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Abstract; Similar join is an operation which is using a given similarity function to measure the similarity between data and find out all
similarity less than a given threshold in a given data set. With the continuous development of Internet and mobile applications , the amount

of data is increasing explosively, and along with the analyzing of huge amount of data, it requires a strong ability of calculation,so similar
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joins become one of the leading way of hotspots in the field of data processing. The processing capacity of traditional single—core comput-

er platform has been difficult to meet the calculation of mass data processing requirements. Programming based on multi—core platform
and using the multi—thread parallel can make full use of the advantage of multi—core architecture and improve the computational efficien-
cy and computational performance , which has become the trend to realize personal low cost calculation and the development of multi—core

technology. Therefore ,based on the characteristics of multi—core and multi—thread technology ,the improved method of similar connected
parallelization is proposed. The experimental results show that the efficiency has been obviously improved.
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Algorithm1 . PPJoin_Index( D,6,N )

input: D —collection of data; 6 —the similarity threshold; N —
the number of threads

output; All pairs of strings < x,y >,if sim( x,y ) = 6

1 //Data Partition

2 forn =0— Ndo

3 In«—Data Partition( n ) ;

4 //Build Index

5 for each d in In do |

6 <«—get prefix tokens of d ;

7 for eacht € do

8 .add(t);}
9 //Task Execution
10 forn =0— N do
11 for eachtin U do |
12 .range<—{ A1()UUA2() };
3 pthread_create( &d[ n ] ,NULL,&oinThreadl ,&n ) ;
14 |
Algorithm 2 : JoinThreadl ( n )

—_

1 for each d in In do
2 for eachtin do |

3 tmp=Probelndex (. range) ;



557 3]

bRES : 2T AL B - 45 -

4 Candidates. add(tmp) ; |
5 Verification( ) ;
6 OutputResults( ) ;
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