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Matching with agreement for cross-modal image-text retrieval

GONG Dahan"?, CHEN Hui*’, CHEN Shijiang*, BAO Yongjun’, DING Guiguang'”

(1. School of Software, Tsinghua University, Beijing 100084, China; 2. Beijing National Research Center for Information Science and
Technology, Tsinghua University, Beijing 100084, China; 3. Department of Automation, Tsinghua University, Beijing 100084,
China; 4. Zhuoxi Institute of Brain and Intelligence, Hangzhou 311121, China; 5. Jd.Com, Inc, Beijing 100176, China)

Abstract: The task of cross-modal image-text retrieval is important to understand the correspondence between vision
and language. Most existing methods leverage different attention modules to explore region-to-word and word-to-region
alignments and study fine-grained cross-modal correlations. However, the inconsistent alignment problem based on at-
tention has rarely been considered. This study proposes a matching with agreement (MAG) method, which aims to take
advantage of the alignment consistency, enhancing the cross-modal retrieval performance. The attention mechanism is
adopted to achieve the cross-modal association alignment, which is then used to perform a cross-modal matching agree-
ment with a novel competitive voting strategy. This agreement evaluates the cross-modal matching consistency and ef-
fectively improves the performance. The extensive experiments on two benchmark datasets, namely, Flickr30K and MS

COCO, show that our MAG method can achieve state-of-the-art performance, demonstrating its effectiveness well.
Keywords: artificial intelligence; computer vision; vision and language; cross-modal retrieval; matching with agree-

ment; attention; convolutional neural network; recurrent neural network; gated recurrent unit
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Table1 Comparison with state-of-the-art methods on
Flickr30K

BRSO AR R EME
itk R@sum
R@! R@5 R@10 R@! R@5 R@10

DVSA 222 482 614

529 — 872

152 377 50.5 2352
VSE++
DPC 55.6 81.9 89.5 39.1 69.2 809 416.2
SCO 55.5 82.0 89.3 41.1 70.5 80.1 418.0
SCAN* 67.4 903 958 48.6 77.7 852 465.0
PFAN* 70.0 91.0 95.0 504 78.7 86.1 472.0

396 — 795 —

SC* 69.7 91.7 96.4 540 79.7 87.2 478.7

MAG(A ) 721 92.8 967 52.8 80.2 87.1 481.8
MAG*(A<3X) 74.4 93.0 96.8 54.3 81.0 87.9 487.4
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Table 2 Comparison with state-of-the-art methods on MS

COCO(1K)
I TZ SN IAKRER
R@1 R@5 R@10 R@! R@5 R@10 R@sum
DVSA 384 699 80.5 274 602 748 3512
VSE++ 646 — 957 520 — 920 @ —
DPC 65.6 89.8 955 47.1 79.9 90.0 467.9
SCO 69.9 929 975 56.7 87.5 948 4993
SCAN* 727 94.8 984 588 884 948 507.9
PVSE 692 91.6 983 552 86.5 93.7 492.8
SC* 73.8 953 983 599 889 949 5l1.1
MAG(AI) 752 954 983 59.1 87.9 943 510.2
MAG*(A) 761 957 98.5 60.6 889 958 514.8

&3 MSCOCO (5K) E3fLE&ER
Table3 Comparison with state-of-the-art methods on MS

COCO(5K)
PG 2 SA AR ER
Ik R@sum
R@1 R@5 R@10 R@I! R@5 R@10
VSE++ 413 — 812 303 — 724 —
DPC 412 705 81.1 253 534 664 3379
SCO 42.8 723 83.0 331 629 755 369.6
SCAN* 504 822 90.0 386 693 804 410.0
PVSE 452 743 845 324 63.0 750 3744
MAG(AI) 52.0 81.3 90.0 37.2 654 77.9 404.8
MAG*(A ) 541 827 90.8 38.6 67.8 79.0 413.0
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Table 4 Effect of the semantic consistency objective
FIRR R SR SUARKTR E B

" Ral R@10 R@I R@10
0.0 70.6 96.6 50.6 85.6
0.5 71.2 96.7 52.0 86.8
1.0 72.1 96.7 52.8 87.1
1.5 70.9 96.2 523 86.7
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Table 5 Effect of the agreement layer

FALS) e &N ARG EE B
R@  R@I0 R@  R@I0

FantFag 731 96.7 52.8 87.1

Fant AG 594 96.0 50.8 86.1

Fant AG) 500 96.2 523 86.4

Fun 69.7 95.8 51.1 85.9
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Fig. 4 Examples of the proposed MAG method
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