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Solution

View Generator

Edge Count Loss.
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Algorithm 1: GACN Framework.

Z d,, MaxPool({d,|v € V}))
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Input: graph G = (V, &), dimension of embedding s, hyper-parameters
Tg, Tf Ag: Acnts Anews Agcla Abpr

Output: node representations {d,|v € V}

Initialize @g, O, @f;

while GACN not converge do

for G-Steps do

Sample X, and calculate P according to Eq. (4) ;

Compute pg, using P according to Eq. (9), (10) and (11);

Update ©4 according to Eq. (7) and (17);

end

for D-Steps do
Generate and label g",,, ég -
Encode G € ép U ég using Eq. (9), (10) and (11);
Update ©y, according to Eq. (12);

end

for E-Steps do
Generate G, G4 for Eq. (14) and sample O for Eq. (15) ;

Update ©  according to Eq. (16);
end

end

{dolo € V}=f(G);
return {d,|v € V}.
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Table 3: The experimental results of node classification. The
best results are illustrated in bold and the number underlined
is the runner-up.

Dataset Cora Citeseer
Metric P R F1 P R F1
DeepWalk 0.7753 0.7012 0.7292 0.5579 0.4962 0.4869
LINE 0.7873 0.6970 0.7281 0.5992 0.4437 0.4413

node2vec 0.7744 0.7352 0.7516 0.4717 0.4581 0.4552
LightGCN 0.7615 0.7342 0.7453 0.4434 0.4513 0.4361

Simple-GCL | 0.8491 0.8154 0.8287 | 0.7019  0.6930 0.6946
DGI 0.8320 0.8129 0.8212 0.6427 0.6357 0.6278
GraphCL 0.7993 0.7500 0.7689 | 0.6547 0.6156 0.6112
GRACE 0.8546 0.8377 0.8445 | 0.7232 0.6963 0.6948
SGL 0.8029 0.7769 0.7887 | 0.7177 0.7045 0.7063

GraphGAN 0.4195 0.2177 0.1745 0.3148  0.2994 0.2696
AD-GCL 0.4176 0.3672 0.3800 | 0.2842 0.2809 0.2763
GraphMAE 0.8667 0.8287 0.8447 | 0.7278  0.7048 0.7064

GACN |0.8705 0.8545 0.8614 | 0.7311 0.7187 0.7212




Think

What is a good graph representation?

The Mutual Information Maximization Principle. The target of GCL
InfoMax: mjgx 1(G, f(®))

Supervised learning

Graph Information Bottleneck

l Self-supervised learning

minmax [(f(6), £(6") =1 (f(&), f(t(&)),t~T
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Dataset

Yelp

Gowalla

Amazon

Metric

recall@10
recall@20
ndcg@10
ndcg@20
recall@10
recall@20
ndcg@10
ndcg@20
recall@10
recall@20
ndcg@10
ndcg@20

NGCF
0.0584
0.096
0.0444
0.0568
0.0974
0.142
0.0776
0.0915
0.059
0.0931
0.045
0.0562

LightGCN
0.0627
0.0996
0.0492
0.0612
0.1124
0.1616
0.0898
0.105
0.0633
0.0983
0.0498
0.0612

SGL
0.0845
0.1279

0.0681

0.0822
0.1348
0.1928
0.1058
0.124
0.0869
0.1316
0.0689
0.0834

NCL
0.0847
0.1308

0.068

0.0831

0.1323
0.1931
0.1064
0.1256
0.0824
0.1211
0.0643
0.0798

SimGCL
0.0851
0.1313
0.0671

0.082
0.133
0.1879
0.1079
0.1249
0.0901
0.1344
0.0713
0.0856

XsimGCL
0.0853

0.1302
0.0678
0.0823

0.1354
0.1902
0.1102

0.127

0.0923
01357
0.0732
0.0872

LightGCL

0.0596
0.0992
0.0596
0.0728
0.116
0.1695
0.0827
0.1234
0.0566
0.0842
0.0524
0.0657
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0.1131
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Improv.
4.57%
1.83%
7.06%
4.81%
2.22%
2.05%
2.63%
2.44%
2.38%
1.84%
4.23%
3.56%




