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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’




What is “Physics"?

* Interpretability / Generalizability
 £.g., Force = mass X 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




Modeling Dynamic Systems: An Example

One-Dimensional
Damped Harmonic
Oscillator

:



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
ive, work, and interact.

= Finance % Retail & E-commerce

Zi Healthcare

&8 Transportation & Communication S Manufacturing

# b =¢¥Science and Engineering
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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 synerqistic digital
counterparts that closely mirror their real-

world counterparts.
8



Advantages of Incorporating Physics into ML

Making the ML model both physically and

* The goal of the embedding Physics to ML scientifically consistent.

algorithm is to either get to a better model
or learning new physics from data.

»  Model training becomes highly data-efficient,
« Capture ‘“expensive physics” through .e. trainable with fewer data.
Surrogate modeling
« Fast but accurate
 Leverage automatic differentiation for

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

optimization optimal solution.
* Capturing multi-physics interactions via Generalization capabilities of the model, such
Discrepancy modeling that models can make better prediction for
« Advance the development of virtual digital scenarios unseen during the training phase
twins, creating synergistic digital
counterparts that closely mirror their real- Improvement  of  transparency  and
world counterparts. interpretability of models.

9




Damped Harmonic Oscillator: Physics + ML Model
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Fitting a Physics-Informed Neural Network Model to Experimental Data 10




=
Benefits of Physics AND ML’ over Physics OR ML’

* Approximations of realit
PP . » Better capture system dynamics

« Large number of parameters for L _
» Scientifically consistent

more accuracy High _
o, * Generalizable
« Datais typically limited o | | |
| Al G o * Interpretable results
+ Large simulators are = _C,C'), off Physics-Informed  Less Data Requirement
computationally expensive = | B& § Machine Learning
| B
Q0 c
% = * Very fast
* Physics-Informed Machine Learning 8 * Only as good as the data
. . . . [%2]
Phys!CS—Gwded I\/Iachlne Learf"”g = Black Box Machine » Large data requirement
* Physics-Aware Machine Learning Learnina Models
* Hybrid Modeling Low J - - Scientifically inconsistent results
« Scientific Machine Learning Low Use of Data High s e
Synonyms for PIML 11
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Some Applications of PIML Cam‘,ﬂi \ \
.ﬂi‘il “' i

Casezt’. ’q ‘ ::

- O O

Modulus MeshGraphNet Prediction

WAVAVAV
\WAVAY
WAV

Ground Truth

VAVAVAY.
WAVAV
\WAV;

Boston Dynamics

& STIC aslb



Five Stages of Machine Learning
1. Define the Right Problem

2. Collect/Generate Data

Initialize

Parameters Estimated Recalibrate
3. Architecture Design . Outputs Parameters
Minimize Loss
i I Real emem g OPtimizer
4. Define a Loss Function Real Inputs ptimiz

Physical Outputs *Loss Function
Process

5. Employ an Optimization Scheme
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Five Stages of Physics-Informed Machine Learning
. Define the Right Problem
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Amount of Physics Knowledge Also Influences PIML Design

(1) Black-Box Models (3) Functional Models
| l > eg.,.V=1I x R + Iy X Ry, where Ry and
h Black-box R, are not instantiated
Model Y

'2 !

(2) Causal Directed Acyclic Graphs (4) Realized Models
I T -2 e.q., V = Il X R1 + Iz X Rz, where
v R; = 5mf}, and Ry = 15mf}, i.e., parame-
L ¥ ters are instantiated

- Based on accuracy of parameters, a realized
model can be high-fidelity or low-fidelity

15



Define the Right Problem




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

The practice of using the

positions of celestial objects
to interpret human behavior.




Curate the Right Data




Data Cu I’ation for PlML Static Data Interactive Data

e Simulated or e Simulated only
experiment

Embedding physics reduces data requirements,
ideal for costly experiments. Living & Physical

Data Augmentation e Cyberphysical
experiment

« Use symmetries (e.g., rotation invariance) to expand
datasets efficiently.

Coordinate System Selection Heliocentrism Geocentrism

« 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.,



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

Effective data curation is iterative and intuition-driven, blending physics, ML, and

human expertise



Architecture Design




Constraining Architectures with Causal DAGs

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

State | X(t+1)

* With a causal mask M derived from the DAG: N ' Network
output = (W M) * input + b, - Output | Y0
p ( @ ) p | Network |

where © is element-wise multiplication.
* The mask M is not learned; it is a fixed

structural prior imposed on the network. 20 ] Encoder T~ (Jite L 2D | pogoger 1t
 This prevents the model from learning outout | ¥o

spurious correlations and improves its ability e

to generalize to interventions. B e R
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Residual Network (ResNet)

z Y

Image from lasefist: http://Laser.ist.utl.pt
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https://arxiv.org/pdf/1512.03385

Residual Network (ResNet) for ODEs

Residual Network
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https://arxiv.org/pdf/1512.03385
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https://arxiv.org/pdf/1806.07366

Neural ODE

memes Ground Truth
® Observation

m— Prediction

== Extrapolation

(c) Latent Trajectories 26

https://arxiv.org/pdf/1806.07 366



https://arxiv.org/pdf/1806.07366

Hamiltonian Neural Networks
e learnH
dq O0H dp _ _6_7-[
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https://arxiv.org/pdf/1906.01563

Hamiltonian Neural Networks
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https://arxiv.org/pdf/1906.01563
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https://arxiv.org/pdf/2003.04630

Physics-Guided Neural Networks
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(b) Hybrid-Physics-Data-Residual (HPD-Res) Model

Other Variants of PGNN

30
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https://arxiv.org/pdf/1710.11431

Fourier Neural Operator

@—> Fourier layer 1 ~){Fourier layer 2> @ @ @ —»|Fourier layer T

- _ . Fourier layer .
@ S e Operator learning can be taken as an
Image-to-image problem. The Fourier layer

@/'\_’ \‘_" can be viewed as a substitute for the
convolution layer.

Initial Vorticity t=15 t=20 t=25

: '1 L\ N
i' \ ’é ‘ >
A\ |’|\< >

Zero-shot super-resolution: Navier-Stokes Equation with v1scosny v = le—4; Ground truth on top and 31
prediction on bottom; trained on 64 x 64 x 20 dataset; evaluated on 256 x 256 x 80 (see Section 5.4).




Operator Methods
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General Neural Operator Architectures
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Instantiations of Neural Operator Architectures
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Graph Neural Networks

(@ Molecule (b) Mass-Spring System
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o . / ™
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® \
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(a) Xto Xtx
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Graph Neural Simulators

Surface mesh Underlying particles

Graph Neural Simulators

35
Particle representation https://arxiv.org/pdf/2002.09405
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Define a Loss Function

Loss functions encourage physics

36




Physics Informed Neural Networks

Training a khysics-informed
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Fitting a Physics-Informed Neural Network Model to Experimental Data 37



Employ an Optimization
Scheme

Loss functions encourage physics
Optimization algorithms enforce physics

Steven L Brunton
38



Energy Conserving Constraints

Energy Conservation Constraints
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Optimizing Subject to Submanifold/Subspace Constraints

Submanifold Constraint Subspace Constraint
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i
PySR: Symbolic Regression

Figure 1: A mutation operation applied to an expres-
sion tree.

1.15y + 0.86 z”

Figure 2: A crossover operation between two expres-
sion trees. 41



https://arxiv.org/abs/2305.01582

PySR: Symbolic Regression

 Evolutionary Optimization
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In Summary




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

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

necessary

v @ models

>

>

B afno

BB diffusion

B diwp

B diwp_healpix

B diwp_healpix_layers
B domino

B dpot

B fengwu

BB figconvnet

B fno

B gnn_layers

B graphcast

B layers

B mesh_reduced
B meshgraphnet
| mip

B pangu

BB pix2pix

B nn

B srmn

BB swinvrnn

BB topodiff

B transolver

B unet

B utils

B vfgn

Scientific Foundation Models

Get Involved

Home Research

Publications Talks People News Courses Contact

M

MICDE  scirm
Center for Foundation Models and Al Agents for Science

Scientific foundation models extend the breakthroughs of large language models and computer vision into science. Trained on
massive unlabeled scientific data — experiments, simulations, papers, instrument logs — they learn generalizable, transferable

knowledge across chemistry, materials, biology, and beyond without task-specific supervision. Coupled with Al agents that can
plan experiments, run tools, and interpret results, they accelerate discovery from hypothesis generation to validation.

SciFM at Michigan

This effort started as an MICDE Initiative on Scientific Foundation Models in May 2023, and morphed into the Center for Foundation Models & Al Agents
for Science in September 2024. We are supported by Los Alamos National Laboratory, NSF NAIRR, NVIDIA, OpenAl and Microsoft.

Fun Fact

According to GPT-5, the words ‘Scientific Foundation Models’ first appeared on the internet in July 2023. If this is accurate, we were among the first
to introduce this term.

Who Are We? Vision

We are a multidisciplinary team combining expertise in physics, chemistry, At SciFM, we envision a future where scientific discovery is accelerated by
materials science, and computer science. Our group brings together Pls, foundation models and Al — where computations don't just support
postdocs, and students from Michigan, along with our collaborators research, but actively generate new knowledge and deliver direct

across the globe, to build foundation models that are scalable and solutions to today's most pressing challenges.

practically useful. We collaborate closely with domain experts to ensure

models respect scientific constraints, are interpretable, and can be

integrated directly into experimental and simulation workflows.

44



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

Resources

DATA-DRIVEN
SCIENCE AND
ENGINEERING

Machine Learning,
Dynamical Systems,
and Control

Steven L. Brunton and J. Nathan Kutz
+ YouTube

NeuraJVOperator

Install Theory Guide User Guide APl Examples Developer's Guide |

Neural Operators in PyTorch

in infinite dimensions

eur ) Operator

neuraloperator is a comprehensive library for learning neural operators in PyTorch. It is the official implementation fol
Fourier Neural Operators and Tensorized Neural Operators.

Unlike regular neural networks, neural operators enable learning mapping between function spaces, and this library
provides all of the tools to do so on your own data.

NeuralOperators are also resolution invariant, so your trained operator can be applied on data of any resolution.

(9]

Filter by

Code
] Repositories
Issues

1 Pull requests

) Discussions
Users

More

Jupyter Notebook
Python
Juiia

> MATLAB

HTML

Cuda
Javaseript

More language

Owner

242 results

]

Alibrary for scientific machine learning and physics-informed learning

(+}

Physics Informed Machine Learning Tutorials (Pyto

s repository collates a number of MATLAB examples demonstrating Scientific Machine Learning (SciML) and Physics Informed Machine Learning

Physics-Informed Neural Networks (PINN) Solvers of (Partial) Differential Equations for Scientific Machine Learning (SciML)

<

Data-driven Reynolds stress modeling with physics-informed machine learning

P\ \IATLAB Help Center

Community ~ Learning

s Q

[] conTENTS
« Documentation Home
« Aland Statisties

« Deep Learning Toolbox

« Applications

Category

Image Processing and Computer Vision
Signal Processing, Audio, and Wireless
Physics-Informed Machine Learning
Reduced Order Modeling

Autonomous and Control Systems

Text Analytics and Computational Finance

End-to-End Al Workflows

Platforms and Toc

Home / NVIDIA PhysicsNeMo

Overview
What's New
Features

Customer Adoption
Stories

PhysicsNeMo in Action
Getting Started
HER Resources

Introductory Resources

Documentation ~ Examples  Functions ~ Blocks ~Apps  Videos ~ Answers

Physics-Informed Machine Learning 2025

Extend deep learning workflows in areas of physics-informed machine learning (PIML) and physics-
informed neural networks (PINNs)

Use Deep Learning Toolbox™ for physics-informed machine learning (PIML) and physics-informed neural networks (PINNs).
Physics-informed machine learning (PIML) and physics-informed neural networks refer to machine learning and deep leaming
concepts where you can integrate laws and principles of physical systems into your machine learning models. Integrating
these concepts can improve accuracy and robustness in these models and can help ensure that the model predictions also
follow such laws and principles. For example, you can train a neural network that models heat transfer using a loss function
that incorporates laws of thermodynamics.

Functions expand all
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Solve PDE Using Fourier Neural Operator

This example shows how to train a Fourier neural operator (FNO) neural network that outputs the solution of  partial
differential equation (PDE).

Solve PDE Using Physics-Informed Neural Network

This example shows how to train a physics-informed neural network (PINN) to predict the solutions of an partial differential
equation (PDE).

MathWorks

Watch Replay

NVIDIA PhysicsNeMo

NVIDIA PhysicsNeMo is an open-source Python framework for building, training, and fine-

tuning physics Al models at scale.

NVIDIA PhysicsNeMo provides utilities that enable developers to build Al surrogate models
that combine physics-driven causality with simulation and observed data, enabling real-time
predictions. From neural operators and GNNs to generative Al models, developers can develop
proprietary Al models to enhance engineering simulations and generate higher-fidelity data
for scalable, responsive designs. NVIDIA PhysicsNeMo supports the creation and validation of
large-scale digital twin models across various physics domains, from computational fluid
dynamics and structural mechanics to electromagnetics.

Use NVIDIA PhysicsNeMo to bolster your engineering simulations with Al You can build and
validate models for enterprise-scale digital twin applications across multiple physics domains,
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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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