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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 and ignore the completeness of information representation.
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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 heterogeneous data to guide
the consistent representation learning of cross-modal data. This method can effectively bridge the semantic gap
between multiple modalities to achieve more 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.
Key words cross-modal retrieval; image-text retrieval; generative adversarial network
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Background

Text-image cross-modal retrieval is a challenging task in
the field of language and vision. Most previous approaches
independently embed images and sentences into a joint
embedding space and compare their similarities. However,
previous approaches rarely explore the interactions between
images and sentences before calculating similarities in the joint
space. In this paper, based on the consistency of cross-modal
data modalities in the cyclic adversarial generation network, an
innovative adversarial loss function and cyclic cross-loss
function are proposed to effectively utilize the interaction
between text and image, to reduce the differences in
cross-modal data representation, and ensure the final
cross-media information Retrieval accuracy and relevance. For
the text-to-image task, the Rank@10 value of the most
advanced algorithms in coco and Flickr databases are 90.6 and
81.9 respectively, the Rank@10 value of this paper in coco and
Flickr databases are 90.7 and 82.7. For the image-to-text task,
the Rank@10 value of the most advanced algorithms in coco
and Flickr databases are 92.9 and 87.6, the Rank@10 value of
this paper in coco and Flickr databases are 94.2 and 93.7.

The project of this paper is the National Natural Science
Foundation of China, the grant of Tianjin New Generation
Artificial Intelligence Major Program, and the Open Project
Program of the State Key Lab of CAD & CG, Zhejiang

University. With the rapid development of image acquisition
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equipment and Internet technology in recent years, especially
the development of social networking platforms, multimedia
data has shown a trend of massive growth. How to achieve
accurate retrieval and recommendation of information in
massive multimedia data is now several technology companies
and urgent problems facing scientific research institutions. This
circulation

paper proposes an innovative cross-modal

adversarial production network model. The algorithm can

effectively solve the consistency of cross-media information
representation between pictures and text data, effectively
improve the flexibility of retrieval methods, and increase the
diversity of expression forms of retrieval results and improve

the accuracy of search results.



