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Improvement of Entity Resolution Based on Markov Logic Networks

LOU Jun-jie XU Cong-fu HAO Chun-liang
(Artificial Intelligence Research Institute, Zhejiang University, Hangzhou 310027, China)

Abstract Entity Resolution is a crucial and expensive step in the data mining process. Domingos aﬁd Singla of Universi-
ty of Washington proposed of well-founded, integrated solution to the entity resolution problem based on Markov Logic.
This paper tried to improve Domingos and Singla’s solution by adding a formula with a changeable weight to it,to han-
dle the problem of ambiguity of entities that the original system cannot distinguish. The new algorithm can effectively

handle ambiguity of entities, and improve accuracy compared with the original algorithm, which is proved by experi-

ments.
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