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Abstract Things in the nature connect mutually. There are various associations between them in the real world. For example, so-
cial networks can be constructed by the user-user relationships. The article-author relationship can be used to construct a citation
network. In homogeneous networks.nodes or edges are all in the same type,resulting in a lot of information loss. In order to en-
sure the integrity and richness of information to a greater extent, researchers have proposed heterogeneous information network
(HIN) ,a network model containing multiple types of nodes or edges. By embedding the topological structure and semantic infor-
mation of HIN into a low-dimensional vector space,downstream tasks can utilize the rich information in the HIN for machine
learning or data mining. This paperfocuses on the HIN-based representation learning tasks,and summarizes the recent representa-
tion learning methods of HIN which are based on deep learning models. We focus on two main issues: semantics extraction of
HIN and information preserving of dynamic HIN. We also illustrate some new applications of HIN-based representation learning,
and propose the future development trend of heterogeneous information networks.

Keywords Heterogeneous information networks,Deep learning, Representation learning, Graph neural network, Meta-path
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