ot 5 fi B2 & % W Vol. 6 No. 5
2021 429 H Journal of Cyber Security September 2021

ETRREENEHHEZFRREMRER
XNEF A N R, EME - A

VLTSRS B dEsT I 100876
PR AR AR S 2 A R E AR = et P E 100876
SRR Z I B SRR R 20 2 60607

BE  ERE SN FRMEEAVTRCIR S5, MM 28 il S AR A5 Bt ), I FLSGs P 4RSS, B3I ok
Pk, BRI Rt T rL 7 7 95 S5 AU A RE AR, AESKBRN I strR, i T AR AR A 5 Bl e R A7 A, R RGUEAEAE LU
FOREHERHEAESE R, 1 A% R e v th T B RS RRE AR I . I, il e AUIAZ B, @bk LA Rl
W5 AR THHERE (KPR REA AT R R A HERE RS IR R o ) — 7 T, S A B R 6 A D — A T i R B A 2% R b = e T 45
R SUAE ST, ARG 25 P f v SO0 T BAT R 0%, eyl D N FAHMUMERE R, T niRE B
T HE PSRBT S . Ak, SR U B 4 G — B RGP AR AN R M R A HAT . FEEIH
JUOMVRE b JEAE LA SR PRI A5 S, AU RO S T HERE R S B BRI 0 3 s, 0 HLRAT B I TR, JF
PR 21 772 R0 SN o ASCE FER LT 5 A B 2% (4 R GTEAT eIk, IR RSB ILA TAE, sRAMZ
Bk Z LRI H . HKINE, ASCH N9 T 57U BN SORHETE R O A SR, (722 BBt T 5 5 5 k9 4
HEFE ARG SCHUR, JF HLIA T R HERE RGN 5 IS SN2 0 BOVBR . AR5, A SO A S 21 AN R R B T i 0y
M=K, M FE T HAE LR 7508 TR A R T AN T R R 2 TR, IR Rk AR I T AR AT T &
A, F5 T RER IR SR M R 5 V5 2 10 AR RERK 48 B N AE IS R o i, ASSCIHE T I 7 iAFAE N 1), JF e T
AR 1 LA EE BT TS i o

KR SRS HEE RS

FEESES TP183 DOI S 10.19363/].cnki.cn10-1380/tn.2021.09.01

Heterogeneous Information Network based Recommender
Systems: a survey

LIU Jiawei'?, SHI Chuan'*’, YANG Cheng'?, Philip S. Yu’

' School of Computer Science, Beijing University of Posts and Telecommunications, Beijing 100876, China
? Beijing Key Laboratory of Intelligent Communication Software and Multimedia, Beijing 100876, China
* Department of Computer Science, University of Illinois at Chicago, Chicago 60607, USA

Abstract Recommender systems aim to provide users with personalized matching services, so as to effectively alleviate
the information overload problem in the era of big data, improve user experience, increase user stickiness, and greatly
promote the development of e-commerce and other fields. However, in actual application scenarios, it is often difficult for
recommender systems to obtain accurate recommendation results due to data sparseness and cold start problems, and the
complicated model designs also lead to the unsatisfactory interpretability of the recommender systems. Therefore, how to
make full use of interaction, attributes, and various auxiliary information to improve the performance and interpretability
of the recommendation is the core issue of the recommender systems. For another thing, the heterogeneous information
network, as a method for comprehensively modeling the rich structural and semantic information in complex systems, has
significant advantages in fusing multi-source information and capturing structural semantics, and has been successfully
applied to various data mining tasks such as similarity measurement, node clustering, link prediction, ranking, etc. In re-
cent years, heterogeneous information network has been used to uniformly model the complex interactive behaviors, rich
user and item attributes and various auxiliary information of different types of objects in the recommender systems, which
not only effectively alleviate data sparsity and cold start problems lying in the recommender systems, but also have good
interpretability and have received widespread attention and applications for the above reasons. This article aims to provide
a comprehensive overview of recommender systems based on heterogeneous information networks, systematically combs
the existing works for the first time and fills in the blank of the lack of review in this field. Specifically, this article first
introduces the core concepts and background knowledge of heterogeneous information networks and recommender sys-
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tems, briefly reviews the research status of heterogeneous information networks and recommender systems, and expounds
the general steps of modeling recommender systems as heterogeneous information networks. Then, this article divides the
existing methods into three categories based on the different model principles, which are methods based on similarity
measurement, methods based on matrix decomposition, and methods based on graph representation learning, and gives a
comprehensive introduction to the representative works of each type of methods, points out the advantages and disadvan-
tages of each type of methods and the development context and inner relationship between different methods. Finally, this
article discusses the problems of existing methods and looks forward to several potential future research directions in this

field.
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Figure 1 A movie recommender system based on heterogeneous information network
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Table 1 Recommender system methods based on heterogeneous information network
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Figure 2 SemRec ' model diagram
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