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Heterogeneous Information Network Representation Learning: A Survey

ZHOU Li-Hua WANG Jia-Long WANG Li-Zhen CHEN Hong-Mei KONG Bing

(School of Information Science and Engineering s Yunnan University , Kunming 650500)

Abstract Information networks are ubiquitous in real world, such as social networks, academic
networks and the World Wide Web, etc. With the rapid development of information technology,
methods for analyzing information networks face huge challenges due to the ever-expanding net-
work scale and the sparseness of data, which requires that the analysis methods have good scal-
ability and can effectively solve the problems caused by data sparsity. As an effective way to deal
with these challenges, information network representation learning aims to embed nodes or links
into a low-dimensional vector space by using information such as network topology and node con-
tent, while preserving the intrinsic structural and content features of the original network, so
that network analysis tasks, such as node classification, clustering and link prediction, etc. can
be completed based on low-dimensional dense vectors. The heterogeneous information network,
consisting of multiple types of nodes and links, contains more comprehensive and rich structure

and semantic information. Therefore, the representation learning of heterogeneous information
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networks can not only effectively alleviate the high-dimensional and sparsity problems of network
data, but also integrate different types of heterogeneous information into the same vector space,
which makes the learned features more meaningful and valuable. Recently the research on the
representation learning and application of heterogeneous information networks has drawn increas-
ing attention in both academia and industry and has been an important research topic in network
analysis area, and a lot of research results on the representation learning of heterogeneous infor-
mation networks have been proposed. However, the lack of detailed and comprehensive survey of
existing work makes it difficult for researchers to systematically understand the latest research
progress, and for choosing appropriate embedding models and algorithms in practical applica-
tions. To this end, we conduct in this survey a thorough review of existing work on representa-
tion learning of heterogeneous information networks. We first introduce some basic concepts a-
bout heterogeneous information networks and network embedding learning, divide the heteroge-
neous information networks into nine categories (structural, attribute, multi-layer, multi-view,
multiplex, attributed multiplex, multi-resolution, heterogeneous feature and dynamic heteroge-
neous networks) based on the heterogeneity sources, summarize the characteristics of various
networks, and introduce the principle of the random walks and the negative sampling, two tech-
niques usually used by many representation learning methods for heterogeneous information net-
works. Next, we comprehensively review the network representation learning methods for sin-
gle, multiple and dynamic heterogeneous information networks, including random walks-based,
decomposition-based and deep neural network-based methods. We also analyze the characteristics
of different methods, such as used information and technique, embedded object, representation
form, and time complexity etc. Then, we summarize data sets and evaluation metrics generally
used by various embedding learning methods for heterogeneous information networks. In addi-
tion, several typical applications of embedding learning for heterogeneous information networks.,
i. e. author identification, recommendation and sentiment link prediction are presented in detail.
At last, we reveal the research directions related to the embedding learning for heterogeneous in-
formation networks in the future. This survey does not only help researchers to have a better un-
derstanding of existing work, but also help applicants to better solve practical application prob-
lems.

Keywords heterogeneous information network; representation learning; random walks; nega-

tive sampling; deep neural network
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Background

Information network representation learning aims to em-
bed nodes into a low-dimensional vector space by using infor-
mation such as network topology and node content, while
preserving the intrinsic structural and content features of the
original network, so that network analysis tasks. such as
node classification, clustering and link prediction, etc. can be
completed based on low-dimensional dense vectors. A large
number of existing studies on the network representation
learning are dedicated to homogeneous information networks
that contain only one node type and one edge type. With the
rapid development of information technology, various hetero-
geneous information networks, consisting of multiple types
of nodes and links, can be seen everywhere. These heteroge-
neous information networks contain more comprehensive and
rich structure and semantic information. which can model re-
al-world network data more completely and naturally. Re-
cently the research on the representation learning and appli-
cation of heterogeneous information networks has received
increasing attention and has become an important research
topic in network analysis area. A lot of research methods on

the representation learning of heterogeneous information net-

and computer algorithms.
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This paper deeply studies various kinds of representative
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their intrinsic characteristics, reviews typical applications,
data sets and evaluation metrics, and points out new research
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