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Cross-Media Information Retrieval Based on Cycle Generative Adversarial Networks
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Abstract  In recent years, with the development of smart devices and social networks, the number
of users in these social networks is becoming more and more. The multi-media data is also showing
a trend of massive growth. Thus. these current social platforms store large scales of multi-modal
data, such as text, video, and images. Effective information retrieval and analysis can greatly
improve the utilization of multi-modal data and user experience. However, there exists a significant
semantic gap between the two different modalities. This condition greatly restricts the analysis of
massive multi-modal data and the mining of effective information, which seriously reduces the
user experience. Thus, How to handle accurate cross-modal information retrieval based on the
massive multi-modal data has become an important challenge in both academia and industry.
Many approaches have been proposed to handle the cross-modal information retrieval problem.
However, there is an innate semantic gap between cross-modal data, which leads that many

current approaches pay more attention to the consistency of the cross-modal data representation

Wi H 9 :2020-12-10; FELR & A B H1:2021-09-22. A BRBIA5 3] 1 K A 4R B4 354 50 H (U21B2024, 61525206, 61872267) , K H: 1l 4 — 14
AN LR BEE K LW (19ZXZNGX00110,18ZXZNGX00150) , K H: T 15 48 %6 4 (19JCQNJC00500) ¥ . T A =z, 14, Bl #082 0F 58 05 1
HRHLLGE B2 2 25, E-mail: weizhinie@tju. edu. en. £ &, L0584 W5 7 0 W S BRI B0 M Fk & HLas 4. 8 & .1
LR AR WESE 1) S B A N A A ARG AR HLRE A . X R R GEAFIE ) . W 08, R 8L T AL W28 2 ) . E-mail.
anan0422@gmail. com. 3% B 7R , W -, 82 L BF 5T U3k 22 I8 A P 5 4 A 0 B8 A1 L 22 IO Ak Py 225 2 4 WO 2 % R 9 B AR B R 26



1530

Y,
&

it B il

and ignore the completeness of information representation. The lack of completeness leads to a
decrease in the accuracy of cross-modal information retrieval. In this paper, we propose a cross-media
retrieval method based on the cycle generative adversarial networks, which design the effective
loss functions to guarantee the consistency and completeness of cross-modal data representation
based on the generative adversarial network framework. First, we design the generative model to
handle the transformation between the text and image data. Moreover, it implements the semantic
consistency representation of cross-modal data in the independent feature space based on the
adversarial networks. This design is inspired by the GAN, which can guarantee consistency in
semantic space. We hope this consistency can guide feature learning in the co-embedding feature
space. Second, we propose the cycle cross-entropy loss function to further narrow the cross-
modal semantic gap, which can further benefit enhancing the feature-level consistency constraint
and representation completeness in the independent feature space. This design can be used to assist
the adversarial network to further pull in the consistency of the representation of cross-modal data
in independent space, and guarantee the completeness of final cross-modal data features in the
co-embedding feature space. Finally, we construct the co-embedding feature space of multi-modal
This

method can effectively bridge the semantic gap between multiple modalities to achieve more

heterogeneous data to guide the consistent representation learning of cross-modal data.

accurate cross-media retrieval. The consistency of cross-modal features in independent space will
guide the feature learning in the co-embedding feature space to guarantee the completeness of the
final cross-modal data representation. The popular Flickr30k and MSCOCO datasets are utilized
for the evaluation and analysis. Some classic cross-modal information retrieval methods have been
selected as comparison methods. We make the corresponding experiments and analyses according
to the completeness and consistency of the cross-modal data representation respectively. We also
make the qualitative experimental analysis to discuss the advantages and disadvantages of our
approach. In general, the final comparison experiments demonstrate the superiority and effectiveness
of the proposed method.

Keywords cross-modal retrieval; image-text retrieval; generative adversarial network
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