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Problem formulation



How to include physics?



Output
Partially known 

governing equations

Loss

NN architecture

Inductive bias: Prior assumptions and physical constraints

Learning bias: Physics based loss function, optimization algorithm

Discrepancy bias: Introducing data that embodies underlying physics

Model

Data

+ -> 1

+ -> 1

+ -> 1

+ -> 1

Observation bias: Introducing data that embodies underlying physics

- -> -1

- -> -1

- -> -1

- -> -1

Example



Learning-based Scientific principles / physics

Structure to constrain/inform the model output to be physically consistent

"Best" Learning technique?

• Neural Networks

• GNNs, RNNs, LSTMs

• Gaussian Processes

• Operator Learning

"Best" Structure?

• ODE / PDE

• Parametric

• Hamiltonian Mechanics

• Lagrangian Mechanics

• Port-Hamiltonian Systems
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Combining the best of both worlds

Choice depends on the use-case! 
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Neural ODE

• A neural network learns the flow field

• Output is obtained by integrating the learned ODE

Neural network parametrized by 𝜃

Idea



Neural ODE Loss

R. T. Q. Chen, et al., Neural Ordinary Differential Equations, 2019 docs.sciml.ai/DiffEqDocs/stable/ 

https://colab.research.google.com/github/SciML-L4DC2026/SciML-

L4DC2026/blob/main/notebooks/L2M/Example_1_NODE/Example_1_NODE.ipynb

https://docs.sciml.ai/DiffEqDocs/stable/
https://colab.research.google.com/github/SciML-L4DC2026/SciML-L4DC2026/blob/main/notebooks/L2M/Example_1_NODE/Example_1_NODE.ipynb
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https://colab.research.google.com/github/SciML-L4DC2026/SciML-L4DC2026/blob/main/notebooks/L2M/Example_1_NODE/Example_1_NODE.ipynb
https://colab.research.google.com/github/SciML-L4DC2026/SciML-L4DC2026/blob/main/notebooks/L2M/Example_1_NODE/Example_1_NODE.ipynb


Neural ODE Training

Adjoint sensitivity methodBackpropagation through time (BPTT)

https://en.wikipedia.org/wiki/Backpropagation_through_time R. T. Q. Chen, et al., Neural Ordinary Differential Equations, 2019

Pros: memory efficiency, no need to store 

intermediate variables, strong theory
Cons: error accumulation leading to 
numerical instability

Pros: exact for discretized systems, numerically 

more stable, wide support in modern AD libraries
Cons: high memory cost, requires storing all 
intermediate variables

https://en.wikipedia.org/wiki/Backpropagation_through_time
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Combining the best of both worlds

Little data + Energy-based prior



Gaussian Process

C.E. Rasmussen. Gaussian Processes for Machine Learning. 2006



Gaussian Process

C.E. Rasmussen. Gaussian Processes for Machine Learning. 2006



Gaussian Process



Linear operators

C.E. Rasmussen. Gaussian Processes for Machine Learning. 2006



Physics structure

A. Van Der Schaft and D. Jeltsema. "Port-Hamiltonian systems theory: An introductory overview." Foundations and Trends in Systems and Control. 2014



GP-PHS

T. Beckers, et al. “Gaussian Process Port-Hamiltonian Systems: Bayesian Learning with Physics Prior”. CDC, 2022



GP-PHS

T. Beckers, et al. “Gaussian Process Port-Hamiltonian Systems: Bayesian Learning with Physics Prior”. CDC, 2022



GP-PHS: Training

T. Beckers, et al. “Gaussian Process Port-Hamiltonian Systems: Bayesian Learning with Physics Prior”. CDC, 2022



GP-PHS

T. Beckers, et al. “Gaussian Process Port-Hamiltonian Systems: Bayesian Learning with Physics Prior”. CDC, 2022



GP-PHS: Sampling

T. Beckers, et al. “Gaussian Process Port-Hamiltonian Systems: Bayesian Learning with Physics Prior”. CDC, 2022



Use-cases and extensions

K. Tan, et al. “Physics-Constrained Learning of PDE Systems with Uncertainty Quantified Port-Hamiltonian Models”. L4DC, 2024

T. Beckers, et al. “Learning Switching Port-Hamiltonian Systems with Uncertainty Quantification”. IFAC WC, 2023

T. Beckers. “Data-driven Bayesian Control of Port-Hamiltonian Systems”. CDC, 2023



GP-PHS: Implementation

https://colab.research.google.com/github/SciML-L4DC2026/SciML-

L4DC2026/blob/main/notebooks/L2M/Example_2_GPPHS/GP_PHS.ipynb
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• L2M via data + structure/physics

• Combining data and physics to improve 
model efficiency and generalization

• Embedding prior knowledge through 
model structure, constraints, and 
inductive biases

• Quantifying uncertainty to assess model 
confidence and guide decision-making

• Challenges

▪ Balancing model expressiveness and physical 
interpretability

▪ Efficient training and uncertainty-aware 
prediction

▪ Learning from sparse, heterogeneous, noisy, 
and incomplete observations

• Code

▪ github.com/pnnl/neuromancer 

▪ www.tbeckers.com 

Learning to Control (L2M) Summary

https://github.com/pnnl/neuromancer
https://github.com/pnnl/neuromancer
http://www.tbeckers.com/
http://www.tbeckers.com/
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