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I'm Me, We're Us, and I'm Us: Tri-directional Contrastive Learning
on Hypergraphs
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Collaborative contrastive learning for hypergraph node classification
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Cora-C. Citeseer ] Pubmed

— HE{EBEIEE: Cora-A ¥1 DBLP

Cora-C Citeseer Pubmed Cora-A DBLP

# Nodes 1,434 1,458 3,840 2,388 41,302
# Hyperedges 1,579 1,079 7,963 1,072 22,363
# Memberships 4,786 3,453 34,629 4,585 99,561
Avg. hyperedge size 3.03 3.20 4.35 4.28 4.45
Avg. node degree 3.34 2.37 9.02 1.92 241
Max. hyperedge size 5 26 171 43 202
Max. node degree 145 88 99 23 18
# Features 1,433 3,703 500 1,433 1,425
# Classes 7 6 3 7 6
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Method Co-citation Co-authorship

Citeseer Cora Pubmed Cora DBLP
NN 27.0 + 9.0 245 + 5.7 41.2 + 2.7 . 28_9_-1-_8..1_| 20.6 + 6.2
SVM 21.0 + 1.3 32.6 + 5.2 41.3 + 4.1 1521 £ 1.1 27.2 + 0.1
GCN [27] 63.0 + 1.9 72.1 + 1.9 69.6 + 6.3 ! 40 0+331 83.2 + 2.6
FastHyperGCN [42] 56.1 + 11.2 50.4 + 11.7 54.4 + 10.0 “4533729 70.5 + 14.3
HyperGCN [42] 54.7 + 9.8 52.2 + 11.4 60.0 + 10.7 55.0 + 0.9 71.3 + 1.2
HGNN [12] 61.1 + 2.2 769 + 1.8 63.3 + 2.2 58.2 + 0.3 77.6 + 0.4
HNHN [25] 64.8 + 1.6 71.3 + 1.9 759 + 1.5 63.9 + 0.8 85.1 + 0.2
UniGCN [43] 709 + 1.0 78.3 + 1.7 78.8 + 1.7 61.4 + 0.9 88.3 + 0.2
UniGAT [43] 70.7 £ 1.0 785 + 1.8 78.7 + 1.7 60.6 + 0.9 87.8 + 0.3
HCNH [26] 714 + 1.2 78.5 + 1.7 77.1 + 3.6 65.9 + 0.5 -
_HCoN I8]_______ 71.2 + 2.7 79.0 £ 1.5 80.4 £ 1.1 66.5 + 0.5 88.0 £ 0.1
TriCL [36] 71.1 + 0.8 81.0 + 1.0 80.3 + 1.6 64.2 + 0.5 88.5 + 0.1
CCL (ours) 71.9 + 0.8 79.7 + 1.1 81.9 + 0.9 64.6 + 0.5 88.6 + 0.1
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