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[ Abstract] Information networks, which represent a large number of objects and the links among them in the real world, are
omnipresent in various kinds of practical applications. The analysis and research of information networks has great practical
significance and broad application prospect. In reality, information networks are usually dynamic where objects and links among
them change drastically over time. Such information networks are called dynamic information networks. In recent years, dynamic
information networks have attracted much attention. At present, the research on the key technologies in dynamic information
networks mainly focuses on community detection and community search, outlier detection, influence maximization and link
prediction. This paper introduces the concepts and development of those key technologies, as well as their research progress in
dynamic information networks. Based on the above, the paper discusses several challenges and future research directions for the

research on key technologies in dynamic information networks.
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