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A survey of attributed network representation learning methods
LIU Xin, ZHAO Zhongying, LI Zhiheng, LI Chao
(College of Computer Science and Engineering, Shandong University of

Science and Technology, Qingdao, Shandong 266590, China)

Abstract; Attributed network representation learning aims to transform the topological network into European space
by using the rich structure and attribute information in the network to learn the vector representation of nodes or
edges while maximizing the preservation of the original network features. For its being beneficial to the efficient
execution of the following network analysis tasks, attributed network representation learning has aroused wide
concern among scholars home and abroad and become a research hotspot in recent years. In this paper, we made a
survey on the representative methods of attribute network representation learning. Firstly, the existing work was
classified according to the time-varying characteristics and the diversity of the network elements. Then, the
representation learning methods of homogeneous attributed network, heterogeneous attributed network and dynamic
attributed network were explored respectively. The core technologies, data sets, and evaluation tasks of existing
methods were also compared and summarized. Finally, the possible research directions and challenges in this area
were discussed. This work can provide some new ideas for attribute network representation learning research.
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Fig. 1 Classification of attributed network representation learning methods
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Fig. 2 An example of social networking
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Tab. 2 Comparison of learning algorithms for attributed homogeneous networks
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Tab. 3 Comparison of learning algorithms for attributed heterogeneous networks
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Tab. 4 Comparison of learning algorithms for attributed dynamic networks
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