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Study on Heterogeneous Multimodal Data Retrieval Based on Hash Algorithm

CHEN Feng MENG Zu-giang

(College of Computer and Electronics Information, Guangxi University, Nanning 530000, China)
Abstract The development of the era of big data has resulted in an exponentially growing of Internet heterogeneous
multimodal data including text,images,video and audio. Therefore,heterogeneous multimodal data retrieval has become
a hot direction in big data research. However. heterogeneous multimodal data retrieval encounters two major challenges.
The first challenge is how to express the similarity between heterogeneous data while there is a “semantic gap”. The
second challenge is how to achieve accurate and efficient retrieval in massive data. To solve the problem that the hash
retrieval algorithm ignores semantic similarity of heterogeneous multimodal data, this paper proposed a hash retrieval al-
gorithm based on canonical correlation analysis-semantic consistency.named CCA-SCH. In order to keep semantic con-
sistency within the modality,the CCA-SCH algorithm separately generates semantic models of text and image data. In
order to keep semantic consistency between modalities,the CCA algorithm is used to fuse semantics of text and image
data to generate the maximum correlation matrix. At the same time, the paradigm ¢, , is introduced to overcome the

noise and redundant information of original datasets,so that the hash function has better robustness. Experiment results

show that the mean average precision(Map) of CCA-SCH algorithm is increased by over 10% compared to benchmark

algorithms’” performances on experimental data sets,which embodies the better retrieval ability of proposed algorithm.
Keywords Hash function, Semantic consistency,Canonical correlation analysis algorithm, Heterogeneous multimodal
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