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Graph Contrastive Learning Algorithm with Edge Classifier
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Abstract: Unsupervised graph representation learning has become a research hotspot because
it does not require manual annotation. Graph contrastive learning has become one of the
mainstream methods by constructing positive and negative sample pairs to achieve multi-view
modeling of structural and semantic consistency. However, existing heterogeneous graph
contrastive learning methods rely on manual meta-path design and struggle to flexibly adapt
to diverse structural and semantic limitations. The homogeneous or heterogeneous properties
of edges were dynamically predicted through an edge classifier, based on which a
homogeneous view and a heterogeneous view were constructed. By integrating cross-view
contrastive learning between these dual views, unified modeling of structural and semantic
information was achieved, thereby enhancing the discriminativeness and robustness of the
learned representations. Experiments on five homogeneous and four heterogeneous graph
datasets show that ECGCL (graph contrastive learning with edge classifier) achieves
performance comparable to mainstream baselines on homogeneous graphs, and on
heterogeneous graphs, it improves node classification accuracy by up to 26.3% over
homogeneous methods and up to 4.8% over heterogeneous baselines, demonstrating its
effectiveness and generalization ability.

Key words: graph neural network; contrastive learning; graph representation learning;
unsupervised learning
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Table 3 Performance of node classification task on homogeneous dataset %
Vikes Cora Citeseer PubMed Co. CS Co. Physics
DeepWalk 69. 4+0. 5 58. 8+0. 6 63.4+0. 5 84. 6+0. 2 91.8+0. 1
Node2Vec 71.0%0.9 47.3+0. 8 66.2+0. 9 85.1£0. 0 91.2+0.0
GCN 81.2+0. 3 68. 3+0. 7 78. 1£0. 2 92.9+0. 3 95. 6+0. 2
GAT 82.0+0. 6 69. 6+0. 7 79.3+0. 4 92.3+0. 2 95. 5+0. 2
DGI 82.3+0.5 71.8+0.2 76. 8+0. 3 90. 1+0. 7 94. 9+0. 0
GRACE 83.1£0.2 72.0+0.4 79. 5+0. 4 93. 0£0. 2 95.2+0. 2
GCA 80. 6+0. 1 71.9+0. 4 80. 1+0. 7 92. 8+0. 1 95.7+0.0
BGRL 81.4+0.7 71.8+0. 4 80.340.6 92. 6+0. 2 95. 4+0. 2
ECGCL 83. 7+0. 5 72. 6+0.7 81. 6+0. 8 94. 7+0. 2 96. 1+£0. 1
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Table 4 Performance of node classification tasks on heterogeneous datasets %
ik Chameleon Squirrel Texas Wisconsin
DeepWalk 47.7£2.0 32.9+1.5 46.4+4. 8 33.5+6. 1
Node2Vec 41.943.2 22.8+0. 7 46.4+6. 4 37.4+7.0
GCN 59.8+2. 5 36.8+1.3 55.6£9.2 51.44£5. 1
GAT 60.2+1. 4 40. 7£1. 5 52.1+£5.5 49. 6+6. 1
DGI 60. 2+0. 7 42.2+0.6 58.5+2.9 55.2+1.0
GRACE 48. 0£1. 8 31.3%1.2 57.5+5.6 50. 0+£5. 8
GCA 61.6+0.3 41.5£1.0 52.9+0.4 59. 5+0. 8
BGRL 47.4+2.7 32. 6%0. 7 59.1£5.8 52.3+4. 1
GEOM-GCN 60. 0£2. 8 38. 1+£0.9 67. 8+£5. 8 65. 1£6. 5
H2GCN 57.1x1. 6 29.5+0.7 84.8+6.7 86. 6+4. 6
ECGCL 63.6+1.9 42.9+0. 4 85.4+3.0 84.1+4.7
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