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Community detection in dynamic networks: A survey
GAO Yang, ZHANG Hongli
( School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] The problem of community detection is one of the most important topics in the field of complex network analysis.
Given a complex network, a community consists of a number of vertices that have relatively more links among them and fewer
connections between them and rest of the network. A large amount of algorithms have been designed for community discovery in
static networks. However, real-world networks are always dynamic, the topology structure of the networks are changing with the
appearance of new vertices and edges or vanishing of existing vertices and edges. Communities in the networks evolves with time as
a result. This survey introduces the definition of dynamic networks and dynamic communities, gives classification of algorithms for
community detection in dynamic networks. The survey could help researchers that are unfamiliar with the area to know community
detection in dynamic networks. The classification could also help researchers to find the best kind of algorithm for their needs in
dynamic community detection.
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