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Abstract: Multi-modal data are growing rapidly with the popularity of Internet applications, and cross-modal
retrieval technology has become one of the key technologies in related research areas, where the cross-modal
hash algorithm has been paid more and more attention because of its simplicity and efficiency recently. Due to
the problems of existing algorithms in the network structure and quantization method, based on a new deep
crosssmodal hash retrieval model, a K-means based quantitative-optimization method for deep cross-modal
hashing (KQDH) is proposed, which classifies the feature vectors of multi-modal data by K-means clustering
algorithm, controls the quantization error by the collective quantization method, and makes the hash code
better represent the multi-modal features. Experiments show that the proposed method can preserve the
similarity between multi-modal data and capture semantic information to the greatest extent, and improve the
accuracy and efficiency of cross-modal retrieval.
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