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Abstract: Nearest neighbor search is becoming more and more important in large scale image retrieval.
Many hash methods are proposed in nearest neighbor search owing to fast query and low memory.
However, there is a lack of research on the sparse structure of data in the process of hash function
construction. The proposed hashing method introduces the sparse construction process into the
learning process of hash function and uses KL distance of sparse autoencoder on hash code sparse con-
straints to enhance locality preserving discriminant mapping process. The proposed method leverages
.2 norm to control quantization error in hash encoding. The experimental results on two common im-
age retrieval datasets CIFAR-10 and YouTube Faces show that the proposed algorithm is superior to
other unsupervised hashing algorithms.
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Tab.1 Performance comparison (mAP, %) of different unsupervised hashing algorithms on the CIFAR-10 dataset.
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%= 2 YouTube Faces HiEE E AR LM EBRHE XN L (mAP, %)

Tab.2 Performance comparison (mAP, %) of different unsupervised hashing algorithms on the YouTube Faces dataset
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