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Graph clustering is one of the most important
techniques in various research areas such as data
mining, social science, marketing and so on. The problem
of the graph clustering is to find clusters which are
densely connected within the cluster and sparsely
connected inter clusters, and this problem has been
studies for some decades in many fields. Since, the size of
graphs are becoming significantly larger due to the big
data era, efficient clustering algorithms that can handle
large-scale graphs are highly demanded. In order to
achieve efficient clustering for large-scale graphs, we
investigate three mnovel algorithms by handling
statistical properties of real-world graphs. In the
experiments over real-world datasets, we verified that
the algorithms achieve not only efficient clustering but
also high accurate clustering results for the graphs.
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