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Review on heterogeneous network representation learning method
WANG Jianxia, LLIU Menglin, XU Yunfeng, ZHANG Yan

(School of Information Science and Engineering, Hebei University of Science and Technology , Shijiazhuang, Hebei 050018, China)

Abstract : Most of the real-life networks are heterogeneous networks that contain multiple types of nodes and edges, and heter-
ogeneous networks integrate more information and contain richer semantic information than homogeneous networks. Heteroge-
neous network representation learning to have powerful modeling capabilities, enables to solve the heterogeneity of heterogene-
ous networks effectively, and to embed the rich structure information and semantic information of heterogeneous networks into
low-dimensional node representations to facilitate downstream task applications. Through sorting out and classifying the current
heterogeneous network representation learning methods at home and abroad. reviewed the current research status of heteroge-
neous network representation learning methods, compared the characteristics of each category model , introduced the related
applications of heterogeneous network representation learning, and summarized and prospected the development trend of heter-
ogeneous network representation learning methods. It is proposed that in-depth discussion can be carried out in the following
aspects in future: First, avoid predefined meta-paths and fully release the automatic learning capabilities of the model; Second,

design heterogeneous network representation learning method suitable for dynamic and large-scale networks.
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Tab.2 Comprehensive comparison of embedded network structure-based embedding methods
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Tab.3 Comprehensive comparison of graph neural network methods
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Tab.4 Experiment results of Last.fm dataset for the link prediction task"*
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Tab.5 Comparison between predefined meta-paths and top-ranked meta-paths of GTNst*
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IMDB MAM, MDM MDM, MAM., MDMDM DM, AM, MDM
3 & H
3.1 ERUES

AR 22 DAk 1 i A B0 B L 6 KR SR AL HE 3 28 20 iR 5 SO 4% AR A R 2% ML L RN . X TS
AR RPN T B BRI 2 B GETT TR S A A B Y TR R AR A S R R A
REAE LA K T A, 7 AT 58 3 0 5 Y ) e 4

K6 WA A e
Tab.6 Summary of commonly used data sets!*-?!
% 5l AR kg5 R AI(A-B) TEAMNM WA B BLABKE RRZE K E JCAR
Paper-Author 14 328 4 057 19 645 APA,
Citation ~ DBLP  [19]  Paper-Conf 14 328 20 14 328 4 YES APCPA,
Net- Paper-Term 14 327 8 789 88 420 APTPA
works Paper-Author 3,025 5,835 9.744
ACM 197 3 YES PAP,PSP
Paper-Subject 3,025 56 3,025
Movie-Actor 4 780 5 841 14 340 MAM,MDM,DMD,
IMDB  [19] 3 YES AMA,DMAMD,
Movie-Director 4 780 2 269 4 780 AMDMA
User-Movie 13 367 12 677 1068 278 UMU,
. UMDMU
Movie User-User 2 440 2294 4 085 ’
Douban UMAMU,
Data Movie User-Group 13 337 2753 570 047 UMTMU.
o [21] NO  NO
(Density: Movie-Director 10 179 2 449 11 276 MUM,
0 MAM,
0.63%6) Movie-Actor 11718 6 311 33 587 MDM.
Movie-Type 12678 38 27 668 MTM
User-Book 13 024 22 347 792 026 UBU,
Douban User-User 12 748 12 748 169 150 BYB,
Book UBABU,
[21] Book-Author 21 907 10 805 21 905 NO NO
(Density . UBPBU,
0.27%) Book-Publisher 21773 1 815 21773 UBYBU,
Book-Year 21192 64 21192 BUB, BPB
Social User-Business 16 239 14 284 198 397 UBU,
Net- Yelp User-User 10 580 10 580 158 590 UBCiBU,
ke A UBCaBU,
WOrKs (Density: [21] User-Compliment 14 411 11 76 875 11 NO BUB
0.08%) Business-City 14 267 47 14 267 BCIB
Business-Category 14 180 511 40 009 BCaB
User-User 1892 1892 12 717 UU.UAU,
Last.fm  [32] User-Artist 1892 17 632 92 834 NO YES UATAU,AUA,
Artist-Tag 17 632 1088 23 253 AUUA.ATA
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Tab.7 Summary of open-source implementation

Al kW HE 28 (2T (% 1B SCHE

https://www3. nd. edu/~ dial/publications/
metapath2vee  KDD 2017  Tensorflow https: //github.com/apple2373/metapath2vec
dong2017metapath2vec. pdf

HERec IEEE 2018  Python https://github.com/librahu/ HERec https://arxiv.org/abs/1711.10730

https://dl. acm. org/doi/10. 1145/3132847.
HIN2Vec CIKM 2017 Python https://github.com/csiesheep/ HIN2Vec

3132953
https://dl. acm. org/doi/abs/10. 1145/3219819.
MCRec KDD 2019 Tensorflow https://github.com/librahu/MCRec
3219965
RHINE AAAI 2018 PyTorch https://github.com/rootlu/RHINE https://arxiv.org/abs/1905.08027
https://dl. acm. org/doi/10. 1145/3292500.
HeGAN KDD 2019 Tensorflow https://github.com/librahu/HeGAN
3330970
PTE KDD 2017 C++ https://github.com/mnqu/PTE https://arxiv.org/abs/1508.00200v1
AspEm SIAM 2018 Python https://github.com/ysyushi/ AspEm https://arxiv.org/abs/1803.01848
HEER KDD 2018 PyTorch https://github.com/GentleZhu/ HEER https://arxiv.org/abs/1807.03490
HAN WWW 2019 Tensorflow https://github.com/Jhy1993/HAN https://arxiv.org/pdf/1903.07293.pdf

https://github. com/chuxuzhang/KDD2019  https://www3. nd. edu/~ dial/publications/
HetGNN KDD 2019 PyTorch
_HetGNN zhang_2019_heterogeneous. pdf

MAGNN WWW 2020 PyTorch https://github.com/cynricfu/ MAGNN https://arxiv.org/pdf/2002.01680.pdf

https://github. com/seongjunyun/Graph _
GTNs NIPS 2019  PyTorch https://arxiv.org/abs/1911.06455
Transformer_Networks

3.3 XBRMA

S A8 I £ e 75 2 2] O ¥ T LA F B 22 SEBRAT 55 v o i] DA SE 0z M 0 43 o 3 28 BT R4 2R T R
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R b X SCAR HEAT 4325 5 B P R B AE DG AR B 5 4 28 I 4 v I A F P AR A AR B FE A
b R A I REHEATAR I . SRl SE IR AR L R JE AR R A S T e X 5 A AR X T
Oy 2R FE AR B T IR metapath2vec, A F F 5 A8 715 AT AR AE A9 GNN S 1T LA 21 58 47 1 i A 36
NSRS A AR KRS B

2) PR He MR RE E bR CUn PR S D 8 — AN B AR A RO [R] A 2 B L A A5 TR — AN 7R 9 Y
O X G2 (4 FE R R AT BE A [R) s S A ) — A e o B X 4 0 22 v R AT RE R Y R SR AT L Ok
At AE W g R A SR A N E R MG T RS R E A TRIKB e Z B R AR, B
G R TET SR BT S node2vec ™ L FAE G 1 SR B ALY X S T node2vec 1 A — Ff 5 T I
BEATL I AE 77 1% o 30 0 10 b 3 30 09419 AT i A 2 TR P A R i o DTG X 4 a5 A 7 B A R R AT D [ B kA
PEWHE RAZHE T K-Means 89514 &,

3) BEEEWUN B AE BN LS b B, BE AR RE S L. EAY bR T HEATARZE
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