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Motivation
• Dynamics learning, control & estimation of physical systems

• Rapid prototyping of physics-guided, physics-encoded, physics-informed NNs

• Support professionals with classical modeling backgrounds to design 
Physics-Embedded Machine Learning 

• A repository of incremental know-how & examples in various applications
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Software Pipeline

GitHub 
https://github.com/tonegas/nnodely 

(star it if you like)

https://github.com/tonegas/nnodely
https://github.com/tonegas/nnodely
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Installing NNodely is very simple

From terminal: 
pip install nnodely

PyPi page:
https://pypi.org/project/nnodely/1.5.5.dev2/ 

https://github.com/tonegas/nnodely


Technical University of Munich,
Autonomous Vehicle Systems Group

Model-Structured 
Neural Networks: 

Examples in Autonomous Racing



Testbed for Autonomous Driving

• Circuits are safe environments

• Operation in emergency scenarios

Open Challenges

• Nonlinear vehicle dynamics

• Decision-making in adversarial scenarios

7

Background

(a) Autonomous Driving
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(b) Autonomous Racing

2008 2012 2016 2021 2025

year [-]

0
6

12
18
24
30
36
42
48
54

n
.o

cc
u
rr

en
ce

s
[-
]

(c) Interpretable Machine Learning, Explainable Ma-
chine Learning, Explainable Neural Networks
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Figure 1.1: Recent trends in the Scopus database for key topics including “autonomous driving”,
“autonomous racing”, “interpretable machine learning”, “explainable machine learning”, and “explainable
neural networks”.

1.2.2 Autonomous Racing
In much the same way that Formula 1 has historically served as a testbed for innovations
later adopted in consumer vehicles, autonomous racing [7] has emerged as a valuable
experimental platform for advancing high-performance driving algorithms. Conducted
within the safety of closed circuits, autonomous racing enables the development and
testing of decision-making, planning, and control strategies under extreme conditions that
would be unsafe or infeasible to reproduce on public roads.

Autonomous racing introduces a unique set of challenges to the field of autonomous
driving. Vehicles operate at high speeds and in proximity to their physical handling limits,
where non-linearities in vehicle dynamics become pronounced. Under these conditions,
traditional conservative planning and control strategies fall short. Instead, systems must
rapidly generate and adapt time-optimal trajectories, manage tight actuation constraints,
and remain robust in the face of uncertainty or disturbances. These requirements demand
sophisticated, tightly integrated planning and control pipelines capable of operating in
real-time.

Compared to urban or highway autonomous driving, autonomous racing calls for more
aggressive and anticipatory behaviour. It relies on accurate dynamic models, fast solvers,
and predictive techniques capable of handling complex and adversarial interactions.
While algorithms designed for autonomous racing can often be generalized to more
conventional driving contexts, the reverse is not always true—many standard approaches
lack the responsiveness and precision needed in performance-critical environments. As
such, autonomous racing has become a proving ground for advanced methods that may
eventually benefit safety-critical applications such as emergency manoeuvring.

Interest in autonomous racing has grown rapidly over the past several years. Despite
being a relatively niche research area compared to mainstream autonomous driving, its
momentum is visible through a surge of competitions and benchmark platforms. Events
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Autonomous Vehicle Racing
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+

Motion Generation, Control & Dynamics Learning
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Dynamics Learning



Technical University of Munich,
Autonomous Vehicle Systems Group

Model-Structured NN 
to Learn the Longitudinal 

Vehicle Dynamics 
from Limited Data
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!

𝑣!
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!
• Output: longitudinal accel. 𝑎!

𝑣!
𝑎!
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!
• Output: longitudinal accel. 𝑎! naïve MLP 𝑎! = 𝑁𝑁 𝑝, 𝑣!

𝑣!
𝑎!
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!
• Output: longitudinal accel. 𝑎! naïve MLP 𝑎! = 𝑁𝑁 𝑝, 𝑣!

𝑣!
𝑎!

We actually know the vehicle dynamics!
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!
• Output: longitudinal accel. 𝑎!

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!
• Output: longitudinal accel. 𝑎!

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!
• Output: longitudinal accel. 𝑎!

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!
• Output: longitudinal accel. 𝑎!

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!
• Output: longitudinal accel. 𝑎!

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!, gear 𝑔
• Output: longitudinal accel. 𝑎!

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!, gear 𝑔
• Output: longitudinal accel. 𝑎!

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!, gear 𝑔
• Output: longitudinal accel. 𝑎!

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!, gear 𝑔, steer 𝛿, lateral accel. 𝑎"
• Output: longitudinal accel. 𝑎!
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Dynamics Learning – Longitudinal Dynamics
• Inputs: pedal 𝑝 ∈ −1,1 , speed 𝑣!, gear 𝑔, steer 𝛿, lateral accel. 𝑎"
• Output: longitudinal accel. 𝑎!

è Combination of NCMs 𝜳𝒊,
𝑖 ∈ {1, … , 5}
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Dynamics Learning – Longitudinal Dynamics

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019

MS-NN (“structured”) versus General-Purpose NN (“unstructured”): 

MS-NN is more accurate on unseen data
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Dynamics Learning – Longitudinal Dynamics

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019

• MS-NN’s residuals have lower power è better dynamics learning

• Signal-to-noise drops after 2-3 Hz è Only noise / vibrations beyond 3 Hz

Power Spectral Densities

Can we exploit this in the MS-NN design?
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Dynamics Learning – Longitudinal Dynamics

• Input windows length: If our frequency content is concentrated in 1−3 Hz (0.33 s), 

then a past history of 3 − 5 ⋅ 0.33 ≈ 1 − 1.5 s is enough for dynamics learning 

• We select 𝑛 = 𝑚 = 25 and a sampling time of 0.05 s è 𝑛 ⋅ 𝑇! = 1.25 s 
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Dynamics Learning – Longitudinal Dynamics

• In principle, we can design 𝑛 different from 𝑚 based on the time-scales of the 

longitudinal and lateral vehicle dynamics

• For higher values of 𝑛 and 𝑚 we risk overfitting „non-physical“ information! 
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Dynamics Learning – Longitudinal Dynamics

Implementing this in NNodely is very simple: you find it here!

https://github.com/tonegas/nnodely-applications/blob/main/vehicle/model_longit_vehicle_dynamics/model_longit_vehicle_dynamics.py
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Questions & Discussion

Funded with the contribution of the Ministry of University and Research pursuant to Decree No. 1236 of 01/08/2023 – FIS 2 Call; project FIS-2023-03684 'Neu4mes', CUP: E53C24003800001



Technical University of Munich,
Autonomous Vehicle Systems Group

Model-Structured NN 
to Learn the Coupled 
Longitudinal-Lateral  

Dynamics from Limited Data
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Dynamics Learning – Combined Longit. - Lateral Dynamics

• Combined nonlinear longit.-lateral dynamics learning near the vehicle limits
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Dynamics Learning – Combined Longit. - Lateral Dynamics

• MS-NN-long to learn the combined longitudinal dynamics

• MS-NN-lat to learn the combined lateral dynamics

A. Mungiello, […], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026
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Dynamics Learning – Combined Longit. - Lateral Dynamics

• Inputs: speed (𝑣!), steer angle (𝛿), motor current (𝑖), road slope (𝜃)

• Outputs: yaw rate (Ω), longitudinal acceleration (𝑎!)

A. Mungiello, […], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026
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Dynamics Learning – Combined Longit. - Lateral Dynamics
MS-NN-lat to learn the combined lateral dynamics

A. Mungiello, […], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026

• Neural compositional modules to learn the 

quasi steady-state behavior
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Dynamics Learning – Combined Longit. - Lateral Dynamics
MS-NN-lat to learn the combined lateral dynamics

A. Mungiello, […], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026

• NCMs to learn the transient dynamics à 

Newton‘s laws say they depend on 𝑣!, 𝑎!, 

so we can leverage this information 
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Dynamics Learning – Combined Longit. - Lateral Dynamics
MS-NN-lat to learn the combined lateral dynamics

A. Mungiello, […], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026

• Can we interpret the FIR layers? YES!
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Dynamics Learning – Combined Longit. - Lateral Dynamics
Better generalization with small training sets than general-purpose NN (G-NN)

A. Mungiello, […], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026
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Dynamics Learning – Combined Longit. - Lateral Dynamics
Quick adaptation to new conditions by fine-tuning specific sub-modules

A. Mungiello, […], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026

• 20 sec of new data: different tires / changed mass

• Selective fine-tuning of lateral and longitudinal dynamics parameters



40

Dynamics Learning – Combined Longit. - Lateral Dynamics

Implementing this in NNodely is very simple: you find it here!

https://github.com/tonegas/nnodely-applications/tree/main/vehicle/model_combined_vehicle_dynamics_RoboRacer
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+

Motion Generation, Control & Dynamics Learning



+
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Motion Generation
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• Minimum-time trajectory planning on a long receding horizon

• Capture the nonlinear vehicle dynamics and performance limits

Motion Generation



Technical University of Munich,
Autonomous Vehicle Systems Group

How Do We Execute the 
Planned Trajectories?



+
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Steering Control
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Steering Control

• Output: steering wheel angle 𝛿""!
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Steering Control

• Output: steering wheel angle 𝛿""!
• Inputs: future reference trajectories
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Steering Control

• Baseline controller: Model-based design

• Simple structure but limited performance
• Idea to improve: Model-Structured Neural Network
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Steering Control

Two incremental model-structured NNs
• MS-NN-base: pure lateral nonlinear dynamics (2D road)
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Steering Control

Two incremental model-structured NNs
• MS-NN-base: pure lateral nonlinear dynamics (2D road)

• MS-NN-ext: effects of longitudinal and vertical accelerations (3D road)
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Steering Control

MS-NN-base: Steady-state pure lateral dynamics

• Physics-encoded design: Handling Diagram

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control

MS-NN-base: Steady-state pure lateral dynamics

• Physics-encoded design: Handling Diagram

• Neural compositional modules

+
q+1

q+1

q+1

q+1 q+1

q+1

q+1

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control

MS-NN-base: Steady-state pure lateral dynamics

• Physics-encoded design: Handling Diagram

• Neural compositional modules encoding symmetry and 𝑎# dependency

+
q+1

q+1

q+1

q+1 q+1

q+1

q+1

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control

MS-NN-base: Steady-state pure lateral dynamics

• Physics-encoded design: Handling Diagram

• Neural compositional modules encoding symmetry and 𝑎# dependency

+
q+1

q+1

q+1

q+1 q+1

q+1

q+1

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control

MS-NN-base: Steady-state pure lateral dynamics

• Physics-encoded design: Handling Diagram

• Neural compositional modules with 𝑣$ dependency

+
q+1

q+1

q+1

q+1 q+1

q+1

q+1

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control

MS-NN-ext: Quasi-steady-state combined lateral dynamics

• Neural compositional modules in overlapping regions of 𝑎!

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025

+
q+1

q+1

q+1

q+1 q+1

q+1

q+1
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Steering Control

MS-NN-ext: Quasi-steady-state combined lateral dynamics

• Neural compositional modules in overlapping regions of 𝑎!, 𝑎", 𝑎#

• 𝒈$%& ⋅ → Local approximation of a double-track model around {𝑎!!" , 𝑎"!# , 𝑎#!$}

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025

+
q+1

q+1

q+1

q+1 q+1

q+1

q+1

q+1

q+1
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Steering Control

MS-NN-ext: Transient combined lateral dynamics

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control

MS-NN-ext: Transient combined lateral dynamics

• Physics-encoded design: transient response changes with 𝑣$ , 𝑎$

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control

MS-NN-ext: Transient combined lateral dynamics

• Physics-encoded design: transient response changes with 𝑣$ , 𝑎$
• Local fully-connected layers in overlapping regions of 𝑣$ , 𝑎$

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control

MS-NN-ext: Transient combined lateral dynamics

• Physics-encoded design: transient response changes with 𝑣$ , 𝑎$
• Local fully-connected layers in overlapping regions of 𝑣$ , 𝑎$

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control - Results

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025

Benchmarks
• A general-purpose NN (G-NN)

• A baseline MS-NN from Piccinini et al., 2023 (MS-NN-base)

• Heuristic-based steering controller of TUM-A2RL (A2RL-control)

q+1

q+1

q+1

nneur3q+3 nneur
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Steering Control - Results

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025

Training with one lap (or less!) of real-world data
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Steering Control - Results

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025

Better accuracy & 
generalization

«Large» training dataset
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Steering Control - Results

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025

Better generalization from small training datasets
thanks to the physics-based priors

Smaller training datasets

(a) (b)
Fig. 8. Steering angle profiles computed by the proposed MS-NN-steer and the benchmarks, when trained with the large training set of Table I. Results
on the training set (a) and validation set (b). Note that the plots show around 40 s of the full datasets, for improved visibility.

Training Validation

0

0.5

1

1.5

2

Fig. 9. Boxplot of the steering angle errors, when using the large training
dataset of Table I. The proposed MS-NN-steer outperforms the benchmarks
both in training and validation, with lower mean, variance, and peak errors.

Medium Train. Set Small Train. Set

Metrics Train. Valid. Train. Valid.

G-NN RMSE [deg] 0.160 0.229 0.132 0.327
FVU [-] 0.0059 0.0150 0.0025 0.0792

MS-NN-base RMSE [deg] 0.079 0.097 0.069 0.115
FVU [-] 0.0011 0.0021 0.0006 0.0026

MS-NN-steer RMSE [deg] 0.068 0.091 0.063 0.097
(ours) FVU [-] 0.0008 0.0018 0.0006 0.0020

from a Gaussian distribution, with zero mean and a
standard deviation of 10→4. For each network, 10 different
configurations are tested by varying the random seed used
to initialize the weights.

The results are shown in the boxplots of Fig. 10. Our

MS-NN-Steer is almost insensitive to the initialization of
its weights, as indicated by the very small variance of the
RMSE values across different seeds. This is a significant
advantage, as it suggests that the model can achieve
consistent performance regardless of the initial conditions. In
contrast, the G-NN exhibits a very high variance in its RMSE
values, indicating that its performance is more sensitive to
the choice of initial weights, and thus it needs to be re-trained
multiple times to achieve a satisfactory performance.

Additionally, we conduct a related analysis by varying
the learning rate in the range from 10→3 to 10→5. This
investigation revealed a similar trend, confirming that our
architecture maintains stable performance across a wide
range of training conditions.

Hence, the proposed MS-NN-steer is robust to variations
in its initial weights and learning rate, which is a desirable
property since it reduces the need to perform extensive
hyperparameter tuning and multiple training runs.

V. CONCLUSION

This paper presented a novel model-structured neural
network (MS-NN-steer) for the steering control of a
full-scale autonomous race car. The proposed architecture
is based on the MS-NN framework, which incorporates
physical priors and structured local models to improve
the interpretability and generalization capabilities of the
resulting neural network. We designed MS-NN-steer to
capture the effect of the vehicle speed on the steering
dynamics and handling diagram, and we showed that this
leads to improved performance compared to the previous
MS-NN-base architecture.

The proposed MS-NN-steer was trained and validated
using real-world telemetry data from the TUM Autonomous
Motorsport team, which won the A2RL competition in 2024.
Our results demonstrate that the MS-NN-steer outperforms
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Steering Control

Implementing this in NNodely is very simple: you find it here!

https://github.com/tonegas/nnodely-applications/blob/main/vehicle/control_steer_dynamics_A2RL/control_steer_dynamics_A2RL.ipynb


Technical University of Munich,
Autonomous Vehicle Systems Group

How to Boost the 
Closed-Loop 

Controller Performance
From Limited Data?
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Boosting Controller Performance from Limited Data

Can we let the controller learn to control the simulator in a closed loop?
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1. Train the MS-NN Simulator with supervised learning from a collected dataset

Boosting Controller Performance from Limited Data
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2. Couple the MS-NN Simulator (trained) with the MS-NN Controller (untrained)

Boosting Controller Performance from Limited Data
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3. Train the MS-NN Controller in closed-loop (frozen simulator)

Boosting Controller Performance from Limited Data

How to do it? Any ideas? 
Common approach: RL è But it requires millions of interactions 

è hard to be done online / on the physical system è How to improve?
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3. Train the MS-NN Controller in closed-loop (frozen simulator)

Boosting Controller Performance from Limited Data

Unsupervised loss 𝓛
è the controller can be trained end-to-end (E2E) without ground-truth data! 
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Boosting Controller Performance from Limited Data

3. Train the MS-NN Controller in closed-loop (frozen simulator)

Differentiable Closed-loop Controller Training

𝜃!"# = 𝜃! − 𝜂∇ℒ$
Enables data-free training & adaptation

Gradient-based (e.g., ADAM)
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Boosting Controller Performance from Limited Data

An example of this in NNodely with a mass-spring-damper system is here!

Model and Control a Mass-spring-damper

Learn the dynamics of a mass-spring-damper system
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FIR(Ḡ) +

�

"z   }|   {
�[0] · ⌘�z}|{
FIR(�)

26

Model and Control a Mass-spring-damper

Learn the dynamics of a mass-spring-damper system
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Physical System Proposed MS-NN Design

https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper
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Boosting Controller Performance from Limited Data

An example of this in NNodely with a mass-spring-damper system is here!Model and Control a Mass-spring-damper

Learn the neural model for a mass-spring-damper system

Dataset
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Step 1: dynamics learning (direct model)

Model and Control a Mass-spring-damper

Learn the neural model for a mass-spring-damper system

Dataset

Neural MSDxk�N . . . xk
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https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper
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Boosting Controller Performance from Limited Data

An example of this in NNodely with a mass-spring-damper system is here!

Step 2: controller learning (inverse model) through the pre-trained direct model

è Unsupervised learning

Model and Control a Mass-spring-damper

Learn the Neural control for a mass-spring-damper system

Neural
Control
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Model and Control a Mass-spring-damper

Learn the Neural control for a mass-spring-damper system

Neural
Control

Neural MSD
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https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper
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Boosting Controller Performance from Limited Data

An example of this in NNodely with a mass-spring-damper system is here!

Model and Control a Mass-spring-damper

Results for modelling and low levelcontrol

29

https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper
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Boosting Controller Performance from Limited Data

An example of this in NNodely with a mass-spring-damper system is here!

Model and Control a Mass-spring-damper

Results for modelling and low levelcontrol

29

https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper


Physics-Embedded 
Learning Beyond Model-

Structured NNs with
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Other Examples with NNodely: not only Model-Structured NNs!

• Nonlinear function fitting

• Sobolev learning

• Physics informed neural network

https://github.com/tonegas/nnodely-applications/blob/main/nonlinear_fit/nonlinear_fit.py
https://github.com/tonegas/nnodely-applications/blob/main/nonlinear_fit/nonlinear_fit.py
https://github.com/tonegas/nnodely-applications/blob/main/nonlinear_fit/nonlinear_fit.py
https://github.com/tonegas/nnodely-applications/blob/main/sobolev/Sobolev_learning.ipynb
https://github.com/tonegas/nnodely-applications/blob/main/sobolev/Sobolev_learning.ipynb
https://github.com/tonegas/nnodely-applications/blob/main/pinn/pinn_Burgers_equation.ipynb
https://github.com/tonegas/nnodely-applications/blob/main/pinn/pinn_Burgers_equation.ipynb
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Questions & Discussion
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