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Text-Image Cross-modal Retrieval Based on Transformer

YANG Xiaoyu, LI Chao,CHEN Shunyao, LI Haoliang and YIN Guanggiang

Center for Public Security Technology, University of Electronic Science and Technology of China,Chengdu 611731, China
Abstract With the growth of Internet multimedia data.text image retrieval has become a research hotspot. In image and text re-
trieval, the mutual attention mechanism is used to achieve better image-text matching results by interacting image and text fea-
tures. However, this method cannot obtain image features and text features separately,and requires interaction of image and text
features in the later stage of large-scale retrieval, which consumes a lot of time and is not able to achieve fast retrieval and ma-
tching. However, the cross-modal image text feature learning based on Transformer has achieved good results and has received
more and more attention from researchers. This paper designs a novel Transformer-based text image retrieval network structure
(HAS-Net) , which mainly has the following improvements:a hierarchical Transformer coding structure is designed to better uti-
lize the underlying grammatical information and high-level semantic information; the traditional global feature aggregation method
is improved,and the self-attention mechanism is used to design a new feature aggregation method; by sharing the Transformer
coding layer,image features and text features are mapped to a common feature coding space. Finally, experiments are conducted
on the MS-COCO and Flickr30k datasets,the cross-modal retrieval performance has been improved,and it is in a leading position
among similar algorithms. It is proved that the designed network structure is effective.

Keywords Transformer.Cross-modal retrieval, Hierarchical feature extraction,Feature aggregation.,Feature share
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Table 4 Transformer hierarchical experiment results on Flickr30k

CHLAE . 60
Transformer Text retrieval Imagere trieval
A AE 42 B R@1 R@5 R@I10 R@1 R@5 R@I10
T 53.2 79.4 86.0 41.1 71.9 81.2
2 & 64.8 88.3 92.5 49.1 77.6 86.2

M 4 TTLLE L X T Flickr30k 38 45 L 76 B 3C 8 B 45
2R 2k AR b Bk B S 2R AE, SCAR KR Rank @1 4 53. 2%,
EIMEKR R Rank@1 Sy AL, 15107 [7] B 6 R J2 7 A FH &5 )2
TE UK R Rank@1 25T 11. 6%, EHE KGR Rank @1 2
FT 8% . HHULIE B TR 2 RRAE 75 SCA B &S 11 D T 2o 72 o
AN T — 2 BAE L TTIE W T A SO B A Rt .

4.3.3 REF XA ER

B ATTE transformer RIS )JZ L ENE)ZZ 5 .58 T 2
JR) AR AR AR AR o O T ST A SR R AE R R R AE 22 [ ) G
156 . A% fA7 B 09 5 vk R B TR AR TR SR RN BT 1, B0 5 R R AR
A, BTG R P 28 ) 28 EAT AP AE SR A . T A SCRY J7 ik 2
SIA B EEJIHUH £ 7 R AR A A R REAE Z A DG R L 5
PURRAE R G, F 8 o LI IR T A AL R S 7 A Rk
PRSI EE Rk 5.3 6 T3,

# 5 MS-COCO B SRR AE 2R 4 7 ik X o Se i

Table 5 Comparison of feature aggregation methods on MS-COCO

CHpz - %)
Text retrieval Image retrieval
ReF R — - - .

R@l R@5 R@10 R@l R@5 R@I0

Sum 68.6 92.4 97.2 56.0 87.3 94.1
First 67.5 92.4 97.1 54.8 86.7 93.7
Gated 67.3 92.6 97.2 55.5 87.3 93.9
GRU 65.7 92.1 97.1 53.5 86.4 93.7
self-Attention  69.6 93.0 97.5 56. 3 87.4 94.1

M3 5 W LUE L 78 MS-COCO ¥t 4 b, 4 I K i iy 4
TERAITIE AR E Rank@1 Jy 68. 6% , FIR & Rank@1
H56.0%; Kk 4 R 5 20, UAKE R Rank@1 2h
67.5% . FE KL Rank@1 N 54. 8% 5 Fl '] o8 %5 (1) 45 1iF 5B
EH AL UAKR Rank@1 1 67. 3% . K% K R Rank@ 1
N 55,5 %% 5 10 FH A IR 22 I 4% B AR AE A O KL SUR R R
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Rank@1 N 65. 7% , R1Z ¥ & Rank@1 S} 53.5% ., mWifliH A
HEREIHLHE, CAKG R Rank@1 55 T 69. 6%, BB KR

Rank@1 iK% T 56.3%.
# 6 Flickr30k $adE R Ak 5 & O B0 LS5
Table 6 Comparison of feature aggregation methods on Flickr30k
(AL 00D
L Text retrieval Image retrieval
K47 R - - - -
R@1 R@5 R@10 R@I1 R@5 R@10
Sum 61.8 86. 6 91.8 48.5 77.2 85.2
First 62.1 86.5 91.7 46.9 77.2 85.5
Gated 59.7 84.0 90. 8 47.5 75.9 84. 1
GRU 57.7 82.7 89.9 44.8 74.1 83.0
self-Attention 64.8 88.3 92.5 49.1 77.6 86.2

M3 6 Al LI L 78 Flickr30k Bt 4 b, 4 JH 3R F Ay 45
HER G T UK R Rank@1 K 61. 8% . R # K Rank@1
g 48.5% s Rk & Rk i 77 X, XA R Rank@1
62. 1% » FUE K Rank@1 & 46. 9% s ffi FI I o8& % B9 55 AiF
BAHFRL, AR Rank@1 Ky 59. 7% , B4 46K Rank@1
h AT, 5% 5 0 G 3R M 45 AR AE R A, UAR KB R
Rank@1 3 57. 7% , UG KE R Rank@1 Jy 44. 8%, Wifli i A
FERNHLH . XA R Rank@1 358 T 64. 8%, WG &R
Rank@1 55T 49.1% . T IR ERAER A 7 20, AR
TR AR B T T E W T A S HLE AR E R A K
TEW RIS RS PR A R .

4.3.4 EXFRELHE

R T8 S A 7R R SO RS R R R P A
PEL ATV T — X LSS, — H e EALE, 54—
S0 A 36 S DA I ok 383 3 %1‘1?45’%1‘%1‘%ﬁ?§ﬂ“@%%

FESI, MFE 7 A LLE L 7E MS-COCO $iE4E b, 7 B S

BRI RPN AL ENE R T, XA R Rank@1 R
62. 7% FMEKE R Rank@1 Ry 49. 7% ; i ¥ A I AL TE 1)
B UK R Rank@1 42T+ T 6. 9% . RIME K % Rank@1 42T+
T6.6%.,

F T MS-COCO % 4 3 5 AL 52 5 45
Table 7 Shared weight experiment results on MS-COCO
CHAT : %5)
S Text retrieval Image retrieval
) R@1 R@5 R@l0 R@1 R@5 R@10
= 62.7 90. 3 95.8 49.7 83.9 92.6
E2 69. 6 93.0 97.5 56.3 87.4 94. 1

# 8 Flickr30k 4 8 3 2 AU SL 90 45 11

Table 8 Shared weight experiment results on Flickr30k

CHA s 00
o Text retrieval Image retrieval
R@1 R@5 R@10 R@1 R@5 R@10
T=E 57.3 82.4 89.7 43.0 73.7 82.8
B 64.8 88.3 92.5 49.1 77.6 86.2

M 8 AT LA Hi .78 Flickr30k B £ | 78 B U S
My 2 B b AN 3 F 3L AU 1 ik UAR KR Rank@1 24
57.3% {2 KK Rank@1 2y 43. 0% 5 1 2% JH 3 =AU E (4 7
LUK R Rank@1 BT+ T 7.5% , FMEK R Rank@1 $£ 7+
T 6.1% . HUGUER T e AT e A A S R AE 2 G )

[Fi) 25 B 2= 18] 149 07 ¥ 2 A A0 EY
4.4 HEAMKBEILE

TE MS-COCO % HE 45 F1 Flickr30k %04 45 b, 4 Jor 45 455 751
5ERGERIE SRR ARIET R, 2R WME 9.5% 10

FIF — g s H R R A, mABHMERINE 7.3 igZR
F9 A MS-COCO B 4 15 HAh Jy ¥k i) 52 56 45 R % L
Table 9 Experimental results comparison of the proposed method and other methods on MS-COCO dataset
BT . %)
1K test 5K test
(A A Text retrieval Image retrieval Text retrieval Image retrieval
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10
VSE++[71 64.6  90.0  95.7 52,0 843 92,0  41.3  71.1  81.2  30.3  59.4  72.4
CAMPL31] 72.3 94. 8 98.3 58.5 87.9 95.0 50. 1 82.1 89.7 39.0 68.9 80. 4
® SCANES5] 72.7  94.8  98.4  58.8  88.4  94.8  50.4  82.2  90.0  38.6  69.3  80.4
IMRAMT) 76,7 956 98.5  61.7  89.1  95.0  53.7 - 91.0  39.7 - 79.8
VSRNES] 76.2 94. 8 98.2 62.8 89.7 95. 1 53.0 81.1 89. 4 40.5 70. 6 81.1
MMCA26] 74.8  95.6  97.7  61.6  89.8  95.2  54.0  82.5  90.7  38.7  69.7  80.8
TERAN[ZS)  80.2  96.6  99.0  67.0  92.2  96.9  59.3  85.8  92.4 45,1  74.6  84.4
TERNL21] 63.7  90.5  96.2  51.9  85.6  93.6  38.4  69.5 8.3  28.7  59.7  72.7
Ours(HAS)  69.6  93.0 97.5 56.3  87.4  94.1 43.5 75.4  85.5 33.0 64.2  76.5
HEOH K VSE++,SCAN,CAMP,IMRAM #l VSRN FRAESREL, H ¥R BEAT B B SRR AR B9 32 B, Fl TERN k8
HB I FH A B b 25 ) 2% 4 BRI QR AT, i GRU $8 B A 48 F R —Fp2E,

T 2 5 % ER FRAE AN SCARFR R T B IR H s F QO
MMCA 1 TERAN #| f Transformer $ Ut & 1% 30 A& ¥4 1F J5
HATHEB I H., X WAL R BRI & AR EXR
S SF (DR AT 3 T ) 38 L R S B R R R AT AT @
TERN J& % H] Transformer 3F 47 & 1% Fl SCAS 19 55 AF 48 5, %
A AT R AC B, B I SR A 22, {H 2 DG T PR s AR S 4R
Y HAS 2 3 5 58 % ] Transformer #E 17 & F1 3C A By

TERN 8 7E MS-COCO 1K i 4 b XA R Rank@1
H63. 7% EHUE K B Rank@1 2 51. 9% ;78 MS-COCO 5K
KA E AR Rank@1 Jy 38. 4%, A& K & Rank@1 Ky
28. 7% ;7€ Flickr30k MK 4L XA R Rank@1 Hy 53. 2%,
LK% Rank @1 2 41, 1%, 1A SCHE H A9 B 5 HAS #¢
MS-COCO 1K MR 4E I SCA K &R Rank @1 Ky 69. 6% , B 1%
Ki & Rank @1 Jg 56. 3% ; £ MS-COCO 5K ik & F A&
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K2R Rank@1 Hy 43.5% R K R Rank @1 Jy 33. 0%6; 1
Flickr30k MiX4E E XA K R Rank @1 2 64. 8%, W1 4 &
Rank@1 2 49. 1% . A SCHE ARG Fr 42 74 09 i 78 T 3%
IR T = 2 018 UE B WH IR TR Z Mg s 8, I
ELAT R O R B 42 B R 35 A A R 4 R R AR Y DG T SR A
e AT R AT BRI 30 A [ 09 G A 25 )
# 10 7€ Flickr30k 34064 b 5 HoAth Iy ¥ () 52 56 25 S X 1

Table 10 Experimental results comparison of the proposed method

and other methods on Flickr30k

B %)
£m . : Text retiieval \ ‘ Image rétrieval :
R@1 R@5 R@10 R@1 R@5 R@10
VSE++[71 52,9 80.5 87.2 39.6 70.1 79.5
SCANL35) 67. 4 90. 3 95.8 48.6 77.7 85. 2
® CAMPBH] 68.1 89.7 95.2 51.5 77.1 85.3
VSRNES) 71.3 90. 6 96.0 54.7 81.8 88.2
IMRAMIL) 74,1 93.0 96. 6 53.9 79.4 87.2
MMCALZ6D 74,2 92.8 96. 4 54. 8 81. 4 87.8
TERANIZT 79,2 94. 4 96. 8 63.1 87.3 92.6
TERN[Z24] 53,2 79.4 86.0 41.1 71.9 81.2
Ours(HAS)  64.8 88.3  92.5 49.1 77.6 86.2

BEWIE  ASCBIT T OB RN 5L T Transformer 1 3C
A B 5 VT FE W 2% 45 4 (HAS-Net) , %11 T — fl 43 )2 trans-
former 4 ith 25 44) , L ST 47 b ) FH OIS 2 1) 05 06 A5 RN 2 1 1
N AF B il i L5 Transformer 4iA%)2 . 11 B R AE A1 SCA 45
AIE B 55 ) 2% b 4 R AIE G B 25 ) 5 O E T AR R 2 R RIER &
752 A A EE I HLE B — RO AR R S O . IR
1 MS-COCO $#i 4 f Flickr30k $i 4 b fr 50 . 45 1 %
B TR T ISR M R AL s P RE B B4R T, T 2B T L
% JEHEAT IS B R AL AC HL W A R R S TR RAF L .
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