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The quest for Long-Range Propagation

● Making distant nodes communicate effectively is often hard.
● Computational and topological bottlenecks1 hinder the performance of GNNs.

● Need for efficient solutions that do not require rewiring or global attentions.

1. Errica et al, “Oversmoothing, "Oversquashing", Heterophily, Long-Range, and more: 
Demystifying Common Beliefs in Graph Machine Learning”, ICLR 2026



Differential Equation GNNs

● Model node states as a dynamical system through an ODE. 

● Input features are encoded in the initial condition. 

● Discretize the process and iterate via message passing

● We can encode physical priors, e.g. energy conservation, in node dynamics.

Gravina et al, “Anti-Symmetric DGN: a stable architecture for Deep Graph Networks”, ICLR 2023
Heilig et al, “Port-Hamiltonian Architectural Bias for Long-Range Propagation in Deep Graph 
Networks”, ICLR 2025



The SOFAR Channel



Some nice properties of Waves

In Physics and Mathematics, they naturally describe propagation of information

They can travel at constant speed indefinitely, without losing amplitude or energy

They can be linearly (de-)composed, allowing for the superposition of waves



A Mathematically Grounded Formulation

Joel Friedman and Jean-Pierre Tillich. Wave equations for graphs and the 

edge-based laplacian.

Pacific J. Math., 216(2):229–266, October 2004



A Wave equation for Graphs

● We use a mathematically grounded formulation of the wave equation on Graphs

Joel Friedman and Jean-Pierre Tillich. “Wave equations for graphs and the edge-based 
laplacian”. Pacific J. Math., 216(2):229–266, October 2004



We use a mathematically grounded formulation of the wave equation on Graphs.

Here, we use the weighted Laplacian: weights modulate propagation on edges 

On a local level: 

A Wave equation for Graphs
Channel mixing

Input encoding

This is an MP operation!



Interpretation



Interpretation

The adaptive resistance modulates how information travels on edges.
It can create paths, eliminate others, filter signals and alleviate computational bottlenecks.



Interpretation

Superposition of waves allows for multiple signals moving on edges, alleviating topological bottlenecks.



Interpretation

The equation       closely resembles the one of oscillator systems  



SONAR - full model and Implementation

For additional flexibility, we use a dissipative and external forcing term

SONAR can be implemented with a simple message passing framework

We can also stack multiple layers with MLPs in between to add non-linearities.

Linear recurrence!



Deep SONAR architecture



Theoretical properties

In its conservative form and on a single channel graph:

● Energy is conserved

● Cross influence oscillates but never vanishes



Results on Graph Transfer

Transport label from source (S) to target (T), the rest of labels is random noise to keep untouched.

Di Giovanni et al. “On over-squashing in message passing neural networks: the impact of width, depth,
and topology”, ICML 2023, with the setting of
Gravina et al. “On Oversquashing in Graph Neural Networks Through the Lens of Dynamical Systems”, AAAI 2025



Results on Graph Transfer



Results on Graph Transfer



Results on Graph Property Prediction

Predict topological properties of a Graph.

Gravina et al, “Anti-Symmetric DGN: a stable 
architecture for Deep Graph Networks”, ICLR 2023

Improvement by 
orders of magnitude



Results on LRGB

Actually, SONAR 
only needs 4 MP 

steps for this

On a “true” long-range 
task, we improve by 8%



Works well on Heterophilic Tasks as well



Working with spatiotemporal signals - STORM

Can we exploit wave-like dynamics for modeling spatiotemporal signals?

● The wave equation naturally provides signal propagation.

● The input signal drives the evolution of the system: Forcing term!



Features of STORM

● Efficiency: no product graphs or spectral methods required + MP complexity.

● Feature Filtering: based on the adaptive resistance and dissipation, spectral analysis 

reveals that STORM can filter irrelevant features.

● STORM is a universal model.



RocketMan Task

Introduced by Marisca et al.: Retreive the average value at time t-i of nodes distant k hops

Marisca et al., “Over-squashing in spatiotemporal graph neural networks”, NeurIPS 2025



Results - Forecasting and Changing Topologies

Twitter Tennis task



Key takeaways

● Oscillatory models are very powerful!

● Linear recurrence and energy conservation (in the right places) help!

● Combine components and let the model decide!

● Use physical and mathematical priors! Nature is efficient and powerful  :)

Lanthaler et al. “Neural oscillators are universal”, NeurIPS 2023



Thank you for your attention!


