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This Talk Covers

👉 how to exploit dynamical systems for neural graph embeddings

👉 a novel message passing dynamic offering

💡 learnable information conservation and dissipation

⚡ analytical vector field guarantees

🚀 improved long-range capabilities of GNNs
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Motivation

👉 Repeat L times

}
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Motivation

👉 Repeat L times

}

👉 Continuous Process

Di Giovanni et al. “Understanding convolution on graphs via energies”. Transactions on Machine Learning Research (2023)
Gravina, Bacciu, and Gallicchio. “Anti-Symmetric DGN: a stable architecture for Deep Graph Networks”. ICLR (2023)
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Energy Conservation and Dissipation

Meyer, Kenneth R, and Daniel C Offin. Introduction to Hamiltonian Dynamical Systems and the N-Body Problem. 3rd ed. Springer, 
Cham, 2017.
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Energy Conservation and Dissipation

👈 constant! 

Meyer, Kenneth R, and Daniel C Offin. Introduction to Hamiltonian Dynamical Systems and the N-Body Problem. 3rd ed. Springer, 
Cham, 2017.
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Energy Conservation and Dissipation

vs.

Desai, Shaan A., et al. “Port-Hamiltonian neural networks for learning explicit time-dependent dynamical systems”. Phys. Rev. E 104 (3 
Sept. 2021): 034312.

👈 constant! 
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Port-Hamiltonian DGN
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Port-Hamiltonian DGN
👉 The Hamiltonian
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Port-Hamiltonian DGN
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Theoretical Properties
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Theoretical Properties

👉 Allows for long-range propagation! 
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Theoretical Properties cont.

Galimberti, Clara Lucía, et al. “Hamiltonian Deep Neural Networks Guaranteeing Nonvanishing Gradients by Design”. IEEE 
Transactions on Automatic Control 68, no. 5 (2023): 3155–3162.
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Theoretical Properties cont.

Galimberti, Clara Lucía, et al. “Hamiltonian Deep Neural Networks Guaranteeing Nonvanishing Gradients by Design”. IEEE 
Transactions on Automatic Control 68, no. 5 (2023): 3155–3162.

👆Nodes can not forget!
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Theoretical Properties cont.

Galimberti, Clara Lucía, et al. “Hamiltonian Deep Neural Networks Guaranteeing Nonvanishing Gradients by Design”. IEEE 
Transactions on Automatic Control 68, no. 5 (2023): 3155–3162.

👉 full PH-DGN Picture
     see Thrm. B.1

👆Nodes can not forget!
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Graph Property Prediction

0.81 log(MSE) better 
than the best baseline 
on average

0.33 log(MSE) better 
1.98 log(MSE) better 
than the best MPNN 
on average

The lower, the better
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Long Range Graph Benchmark

Include PE and SE
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Long Range Graph Benchmark

Include PE and SE

Better than MPNN, DE-DGN, 
graph transformers and rewiring
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Conclusions

👉 PH-DGN is a new framework for DGNs

Balancing Non-dissipative and non-conservative behaviors

Effectively exploring long-range dependencies

PH-DGN can be used to reinterpret and extend any classical DGN

Our results show that:

PH-DGN outperforms state-of-the-art models 

Data-driven forces maximize long-range propagation efficacy
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