
Coloring Learning for Heterophilic Graph 

Representation

Miaomiao Huang1, Yuhai Zhao1, Zhengkui Wang2, Fenglong Ma3, 

Yejiang Wang1, Meixia Wang1, Xingwei Wang1

1 Northeastern University, China
2 Singapore Institute of Technology, Singapore
3 Pennsylvania State University, United States



▪ Data augmentation: Generate two views of a graph through augmentations;

▪ Contrastive loss: Maximize agreement for augmented views of the same graph

(positive pairs) and minimize agreement across different graphs (negative pairs).

Graph Contrastive Learning (GCL) [1]

[1] You Y, et al. “Graph contrastive learning with augmentations”. NeurIPS. 2020.



▪ Heterophilic Graph: Connected nodes may have different class labels and

dissimilar features.

Heterophilic Graph [2]

[2] Xiao T, et al. “Simple and Asymmetric Graph Contrastive Learning without Augmentations”. NeurIPS. 2023.
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▪ GCL under heterophily depends on the either

random or carefully designed augmentation strategies,

such as edge dropping. However, in heterophilic

graphs, even slight topological perturbations can

drastically alter neighborhood semantics;

▪ Most GCL approaches primarily focus on enforcing

local similarity constraints while overlooking global

structural consistency.

Problem of GCL under Heterophily

Augment



Straightforward Solution

▪ Graph Coloring: Graph coloring is the process of

assigning colors to nodes such that no two adjacent

nodes share the same color, while minimizing the total

number of colors used;

▪ Issue 1) Diverse relational patterns: Cannot effectively

distinguish heterophilic and homophilic connections;

▪ Issue 2) Computational complexity: Direct graph

coloring is a hard combinatorial problem, difficult to

apply in practice.
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Framework



Edge Evaluation

To address the issue of diverse relational patterns, we introduce an

edge evaluator that integrates feature and structural information

inside the graph, to identify the relationships between node pairs.



Edge-aware Coloring Matching Learning

To address the issue of computational

complexity, we take graph coloring as an

inspiration. By assigning the same colors to

homophilic node pairs and different colors

to heterophilic node pairs, we enable self-

supervised representation learning.



Edge-aware Coloring Matching Learning

A sparse-induced color redundancy constraint is introduced to suppress

redundant colors and enhance intra-class compactness;

To dynamically calibrate the edge evaluator, we control the ranking of

homophilic, heterophilic, and randomly sampled node pairs.



Multi-hop Neighborhood Contrastive Learning

Due to the inherent heterophily of graphs,

semantically similar nodes are often located in

distant, non-adjacent regions. Local neighbors alone

cannot capture global semantic consistency. To

address this, we construct positive samples from

multi-hop same-color nodes and pull them closer to

enforce global consistency.



Comparison with the State-of-the-art



Comparison with the State-of-the-art



Thanks!
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