384 H2 M
2016 4 4 f

/IS B A NI S
JOURNAL OF NATIONAL UNIVERSITY OF DEFENSE TECHNOLOGY

Vol. 38 No.2
Apr. 2016

doi:10. 11887/j. cn. 201602013

http://journal. nudt. edu. cn

MABRSTEEN A XERXLER %X

KWE,EHF  BER, THEHF

(L.PdX® Fefses TRER, b KiF 410083; 2. S FE RS HFHFEMNFR, Aid K 410081)

B E O AR A IR 1] b A R PR U IT E , $5 1 R ) A 14y 20 A s AT

VCRCHIEL o AT SO T HU A T AR L DT BE 5 MR 45 1 RO SRy BT e 4

SR AT UE BRI R

AR TSRS s A AR 0 S A DE PR 25 S 15 0 SRR I 1 A A VE C AR B0 5 Dbl 19 L
PHERORICICAE . SCIRas KRR 5 EA I/ X BB IL BESRE M L, disGPM-PE S 3L #RRE S 15 A k25 4
I3 {5 A BT S K e B A] A A O 2R 0P T RF TR] F) S ), DA T/ PRI A DE BE Y R 1]

KRR « R ACDE I 5 o0 A 25835 5 R i Al
HESES TP XEREHE:A

XEHS 1001 -2486(2016)02 - 075 -07

A distributed graph pattern matching algorithm

using partial evaluation
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(1. School of Information Science and Engineering, Central South University, Changsha 410083, China;

2. School of Mathematics and Computer Science, Hunan Normal University, Changsha 410081, China)

Abstract: In order to execute graph pattern matching quickly in distributed large-scale graphs, an effective distributed algorithm using partial

evaluation, namely disGPM-PE was proposed. Firstly, partial matching was performed locally at each computer nodes in parallel. Secondly, a

coordinator node assembled the partial matching results, evaluated and sent the matching conditions of boundary nodes to corresponding computer

nodes. Thirdly, each computer nodes determines the matching conditions of the nodes connected to the boundary nodes. Finally, the maximum

matching set was collected at the coordinator node. Experiment results show that the disGPM-PE algorithm can avoid the impact of the dependent

relations between data fragments on the execution time. Compared with the previous distributed graph pattern matching algorithms, the disGPM-PE

algorithm can reduce the execution time of graph pattern matching while do not increase the network traffic obviously.
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