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Element Subgraph Discovery in Networks Infrastructures

LIU Zheng'** ,GUO Shuting"*,ZHOU Qifeng®,L.1 Tao'**

(1.School of Computer Science and Technology,Nanjing University of Posts and Telecommunications,

Nanjing 210023, China;2.Jiangsu Key Laboratory of Big Data Security & Intelligent Processing,

Nanjing 210023, Chinaj;3.School of Aerospace Engineering, Xiamen University, Xiamen 361005, China)

Abstract : In many applications, graphs are used to model structural relationships among objects.Large scale network infrastructures

can be represented as graphs, where element subgraphs are those subgraphs containing important network elements with many con-

nections and running services.In this paper.we formularize the problem of discovering element subgraphs in network infrastructures.

Element subgraphs can help network administrators lower the cost for network infrastructure operation and maintenance. A uniform

framework is proposed to model the element importance by using neighborhood influence based on random walk, which considers

both structural connections and running services on these network elements.We design an efficient algorithm that skillfully finds the

important element subgraphs by expanding the important vertices. Our experiments are based on real data sets with synthetic service

information, whose results show that our element subgraphs exhibit high quality.

Key words: clement subgraphs;neighborhood influence;faulty elements;network infrastructure management



