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Physics-Informed Machine Learning: A Definition

“The paradigm of physics-informed 

machine learning (PIML) is to build a 

model that leverages empirical data and

available physical prior knowledge to 

improve performance on a set of tasks 

that involve a physical mechanism”
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Ref: https://youtu.be/JoFW2uSd3Uo?si=-alV5sVMfvwyhW3ZRef: arxiv.org:2211.08064v1



What is “Physics”?

• Interpretability / Generalizability
• E.g., 𝐹𝑜𝑟𝑐𝑒	 = 	𝑚𝑎𝑠𝑠	×	𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛
• Extrapolation vs Interpolation

• Parsimony / Simplicity
• “Everything should be made as simple as possible, but 

not simpler” - Einstein

• Symmetrics / Invariances / Conservation
• Mass/Momentum conservation
• Rotational/Translational symmetries 
• Invariance vs Equivariance
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Modeling Dynamic Systems: An Example
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Building a Physics Model
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What is Machine Learning?

• Machine Learning
• The process of learning models from data via optimization 

• Machine Learning (ML) is deeply embedded in modern life, influencing how we 
live, work, and interact.

🏥 Healthcare      💳 Finance      🛒 Retail & E-commerce   

🚗 Transportation       📧 Communication      🏭 Manufacturing

🔬📐🧫🧬Science and Engineering
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Schematic of a Neural Network

Building a Machine Learning Model
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Advantages of Incorporating Physics into ML

• The goal of the embedding Physics to ML 
algorithm is to either get to a better model 
or learning new physics from data. 

• Capture “expensive physics” through 
Surrogate modeling
• Fast but accurate
• Leverage automatic differentiation for 

optimization

• Capturing multi-physics interactions via 
Discrepancy modeling

• Advance the development of virtual digital 
twins, creating synergistic digital 
counterparts that closely mirror their real-
world counterparts.
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Making the ML model both physically and 
scientifically consistent.

Model training becomes highly data-efficient, 
i.e. trainable with fewer data.

Acceleration of the model training process, 
such that the models converge faster to an 
optimal solution.

Generalization capabilities of the model, such 
that models can make better prediction for 
scenarios unseen during the training phase

Improvement of transparency and 
interpretability of models.



Damped Harmonic Oscillator: Physics + ML Model
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Schematic of a Physics-Informed 
Neural Network

Fitting a Physics-Informed Neural Network Model to Experimental Data

Physics-Informed Loss Function

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



Benefits of `Physics AND ML’ over `Physics OR ML’
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• Approximations of reality 

• Large number of parameters for 

more accuracy

• Data is typically limited

• Large simulators are 

computationally expensive

• Better capture system dynamics

• Scientifically consistent

• Generalizable

• Interpretable results

• Less Data Requirement

• Very fast 

• Only as good as the data

• Large data requirement

• Scientifically inconsistent results 

are possible
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• Physics-Informed Machine Learning
• Physics-Guided Machine Learning
• Physics-Aware Machine Learning
• Hybrid Modeling
• Scientific Machine Learning 
• …

Synonyms for PIML



Some Applications of PIML
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Five Stages of
1. Define the Right Problem

2. Collect/Generate Data 

3. Architecture Design

4. Define a Loss Function

5. Employ an Optimization Scheme
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Amount of Physics Knowledge Also Influences PIML Design
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Define the Right Problem
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Decide on the Problem

• Modeling fluid flows and 
turbulence

• Materials Discovery

• Computational Bio-chemistry

• Drug Discovery/Protein 
Design

• Shape Optimization 

• Chaotic systems - might want 
probability
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Curate the Right Data
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Data Curation for PIML

• Embedding physics reduces data requirements, 
ideal for costly experiments.

• Data Augmentation
• Use symmetries (e.g., rotation invariance) to expand 

datasets efficiently.

• Coordinate System Selection
• Choosing optimal coordinates simplifies learning 

tasks.

• Simulation vs. Experiment Trade-offs
• Simulations: High spatial resolution, expensive for 

long runs. 
• Experiments: Real-world fidelity, long time series, 

lower spatial resolution.
19

https://sciencegifs.csullender.com/2016/07/25/Heliocentrism-vs-Geocentrism.html 

Static Data 
•Simulated or 

experiment

Interactive Data
•Simulated only

Living & Physical
•Cyberphysical

experiment

https://sciencegifs.csullender.com/2016/07/25/Heliocentrism-vs-Geocentrism.html
https://sciencegifs.csullender.com/2016/07/25/Heliocentrism-vs-Geocentrism.html
https://sciencegifs.csullender.com/2016/07/25/Heliocentrism-vs-Geocentrism.html
https://sciencegifs.csullender.com/2016/07/25/Heliocentrism-vs-Geocentrism.html
https://sciencegifs.csullender.com/2016/07/25/Heliocentrism-vs-Geocentrism.html


Data Curation for PIML
• Generalization for Design Optimization:

Physics-based constraints help models extrapolate to unseen scenarios.

• Sparse & Expensive Data
Requires clever architectures to extract maximum value.

• Bias & Small Signals
Watch for training bias (e.g., only successful cases) and subtle physical effects.

• Hidden Variables
ML can infer unmeasured variables using partial observations.

• Digital Twins & Active Learning
Combine multi-fidelity data sources; models query for high-uncertainty regions
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Effective data curation is iterative and intuition-driven, blending physics, ML, and 
human expertise



Architecture Design
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Constraining Architectures with Causal DAGs

• A standard fully-connected layer:
𝑜𝑢𝑡𝑝𝑢𝑡	 = 	𝑊	 ∗ 	𝑖𝑛𝑝𝑢𝑡	 + 	𝑏

• With a causal mask𝑀 derived from the DAG:

𝑜𝑢𝑡𝑝𝑢𝑡	 = 	 (𝑊	 ⊙ 	𝑀)	∗ 	𝑖𝑛𝑝𝑢𝑡	 + 	𝑏, 

where⊙ is element-wise multiplication.

• The mask𝑀 is not learned; it is a fixed 
structural prior imposed on the network. 

• This prevents the model from learning 
spurious correlations and improves its ability 
to generalize to interventions.
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https://www.mathworks.com/help/ident/ug/what-are-
neural-state-space-models.html 
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https://www.mathworks.com/help/ident/ug/what-are-neural-state-space-models.html
https://www.mathworks.com/help/ident/ug/what-are-neural-state-space-models.html
https://www.mathworks.com/help/ident/ug/what-are-neural-state-space-models.html
https://www.mathworks.com/help/ident/ug/what-are-neural-state-space-models.html
https://www.mathworks.com/help/ident/ug/what-are-neural-state-space-models.html
https://www.mathworks.com/help/ident/ug/what-are-neural-state-space-models.html
https://www.mathworks.com/help/ident/ug/what-are-neural-state-space-models.html
https://www.mathworks.com/help/ident/ug/what-are-neural-state-space-models.html
https://www.mathworks.com/help/ident/ug/what-are-neural-state-space-models.html


Residual Network (ResNet)
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Ref: https://arxiv.org/pdf/1512.03385 

vs

ResNet Block

https://arxiv.org/pdf/1512.03385


Residual Network (ResNet) for ODEs
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Ref: https://arxiv.org/pdf/1512.03385 
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Neural ODE
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Ref: https://arxiv.org/pdf/1806.07366 

https://arxiv.org/pdf/1806.07366


Neural ODE
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https://arxiv.org/pdf/1806.07366 

https://arxiv.org/pdf/1806.07366


Hamiltonian Neural Networks • Learn ℋ
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• Essentially a Neural ODE with 
additional structure

• Uses structure and loss function to 
induce physics
• Enforces energy conservation

27https://arxiv.org/pdf/1906.01563

https://arxiv.org/pdf/1906.01563


Hamiltonian Neural Networks
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https://arxiv.org/pdf/1906.01563 

https://arxiv.org/pdf/1906.01563


Lagrangian Neural Networks 

• 𝑞̈ is learned using AD like JAX

• Essentially a Neural ODE with 
additional structure

• Uses structure and loss 
function to induce physics

• Enforces a variational 
integrator to solve the Euler-
Lagrangian Equations

29https://arxiv.org/pdf/2003.04630 

https://arxiv.org/pdf/2003.04630


Physics-Guided Neural Networks
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https://arxiv.org/pdf/1710.11431

Other Variants of PGNN

https://arxiv.org/pdf/1710.11431


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



Operator Methods
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General Neural Operator Architectures

LNO

GNO

FNO

Instantiations of Neural Operator Architectures



Graph Neural Networks
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https://arxiv.org/pdf/1806.01261

https://arxiv.org/pdf/1806.01261


Graph Neural Simulators
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https://arxiv.org/pdf/2002.09405 

Graph Neural Simulators

https://arxiv.org/pdf/2002.09405


Define a Loss Function
Loss functions encourage physics 

 
Steven L Brunton
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Physics Informed Neural Networks
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Schematic of a Physics-Informed 
Neural Network

Fitting a Physics-Informed Neural Network Model to Experimental Data

Physics-Informed Loss Function

Ref: https://benmoseley.blog/my-research/so-what-is-a-physics-informed-neural-network/
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Employ an Optimization 
Scheme

Loss functions encourage physics 
Optimization algorithms enforce physics 

Steven L Brunton
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Energy Conserving Constraints

39https://arxiv.org/pdf/1611.03271 
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Karush–Kuhn–Tucker (KKT) Constrained Least Squares Optimization
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Optimizing Subject to Submanifold/Subspace Constraints

Submanifold Constraint Subspace Constraint
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Loss 
Function

Optimization



PySR: Symbolic Regression
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https://arxiv.org/abs/2305.01582 

https://arxiv.org/abs/2305.01582


PySR: Symbolic Regression

• Evolutionary Optimization
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https://arxiv.org/abs/2305.01582 

https://arxiv.org/abs/2305.01582


In Summary
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Summary
• We have barely scratched 

the surface of the topic
• There are many types of 

PIML approaches, e.g., 
diffusion models

• There are many variants 
of each architecture
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https://github.com/NVIDIA/physicsnemo/tree/main/physicsnemo/models 

https://scifm.ai/ 

Scientific Foundation Models

Occam’s Razor is still valid – 
use PIML only when 

necessary

https://github.com/NVIDIA/physicsnemo/tree/main/physicsnemo/models
https://scifm.ai/


Resources
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Steven L. Brunton and J. Nathan Kutz 
https://databookuw.com/ + YouTube

MathWorks
Deep Learning Toolbox for PIML and PINNs

NVIDIA PhysicsNeMo

NeuralOperators in PyTorch

Github Code/Libraries

https://databookuw.com/
https://www.mathworks.com/help/deeplearning/physics-informed-machine-learning.html
https://developer.nvidia.com/physicsnemo
https://neuraloperator.github.io/dev/index.html
https://neuraloperator.github.io/dev/index.html
https://neuraloperator.github.io/dev/index.html
https://github.com/search?q=physics%20informed%20machine%20learning&type=repositories
https://github.com/search?q=physics%20informed%20machine%20learning&type=repositories


Thank You!
Questions?
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