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1 arXiv-coauth, arXiv-cocitation
Dataset arXiv-coauth arXiv-cocitation

Nodes 3397 3433

Edges 7170 7260

Feature 1000 1000

Classes 7 7

Training node 0.52(22 ) 0.63(20 )

Validation node 0.37(22) 0.27(20, 21, 22)

Testing node 0.11(23) 0.10(2023)
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2 arXiv-coauth arXiv-cocitation
Dataset arXiv-coauth arXiv-cocitation

Clustering coefficient 0.42 0.09
Connected component 0.78 0.96

Efficient diameter 10 8
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Dataset arXiv-coauth arXiv-cocitation

MLP 38.80% 40.17%
Node2Vec 36.98% 41.29%

GCN 41.67% 57.30%
GraphSAGE 42.97% 50.28%
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