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Abstract: Cross-modal image-text retrieval faces the problem of modal heterogeneity due to the different
feature representations of images and texts, and it is difficult for traditional public space methods to measure
the similarity of images and texts. Therefore, a cross-modal image-text retrieval framework based on text
generation and iterative matching is proposed, which includes a feature fusion module and a text generation
module. The feature fusion module which can optimizes the local public embedding space aligns images and
texts multiple times through iterative fusion, aggregates fine-grained information in different iterative steps,
and captures local association information between images and texts. The text generation module adopts the
idea of feature transformation, which maps the features in the image modal to the sentence features in the
text mode, enhances the overall semantic correlation of image and text through image and text information
interaction. To improve the performance of cross-modal image-text retrieval model, the text generation
module not only optimizes the global public embedding space, but also excavates deeper semantic informa-
tion of images and texts. Comparing with existing models, the experiments on Flickr30K and COCO datasets

show that the overall performance of the framework on Flickr30K and COCO is improved by 0.7% and
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1.2%, respectively. In the recall index of text retrieval tasks, it can be increased by up to 3.4%. In the recall

index of image retrieval tasks, it can be improved by up to 4.6%. The ablation experiments also prove the

effectiveness of the feature fusion module and the text generation module.
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THET IMRAMMY, DL 2.4%F1 2. 3% T B 20T
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PLL1%A 1.3% A48T W 0T SGRAFPY, 1L 0.7%
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1 Flickr30K #iE&E E 12 #ALEE %

CAKZ (120) EUR KR (121)
7k R@sum
R@!1 R@5 R@10 R@! R@5 R@I0

DPCE 534 798 885 377 672 785  405.1
scoit 533 80.1 872 396 879 832 4313
SCAN*?! 654 876 938 463 756 831 4518
VSRN*?1 698 886 96.1 531 794 863 4733
IMRAM!  68.6 91.5 955 522 776 845  469.1
DCCA™! 356 523 693 387 558 69.6 3213
JELP4 572 852 912 574 797 867 4578
SHAN®!  69.1 90.1 952 51.0 793 835 4682
DIME®? 679 892 946 512 80.1 839  466.9
SGRAF® 703 912 953 523 789 858 4738
UARDAP® 708 91.5 956 525 79.6 857 4757
IMTG 704 917 961 543 800 867  479.2

Fz 2 COCOHE&E L 12 AR %

ik A K FR (120) FEG A 2R (121) R@sum
R@1 R@5 R@10 R@1 R@5 R@IO

DPCE 63.1 876 941 449 772 878 4547
scok! 67.8  90.7 955 545 851 928 4864
SCAN*!? 70.1 927 965 567 863 927  495.0
PVSE®! 66.1 910 945 53.1 842 930 4819
VSRN*2I 739 924 963 60.1 87.6 93.0 5033
IMRAM!" 753 962 985 63.0 90.6 962  520.1
DCCAP! 467 593 794 483 685 782 3804
JELP4 653 915 973 662 90.1 957  506.1
SHAN'™! 76.8 963 98.7 626 89.6 958 5195
DIME®! 77.9 959 983 63 905 962 521.8

SGRAFP” 795 962 985 632 907 961 5243
UARDA™®! 786 965 989 639 907 962 5248

IMTG 77.8 965 992 659 935 983 5312

. BIEDAERER.

Image Query

TE. TR (H DO R

TOP 5 retrieved text

1: A woman and child playing frisbee in a grassy area.

2: A woman and a little girl playing with a frisbee in the sun on a green lawn.
(1) MTG 3: A woman throwing a frisbee as a child looks on.

4: A woman and a child are playing with a frisbee in a sunny day.

5: A woman throws a frisbee and runs fast on the grass of the park.

(2) IMRAM

1: A woman and a child are playing frisbee.

2: A woman throws a frisbeeand a girl plays with her.

3: A woman and a girl are playing frisbee on the grass.

4: A woman and her child are playing frisbee in the garden.

5: A woman and her child are running on the grass.

Text Query
(1) IMTG
A man is surfing on his
surfboard on the waves
(2) MRAM
& 2

FrigFom KRR, W LIE H, IMTG H IMRAM!!
X MG RN SCAS 18 SCRR g S Im 5, A AR R
SRR RET.
322 {HRhSE

R TR B A A RS R FIRRAE A R 1 A
Rk, 8 CLE Flickr30K, COCO X IMTG HY 4 Fif
ASPRIEATIH AL, WSk 3 FR, Full #R2Em

TOP 5 retrieved images

IMTG #AY; w/o|TG Fin$i/b SUAR A= pl A B ff) 4
Al w/o|VF /R R T BURRHIE AR Al & r A5 AL
w/o|TF 7R HHEAT SCARRHE 2L A Rl & (A 7.

(1) SCARAE A A k. i 3 AT 2 17
FTLUE H, A B> SOAR A i AR, e 3L 1y
IMTG #ERIZE Flickr30K I COCO | Ay B A1 fig
R@sum 70 IR T 2.1%F12.2%; 16 XAK RIT 55
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943 5 bR, 52 A IMTG R f5 KA AR X 7 BE
8T 5 B A 2.7%(Flickr30K H ) R@1) F1
3.4%(COCO H1i) R@1); fERIGK RIS, 565k
) IMTG B oK A9 A0 X 4 68 42 7t 4 3l 8

4.0%(Flickr30K H) R@1)F1 4.6%(COCO H )
R@1). XEEPEAE R R PEReTadn 0y 5 P2 7, R W]
T IMTG HEZE v SCA A B H ) R0k, Wit i
TAFERIR A A RE A LIk

#£ 3 IMTG ZEHIBE Flickr30K 1 COCO L HI;HB SIS XTEL %
ik Flickr30K COCO

B ook mgls okl SORRIRG20 BEKER (12i) CAKTE (12t BB KER (12i)
s p (@sum R@sum

WAL EEG IERE R@1 R@S R@10 R@! R@S5 R@I0 R@! R@5 R@I0 R@! R@5 R@10
Full v v v 704 917 961 543 800 867 4790 778 965 992 659 935 983 531.2
w/o|TG x v v 686 915 955 522 77.6 845 469.1 753 962 989 630 90.6 962 520.1
w/o|VF v x 700 906 955 504 782 858 4705 77.5 954 985 632 913 973 5232
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