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Abstract

In the application of graph neural networks
(GNNSs), increasing the number of layers allows the
model to learn more complex features and capture
broader structural information. However, deepening
GNNs introduces challenges such as over-squashing
and over-smoothing. Previous studies have focused on
mitigating either over-squashing or over-smoothing,
while this study combines these methods to provide a
solution that addresses both problems simultaneously.
The paper explores the characteristics of different
datasets and evaluates the performance of various
combined methods, including Virtual Edge, JKNet,
SDRF, PairNorm, GroupNorm, and GCNII. The
results show that the Virtual Edge + GCNII method
performs best in high-homogeneity datasets, while
JKNet + GCNII is most effective in low-homogeneity
datasets. Additionally, this study also conducted a
quantitative analysis by measuring the average
distance of node representations, further confirming
the effectiveness of the proposed methods.
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