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Abstract: Aiming at the disadvantages of large storage space and slow retrieval speed,we propose a novel cross—modality retrieval algo-
rithm based on collective matrix factorization with single label. The objective function is mainly composed of cooperative matrix factori-
zation , hash function and graph regularization of local manifold geometry structure. In particular, matrix decomposition learns the concise
representation of hash coding of training data sets in low—dimensional latent semantic space. The hash function is used to learn the projec-
tion, the samples outside the training set are represented as the hash code of the learned subspace,and the similarity search is conducted
according to Hamming sequence. Graph regularization is used to maintain the local popular geometry of the original space. We conjec-

ture all these to improve the retrieval accuracy. Experiment on two cross—modality visual search datasets, Wiki and Pascal VOC 2007,
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shows that the proposed algorithm can significantly outperform the various state—of—the—art relevant methods.
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