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Anchor-based Unsupervised Cross-modal Hashing

HU Peng', PENG Xi', PENG De-Zhong'?
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*(Chengdu Ruibei Yingte Information Technology Co. Ltd., Chengdu 610094, China)

Abstract: Thanks to the low storage cost and high retrieval speed, graph-based unsupervised cross-modal hash learning has attracted much
attention from academic and industrial researchers and has been an indispensable tool for cross-modal retrieval. However, the high
computational complexity of graph structures prevents its application in large-scale multi-modal applications. This study mainly attempts to
solve two important challenges facing graph-based unsupervised cross-modal hash learning: 1) How to efficiently construct graphs in
unsupervised cross-modal hash learning? 2) How to handle the discrete optimization in cross-modal hash learning? To address such two
problems, this study presents anchor-based cross-modal learning and a differentiable hash layer. To be specific, the study first randomly
samples some image-text pairs from the training set as anchor sets and uses the anchor sets as the agent to compute the graph matrix of
each batch of data. The graph matrix is used to guide cross-modal hash learning, thus remarkably reducing the space and time cost;
second, the proposed differentiable hash layer directly adopts binary coding for computation during network forward propagation and
produces gradient to update the network without continuous-value relaxation during backpropagation, thus embracing better hash encoding

performance. Finally, the study introduces cross-modal ranking loss to consider the ranking results in the training process and improve the
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cross-modal retrieval accuracy. To verify the effectiveness of the proposed algorithm, the study compares the algorithm with 10 cross-
modal hash algorithms on three general data sets.

Key words: unsupervised hashing learning; cross-modal retrieval; anchor graph; differentiable hashing; common Hamming space
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