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Dual Gating-Residual Feature Fusion for Image-Text Cross-modal Retrieval

ZHANG Changfan' , MA Yuanyuan',LIU Jianhua® and HE Jing'

1 School of Electrical and Information Engineering, Hunan University of Technology,Zhuzhou, Hunan 412007 ,China

2 School of Rail Transit, Hunan University of Technology.Zhuzhou, Hunan 412007, China

Abstract Due to the rapid development of the Internet and social media,cross-modal retrieval has attracted extensive attention.
The purpose of cross-modal retrieval is to achieve flexible retrieval of different modalities. The heterogeneity gap between diffe-
rent modal suggests that the similarity of different modal features cannot be calculated directly, making it difficult to improve the
accuracy of cross-modal retrieval. This paper proposes an image-text cross-modal retrieval method for dual gating-residual feature
fusion(DGRFF) , to narrow the heterogeneity gap between the image and text. By designing gating features and residual features
to fusion the features of image modality and text modality, this method can gain more effective feature information from the oppo-
site modality , making semantic feature information more comprehensive. At the same time, the adversarial loss is adopted to align
the feature distribution of the two modalities, to maintain the modality invariance of the fusion feature and obtain a more recogni-
zable feature representation in the public potential space. Finally, the model is trained by combining label prediction loss, cross-
modal similarity loss and adversarial loss. Experiments on Wikipedia and Pascal Sentence datasets show that DGRFF performs
well on cross-modal retrieval tasks.

Keywords Cross-modal retrieval, Heterogeneity gap,Gating features, Residual features, Feature fusion
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sis, CCAOP R R BB R k2 —, B 09 H b2 8 it fx
KA A 35 4R 2 ) Y A DG M 2R 33 4 3t 7 s ] 5 4k iy X
1 CCA b HEAT U 32 A% M B AR 564 43 #7 J7 ¥ (Kernel Ca-
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Pl B AR CCA HEATH R, ) F A% bR 0K 25 535
B AR DG B AL S5 B2 B S T Al DR BN A R 2k
M, BAREMNEBEESKR LRID T RIFMHEGE. AR
X EETE T a5 4 2] B By R 2 Pk WL dt , BT 22 > iy &5 (R A —
FE 2R B2 2] B MR AR 12 Y RRAE R TCEE A A0
2 ) PR TR RS 10 s 4 i AR B .

Wi 25 TR B = > B AT VR BE A 48 ) 2% (Deep Neural Net-
works, DNN) A RULE EHG R A 4R 1 & Ab #1145 TS AT 55
R R T Ak RO [ A BN 1 18 7 T 3 e A A 5 )
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8-S VG IE 5 BT g R, el ) 1 b B T AR DX I B3]
Yy bR SCHEWT UG- SCA T 35 (9 AP . Cornia 60 SR
— BRI T2 RG2S ZS (B0 7 15 4 TR SCBE EAS
O 2R A Sy T SRR A L 45 114 (8] R SCA R AE AN IR
FRAE A T B R S A 2R . Wang S50 $2 H — R 1
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Distance, 1SD) , 8 i il 5 3C A #1522 8] (19 18 SCHE 25 5k &t 1k
PidRAR M — Bk, Peng VAR — Rl e TS5 E By
T £ 5 A% 25 AR 0L 14 R B % & J7 ¥ (Modality-specific Cross-
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PR T8 S5 TR 3 Ao A BT T I 4 58 43 R ] — S B S AR S
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5 B BO0R e St 3 — A FE [ A BB 45 ) o, G Cao 00 4 1 —
st ) it 70 I B 0 WA A A AU (Deep  Visual-Semantic Has-
hing , DVSH) , AU 44 ji — A~ 2 > BARAN SCA ) 1 3K 4 ik
N BB T SCRL G T 45 o LA R R T 06 A o 500 2E P A
B EHEGA RSN, Lin U5 H T 5 SORE B A E
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SCHR A 53 SRR 2 20 88 23 HE AT etk A S BB R A i
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T RIFROR . (HJ TR BB T, A ey 58 3k — 20 45 /)
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AR AFHE 6 T F BB R RS . Wa 5500 42
T — R 2SR A R IE S 2 S = AR AE AR X HE I 4% (Mo~
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AR S, XIS — MR E R A S,
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AR GE A 2 T TR S A3 (8] 19 J7 URE A% 4 /N A [ A B
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i ZBEAS A 1 7 2R i e aX — 18] B, Guo 46700 7E R -
WU RAT 55 BT T — A R BE L6 & A3 45 (Deep Visual-
Audio Network, DVAN)$§ UG HI& Sk A7 b4 3l i 2 2] —
A~ 22 A5 25 R A R ) IR PTG 0 B AR DG L LA SR R 5 &
ARAYVCEC BE . Beltran ZPU R T — FhIR EF 2B 8 i AR
(Deep Multimodal Embeddings. DME) , ‘& % #i 3¢ ] 2 (Vi-
sual-Question-Answering, VQA) Fl TR E LK ¥ il i
456 AL 50 FRAE TN SCAS FRAE 1S B 2 B Rl G R AL B AT AR
BARR, KK TR R, Dong S 1  —Fh 5 B35
BRI B0 I7 6 T A R R A 18 PRI R 7 380 L R
T IAL AT MAR B A 2 v ARG BE A R R AR [R) I SR R
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F] 1Y S e 22 0 SR R R,
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Ly ooy l, JER™",

3.2 HREUEZR

HERUHEZR AN 1 B  BERIAE 2R = 24 5 4 A4 - D i
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1024, B84 1024 4k 00 558 AF F1SCA 45 AE S A 2 @l 5 9
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\ 2 S \ (T T T T T T \
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Fig. 1 Framework diagram of the proposed method
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e SRR AE 2 10 A5 F) — A R LS R IE . Dong 45
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o AR R 19 )2 VGGNet BRI BoW #5215 38 B Y 151 3¢
FRAE
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B L i MAP 4350, 25 R E I 7E Img2 Txt, Txt2Img # 4>
F55 UL B AT 55 B9 2 {H Average W, AR X 2% B MAP
Oy BCER I AR AL . BLAROSKR UL, AR SO B #E Wikipedia
Bl 4E 1Y Img2 Txt Al Txt2Img b A MAP 23805 Ak 77
A B4R B T 0,272 F1 0. 256, %F T 7 Pascal sentence ${HE
£ F Y Img2Txt fl Txt2lmg B MAP 20505 A 7 2 e 4
BIAEE T 0.112 #00. 099, MLERZE T, TFIREHIMW
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Table 1 Comparison of MAP scores on Wikipedia dataset

Method Img2Txt Txt2Img Average
CCAL8] 0.236 0.208 0.222
LCFSE30] 0. 280 0.214 0.247
GMAD 0.272 0.232 0.253
ACMR!!2] 0.509 0.535 0.522
DRSLI23] 0.458 0.435 0.447
DSCMRE!9] 0.493 0.438 0.466
szmclsz] 0.521 0.470 0. 496
MARS33] 0. 486 0. 402 0.444
DGRFF w/o fusion 0.500 0. 440 0.470
DGRFF 0.793 0.791 0.792

# 2 Pascal sentence $¥E4E L MAP 75 L 55

Table 2 Comparison of MAP scores on Pascal sentence dataset

Method Img2Txt Txt2Img Average
CCAL8! 0.457 0.451 0.454
LCFSE30] 0. 344 0.267 0. 306
GMAD 0.427 0.339 0.383
ACMR-12] 0.663 0.675 0. 669
DRSLIZ3! 0.617 0.630 0.624
DSCMRE19 0.725 0.723 0.724
szmchszl 0.739 0.722 0.731
MARSL33] 0.730 0.736 0.733
DGRFF w/o fusion 0.704 0.714 0.709
DGRFF 0. 851 0.835 0.843

# 1 F3 2 B DGRFF w/o fusion 7 ¥ A @l A BB
B DGREF A8 {&, &5 Al LA B %A fl & B 2 )5 . 7
Wikipedia 3T #% % | 19 Img2Txt 1F % B9 MAP 43 % 0. 793
B2 T 0. 500 LA B Txt2Img 145 1) MAP 43 $ 1 0. 791 [ %)
T 0. 440; 7£ Pascal sentence £ #fi 4 I 9 Img2Txt 1% 55 1)
MAP 434 0. 851 &3] T 0. 704 L K Txt2Img 155 19 MAP
A3B0M 0,835 BEEI T 0.714,
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Fig.2 Precision-Recall curve on Wikipedia dataset
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Fig. 3 T-SNE visualization on Wikipedia dataset
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1.4.2 IE RS

o T VPR A SO R AR G 2R PR R A RO AR SO 3R U
A3 3 AR B — AR B AR A T 4 2K 19 25 & DGRFF
w/o & 5 A R WA T A RS RE A 11 R AR 5 R i AR A
DGREF w/o Gz, 5 = A& B AT B8 25 8 248 40 2% #9728 1A
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Table 3 Ablation experiment results on Wikipedia dataset
Method Img2Txt Txt2Img Average
DGRFF w/o 61 0. 746 0.750 0.748
DGRFF w/o G2 0.788 0.772 0. 780
DGRFF w/o 63 0.776 0.771 0.773
DGRFF 0.793 0.791 0.792

2 4 Pascal Sentence $UEfE I 0914 fll 52 56 45 1

Table 4  Ablation experiment results on Pascal Sentence dataset

Method Img2Txt Txt2Img Average
DGRFF w/o ¢ 0. 800 0.797 0.798
DGRFF w/o 6> 0.838 0.833 0. 835
DGRFF w/o 63 0. 830 0.827 0. 829

DGRFF 0.851 0.835 0.843
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Fig.4 Iterative curve of objective function value
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