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Estimating Graphlets via Two Common Substructures Aware Sampling in Social Networks
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University of Science and Technology of China, Hefei 230026, China)

Abstract Graphlets refer to the connected induced subgraphs with small amount of nodes in large-scale network, and
have extensive applications in social networks and bioinformatics. Due to extremely high computational costs of exactly
counting graphlets,approximately estimating graphlets concentrations via random walk sampling algorithms already be-
comes the mainstream approach. As node size k increases,the number of A-graphlets increases rapidly and their struc-
tures change dramatically.so it is a challenge to quickly estimate the relative frequency of all types of graphlets (gra-
phlet concentrations) in a large-scale network. Aiming at this problem, this paper proposed a novel sampling algorithm,
namely common substructures path and 3-star based graphlets sampling via random walk (CSRW2) ,to efficiently esti-
mate graphlets concentrations. Given £ (k=4,5) ,apart from sampling path via random walk, CSRW2 also samples ano-
ther substructure 3-star,and then derives graphlets concentrations by proportional amplification to find the dense gra-
phlets with less appearance more efficiently and adapt to the complex structural changes. Experimental evaluations on
real networks demonstrate that CSRW2 can estimate k-graphlets in a uniform framework. CSRW2 outperforms the rep-
resentative methods in terms of accuracy and is more accurate for the k-graphlets with more edges and less appearances
in graphs. For example, when 5-graphlets in sofb-Penn94 is estimated, the average NRMSE of all 5-graphlets is de-
creased to 0. 22 via CSRW2 in contrast to 0. 8 obtained by WRW.,
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