[N p7s P 'S/
= 1t HF A F
COMPUTER SCIENCE

BF ZRESHENRRCNRRENRRTEINE

RN REE #E, HET EEE

5|FEAL

RN REE, B MEF, EiHE BT RNESREIIRKIEXERETRETREITEN]. HHENRE, 2022,
49(9): 64-69.

SONG Jie, LIANG Mei-yu, XUE Zhe, DU Jun-ping, KOU Fei-fei. Scientific Paper Heterogeneous Graph Node
Representation Learning Method Based onUnsupervised Clustering Level[J]. Computer Science, 2022, 49(9):

64-69.

HEEE (EERXIMEE IE VEHREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETRUNMERIIFINEEZANTATIN

Author’ s Academic Behavior Prediction Based on Heterogeneous Network Representation Learning
THEHRIEE, 2022, 49(9): 76-82. https://doi.org/10.11896/jsjkx.210900078

SR RRENFARLRIA

Survey of Mongolian-Chinese Neural Machine Translation

THEHAEIEE, 2022, 49(1): 31-40. https://doi.org/10.11896/jsjkx.210900006

BT RN UREANER D D HTHIRESEIRNFAEEE

Post-processing Network Embedding Algorithm with Random Projection and Principal Component Analysis
TTEMNEIEE, 2021, 48(5): 124-129. https://doi.org/10.11896/jsjkx.200500058

POTTE KR DRI ARE B b AR

Knowledge Graph Completion Model Using Quaternion as Relational Rotation

ITEMEIEE, 2021, 48(5): 225-231. https://doi.org/10.11896/jsjkx.200300093
BETESTHHEMENTEEARRSE

Complete Graph Face Clustering Based on Graph Convolution Network

THENREIEE, 2021, 48(11A): 275-277. https://doi.org/10.11896/jsjkx.201200102


https://www.jsjkx.com/CN/10.11896/jsjkx.220500196
https://www.jsjkx.com/EN/10.11896/jsjkx.220500196
https://www.jsjkx.com/EN/10.11896/jsjkx.220500196
https://www.jsjkx.com/CN/Y2022/V49/I9/76
https://doi.org/10.11896/jsjkx.220500196
https://www.jsjkx.com/CN/Y2022/V49/I1/31
https://doi.org/10.11896/jsjkx.220500196
https://www.jsjkx.com/CN/Y2021/V48/I5/124
https://doi.org/10.11896/jsjkx.220500196
https://www.jsjkx.com/CN/Y2021/V48/I5/225
https://doi.org/10.11896/jsjkx.220500196
https://www.jsjkx.com/CN/Y2021/V48/I11A/275
https://doi.org/10.11896/jsjkx.220500196

http: /www. jsjkx. com

4 A A 2
O tﬁ;m saj@? DOI: 10. 11896/jsikx. 220500196

ETETHRESERANHMREXRRBETRARTEITE

KA REF B B HEE EIFEIE
Arme K% RN FR(AZT AR RGFIOTRBACREES S REALTTELLRE 4L 100876

(songs@bupt. edu. cn)

i E HEAIHENREALER-ANAAFBREGRNA, M MEFIHBEAILFRARNLEPLELT LG ATLZMERX - M
S, XPRET—HEATAEFEHRENHAREAIFAAY & ATF I F % (Unsupervised Cluster-level Scientific Paper
Heterogeneous Graph Node Representation Learning Method, UCHL) , A F BRAR L F A AT F L (EE M5 LF)H
AT, ATHRE AL FRBAT S ENF RBETHETRN KRFTEZLALAXLR  FELSAIZLRAGXKXEZ, FHE
REW ,ELEAHB L XIBESE L TR T EE SR FNIEAR LARF T LG,

XER AR ALFAARL BAFTFI 220 L hE5%T

REZESES TP391

Scientific Paper Heterogeneous Graph Node Representation Learning Method Based on
Unsupervised Clustering Level

SONG Jie, LIANG Mei-yu, XUE Zhe,DU Jun-ping and KOU Fei-fei
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Abstract Knowledge representation of scientific paper data is a problem to be solved,and how to learn the representation of pa-
per nodes in scientific paper heterogeneous network is the core to solve this problem. This paper proposes an unsupervised clus-
ter-level scientific paper heterogeneous graph node representation learning method(UCHL) , aiming at obtaining the representa-
tion of nodes (authors, institutions, papers, etc. ) in the heterogeneous graph of scientific papers. Based on the heterogeneous
graph representation, this paper performs link prediction on the entire heterogeneous graph and obtains the relationship between
the edges of the nodes., that is, the relationship between paper and paper. Experiments results show that the proposed method
achieves excellent performance on multiple evaluation metrics on real scientific paper datasets.

Keywords Scientific paper, Heterogeneous graph network,Graph representation learning, Link prediction, Unsupervised learning
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Table 1 Heterogeneous graph dataset details
Dataset Relation A B A-B Metapath
P-A 14328 4057 19645 APA
DBLP P-C 14328 20 14328 APCPA
P-T 14327 8789 88420 APTPA
ACM P-A 3025 5835 9744 PAP
P-S 3025 56 3025 PSP
P-A 7623 4472 15213 APA
AMINER P-C 7623 101 4158 APCPA
P-L 7623 10 7623 APLPA
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Raw Feature 70. 24 69.73
DeepWalk 75.53 74.69
Metapath2vec 79.65 79.12
ESim 87.45 86.91
GCN 77.56 76.14
GAT 84. 34 83.28
HAN 90. 67 89.53
UCHL 93. 26 93.11
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Raw Feature 69.98 68. 22
DeepWalk 72.82 71.97
Metapath2vec 76.27 73.71
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Raw Feature 66.16 63.91
DeepWalk 68.94 67.39
Metapath2vec 71.39 68.97
ESim 83.68 81.61
GCN 74.33 73.31
GAT 79.62 79.17
HAN 83. 14 82.90
UCHL 85.43 83.97
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