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Rewiring

A Delaunay triangulation, denoted as DT(P), for a set P of points in the d-dimensional Euclidean space, is a 
triangulation where no point in P resides within the circum-hypersphere of any d-simplex in DT(P).
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As for a manifold, the notion of curvature is a good way to caraterize the local 
behavior of a graph.

where m is the number of triangles that contain eij

• Graph Neural Networks operate on the Message Passing Neural Networks (MPNNs) 
paradigm. This paradigm involves iteratively applying AGGREGATE and UPDATE 
functions to enhance node representations. The process updates the representations 
by utilizing the information contained in the neighbors. 
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While the majority of the rewiring methods modify the original graph structure, we propose a complete rebuild of 
the graph, based only on the features of the nodes, ignoring the edges of the original graph. We choose to 
introduce the new edges of the rewired graph by applying a Delaunay triangulation on the node features.

In dimension 2, Delaunay triangulation has particularly interesting properties for graph construction. 

Delaunay Graph properties

Avoid strongly negatively curved 
edges=> Mitigate over-squashing

Size of largest clique is 3.
Avoid strongly positively curved edges 
=> Mitigate over-smoothing

Improve graph homophily 

• Local operation => it takes k layers to exchange information between two 
nodes at a distance of k => difficulties to fetch long-term information. 

Increasing the number of layers is not a good idea because it causes : 
• Over-smoothing => As the number of layers increases, the message passing becomes        

excessively intensive  =>the features of the nodes gradually become more similar.
• Over-squashing => At each stage, node representations are aggregated with others 

before being passed on to the next node. Since the size of node feature vectors does 
not change, they quickly run out of representation capacity to preserve all previously 
combined information.

A common approach to mitigate Over-Squashing and Over-Smoothing is by rewiring 
the input graph.

[3] Positive curvature => dense areas=> Accentuates Over-Smoothing
[2] Negatives curvature => Bottleneck => Accentuates Over-Squashing 

On average, Delaunay Rewiring demonstrated a substantial increase of 
21.8% in performance when compared to the basic GCN and GAT.

Complexity and running time

Delaunay Rewiring is highly scalable for 
large datasets. 
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Curvature on graph

The input graph is not necessary 

Good degree distribution
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Our approach involves utilizing node features to induce a new graph structure based on 
Delaunay triangulation.

Our extensive experimentation conducted on homophobic and heterophillic graphs 
demonstrates that our method consistently outperforms existing graph rewiring 
methods.

The structural properties of the Delaunay graph allow for good information diffusion 
by reducing Over-Smoothing and Over-Squashing.

Motivation 
How can you avoid negative-curvature edges while avoiding dense areas in the graph?

Applying a Delaunay triangulation allows to maximize the number of triangle in the graph while 
ensuring a maximum clique size of 3.
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Rewiring Graph 

Connect distant nodes 

Amount of information is compressed

Sparsifying dense areas of the graph Improve connectivity 
around bottlenecks


