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INTRODUCTION & MOTIVATION




The Perceptron

O A neural network (NN) is @ mathematical model inspired
by the structure of the human brain
O The basic component of a NN Is the Perceptron?

O From a mathematical point of view:

z=w T+, y =a(z)

1frank Rosenblatt. “The perceptron: a probabilistic model for information storage and organization in the bra



From Single- to Multi-layer Perceptron

O Multiple perceptrons can be concatenated to model
general nonlinear functions (see Tensorflow Playground)

O Universal approximation theorem: a NN with a single
hidden layer can approximate any continuous function?

uperpositions of a sigmoidal function

2George Cybenko. “Approximation by st


https://playground.tensorflow.org/

The NN Internal Structure Matters

O Computer vision: convolutional neural networks,
embedding the concept of spatial invariant?

3Yann LeCun, Koray Kavukcuoglu, and Clement Farabet “Convolutional networks and applications in vision”

4Sepp H reiter and Jurge
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6Ashish Vaswa
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The NN Internal Structure Matters

O Computer vision: convolutional neural networks,
embedding the concept of spatial invariant?

O Speech recognition: long short-term memory networks,
embedding the concept of short and long term memory#

O Data generation: generative adversarial networks, used
for generative Al5 (example: OpenAl Dall-E)

O Natural language processing: transformers embed the
concept of self-attentioné (example: chatGPT)

ray Kavukcuoglu, and Clement Farabet. “Convolutional networks and applications in vision”

thuber. “Long Short-Term Memory"
al networks'

sAshish Vaswani et al. "Attention is all you need



Model-Structured Neural Networks (MS-NNs)

Model-based approach Data-driven approach

O Leverage physics
knowledge

O Eguation-based
formulation



Model-Structured Neural Networks (MS-NNs)

Model-based approach Data-driven approach

O Leverage physics
knowledge

O Eguation-based
formulation

O Hard to model everything

O System identif. may require
ad-hoc experiments



Model-Structured Neural Networks (MS-NNs)

Model-based approach Data-driven approach
O Leverage physics O No need for expert
knowledge knowledge
O Eguation-based O Model complex functions

formulation
O Hard to model everything

O System identif. may require
ad-hoc experiments



Model-Structured Neural Networks (MS-NNs)

Model-based approach Data-driven approach
O Leverage physics O No need for expert
knowledge knowledge

O Eguation-based Model complex functions

formulation Black-box structure

O Hard to model everything Data-hungry

O O O O

O System identif. may require
ad-hoc experiments

Poor generalization



Model-Structured Neural Networks (MS-NNs)

Model-based approach Data-driven approach
O Leverage physics O No need for expert
knowledge knowledge
O Eguation-based O Model complex functions
formulation O Black-box structure
O Hard to model everything O Data-hungry
O System identif. may require O Poor generalization

ad-hoc experiments

Model-Structured Neural Networks (MS-NN)

O Flexibility of data-driven (NN) technigues



Model-Structured Neural Networks (MS-NNs)

Model-based approach Data-driven approach
O Leverage physics O No need for expert
knowledge knowledge
O Eguation-based O Model complex functions
formulation O Black-box structure
O Hard to model everything O Data-hungry
O System identif. may require O Poor generalization

ad-hoc experiments

Model-Structured Neural Networks (MS-NN)

O Flexibility of data-driven (NN) technigues

O Embed domain-specific knowledge into the NN's internal
structure — increased explainability + generalization
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Emerging Interest in Explainable Al

2000

1500 -

1000

500 ||
0o IIIII|I

2009 2011 2013 2015 2017 2019 2021 2023
year

. occurrences

Keywords "Interpretable machine learning" "explainable
.. machine learning" and "explainable neural networks" in Scopus



Overview of Physics-Driven NN Approaches

How to embed physics- or madel-based knowledge in NNs?

O Decide on problem cg defining input and output

O Curate the data, operation on data before fit
O Design the internal architecture
o NN to mimic/generalize the structure of a physical model
o Equation learning, learn to combine a set of operators (eg
trig functions) to approximate an unknown dynamics
O Design a loss function for the NN training, eg to conserve
energy or satisfy a PDE

O Design of optimization algorithms



Physics-informed NNs (PINNs), Raissi et at. (2019)

O Idea Data-driven solution or discovery of complex PDEs

O How: Structured loss function based on the PDE residuals, but
using deep unstructured NNs

O Pros: Learn the solution of PDEs using small training datasets;
accelerate simulations of complex systems

O Examples: Fluid dynamics (Navier Stokes), quantum mechanics,
solid mechanics, reaction-diffusion?. Note: no modeling of real
physical systems, only PDEs

Predicted pressure Exact pressure

2 2

14 0.0
1 1.3 1 -0.1
= 0 12 5 —0.2
1.1 -0.3
-1 1.0 -1 04
o 0.9 o —0.5

2 4 6 8 2 4 6 8
x T
G.E Karniadakis. “Physics-informed neural networks: A deep learning framework for
roblems involving nonlinear partial differential equations”
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Approaches related to PINNs

O Hamiltonian? and Lagrangian NNs® that learn to conserve
energy in mechanical systems and robotic tasks

~

O Pontryagin Al to learn the policies of optimal control tracking
problems (OCPs)
o NN to approximate the controls of an OCP
o NN trained with a tracking loss function
o No need to solve the adjoint equations of the OCP

O

NNs to approximate the value function of
Hamilton-Jacobi-Bellman equations for dynamic programming

1906.01563
s for end-to-end learning of
or how artificial neural networks learn
rad Abu-Khalaf and Frank L Lewis. “Nearly optimal control laws for nonlinear systems with saturating

s using a neural netwo

11



https://arxiv.org/abs/1906.01563

Combining NNs and analytical models

O Idea Use NNs to improve the prediction of analytical models

O How: Augment an analytical model with NNs to better learn
some complex dynamics

O Pros: No need to learn the entire model from scratch; partly
preserve the physical meaning of the model

O Examples:
o NN to learn the parameters of multibody vehicle models!2

o Neural tire models in multibody vehicle models1314
o Neural ODE to predict the heart rate during workouts?s

2john Chrosniak, Jingyun Ning, and Madhur Behl. “Deep Dynamics: Vehicle Dynamics Modeling With a
Physics-Constrained Neural Network for Autonomous Racing”

13an Wegrzynow

2408.15610 [cs RO]
“Taekyung Kim, Hojin Lee, a

Risk-Aware Autonomous Driv

)mMous racing
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“hysics Embedded Neural Network Vehicle Model and Applications ir

1BAchille Nazaret et al. “Modeling personalized heart rate response to exercise and environmental factors with
wearables data” 12



https://arxiv.org/abs/2408.15610

Our Model-Structured NNs

O Idea: Embed domain-specific prior knowledge into the NN's
Internal structure

O How: Neuralize the structure of a physics-based model
O Pros: Model interpretability; improved generalization
O Examples: Modeling physical systems (unknown dyna./param.)
o Model and control the long-lat. vehicle dynamics161?
o Vehicle state estimation18
o Model mechanical systems?®;
o Human motion prediction?

1BMal

Da Li
with neural n

20sati Papini. “Modelling longitudinal vehicle dynamics

daniele Bortoluzzi, and Gastone Pietre

7Mattia Piccinini et al. "A Physics-Driven Artificial Agent for Online Time-Optimal Vehicle Motion Planning and
Control”
BMauro Da Lio, Mattia Piccinini, and Francesco Biral. “Robust and Sample-Efficient Estimation of Vehicle Lateral
Networks With Explainable Structure Informed by Kinematic Principles”

Velocit

Biral, and Paolo Bosetti. "Hybrid Modeling of Non-Linear Mechanical Systems: The

®Antonio DI Dino, Franc

ek Ab
>rediction of Human Motion for Real-Time Robotics

Applications With 13
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O Modeling, control and estimation of physical systems,
whose internal dynamics may be partially unknown

T 1
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O

O

O

Modeling, control and estimation of physical systems,
whose internal dynamics may be partially unknown
Speed-up the development of MS-NN, which Is complex to
design using standard deep-learning framework

Support professionals with classical modeling
backegrounds, such as physicists and engineers, in using
data-driven approaches (but embedding knowledge inside)
to address their challenges.

A repository of incremental know-how that effectively
collects approaches with the same purpose, i.e. building an
increasingly advanced library of MS-NNs for various
applications.

15



Framework workflow

Device
or
3? Party Software

PH1

Neural Model
Definition

Dataset
Creation

Neural Model(s)

Neural
Model(s)
Training

Dataset

nnodely

neuralize your model

[o] B ]

Trained d

Neural Models
(=]

Validated
Neural Model(s)

Network
Export

Exported Networks

16




Model-Structured Neural Networks with nnodely
MS-NNs Definition
(PH1)

MS-NN Manipulation

O Data loading and dataset

O Defining Inputs creation (PH2)
O Defining Outputs O Definition of the fitting
O Defining Relations: objectives (PH3)
o Aritmetic operations O Definition of the network
o Trigonometric composition and connection
operations (PH6)
o Custom functions
o Local models O Training (PH3)
o Fuzzification O Validation using model based
° ... criteria (PH4)

O MS-NN export (PH5) in
PyTorch and ONNX format



Embedding Physical Principles (Main Ideas)

The MS-NN embeds and generalizes physical principles and
prior-model knowledge, where the parameters are learned from
experimental data



Embedding Physical Principles (Main Ideas)

Main nnodely concepts:
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X =f(x,u) = fi(x)+ filx, u1) + fo(x, up) + ... + fu(x, uy)
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Embedding Physical Principles (Main Ideas)

Main nnodely concepts:

O Linear superposition of forces

X =f(x,u) = fi(x)+ filx, u1) + fo(x, up) + ... + fu(x, uy)

O The system dynamics are treated using FIR or IR
filter/layer

O The non-linearities can be addressed using local models
or custom functions

O Capturing the residuals of analytical models (such as
friction, delays, and backlash) through ad-hoc
neuralization

O Embedding easily the concept of time inside the NN .



USE CASES




Mass-spring-damper

O Learn the solution of @ mass-spring-damper system using
NNodely
O The code Is avallable here2

i/

C
I
L

— k"

2https://github.com/tonegas/nnodely-applications


https://github.com/tonegas/nnodely-applications

Modeling the forward longitudinal vehicle dynamics

m o, = Fy, + Fy, — kgvi — m(gc, cos(0) + g sin(6))

Poicnst s s Poi) +—>IF]

(i =y AL, ooy B +my ALY -——»E A
Ttenats o Te) o—>{R>Tx >+

(Fx;+Fx,)/m kqv2/m  gc, cos(0)+g sin(0)
gear s —_——

by = ZgiF\R,-(Tg) — Relu(FIR(py)) + FIR@2) = Linear(fiy)

), Daniele Bortoluzzi, and Gastone Pietro Rosati Papini. “Modelling longitudinal vehicle dynamics

21



Estimating the mass of a vehicle - 1/3

O Start from the analytical longitudinal vehicle dynamics

(ax + gcr cos(0) + gsin(6)) m = Fy, + Fx, = CyUx = kav?
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Estimating the mass of a vehicle - 1/3

O Start from the analytical longitudinal vehicle dynamics

P

-

O Effect of the lateral tire forces

o Pacejka tire models require expensive experiments to be
fitted — Fy, = Fy,(as, x5, Fzp, v5)

o Let's use a physics-based learnable polynomial model
Fy, = fy;(ay,ax) — thisis a local model around ay = ay,
and a, = Ax;

o We use Ny, and Ny local models to cover the entire range
of ay and a, — fuzzification
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Estimating the mass of a vehicle - 1/3

O Start from the analytical longitudinal vehicle dynamics

O Effect of the lateral tire forces

o Pacejka tire models require expensive experiments to be
fitted — Fy, = Fyf(af,Kf,sz,yf)

o Let's use a physics-based learnable polynomial model
Fy, = fy;(ay,ax) — thisis a local model around ay = ay,
and ay = dx,

o We use Ny, and Ny local models to cover the entire range
of ay and a, — fuzzification

~
L

-
)

(ax + gcr cos(0) + g sin(0)) m = Fy, + Fx, = cyUx — kav? — Fy, sin(0)
—_———

ateral forces

Ny

Ny
=50 g, ) ilayl, ax)

i=1 j=1 .




Estimating the mass of a vehicle - 2/3

O Fuzzy activation functions ®@jj(layl, ax) = ¢y, (lay]) ¢x;(ax)

10
— %
¢!/2
=05 On
— o
— Py
0.0
0 1 2 3 4 5
Jay| [m/s?]
10 ‘
— ¢
[
=05 O
— o,
— o
0.0
) ) 0 1 2 3
a [m/s’]
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Estimating the mass of a vehicle - 2/3

O Fuzzy activation functions ®@jj(lay|, ax) = ¢y,(layl) ¢x,(ax)

O A similar approach is applied to neuralize the rolling resistance
coefficient ¢,

1.0
— 9y
— ¢y
=05 O
— Yu
— Py
0.0
0 1 2 3 4 5
Jay| [m/SZ]
1.0 ‘
— @n
—
=05 O
—
— G,
0.0
-2 -1 0 1 2 3
a, [m/s]

23




Estimating the mass of a vehicle - 3/3

O The vehicle mass m Is finally estimated by integrating the
recursive least squares (RLS) into the MS-NN

Py._
ST "
A+ (Pk Pir_1 (;[)k
1 /
Py = X (I — Lg qi)k) Py (1b)
iy = k-1 + Li (yk — Pritig—1) (10)

O Ly is the (Kalman) gain matrix
O Py is the covariance matrix of the estimation error
O iy is the estimated vehicle mass

O A Is the forgetting factor

24




Modeling the lateral vehicle dynamics

Forward model of a vehicle’s lateral dynamics®

Fi /'
{Okn ... Ok} m‘El M ME M oK

[] Dropout Layer  [] Fuily connected Layer  [/A] Noniinear Activation " AN

[+] mhreading Layer (times) Summation Layer (total of all inputs) | SNSRI ¥ AT, W

With ¢i(v) = 2= A (St) where v; are the centres of the
receptive fields, Av the receptive fields radius and A(:) Is the
Heaviside Lambda function: A(x) = max(1 — |x|,0). The scaling
factor 1+ Av?, with learnable A (understeering gradient)

BMauro Da Lio et al. “A mental simulation approach for learning neural-network predictive control (in self-driving

25




Controlling the lateral vehicle dynamics

1. Train the forward model of the vehicle's lateral dynamics

2. Use the trained forward model to train the inverse model,
which is a control system — unsupervised learning

Episodes
—

K;(7)

Inverse Model
(under training)

Actions

0i(2)

Forward Model
(learned)

Predictions
—»

Ki(1)

26



Controlling the lateral vehicle dynamics

Inverse model of a vehicle's lateral dynamics?

Target trajectory

™ Initial condition

with ¢ threading v, and x into (1 + Av?)x, which models the
understeering gradient effect re-using the understeering
coeffcient A from the forward dynamics

2Mauro Da Lio et al. “A mental simulation approach for learning neural-network predictive control (in self-driving
cars)

27




FUTURE WORK



Future Work

O Bridge the gaps between machine learning, control theory,
mechanics and more

O Apply NNodely to neuralize models and controllers from
different domains

O Possibly impose energy conservation during training
(PINNs-like) or structured loss functions

O Starting from a NNodely model, automatically cenerate
and train a NNodely controller

©® *



nnodelyzi

neuralize your model

Apply the framework on your task

Gastone Pietro Rosatl Papini & Mattia Piccinini

gastone.rosatipapini@unitn.it
mattia.piccinini@tum.de
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