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Multi-granularity alignment network for image-text matching

WANG Xufeng', ZHOU Di', ZHANG Fenglei', SONG Xuemeng®, LIU Meng'"
(1. College of Computer Science and Technology, Shandong Jianzhu University, Jinan 250101, Shandong, China; 2. College of
Computer Science and Technology, Shandong University, Qingdao 266237, Shandong, China)

Abstract: To precisely match image and text data, a multi-granularity alignment network (MGAN) was proposed. By adopting a
contrastive language-image pre-training model and a Transformer-based bidirectional encoder model, MGAN extracted information at
three different granularities: patch level, regional level, and global level, addressing the shortcomings of single-granularity
information matching. A multi-level alignment mechanism was employed based on the characteristics of information at each level. At
the regional level, a multi-view summarization module was integrated, allowing MGAN to effectively handle the one-to-many
description problems between images and texts. At the patch level, a cross-modal similarity interaction modeling module was
introduced to further enhance the detailed interactions between images and texts. Extensive experimental results on the publicly
available datasets Flickr30K and MS-COCO demonstrated that MGAN achieved promising performance, confirming the effectiveness
of the multi-granularity alignment network approach.
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Fig.1 Multi-granularity alignment network model
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SCAN'! 67.4 90.3 95.8 48.6 77.7 85.2
CAMP" 68.1 89.7 95.2 51.5 77.1 85.3
VSRN!7 71.3 90.6 96.0 54.7 81.8 88.2
MMCA"'" 74.2 92.8 96.4 54.8 81.4 87.8
GSMN'! ! 76.4 94.3 97.3 57.4 82.3 89.0
DSRAN'* 77.8 95.1 97.6 59.2 86.0 91.9
CAMERA '’ 78.0 95.1 97.9 60.3 85.9 91.7
SGRAF"! 77.8 93.4 96.5 61.2 86.7 91.5
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Rl RS RIO Rl RS RIO
cscct! 78.8 96.1 97.6 60.5 86.1 91.3
VSRN++1% 79.2 94.6 97.5 60.6 85.6 91.4
GraDual " 78.3 96.0 98.0 60.4 86.7 92.0
GLEN® 75.1 93.8 97.2 54.5 82.8 89.9
BiKA™ 75.2 91.6 97.4 54.8 82.5 88.6
RCAR' 78.7 94.6 97.6 59.5 84.0 89.5
MGAN* 81.2 96.6 98.7 63.5 88.0 94.0
MGAN 84.7 97.4 99.3 68.9 91.1 95.4

MGAN 7£ MS-COCO $i#E £ Pifh it & F 5
HADSELR Ty e REXT He an e 2 .3 B, Hodh e flt
gL R, B2 2.3 AT AL #E MS-COCO %
I, 280775 0 RE I H KT 7E Flickr30K 4
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PEAETER [ AFAE— 3 22 5% , Flickr30K £ 4542
R S SR R T A FIORS R P b T, (RGO R AR TR
s B0 B, R — I R R A B R
i, MS-COCO B4 )18 AR BB B 4, BRI
i SCTE IR M 5 AT MS-COCO Bl 4 1 [R5 57

I ZFdm 4, Joie e R B SCA R J2& SOAR 31 ER
FIVCELAE 55 T, MGAN #BfETE 1K Fl 5K & &
PR A I PEE , 22 B MGAN 74k B [ BRE Fl 42
TR SRR B S KR e v e I 5
GLFN BiKA .RCAR X} [b, fft i 31 #3008 BERT 2 )5
A MGAN SEBHL T die i (4 DE B v e, E BH 75 18115 -
SCARDERCAE: 55 v g | A BMSR H9AF 2RI T B S0
AR LA ARR Y DL B BB A R TS T 1 S P A
FVCECMERE
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Table 2 Performance comparison on the MS-COCO 1K BN %
o EIG - T 1] SCAR BRI W)

Rl RS RlO Rl RS RIO

SCAN 72.7 94.8 98.4 58.8 88.4 94.8
CAMP' 72.3 94.8 98.3 58.5 87.9 95.0
VSRN! 76.2 94.8 98.2 62.8 89.7 95.1
MMCA™" 74.8 95.6 97.7 61.6 89.8 95.2
GSMN' ! 78.4 96.4 98.6 63.3 90.1 95.7
DSRAN! 78.3 95.7 98.4 64.5 90.8 95.8
CAMERA ' 71.5 96.3 98.8 63.4 90.9 95.8
SGRAF'*! 79.6 96.2 98.5 63.2 90.7 96.1
cscch! 78.8 96.1 99.0 66.6 92.5 96.4
VSRN++[% 77.9 96.0 98.5 64.1 91.0 96.1
GraDual*” 77.0 96.4 98.6 65.3 91.9 96.4
GLFN®! 78.4 96.0 98.5 62.6 89.6 95.4
BiKA ™ 77.6 96.5 98.6 62.8 90.3 95.8
RCAR™ 80.6 96.6 98.6 64.1 90.5 95.8
MGAN* 80.8 97.6 99.2 64.5 91.8 96.1
MGAN 83.4 97.6 99.3 67.2 92.3 96.9

# 3 MS-COCO 5K ¥uflifE Ry PEREXT HE
Table 3 Performance comparison on the MS-COCO 5K BN %
- B4R T 1) A EG T 1)

) Rl RS R]O Rl R5 RIO

SCAN 50.4 82.2 90.0 38.6 69.3 80.4
CAMP'! 50.1 82.1 89.7 39.0 68.9 80.2
VSRN!] 53.0 81.1 89.4 40.5 70.6 81.1
MMCA"'" 54.0 82.5 90.7 38.7 69.7 80.8
GSMN!% — — — — — —
DSRAN! 55.3 83.5 90.9 41.7 72.7 82.8
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o G - 3CA J5 1] AR -G T 1)

Rl RS RIO Rl RS RIO
CAMERA "’ 55.1 82.9 91.2 40.5 71.7 82.5
SGRAF"™! 57.8 — 91.6 41.9 — 81.3
cscct! 55.6 83.6 91.2 40.8 73.2 84.3
VSRN++!1#! 54.7 82.9 90.9 42.0 72.2 82.7
GraDual " — — — — — —
GLEN*! — — — — — —
BiKA'™ 54.5 83.4 91.4 40.2 70.9 80.7
RCAR™ 59.6 85.8 92.4 4.5 71.7 81.8
MGAN* 57.7 86.9 92.6 41.7 71.9 82.4
MGAN 61.8 87.5 93.1 44.7 75.3 85.2
" FRIRBIRNE A HE4T MS-COCO 5K i B YA %
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Table 4 Performance comparison in ablation study PN . %
K EHR—3CA Ty ] SCAR -G T )

R, R, R, R, R, R,
MGAN* 81.2 96.6 98.7 63.5 88.0 94.0
XIR 52 RKk 75.1 94.8 97.3 58.7 83.8 90.0
X302 5 PR G e 2 76.4 94.2 96.7 54.4 81.5 89.2
2R S EGIR 75.6 93.7 96.6 56.9 84.3 91.1
TH R A RE BT 78.8 95.7 98.0 60.0 86.7 92.5
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Al

AEHISCA: A white and tan dog runs through the tall green grass.

ALK :

1. Two yellow belts practicing technique in front of a group. v

3.Children taking part in karate class. V
4. Two children practicing karate. x
5.The boys are in a karate class today. x

2. Two sets of children are practicing martial arts while a crowd watches behind them.V

XX IR

X ARG+ PRI -

3. Two kids with yellow belts are ducling in a martial arts class. V
4. Two yellow belts practicing technique in front of a group.

the other blocking . x

1. A group of children wearing their karate uniforms while practicing their martial arts. V
2. Two sets of children are practicing martial arts while a crowd watches behind them. v

5.Two little boys . from the waist up , in a martial arts match , one delivering a punch and

DXIRE A+ R+ 2 SR

sitting around the mats in a dojo. v

4. Two kids with yellow belts are dueling in a martial arts class. V
5. Two yellow belts practicing technique in front of a group. V

1. Young boys and girls practice martial arts while being graded by peers and teachers

2. A group of children wearing their karate uniforms while practicing their martial arts.V
3. Two sets of children are practicing martial arts while a crowd watches behind them. v

(a) GBI SCA Ry IL L

(b) SCAE & Y PE L
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Fig.3 Qualitative results
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