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• Style-Alignment in Image generation requires fine-tuning.

Introduction & Background📌

Most of GNNs present an accuracy degradation in heterophilic 
settings/when adding many layers: 
• Rely on the Homophilic Assumption. 
• Suffer from Oversmoothing Effect.

• False Assumption: Graph Nodes live in the same global 
feature space. 

• Assign a vector space (stalk) to each node and edge and 
learn restriction maps (and transport maps) among them.

❌ PROBLEM

✅ SOLUTION à SHEAF NEURAL NETWORKS
• Style-Alignment in Image generation requires fine-tuning.

Sheaf Laplacian

Measures the nodes disagreement

Q:
🛠
Can we measure the total disagreement at each node?

A: Build the Sheaf Laplacian

Research Question

Can we think Sheaf Diffusion under a 
Spectral Perspective, and if yes, can 
we use their properties for Sheaves?

🤔
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Polynomial Neural Sheaf Diffusion⚡
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Long-Range Influence📐

• Style-Alignment in Image generation requires fine-tuning.

Experiments & Results🔬

      Long-range interactions require stacking many layers.
à Increase computational cost and intensifying the 

oversmoothing. 

🤩 Explicit K-hop receptive field/diffusion/long-range mixing

• Model-agnostic SheafNN framework to perform diffusion 
explicitly in the spectral domain.

• Applies Orthogonal Polynomials filters to the spectrally 
rescaled sheaf Laplacian.

• No need anymore for large stalk dimensions.
• Same asymptotic cost of stacking K NSD-layers but without 

Laplacian re-assembly.

Double Interpretation:
1. Spectral: Frequency–selective filter on the sheaf signal. 
2. Spatial: The degree K determines the receptive field, mixing information across 

all paths of length up to K in a single pass.

New s.o.t.a. results on heterophilic and homophilic datasets.
Diag models invert NSD* trend à performances speed-up.
Stalk dimension has not big impact as it was for NSD. 
No Oversmoothing àHigh results if L increases.
Same is valid for the Continuous Neural Sheaf Diffusion.

*C. Bodnar, F. Di Giovanni, B. Chamberlain, P. Lio, and M. Bronstein. Neural Sheaf Diffusion: A topological perspective on heterophily and oversmoothing in GNNs. NeurIPS, 2022. 

PolyNSD VS NSD – #Layers Ablation

Pick best K for the three models and run #layers and 
#channels ablation.
PolyNSD has low K for homophilic and high K for 
heterophilic datasets. 
Even if more layers/hidden channels, PolyNSD is better 
à Parameter Savings.
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Discrete Models

Continuous Models

Long-Range Impact - Influence Decay

⚠

• Controllable frequency-selective operator, enabling direct control over the diffusion 
behaviour (low-, band-, or high-pass).

à Gradient-based Influence Decay to demonstrate persistent Long-Range influence.

within a single layer.
🥷


