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Research on data augmentation methods for multimodal retrieval
WU Qiang

(School of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: In the field of multimodal retrieval, Transformer based multimodal models have attracted much attention due to their
powerful reasoning ability and high—precision retrieval results. These models are usually trained using pre training and fine—-tuning
methods. The fine —tuning process using larger datasets can improve retrieval accuracy. Building large —scale annotated datasets
requires a lot of manpower and material resources. Therefore, we proposes three data augmentation methods, namely concept
augmentation, EDA combined with backtranslation, and image text labeling, to expand the size of the dataset and improve the
retrieval accuracy of multimodal models. The experimental results show that using these three methods and their combination to
enhance the training data, the image and text retrieval accuracy of the three multimodal retrieval models has been improved.
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Table 1 Example of concept augmentation
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A racing driver on a red a A racing driver on a red a bicycle which
is two — wheeled small land vehicle is

racing hard (X bicycle #F 17345 )

bicycle is racing hard

Asian girls in white t =  Asian girls in white t - shirts standing

shirts standing around a around a motorcycle which is a motor
motorcycle vehicle with a strong frame and two

wheels (% motorcycle #1755 )




57

R . ZRSK R BRI TR TR 229

2.2 EDA #E[EF

EDA $2 L 17198 i FEAS SR - 7E D) B SO h 44 )
G XK B XL 5 AN SCARHR IR BE LI
HEDA (A — AN X5 20 9 SO 47 13
AR NS 23 9 5 1 SCAS | mT LSS I SCAR 248 19

ZREIE, TRIINOR B SCA T8 LA L

X F L SCAS “ A older Asian man is playing an
instrument in front of a young boy on the street” , 483
XA AT EDA $5 B [H13%  EDA #5171 3R () 7R
B 2,

%2 EDA EEEIFHTE]
Table 2 Example of EDA combined with backtranslation
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FEHLIE A A older Asian man is playing anto ( FEHLAE A
to) instrument in front of a young boy on the
street

Fiti L3 A older Asian of is playing an instrument in
front man( man Fl of %&£ 25#t) a young boy
on the street

Fiti AL B A older Asian man is playing an instrument in
front of a young boy on the( street % M5 )

[EPSGE S A older Asian man is playing an device

(instrument #% 5 4 i device) in front of a

An elderly Asian man was playing an

instrument in front of a little boy in the street

An elderly Asian was playing an instrument in

front of a little boy in the street

An elderly Asian man is playing an instrument
in front of a little boy

An elderly Asian man playing with equipment

in front of a young boy in the street

young boy on the street
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Table 3 Example of image—text labelization

58N BT UB @S

A little girl wearing a mauve dress
and blue sparkly shoes carries a

big blue baseball bat

sentence above is girl and bat

A little girl wearing a mauve dress
and blue sparkly shoes carries a

big blue baseball bat and the
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Table 4 Experimental results of multiple models image—text retrieval on Flickr30k and MSCOCO
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Flickr30k MSCOCO Flickr30k MSCOCO

TERAN 63.1 45.1 79.2 59.3
TERAN -+ 41055 64.6 47.0 80.0 59.5
TERAN + EDA #47 [1% 64.3 46.8 79.7 59.3
TERAN +& SChr%s ik 64.2 46.6 80.6 59.6
TERAN +=Fr g4 64.9 47.3 80.7 60.1
ViLT 63.8 42.4 83.5 61.8
ViLT+HE &3 5 64.2 43.9 83.6 61.9
ViLT+ EDA #57 [l 1% 64.1 43.6 83.5 61.8
VILT+ [ bRk 64.0 435 84.0 62.0
VIiLT+ =M Jr k& 64.4 44.0 84.0 62.1
UNITER 72.5 50.3 85.9 64.4
UNITER -+ 2 13 73.0 51.4 86.0 64.5
UNITER+ EDA 57 [F1% 72.8 51.2 85.9 64.5
UNITER+ B SChr%Ak 72.7 51.1 86.2 64.6
UNITER+=F ik 4l & 73.1 51.6 86.4 64.6
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