
Calibrated Graph Contrastive 
Learning via Partitioned Similarity 
and Consistency Discrimination
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General graph contrastive learning (GCL) pipeline:
Ø Implement augmentations on raw data to generate multiple views;
Ø Corresponding samples across augmented views are positives while others are 

negatives for contrastive learning.
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Ø Semantic shift bias. Random augmentations alter the underlying semantics 
of samples, leading to incorrect positive or negative assignments and 
injecting noise into training.
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Ø Similarity estimation bias. Feature elements supporting positive pair 
alignment are suppressed by conflicting components within the 
representation, causing positive pairs to appear less similar.
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Method

      Ø Semantics-consistency discriminator corrects the semantic relationships of 

augmented sample pairs for debiasing semantic shift.
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Ø Exponential partitioned similarity restricts the negatively-synergistic 

features and amplify the positively-synergistic features to alleviate the 

similarity estimation bias.
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Ø The discriminator calibrates the contrastive loss by correcting false positive or 

negative sample pair assignments caused by augmentation-induced semantic flips;

Ø The calibrated encoder generates more reliable representations to further enhance 

the discriminator in distinguishing the semantics consistency relationships.



Pre-train GNN Encoder

Partitioned contrastive loss:

Implement augmentations �� and �� to 
obtain two augmented views � and �, 
which are processed by � to generate 
representations �� and ��.
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Exponential partitioned similarity:



Pre-train Discriminator
Decompose the graph Laplacian matrix to 
ob ta in  t he  e igenvec to rs  as  s t r uc tu ra l 
information:

���,�� is used to judge the semantic relationship 
between �� and �� 

 Balanced Softmax loss is used for training the discriminator:

Feature encoding  ℎ�� , ℎ��  and structural 

encoding  ��� , ���  are concatenated to form a 
fusion representation pair



Fine-tuning Process

An alternating training strategy between GNN and discriminator.



Experiments



Experiments



Experiments


