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Graph Neural Networks (GNNs)
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The depth of a GNN model is coupled with its scope: Each GNN layer contains a neighbor 
aggregation function. 𝐿 times of aggregation can perceive the entire 𝐿-hop neighborhood. 
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The Long-lasting Depth Dilemma: Deeper GNNs struggle with 
generalization

GCNII, depth=8, acc=78.6%APPNP, depth=9, acc=79.2%GCN, depth=2, acc=77.6%

Comparison of F1-score on the Citeseer dataset. Images from the paper "On   ovabl  B n fits of D pth in T aining G aph Convol tional   two ks”.

(Step 1)
Deeper GNNs are desirable: increasing the model 
depth can exponentially incorporate more information.

Performance degradation is widely observed when 
going deep: number of layers > 3

(Step 2)
Existing solutions for deeper GNNs 
can only alleviate the degradation 
and achieve only marginal gains 
over their shallow variants.
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Error Decomposition for Deeper GNNs

Test Error
Remain High 
for various 
deeper GNNs

Training Difficulties 

Vanishing/Unstable 
Gradients -> 
Model Degradation

Generalization Gap

Powerful Models meet 
non-uniform patterns -> 
Overfitting Issue

Expressivity of Architecture

Loss of Expressivity
-> 
Over-smoothing Issue

Unlike previous studies that attribute the failure of deeper GNNs to a single cause, we argue 
that this failure stems from multiple factors, varying based on GNN architectures.

Current techniques face inherent trading-offs between these three types of errors.
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A Subgroup Generalization View to Explain Deeper GNNs’ Failure

Assumptions:
The graph is composed of non-overlapping node 
subgroups, with each subgroup containing nodes 
with the same homophily ratio.

Properties:
• Generalization Error for subgroup m depends on 

the aggregated feature distance and homophily 
ratio difference

• The minimum generalization error occurs at 
different depths L for subgroups 𝑖 and 𝑗 where 
𝑝𝑖 > 𝑝𝑆 and 𝑝𝑗 > 𝑝𝑆

• Varying L yields a larger generalization disparity 
on heterophilous graphs than on homophilous
graphs
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Deeper GNNs Exhibit Generalization Preference Shift

• Increasing GNN depth enhances generalization for 
specific subgroups but inevitably compromises 
generalization for others

• Different depths of GNN can correctly predict a unique 
subset of nodes

• The generalization disparity of models with different 
depths is significantly larger than models with the 
same depth but different random seeds.
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Effective Remedy Paradigm: Mixing Deeper GNNs with their
Shallow Variants to Improve Generalization
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Proposed Method – Moscat: Mixture of Scope Experts at Test
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Moscat Achieves New SOTA Performance

GAT-Moscat 
58.75%

SAGE-Moscat 
56.66%

MixHop-Moscat 
87.13%

GCNII-Moscat
92.40%

Baselines
• Heterophilous GNNs: GNNs designed for heterophilous graphs

• Graph Transformers: Applies global attention to enable a global scope

• Graph MoE:  Mixture of multiple GNN experts including various of depth
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Moscat Strongly Improves GNNs with Diverse Architectures

• Significant Improvement: 6.24% ~ 12.72% improvements averaging on 6 datasets

• GCNII-Moscat achieves the smallest gain: GCNII aims to avoid overfitting, limiting 
Moscat’s impact

• ACMGCN-Moscat achieves the largest gain: ACM-GCN is more expressive and is prone 
to overfitting

Avg ⇑
10.08%

Avg ⇑
7.41%

Avg ⇑
10.73%

Avg ⇑
6.24%

Avg ⇑
12.72%
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Moscat for Deeper GNNs

• With a large depth, GNN-Moscat outperforms GNN + other techniques designed (e.g., 
skip connections) for deeper GNNs

• Moscat can also apply on GNNs with skip connections to better leverage the depth and  
achieve further accuracy improvements
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