B ESHHXHE A RTEEHHE.

B % 7/ & #AEEABULT)

4 HEOBEESKRENBREE IMEER
4,1 HEEGRR

ARSCHE B RLS R R AR R E e T 5 ROR G EER
HOW Ay eE 2] 3 A BEH N, BAR R ME 1 R,

XA-B B

Bl 1 BB R R A O

Fig.1 Flowchart of cross-modal retrieval model
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