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Abstract The query of High dimension data attracts more and more attention. When dimension of a space vector is
higher than 10, R-tree, Kd-tree, SR-tree and Quadtrees perform worse than linear query. However, Locality Sensitive
hashing (LSH) algorithm successfully deals with this problem. Nowadays LSH is playing a more and more important
role in high dimension query. In the paper, the basic algorithm and principle of LSH were introduced firstly, then binary
vector LSH Search Algorithm was improved by means of the multi-probe. Finally, we implemented the two kinds of
LSH algorithms. The experience we have designed verified that the revised algorithm has better performance than the o-

riginal one in two aspects. On the one hand, as the increment of setover,the proportion of retrial recall enlarges. On the

other hand, the complexity of space decreases without the change of time complexity.
Keywords High dimension data, Similarity search, Locality sensitive hashing, Near neighbor, Multi-probe
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S0
Foreach i=1,--,1
S—S tJ {points found in gi(q) bucket of table T;}. Return the m

nearest neighbors of q found in set S
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