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Greedy network model considering community structure
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The complex networks are used in various fields. It is difficult to prepare a large quantity of various networks.
Making datasets is necessary. Our goal is producing arbitrary types of networks from the viewpoint of particular
features. In this paper, We introduce our model Greedy Growth Model(GGM), and extend GGM focusing on
community structures. We use new feature, which is the number of community. We experiment with networks
produced by several network models. Producing network with the same number of community is succeeded, but it
is not said that these are same community structure. It is necesary to consider the modularity.
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