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Abstract Nearest Neighbor (NN) search is an important technique for example based image analysis.
However, acceleration of NN search in high dimensional space is a difficult problem. Hence, approximate NN
search algorithms, such, as Approximate Nearest Neighbor (ANN) and Locality Sensitive Hashing (LSH) are
applied to such problems. Especially, LSH is getting highlighted recently, because it has a clear relationship
between relative error ratio and the computational complexity. However, LSH computes hash values without
referring the prototype distribution, and hence, sometimes the search fails or the search consumes considerably
long time. For solving this problem, we already proposed Principal Component Hashing (PCH), which
exploits given prototype distribution. In this report, we extend PCH by removing the assumption, “prototype
distribution can be well approximated by Gaussian”, which is introduced in PCH. Through the experiments,

we confirmed our extended algorithm A-PCH is faster than ANN, LSH, and standard PCH at the same
accuracy.
Keyword high dimensional space, approximate NN search, ANN, LSH, PCH
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