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Fast asymmetric and discrete cross-modal hashing with se-

The Cross-Modal Hash with Tag and Sample Semantic Enhancements

TENG Shaohua', HUANG Wenbiao', ZHANG Wei', TENG Luyao

(1. School of Computer Science, Guangdong University of Technology, Guangzhou Guangdong 510006, China;
2. School of Information Engineering, Guangzhou Panyu Polytechnic, Guangzhou Guangdong 511483, China)

Abstract: Aiming at the problem that most cross-modal hash methods cannot capture the multi-tag information and
the deeper semantic relationship information of feature semantics,a cross-modal retrieval framework with bilingual
enhancement of tag and sample is proposed. The framework first decomposes different high-dimensional modal data
into low-dimensional shared feature semantic space. Secondly , the hash code learning function that relaxes the varia-
bles into the tag semantic constraints is introduced to strengthen the sample semantic similarity hash code learning
by minimizing the tag pair distance ,which not only maintains the relationship between the cross-modal corresponding
sample semantics, strengthens the tag semantic learning of the hash code,but also solves the problem of solving the
real symmetric matrix and the convergence of the algorithm. Thirdly, further apply sample feature semantics and tag
semantics to enhance the semantic learning of hash codes. Finally,the experimental results on three commonly used
data sets show that this method is superior to the current advanced methods.

Key words :tag and sample semantic enhancements; cross-modal retrieval ; tag semantics
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