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Abstract Maximum likelihood estimator (R ) can improve the average accuracy. Connected bit Minwise Hash
(R jgumsse.c ) can exponentially improve efficiency of similarity estimation. Dynamic threshold filter makes further improve-
ment on efficiency, Combining Rjguwie . and dynamic thresheld filter, the maximum likelihood dynamic filtering algorithm
of Connected bit Minwise Hash was proposed. Experimental results demonstrate that R{ Tyy... ) can get second-best pre-
cision and efficiency,and is the most cost effective business in the estimator options (R, sFope.. s Riguwieese s 80T aga.s 1
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