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Set Similarity Approximation Algorithm Based on Parity of Data Sketch

JIA Jian-wei CHEN Ling
(College of Information Engineering, Yangzhou University, Yangzhou 225002, China)

Abstract Jaccard similarity is one of the most important methods in set similarity computation. When approximately
computing the Jaccard similarity of two sets using the &-bits hash function, if there are multiple elements being similar
to the input element with similarity up to 1,the &-bits hash function can’t differentiate these elements very well. In or-
der to improve the accuracy of data sketch and the application performance based on set similarity, this paper proposed
a set similarity approximation algorithm based on parity of data sketch, After getting the two permutation sets with
minwise hash function, we used two n-bits indicator vectors to represent the parity of elements in the permutation set
appearing in indicator vectors,and estimated the Jaccard similarity of original sets based on these two parity vectors, We
inferred the parity sketch based on both Markov chain and Poisson distribution models, and verified their equivalence.
Experiments on Enron dataset show that the proposed parity sketch is more accurate than the #-bits hash function,and
performs much better in both applications of duplicate document detection and associate rule mining.
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