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Distributed Parallel Algorithm of Mining Frequent Pattern on Data Stream

MA Ke,LI Ling—juan,SUN Du-jing
(School of Computer,Nanjing University of Posts and Telecommunications, Nanjing 210003 , China)

Abstract:In order to improve the efficiency of mining frequent pattern on data stream,a Distributed Parallel Algorithm of Mining Fre-
quent Pattern on Data Stream,named DPFP-Stream,is designed in this paper based on the ideas of classical FP-Stream and the distribu-
ted parallel computing. It divides the task of building frequent pattern tree into two parts:local and global ,and introduces a new parameter
“current time” . The arrival data will be equally distributed into different local nodes. Then every local node uses FP—Growth algorithm to
produce candidate frequent items,and packages them with relevant support count according to unit time, and sends them to the global
node. The global node combines the results produced by local nodes according to the “current time” and updates the global Pattern—Tree.
The results of implementing DPFP—Stream algorithm and testing its performance on Storm,a distribution data stream computing platform,

show that the computing efficiency of DPFP—-Stream can increase linearly with the increasing of local nodes or the local bolts,and DPFP
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—Stream is applicable to effectively mine frequent pattern from data stream.
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