wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEFWLmUN e EENSERRFEIFE
FEpim, BRAE

SIRAAX

B, BRaE. BTN B R ESSERRIFZIFEN]. TENRE, 2028, 50(7): 207-212.
JIANG Linpu, CHEN Kejia. Self-supervised Dynamic Graph Representation Learning Approach Based
on Contrastive Prediction [J]. Computer Science, 2023, 50(7): 207-212.

BN EEE (SERXINEE IE SR EENE)

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

Data Reconstruction Attack for Vertical Graph Federated Learning

HEMREIEE, 2023, 50(7): 332-338. https://doi.org/10.11896/jsjkx.220900038

ETHE IR mIZETINE

Disease Diagnosis Prediction Algorithm Based on Contrastive Learning

HENRSE, 2023, 50(7): 46-52. https://doi.org/10.11896/jsjkx.230200216

EFWF IRMTERE GG
Contrastive Learning for Low-light Image Enhancement

HEHRIE, 2023, 50(6A): 220600171-6. https://doi.org/10.11896/jsjkx.220600171

HEEESEEENNFINESIRNMEREG D LN E
Graph Neural Network Few Shot Image Classification Network Based on Residual and Self-attention
Mechanism

HEHRIE, 2023, 50(6A): 220500104-5. https://doi.org/10.11896/jsjkx.220500104

ETIERASTHERZWNERBFABRRIGUTE
Function Level Code Vulnerability Detection Method of Graph Neural Network Based on Extended AST
IHEHEIE, 2023, 50(6): 283-290. https://doi.org/10.11896/jsjkx.220600131


https://www.jsjkx.com/CN/10.11896/jsjkx.220500093
https://www.jsjkx.com/EN/10.11896/jsjkx.220500093
https://www.jsjkx.com/CN/10.11896/jsjkx.220900038
https://doi.org/10.11896/jsjkx.220900038
https://www.jsjkx.com/CN/10.11896/jsjkx.230200216
https://doi.org/10.11896/jsjkx.230200216
https://www.jsjkx.com/CN/10.11896/jsjkx.220600171
https://doi.org/10.11896/jsjkx.220600171
https://www.jsjkx.com/CN/10.11896/jsjkx.220500104
https://doi.org/10.11896/jsjkx.220500104
https://www.jsjkx.com/CN/10.11896/jsjkx.220600131
https://doi.org/10.11896/jsjkx.220600131

http: /www. jsjkx. com

4 A A 2
O tﬁ-m sa;tg? DOI: 10. 11896/jsikx. 220500093

ETX LM B B EHSERTFEITE

HEwiE BRAIME

I marE e AFIHENFR 8 x 210003
2AHAABHELZL2EHRABEEALRE(F R E AF) K 210023
(1020041111@njupt. edu. cn)

W E E5FRAUANRFIARANBALESICRABEI ARG A SRR M, ZEF IR RREATH EGFE
FEARFHERED., AR KREXBAUKEFIFTERARHLAALEHRTF IS o BHEHFI T EAXF AR
HETEF . MAZEBEM NG HETRAZE, A, L FRET AL F AN U EHEBEFF T H % (DGCP),
AR FRATAHETTN A RBEARARNGIZE . G4, AR BV 2R %40 0 b 8B %, 13 5] 55 5 1
WERFESE ;KRG ALA B @R R TR T — i B R b 6 SRR G R R AT AR K e i S E L) R i AT 3 B
e, EAFAHEELHFER, S REAYW . DGCP A4 ET M5 L ey R AL T R A5k,
XER.HFEATET T F T @A E ML 4T

FEESES  TP391

Self-supervised Dynamic Graph Representation Learning Approach Based on Contrastive
Prediction
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1 School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210003, China

2 Jiangsu Key Laboratory of Big Data Security & Intelligent Processing(Nanjing University of Posts and Telecommunications) , Nanjing 210023,

China

Abstract In recent years,graph self-supervised learning represented by graph contrastive learning has become a hot research to-
pic in the field of graph learning. This learning paradigm does not depend on node labels and has good generalization ability. How-
ever,most of the existing graph self-supervised learning methods use static graph structures to design learning tasks, such as
learning node-level or graph-level representations based on structural contrast, without considering the dynamic information of
graph over time. To address this problem, the paper proposes a self-supervised dynamic graph representation learning method
based on contrastive prediction(DGCP) , which utilizes a contrastive loss inducing the embedding space to capture the most useful
information for predicting future graph structures. Firstly,each temporal snapshot graph is encoded using a graph neural network
to obtain its corresponding node representation matrix. Then,an autoregressive model is used to predict node representations in
the next temporal snapshot graph. Finally,the model is trained end-to-end by using the contrastive loss and sliding window me-
chanism. Experimental results on real graph datasets show that DGCP outperforms baseline methods on the link prediction task.

Keywords Dynamic graph representation learning,Contrast learning,Graph neural network, Link prediction
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Table 1  Statistics of datasets
Dataset Nodes Edges Timesteps
Enron 143 2347 16
ucCl 1809 16822 13
ML-10M 20537 43760 13
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Table 2 Link prediction results
Method Enron UCl ML-10M
Node2vec 87.85+0.8 82.95+0.5 86.4340.2
GSAGE 85.93+0.4 82.43+0.3 86.73+0.2
GSAGE+GAT 76.87+0.6 78.34+0.4 83.4240.4
GCN-AE 85.32+1.3 81.38+£0.4 84.5440.2
GAT-AE 79.65+=1.4 80.76+0.3 86.06+0.3
DynamicTriad 84.93£0.4 80.64+0.5 89.1240.3
DynGEM 71.43+0.6 79.324£0.3 82.4540.4
DynAERNN 77.56=+0.3 80.94+0.5 87.76+0.2
DySAT 89.21+0.3 83.13+0.4 91.17+0.2
DGCP 91.34%0.4 84.82+0.3 92.47%0.1
WL #E— 5 W EE & B Enron il UCT $U4E 4E BB /N 3l
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Table 3 Result of ablation study

Method Enron UCI ML-10M
DGCP-S 90.87+0.3 83.3240.2 90.84%+0.3
DGCP-A 88.0240.4 80.65+0. 2 89.03+0.1
DGCP-C 89.21+0.3 83.1340.4 91.17+0.2
DGCP 91.34%0.4 84.82+0.3 92.47%0.1
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