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Graph Contrastive Learning (GCL) [1!

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

= Confrastive loss: Maximize agreement for augmented views of the same graph

(positive pairs) and minimize agreement across different graphs (negative pairs).
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[1] You Y, et al. “Graph contrastive learning with augmentations”. NeurlPS. 2020.



Heterophilic Graph [2]

= Heterophilic Graph: Connected nodes may have different class labels and
dissimilar features.

Homophily Heterophily

[2] Xiao T, et al. “Simple and Asymmetric Graph Contrastive Learning without Augmentations”. NeurlPS. 2023.




Problem of GCL under Heterophily
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random or carefully designed augmentation strategies, ® P @ @
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such as edge dropping. However, in heterophilic © g &re © e

graphs, even slight topological perturbations can
drastically alter neighborhood semantics; l Augment
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Straightforward Solution

Heterophilic

= 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;

= [ssue 2) Computational complexity: Direct graph

coloring is a hard combinatorial problem, ditficult to
apply in practice. Different
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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.

X; = ¢1([xi || pel)s X = d1([x5 || p5]),
wij = (D2 || X5]) + d2([x; || xi])) /2
w; ; = Sigmoid ((w; ; +logw —log(l — @))/Tm)
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Edge-aware Coloring Matching Learning

Input Graph

To address the issue of computational
complexity, we take graph coloring as an
inspiration. By assigning the same colors to

homophilic node pairs and ditferent colors

to heterophilic node pairs, we enable self-
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Edge-aware Coloring Matching Learning

A sparse-induced color redundancy constraint is introduced to suppress
redundant colors and enhance intra-class compactness;

exp ((log(m;) + 0i) /7o)
> exp ((log(m;) + 0;)/70)

J€lxgl

Ed — Z (I)‘NL(LIL‘ ({((g;}ol iEIIn]]) ; (‘Qﬁg’COl —

J€lxg]

To dynamically calibrate the edge evaluator, we control the ranking of
homophilic, heterophilic, and randomly sampled node pairs.
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Multi-hop Neighborhood Contrastive Learning

Due to the inherent heterophily of graphs,

semantically similar nodes are often located in m O .‘.> Closer
distant, non-adjacent regions. Local neighbors alone QD%S.ED Posmve/

cannot capture global semantic consistency. To 20 .8 d Farther
address this, we construct positive samples from Negame/

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

enforce global consistency.
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Comparison with the State-of-the-art

Table 1: Results in terms of classification accuracies (in percent + standard deviation) on homophilic
benchmarks. The best and second-best performance under each dataset are marked with boldface

and underline, respectively. OOM indicates Out-Of-Memory.

Methods Cora CiteSeer PubMed Wiki-C5 Computers Photo CS Physics
GCN 81.50£1.30 7030+£0.28 78.80+2.90 76.89+0.37 86.341+048 92.35+0.25 93.10+0.17 95.54+0.19
GAT 82.80£1.30 71.50+£0.49 78.504+0.27 77.424£0.19 87.06+0.35 92.64+042 92414027 9545+0.17
MLP 56.11£0.34 5691+£042 71.354+0.05 72.02+0.21 73.8840.10 78.54+0.05 90.42+0.08 93.54+0.05
H2GCN 80.23£0.20 69.97+£0.66 78.79+030 79.73£0.13 84.3240.52 91.86+0.27 91.1820.58 93.56+0.48
FAGCN 77.80£0.66 69.81+0.80 76.74+0.66 74.344+0.53 83.51+£1.04 92.72+0.22 9381+£0.24 96.16£0.15
PC-Conv 82474056 6992+1.33 79.57+1.23 79944052 87.891+0.26 93.8910.14 94.2440.12 95.99+0.14
DeepWalk 69.47+0.55 58.82+0.61 69.87+1.25 74.35£0.06 85.6840.06 89.44+0.11 84.61+:022 91.77+0.15
node2vec  71.24+0.89 47.64+£0.77 6647+1.00 71.79£0.05 84391008 89.67+0.12 85.08£0.03 91.19+£0.04
GAE 71.07+£0.39 65224043 71.73£092 70.15+:0.01 85.27+0.19 91.62+0.13 90.01£0.71 94.9240.07
VGAE 79.81+£0.87 66.75+:0.37 77.16£0.31 75.63+£0.19 86.37+£0.21 92.20+£0.11 92.11+£0.09 94.5240.00
DGI 82.29+0.56 71.49+0.14 77431084 75.73£0.13 84.09+0.39 91491025 91951040 94.57+0.38
GMI 82.51+1.47 7156+0.56 79.83+0.90 75.06+0.13 81.76+0.52 90.72+0.33 OOM OOM
MVGRL  83.03+0.27 72.75+0.46 79.63+0.38 77.97+0.18 87.09+0.27 92.01+0.13 91.97+0.19 95.53+0.10
GRACE 80.08+0.53 71.41+0.38 80.15+0.34 79.16+036 87.21+044 92.65+0.32 92.78+0.23 95.39+0.32
GCA 80.39+042 71.21+0.24 80.374+0.75 79.35+0.12 87.8440.27 92.78+0.17 93.32+0.12 95.87+0.15
BGRL 81.08+0.17 71.59+042 79974036 78.74+0.22 88.924+0.33 93.244+0.29 93.26+0.36 95.76+0.38
HGRL 80.66+0.43 68.56+1.10 80.354+0.58 76.68+0.17 84304047 93.53+0.22 93.99+0.15 OOM
GREET 83.324+049 72.20+1.01 80.50+0.66 79.87+049 87.554+0.37 92.99+0.38 94.6840.21 9591+0.14
HeteGCL  81.55+0.65 70.63+1.16 82.504+0.57 79.12+0.25 85.76+0.21 93.82+0.32 94.79+0.06 OOM
CoRep 85.04+0.34 73.6710.40 83.50+0.47 82.201+0.51 89.17+3.81 93.84+1.89 9439+031 96.21+0.11




Comparison with the State-of-the-art

Table 2: Results in terms of classification accuracies (in percent 4 standard deviation) on heterophilic
benchmarks. The best and second-best performance under each dataset are marked with boldface
and underline, respectively. OOM indicates Out-Of-Memory.

Methods Chameleon Squirrel Actor Cornell Texas Wisconsin
GCN 59.634+2.32 36.284+1.52 30.834+0.77 57.03+£3.30 60.00+£4.80 56.4746.55
GAT 56.3842.19 32.094327 28.06+1.48 59464+3.63 61.624+3.78 54.714+6.87
MLP 46914215 29284133 35.664+094 81.084793 81.6245.51 84.314+3.40
H2GCN 59394198 3790+2.02 35864+1.03 82.1644.80 84.8616.77 86.67+4.69
FAGCN 63.4442.05 41.1741.94 36.814+0.26 81.3545.05 84.3246.02 83.33+2.01
PC-Conv  53.204+1.60 35.7940.62 36.07+£0.61 78.65+2.70 85.6842.97 88.63+2.94
DeepWalk  47.7442.05 32934158 22.784+0.64 39.1845.57 46.494+649 33.534+492
node2vec  41.9343.29 22.8440.72 28.284+1.27 42944746 41.9247.76 37.454+7.09
GAE 33.844+2.77 28.03+1.61 28.03+1.18 58854321 58.644+453 52.5543.80
VGAE 35.2242.71 29484148 26.99+1.56 59.1944.09 59.204+4.26 56.67+5.51
DGI 39.95+1.75 31.80+0.77 29.82+0.69 63.35+4.61 60.59+7.56 55414596
GM1 46974343 30.114+192 27824090 54.764+5.06 50494221 45984276
MVGRL 51.07+£2.68 3547+1.29 30.02+0.70 64304543 62.3845.61 62.374+4.32
GRACE 48.054+1.81 31334122 29.014+0.78 548641695 57.574+5.68 50.004+5.83
GCA 49.80+1.81 35504+091 29.65+1.47 55414456 59.464+6.16 50.78+4.06
BGRL 47464274 32644078 298641075 57.3045.51 59.1945.85 52354412
HGRL 48294164 35794089 36974098 794641445 82.16+6.00 86.2843.58
GREET 63.09+2.18 40.86+1.93 35.754+1.08 73.781+3.64 85.4143.67 84.1244.76
HeteGCL  48.774+1.55 34274158 37.59+1.22 81.3246.26 82374583 80.3945.23
CoRep 65.641+1.39 46.88+1.56 37.3241.13 82.70+4.55 88.65+3.97 86.8613.17
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