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Why care about Physics-Informed Machine 
Learning (PIML)?



Engineering is Partial Differential Equations

2D Wave Equation



Solving PDEs is hard



like… really hard

Gao Q, “An analytical solution for two and three dimensional nonlinear Burgers' equation”, AMM 2017



and oftentimes impossible

Navier-Stokes Equations



Numerical Methods to the rescue!

Finite difference method Finite element method Spectral Methods



Numerical Methods have problems

1. Slow
2. Discretization-

Dependent
3. Inaccurate



Neural Networks to the rescue!



Too much data…



Physics to the rescue!
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Raissi et. al, “Physics-informed neural networks: A deep learning framework for solving forward and inverse problems 
involving nonlinear partial differential equations”, Journal of Computational Physics 2019



Example: Damped Harmonic Oscillator

https://benmoseley.blog/my-research/so-what-is-a-physics-informed-neural-network/ 

https://benmoseley.blog/my-research/so-what-is-a-physics-informed-neural-network/


Naive Neural Network 



Lack of Generalizability



Idea: Add Physics to the Loss Function



Code

https://github.com/benmoseley/harmonic-oscillator-pinn 

https://github.com/benmoseley/harmonic-oscillator-pinn


Results



Applications



Benefits

● Mesh-free
● Small data regime (or no 

data at all)
● Faster inference time 

(1000x)
● Simple/Intuitive → 

Extensible
● Inverse Problem

Raissi et. al, “Physics-informed neural networks: A deep learning framework for solving forward 
and inverse problems involving nonlinear partial differential equations”, Journal of Computational 
Physics 2019



Drawbacks

● Encourages, not 
enforces physics

● Optimization landscape
● Sensitive to 

hyperparameters
● Traditional methods with 

grid can be faster
● Solution for one instance

Mahoney et. al, “Characterizing possible failure modes in physics-informed neural networks”, 
NeurIPS 2021
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Anandkumar et. al, “Fourier Neural Operator for Parametric Partial Differential Equations”, ICML 2021



A Brief Aside: Operator



Neural Operator

Anandkumar et. al, “Neural Operator: Learning Maps Between Function Spaces With Applications to PDEs”, Journal 
of Machine Learning Research 2023



Fourier Neural Operator

Anandkumar et. al, “Fourier Neural Operator for Parametric Partial Differential Equations”, ICML 2021

"Operator learning can be taken as an image-to-image problem. The Fourier layer 
can be viewed as a substitute for the convolution layer." - Zongyi Li



Benefits: Speed + Resolution Invariance

1. Speed!
○ On a 256 × 256 grid, the Fourier neural operator has an inference time of only 0.005s 

compared to the 2.2s of the pseudo-spectral method used to solve Navier-Stokes
2. Resolution-Invariant
3. Learn family of solutions



Benefits: Global Features



Applications

Zero-shot super-resolution: Navier-Stokes Equation with viscosity ν = 
1e−4; Ground truth on top and prediction on bottom; trained on 64 × 64 × 
20 dataset; evaluated on 256 × 256 × 80 

Choi et. al, "Applications of the Fourier neural operator in a 
regional ocean modeling and prediction", Physical 
Oceanography 2024 

Anandkumar et. al, "Modelling Atmospheric Dynamics with Spherical Fourier Neural 
Operators", ICLR 2023 



Limitations -- Data Driven
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Anandkumar et. al, “Physics-Informed Neural Operator for Learning Partial Differential Equations”, ACM/IMS 
Journal of Data Science, 2024



Physics-Informed Neural Operator (PINO)



Instance-wise Fine-tuning



Aside: Inverse Problem



Benefits: Speed + Zero-shot Super-resolution

400x faster than traditional GPU-based spectral solver 



Benefits: Generalization + Optimization



Applications

Paoletti et. al, "Physics-Informed Neural Operators for Cardiac Electrophysiology", 2025 

Liu et. al, "Physics-informed Neural Operator Learning for 
Nonlinear Grad-Shafranov Equation", 2025 

Alkhalifah et. al, "Seismic wavefield solutions via physics-guided generative neural 
operator", 2025 



Frontiers

● Improved Architectures and 
optimization

○ Fourier Continuation PINO (FC-PINO), 
Layered Fourier Reduced PINO (LFR-PINO), 
Physics-Informed Convolutional Neural 
Operator (PICNO)

● Discovery!
● New applications

○ Climate, environmental science, 
materials, energy, fusion, personal 
medicine

Maxiao, "An effective physics-informed neural operator framework for predicting 
wavefields", Machine Learning and Computation 2025 

Anandkumar et. al, "FC–PINO: High-Precision Physics-Informed Neural 
Operators via Fourier Continuation", 2025 



Thank you!


