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Abstract In recent tasks involving graphs, the prevailing approaches mostly rely on supervised
learning-based graph neural networks. These approaches require label information during training,
which can be both tedious and expensive to obtain. As a result, there is a growing interest in
self-supervised learning methods that use only relational data between elements, eliminating the need
for labels. One such method is Graphical Mutual Information (GMI), which has proven effective in
embedding each node based on its characteristics. However, GMI has a limitation: it solely relies on
direct connection information, which hinders its ability to learn the global cluster structure of graphs.
To overcome this limitation, our research proposes the Marginal Node Indicator method, which
leverages the graph's cluster structure in the learning process. Through comparative experiments on
benchmark datasets, we have validated that this approach improves performance compared to existing
GMI methods.
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based mutual information, graph contrastive learning
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Table 1 Description of Datasets

Task Dataset Type #Nodes #Edges #Features #Classes
Node Cora Citation Network 2,708 5,429 1,433 7
classification Citeseer Citation Network 3,327 4,732 3,703 6
/ Chameleon Citation Network 2,277 31,421 2,325 5
Transductive  Squirrel Citation Network 5201 198,493 2,089 5
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