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Physics-Guided Learning: Positioning

Physics-Guided Inputs, Data,

Physics-Encoded Architecture
and Representations
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What Does Physics-Guided Learning Include?

Embedding physics insights into:

* Input features
« Data representations

« Training data selection / generation
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Physics-Guided Learning: Multiple Classes

@ PHYSICS MODELS AS INPUTS
FOR NEURAL NETWORKS

Use outputs of physics-based models
or state estimators as structured inputs
to neural networks.

Raw Physics model / "'m"if’mb“‘t o Neural
A e
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Examples

« Vehicle sideslip angle estimation (Graber et al., 2018)

» Slider-crank acceleration prediction (De Groote et al., 2021)

« Lateral velocity estimation with UKF + NN (Cortese & Lenzo, 2026)
+ Quadrotor dynamics learning in MPC (Hong et al., 2023)

+ Physics-guided inputs for motor control (Bolderman et al., 2021)



Physics-Guided Learning: Multiple Classes
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@ PHYSICS MODELS AS INPUTS
FOR NEURAL NETWORKS

Use outputs of physics-based models
or state estimators as structured inputs
to neural networks.
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Examples

« Vehicle sideslip angle estimation (Graber et al., 2018)

» Slider-crank acceleration prediction (De Groote et al., 2021)

» Lateral velocity estimation with UKF + NN (Cortese & Lenzo, 2026)
+ Quadrotor dynamics learning in MPC (Hong et al., 2023)

+ Physics-guided inputs for motor control (Bolderman et al., 2021)

€@ PHYSICS-GUIDED FEATURES
AND TRAINING DATA

Design physics-informed input features and
generate or select training data that obey
physical laws.

A) Physics-guided features

Feature engineering
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Vg Uy, Gy, @y

e

Y 2 Eyir

9 c
Fourier / DCT
components

B) Physically consistent training data

Physics-based Physically consistent
generator / Simulator dataset
= Analytical models %

a i - High-fidelity simulation

e — + System identification
I with physics constraints

Training

Examples

» Physics-guided features for manipulators (De Groote et al,, 2021)

+ Fourier/DCT features for locomotion (Wu et al., 2022; O'Connor et al,, 2025)
« Data generation with physical simulators (Li et al., 2025; Mao et al., 2025)

« Differentiable rendering & augmentation (Li et al., 2025; Shang et al., 2026)



Physics-Guided Learning: Multiple Classes

e GEOMETRIC LEARNING

Respect geometric structures (manifolds, symmetry,
SE(3) transforms, graphs) in data and models.

Manifold / Lie group learning
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« Riemannian flow matching on SE(3) (Chen & Lipman, 2023)

« Equivariant GNNs for traffic (Chen et al., 2024)

« SE(3) equivariant dynamics (Shah et al., 2016; Falco et al., 2019)
« Differentiable kinematics for manipulation (Lv et al., 2025)

« SE(3)-equivariant diffusion policies (Tucker et al., 2026)



Physics-Guided Learning: Multiple Classes

€© GEOMETRIC LEARNING @ FREQUENCY-DOMAIN LEARNING
Respect geometric structures (manifolds, symmetry, Transform data to the frequency domain to capture
SE(3) transforms, graphs) in data and models. dynamics across time and space scales.

Time-domain signals
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Examples
« Riemannian flow matching on SE(3) (Chen & Lipman, 2023) Examples
- Equivariant GNNs for traffic (Chen et al., 2024) « Spatiotemporal dynamics with DCT (Wu et al., 2022; Wu et al., 2025)
« SE(3) equivariant dynamics (Shah et al., 2016; Falco et al., 2019) - Low-frequency components for hexapod gaits (0'Connor et al., 2025)
+ Differentiable kinematics for manipulation (Lv et al,, 2025) + Fourier features for human motion (Shah et al., 2016; Falco et al., 2019)

« SE(3)-equivariant diffusion policies (Tucker et al., 2026)



Physics-Guided Learning: Multiple Classes

@ PHYSICS MODELS AS INPUTS © PHYSICS-GUIDED FEATURES € GEOMETRIC LEARNING @ FREQUENCY-DOMAIN LEARNING
FOR NEURAL NETWORKS AND TRAINING DATA
Use outputs of physics-based models Design physics-informed input features and Respect geometric structures (manifolds, symmetry, Transform data to the frequency domain to capture
or state estimators as structured inputs generate or select training data that obey SE(3) transforms, graphs) in data and models. dynamics across time and space scales.
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e with physics constraints

« Lateral velocity estimation with UKF + NN (Cortese & Lenzo, 2026) Examples

+ Quadrotor dynamics learning in MPC (Hong et al., 2023) ; « Riemannian flow matching on SE(3) (Chen & Lipman, 2023) Examples

+ Physics-guided inputs for motor control (Bolderman et al., 2021) BXamples « Equivariant GNNs for traffic (Chen et al., 2024) « Spatiotemporal dynamics with DCT (Wu et al., 2022; Wu et al., 2025)
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+ Differentiable kinematics for manipulation (Lv et al., 2025) + Fourier features for human motion (Shah et al., 2016; Falco et al., 2019)

« Data generation with physical simulators (Li et al., 2025; Mao et al., 2025)
« Differentiable rendering & augmentation (Li et al., 2025; Shang et al., 2026) + SE(3)-equivariant diffusion policies (Tucker et al.,, 2026)



Physics-Guided Learning: Remark

Physics-Guided Inputs, Data,
and Representations
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Physics Models

as Inputs
for Neural Networks




Physics Models as Inputs for Neural Networks

Idea: Use physics-based modes to generate input features for machine learning models
=» Constrain learning to a physically consistent space
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Physics Models as Inputs for Neural Networks - Examples

Vehicle sideslip angle () estimation

Physics-guided NN design:
- Physics-based estimator of 3, then fed to a Gated Recurrent Unit (GRU) NN
« Outperforming the same NN without physics-guided inputs

« Outperforming a purely physics-based model
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T. Graber, S. Lupberger, M. Unterreiner, D. Schramm, 12

“A Hybrid Approach to Side-Slip Angle Estimation With Recurrent Neural Networks and Kinematic Vehicle Models”, IEEE T-1V, 2019
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Physics-Guided Features and Training Data

Idea:

« Select / compute physics-based input features for machine learning models

<

€@ Physics-Based Input Features

Select or compute features informed by physics
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M. Bolderman, M. Lazar, H. Butler, “Physics—Guided Neural Networks for Inversion—based Feedforward Control applied to Linear Motors”, I[EEE CCTA, 2021
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Physics-Guided Features and Training Data

Idea:

« Select / compute physics-based input features for machine learning models

« Generate physically consistent training data

-
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M. Bolderman, M. Lazar, H. Butler, “Physics—Guided Neural Networks for Inversion—based Feedforward Control applied to Linear Motors”, I[EEE CCTA, 2021
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Physics-Guided Features and Training Data - Examples

Feedforward control of linear motors: Compute force #(t) to track a desired position y

Physics-guided NN design:
« Linear friction depends on position y, velocity y, sign(y) - use them as additional NN inputs

e Outperforming the same NN without physics-guided input features

llr) = feanmt {E=.'i{fl-ﬂ{f — Lp.wir)ylr— 1), vix).
¥t — 1).sign(¥{r} ), sign{w(r — 1})}}.

M. Bolderman, M. Lazar, H. Butler, “Physics—Guided Neural Networks for Inversion—based Feedforward Control applied to Linear Motors”, IEEE CCTA, 2021 16



Physics-Guided Features and Training Data - Examples

Generating human motions in parkour scenarios in Isaac Gym

- Diffusion model to generate motions

* Physics-based tracking controller to make the motions physically consistent
« The corrected motions are recycled as training data for the diffusion model

Keweradc Motions
-~ P L
—. ~
G
Motion
Genermor

M. Xu, Y. Shi, K. Yin, X. Peng, “Parc: Physics-based augmentation with reinforcement learning for character controllers”, 17
Proceedings of the Special Interest Group on Computer Graphics and Interactive Techniqgues Conference Conference Papers, 2025



Questions are welcome!

Let’s discuss ideas, challenges
and perspectives!
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