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Research on graph contrastive learning method based on

ternary mutual information
LI Xu, CAI Biao, HU Nengbing
(College of Computer Science and Cyber Security, Chengdu University of Technology, Chengdu 610059, China)

Abstract: Recently, graph contrastive learning has emerged as a successful method for unsupervised graph representa-
tion learning. Most existing methods are based on the principle of maximizing mutual information by obtaining two
views through data augmentation and maximizing their mutual information. However, the mutual information of these
two views may include information that is not beneficial for downstream tasks. To overcome these shortcomings, we
propose a graph contrastive learning framework based on ternary mutual information. The framework first performs
stochastic data augmentation on the input graph to generate two views. A weight-shared encoder is then used to obtain
two node representation matrices. Subsequently, a shared weight decoder decodes the node representations of the two
views. The loss between views, and between views and the original graph, is calculated separately using a contrast loss
function. This approach maximizes the mutual information between the views, as well as between views and the origin-
al graph. The experimental results show that the method outperforms the baseline method in terms of node classification
accuracy. Moreover, it even outperforms some supervised machine learning methods, verifying the effectiveness of the
framework.

Keywords: graph contrastive learning; mutual information; graph neural network; unsupervised machine learning; con-

trastive learning; representation learning; node classification; deep learning
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Table 2 Hyperparameter settings for different datasets

g PE,\ P2 DPr1 Pr2 A T

Cora 04 04 03 03 06 038
CiteSeer 08 08 07 07 05 1.0
PubMed 02 04 03 02 05 09

Amazon-Computers 03 05 02 02 05 05
Amazon-Photo 03 03 03 03 04 04
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Table 3 Accuracy and standard deviation of node classification for all methods on five datasets %
ik LA €111 Cora CiteSeer PubMed Amazon-Photo Amazon-Computers
Raw Feature X 47.0+0.4 49.3+0.3 69.1+0.2 78.5+0.2 73.840.1
DeepWalk A 67.2+0.2 43.2+0.4 65.3+£0.5 89.4+0.1 85.3£0.1
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Tk AR Cora CiteSeer PubMed Amazon-Photo Amazon-Computers
GCN A, X, Y 81.5+0.2 70.3+0.4 79.0£0.5 91.6+0.3 84.5+0.3
GAT A,X, Y 83.0+0.2 72.5+0.3 79.0£0.5 91.8+0.1 85.740.1
GAE A, X 74.9+0.4 65.6+0.5 74.2+0.3 91.0£0.1 85.1£0.4
VGAE A, X 76.3+0.2 66.8+0.2 75.8+0.4 91.5+0.2 85.8+0.3
DGI A, X 82.3+0.5 71.5+0.4 79.4+0.3 91.3£0.2 87.8+0.3
GMI A, X 83.0+0.2 72.4+0.2 79.9+0.4 90.6+0.2 82.2+0.4
GRACE A, X 83.1+0.2 72.1£0.1 79.6+0.5 91.9£0.3 86.8+0.2
MVGRL A, X 82.9+0.3 72.6+0.4 80.1+0.7 91.7+0.1 86.9+0.1
GCA A, X 81.8+0.2 71.9+0.9 81.0+0.3 92.4+0.4 87.7+0.1
BGRL A, X 82.7+0.4 71.3£0.8 80.3+0.9 91.6+0.5 87.4+0.4
G-BT A, X 82.6+0.5 72.0+0.3 80.5+0.2 92.6+0.6 87.9+0.4
COSTA A, X 83.3+0.3 72.0+0.3 81.240.2 92.6+0.5 88.3+0.1
SUGRL A, X 83.4+0.5 73.0+0.4 81.9+0.3 93.3+£0.4 88.8+0.2
GCLTMI A, X 84.0+0.4 73.1+£0.3 82.8+0.4 94.3+0.5 88.9+0.6
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Table 4 Impact of different structures on framework performance %
Ghith PGS
PN g RET Cora CiteSeer PubMed Amazon-Computers Amazon-Photo
X X 77.2 70.8 80.1 79.3 89.0
V x 82.7 72.1 82.5 85.1 93.8
x \ 81.5 72.6 80.7 85.9 90.4
V v 84.0 73.1 82.8 88.9 94.3
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