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Kernelized Local-Sensitive Hashing for Fast Document Retrieval
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Abstract; Fast similarity search for large databases is critical to most Information Retrieval (IR) applications.
Local sensitive hash function was proved to be efficient, as it embed high —dimensional features into a low —
dimensional Hamming space where items was fast searched. A kernelized local sensitive hash method for
document retrieval was presented. The method made use of arbitrary kernel functions to perform fast search for a
wide class of useful similarity function without losing time efficiency. The experiment result shows that this
method has higher efficiency and better accuracy for large scale document retrieval.
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