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Abstract As a basic operation of large-scale data processing, similarity joins on large-scale data play an important role
in document clustering, plagiarism detection, entity resolution and many other fields. On the other hand, the MapReduce
programming model is widely applied to massive data processing because of its good scalability, fault tolerance and usa-
bility. Therefore, similarity joins on massive data based on MapReduce become one of the hot topics in the field of mas-
sive data processing. Firstly, big challenges of similarity join query introduced by rapid growth of data volume were gen-
eralized, Then, the definition of similarity joins on massive data was presented and similarity joins on massive data were
classified according to three different standards. In addition, the current status of set, string and vector similarity joins
on massive data were emphatically analyzed and compared from the aspects of efficiency, applicability and so on. Finally,
the research focus and trend of this area were investigated and the promising solutions were suggested.
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