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BEYOND BLACK-BOX NEURAL NETWORKS



The Perceptron

The basic component of a neural network (NN) is the Perceptron’

I
) T




Multi-layer Perceptron (MLP)

1nputs hidden 1y(rs



https://playground.tensorflow.org/
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O Universal approximation theorem?: M[LP with 1 hidden layer
approximates any continuous function
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approximates any continuous function — in theory
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O Universal approximation theorem?: M[LP with 1 hidden layer
approximates any continuous function — in theory
O .. Butis an MLP really the best choice for every task?
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Multi-layer Perceptron (MLP)
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O Universal approximation theorem?: M[LP with 1 hidden layer
approximates any continuous function — in theory
O .. Butis an MLP really the best choice for every task?
o Common Issues: data-hungry, poor generalization, black-box
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Multi-layer Perceptron (MLP)

mputs hidden layers OuLpuLS

WA

O Universal approximation theorem?: M[LP with 1 hidden layer
approximates any continuous function In theory
O . Butis an MLP really the best choice for everytask?
o Common Issues: data-hungry, poor generalization, black-box
The internal architecture of a NN matters
— Try this: Tensorflow Playground
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The Internal Architecture Matters

Literature Examples

O Computer vision: convolutional neural networks cmbedding the
concept of spatial invariance3
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The Internal Architecture Matters

Literature Examples

O Computer vision: convolutional neural networks cmbedding the
concept of spatial invariance3

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

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

Can we devise new NN architectures
to model/control physical systems? (eg. robots)
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PHYSICS-GUIDED LEARNING



Physics-Guided NN Approaches

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

O Curate the training datz or NN inputs

inputs —— ——>0
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Physics-Guided NN Approaches

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

@)
A\

O Design a loss function ¥ — Physics-informed NNs
O

loss:l:

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

O Idea: Data-driven solution or discovery of complex PDEs

Predicted pressure ) Exact pressure
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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
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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

Predicted pressure ) Exact pressure

1.4 0.0
1 1.3 1 —0.1
= 0 12 o —0.2
1.1 —-0.3
-1 1.0 -1 —0.4
5 0.9 72 05

2 4 6 8 2 4 6 8
x T
\. Raissi, P. Perdikaris, and G.E. Karniadak : cs-informed neural networks feep learning framewark for solving forward and inverse prob

olving nonlinear partial differential equatior




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), guantum mechanics, solid
mechanics, reaction-diffusion®. Note: no modeling of real physical systems,

only PDEs
) Predicted pressure ) Exact pressure
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| Raissi, P. Perdikaris, and GE Karniadakis. “Physics-informed neural networks: A deep learning framework for solving forward and inverse prob

olving nonlinear partial differential equatior




Other approaches related to PINNs

O Hamiltonian’ and Lagrangian NNs® that earn 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'°

10
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Physics-Guided NN Approaches

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

O Curate the training data or NN inputs
O Design a loss function & } NNodely
O Design the internal architecture

— Model-Structured NNs (S-NNs)

loss:,C

Y

inputs —— ———>0

architecture
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MODEL-STRUCTURED NEURAL NETWORKS (MS-NNs)



Model-Structured Neural Networks (MS-NNs)

Embed domain-specific knowledge into the NN architecture

14
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Model-Structured Neural Networks (MS-NNs)

Embed domain-specific knowledge into the NN architecture

Start from a physics-based model and neuralize its structure

Modeling, control and estimation of physical systems

14
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Inputs: pedal p € [-1, 1] speed vy,
Output [ongitudinal accel ay
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Example: Longitudinal Vehicle Dynamics

Inputs: pedal p € [-1, 1] speed vy,
Output longitudinal accel ay — naive multi-layer perc. ay = NN(p, vy)

e '



Example: Longitudinal Vehicle Dynamics

Inputs: pedal p € [-1, 1] speed vy,
Output (ongitudinal accel ay —

¥ =

We actually know the vehicle dynamics!

7YX
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Example: Longitudinal Vehicle Dynamics

Inputs: pedal p € [-1, 1] speed vy,
Output [ongitudinal accel ay

ale Fizl Fxf(P )+Fx,(p)_kdvx2

[Pk—n, - - - > k]

Neural Finite Impulse
Response (FIR)
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Example: Longitudinal Vehicle Dynamics

Inputs: pedal p € [-1, 1] speed vy, gear g,
Output [ongitudinal accel ay

e = % D Fi= % [Fxf@,g) + Fy, (p) — ka0 ]
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Example: Longitudinal Vehicle Dynamics

Inputs: pedal p € [-1, 1] speed vy, gear g,
Output [ongitudinal accel ay
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Example: Longitudinal Vehicle Dynamics

Inputs: pedal p € [-1, 1] speed vy, gear g,
Output [ongitudinal accel ay

e = % D Fi= % [Fxf@,g) + Fy, (p) — ka0 ]
vﬂ"‘k—»:(.)z

Neg- Fy,
ReLU _> Y
[Pk—m RN ,pk] @_> L2
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Example: Longitudinal Vehicle Dynamics

Inputs: pedal p € [-1,1], speed vy, gear g, steer o, lateral accel g,
Output [ongitudinal accel ay

1 1 '
B ZFi i [Fxf(P,g)+Fx,(p)— kqv.? - Fy, Sln(b)]
1

v,,,_,_(.)Z_,

Neg- F,
ReLU _) Y
['Pk—m s ;Pk] H—> Oz
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Embedding Physical Principles in MS-NNs

O Linear superposition of forces

¥ =flx,u)=filx)+ filx,ur) + folx,u2) + ...+ fulx, uy)




Embedding Physical Principles in MS-NNs

O Linear superposition of forces

O Discrete-time system dynamics modeled with finite/infinite impulse
response layers (FIR or lIR)

FIR y[n] = box[n] +bix[n —1]+--- + byx[n — N]
N
:Zbi'x[n—i],
i=0

P Q
IR y[n] :Zbix[n—i]+2aiy[n—i]
i=0 i=1



Embedding Physical Principles in MS-NNs

O Linear superposition of forces

O Discrete-time system dynamics modeled with finite/infinite impulse
response layers (FIR or lIR)

) Unknown nonlinearities addressed with neuro-fuzzy local models

O

K H [Ft, Koo Kl
‘

Lk
2 X P + Y
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O Discrete-time system dynamics modeled with finite/infinite impulse
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O Capturing the residuals of analytical models (such as friction, delays,
and backlash) through ad-hoc neuralization with custom funct.
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Embedding Physical Principles in MS-NNs

O Linear superposition of forces

O Discrete-time system dynamics modeled with finite/infinite impulse
response layers (FIR or lIR)

O Unknown nonlinearities addressed with neuro-fuzzy local models

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

O Embedding the concept of time inside the NN

O Flexible managing of custom recursive networks
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O Speed-up the development of MS-NNs wrt standard deep-learning
frameworks (e.g, pure PyTorch or TensorFlow)

The code is reduced by 75%



O Speed-up the development of MS-NNs wrt standard deep-learning
frameworks (e.g, pure PyTorch or TensorFlow)

O Support professionals with classical modeling backgrounds, such as
physicists and engineers, in developing physics-guided ML solutions

Fase of use for non-experts in ML



O Speed-up the development of MS-NNs wrt standard deep-learning
frameworks (e.g, pure PyTorch or TensorFlow)

O Support professionals with classical modeling backgrounds, such as
physicists and engineers, in developing physics-guided ML solutions

O A repository of incremental know-how to collect examples of MS-NNs
for various applications



Workflow

PH1

Neural Model
Definition

Device
or
374 Party Software

Dataset

Neural Model(s)

Creation

Dataset

Trained
Neural Model(s)

Validated
Neural Model(s)

Network
Export

Exported Networks

nnodel

neuralize your model
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Model-Structured Neural Networks with nnodely

MS-NNs Definition MS-NN Manipulation

(PH1) O Data loading and dataset creation

O Defining Inputs (PH2)

O Defining Outputs O Fitting objectives (PH3)

O Defining Relations O Network composition and connection
o Aritmetic operations (PH6)
o Trigonometric operations O Training (PH3)

o Custom functions

o Local models O Validation using model based criteria

o Fuzzification (PHz)
e O MS-NN export (PH5) in PyTorch and
ONNX format



USE CASES




USE CASES

MODELING AND CONTROL OF A MASS-SPRING-DAMPER SYSTEM



Mass-Spring-Damper: Modeling

Learn the dynamics of a Mass-Spring-Damper system (neural MSD)

— F
X

Yo X[k [(Ne=1)=k]  F[0]-hp

— —

Xji1 = FIR(%) + FIR(F)
e 23



Mass-Spring-Damper: Control

O Learn a Neural PID to control a mass-spring-damper system
O Controller gradients are propagated through the learned dynamic
model (neural MSD) — differentiable end-to-end controller training

LOSS

Tk Ck Ne

o " ntrol Tht1
Neural MSD
Lk ThoNo - T | o

LOSS = Z e,f = Z(xk — x})2
24
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Mass-Spring-Damper: Results for Modelling and Control

x(t] on the dataset mass_spring_damper_val

10 — real
Correlation: 1.00
— prediction
05
2 00
s
05
10
3 E) 100 150 250 0 330 00
Time (5)
xIt] and x_target[t] on the dataset control
12
10 — _—
— real
—- prediction
— real
—- prediction
= — real
—- prediction
real
—- prediction
00 05 To s 20 25

Time (s)
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USE CASES

MODELING AND CONTROL OF THE VEHICLE DYNAMICS



Steering Control for Autonomous Racing

Inverse dynamic problem

NN output: steering wheel angle og,

O,

time

27



Steering Control for Autonomous Racing

Inverse dynamic problem

NN output: steering wheel angle og,
NN inputs:
Future reference trajectories:

lateral, longit, vertical accelerations
and velocity

O Ay, = I”}/;‘/ e Ay,

O axi = [axk,...,aka

|
]
O azk = [az, ..., 0z,
|

O Oxg = [ka,.--,vxk+q

e 7



Steering Control for Autonomous Racing

Two incremental variants

O MS-NN-base — pure lateral nonlinear dynamics (2D road)

[aym oo ’ayk+q]

[ T

MS-NN-base O,




Steering Control for Autonomous Racing

Two incremental variants

O MS-NN-base — pure lateral nonlinear dynamics (2D road)

O MS-NN-ext — effects of longitudinal and vertical accelerations (3D road)

[ayk,...,aykﬂ]oj

[’l)mk,...,vmk+q]o—>

MS-NN-ext o Of,

[azk,...,awk+q]o—>

[@aes e v vy Oy )



MS-NN-base

Steady-state pure lateral dynamics

Handling diagram




MS-NN-base

Steady-state pure lateral dynamics

Handling diagram

O Local neuro-fuzzy models

G(ayy, Vak) | (ay,)) 0.06
= 0
B
= 0.03
=
~
[a‘yk IERE] a’yk+q] o0 +1 S
o0 0 e =-0.03
[v-’tkv vy Uzk+q] .ﬂ } |
— o
G, (lay,) 0.06
;12 8 4 0 4 8 12
e g"y(ayk’vzk’) Ay [m/SZ} 29




MS-NN-base

Steady-state pure lateral dynamics

Handling diagram

O Local neuro-fuzzy models

a
Silay,vy) = v—gL +sign(ay) ki, + (ay - uyoisign(uy)) ko,

X
G(ayg, Vak) | $:(ay,))
[y gy ] 02
[v:: vz:q]._q*‘ e e —[+}H e
N
@, (lay,) 9
|ay| [m/s?]

e G, (Ay, Vo) 29




MS-NN-base

Steady-state pure lateral dynamics

Handling diagram

O Local neuro-fuzzy models

a
Silay,vy) = v—gL +sign(ay) ki, + (ay - uyoisign(uy)) ko,
X

a(a’yk’ 'vzk)

low speed (v, = 23 m/s)
—high speed (v, =79 m/s)

— 0.06
=]

[a‘yk [ a’yk+q
[v-’tkv RS ] Uzk+q] .q_

P, (lay,|)

gny (ayk7 vzk)




MS-NN-base

Steady-state pure lateral dynamics

Handling diagram

O Local neuro-fuzzy models with vy -dependency

a
Zilay, vy) = v—gL +sign(ay) ki, (vx) + (ay — ay, sign(ay)) k, (vx)
X

a(a’yk’ 'vzk)

low speed (v, = 23 m/s)
—high speed (v, =79 m/s)

— 0.06
=]

[a‘yk [ a’yk+q
[v-’tkv RS ] Uzk+q] .q_

P, (lay,|)

gny (ayk7 vzk)




MS-NN-base

Steady-state pure lateral dynamics

O Local neuro-fuzzy models with vy -dependency

a
gi(ay,vx) = v—gL +sign(ay) k1, (0x) + (ay — ay, sign(ay)) k2, (vx)
X

handling_diagr_local(

handling_diag

29



MS-NN-ext

steady-state lateral dynamics

O Local neuro-fuzzy models in overlapping regions of ay

a(ayk,’vmk ) | b1 (lay,| ) |
91 (ay, Vap ) L a1
[Byes ey Oy, ] 0T g
[vmk,...,vmkﬂ]-q” S v _»B_}q_-i-]).
6, (g, )
9o,  (@yy,vap ) H-E) i




MS-NN-ext

steady-state lateral dynamics

O Local neuro-fuzzy models in overlapping regions of ay, ax, az

G(auk» Vaks Gaks Gzk)

’ D111(lay, |, ek, azg) ‘

+1 +1
glll(aykvvmk:amkvazk) q—’ q
Pl [ L

[a‘!/)H eeey a‘.'lk+q]

[Vzks -+ s Vnpg) o0& —»B}L”».
a1 e o o

[Gzgs - - o s Oy ] @2

PR [t

’d’nynznz (|a”yk|7 Az, a’Zk)

+1 +1
9nynan. (aykvvwk»a’mkvazk) O] 4




MS-NN-ext

steady-state lateral dynamics

O Local neuro-fuzzy models in overlapping regions of ay, ax, az

gijk(-) — local approximation of a nonlinear double-track model around
{ayoi , ﬂxoj s 8z, }

G(ayy, ok, Gk, azk) ’ o111 (lay, | Gzk, azk) ‘

+1 +1
glll(aykvvmk:amkvazk) q—’ q
Pl [ L

[a‘!/)H eeey a‘.'lk+q]

[Vzks -+ s Vnpg) o0& —»B}L”».
a1 e o o

[Gzgs - - o s Oy ] @2

PR [t

’d’nynznz (|a”yk|7 Az, azk)‘

+1 +1
9nynan. (aykvvwk»a’mkvazk) O] 4
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MS-NN-ext

Transient combined lateral dynamics

O Leverage the future vehicle behavior to learn the dynamic response

[ay)H T 7ayk+q

]
[Uzk7~~-svzk+q1- -
[a a ]_ g+l G(avk,”zk,azk,a,k)
TRy ) PTrtq
[az)u AARS azk_M] il



MS-NN-ext

Transient combined lateral dynamics

O Leverage the future vehicle behavior to learn the dynamic response

O Local fully connected layers in overlapping regions of vy and ax

D11 (Vak, Q)

g+l q+l 1
(N2 ~
qt

[ayk yer s Oypig

]
Fu1
[vmw 7’U1k+q] a1
la 1oy, ] 05! G(auk,vzk,ﬂzk,a;k)lﬁ-—» e oo -
Thy 1 Aopyqg
]

O—T ¢nunz (vwk)a'wk)
@| q+1 %: L1,
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MS-NN-ext

Transient combined lateral dynamics

O Leverage the future vehicle behavior to learn the dynamic response

O Local fully connected layers in overlapping regions of vy and ax

D11 (Vak, Q)

g+l q+l 1
(N2
qt

[ayk yer s Oypig

]
) Fu1
[vmw 7’U1k+] * 5
[(l a q] G+l G(aw;r'”zkyazkyask)lﬁ'_’ e o o —"El—k'
Tiy oy QTpyqg
]

O—T ¢nunz (vwk)a'wk)
@| q+1 %: L 1]
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MS-NN-ext

Transient combined lateral dynamics

O Leverage the future vehicle behavior to learn the dynamic response

O Local fully connected layers in overlapping regions of vy and ax

g+ o) g+l |1
[ayk’ s ’a’yk+q] art = F
- 11
S o B S S/ —
[@zy,--- :azk+q] i ¢nvnz (”wk, awk)
)t ;%: | 1]
Fryne




MS-NN-ext

activ_fens_vx = ify(centers=chan_centers_vx, functions='Triangular')(vx.sw([8,num_samples_future_feedful))

local_model_trans_dyna = (output_functio : Fir(W_init = init_exp,
W_init_params= ! irst_value,
a :5, 'mo
out_local_model_trans_dyna = local_model_trans_dyna(out_local_models_handling_diagr, (activ_fc

11 (Var, Q)

+1 +1 1
) @ q L
1
[ayk!"'7u’llk+q] €
1 1
[vmkV"'vvmk+q]'q+

|G(a‘vk7 Vgks Aok ‘lzl\:)lﬁ

g+l
gy ]e

[amk k)

q+1

N
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Steering Control for Autonomous Racing: Summary

More details in

O M. Piccinini, A Mungiello, G. Jank, G. P R. Papini, F. Biral, ). Betz, "Model-Structured Neural Networks to Control the Steering Dynamics of
Autonomous Race Cars,” in IEEE International Conference on Intelligen E SC

Steering angle [deg]
Lo

—61 —— Ground Truth
== NN

0 200 400 600 800
Sample

Show video 2




Longitudinal Vehicle Dynamics
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Longitudinal Vehicle Dynamics

o S Y

.,

¢ MENN )
. model-based
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. Y2 T E g
Tey : : i
' . : NNruyzy :
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1 T, .
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Longitudinal Vehicle Dynamics

o S Y
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Longitudinal Vehicle Dynamics

{ MS-NN ;
| model-based :
Uz, :
O 1 y . :
Tek_n_H .'hi(‘-j A2 nodel g
. model ¢ :
. A :
; Y ia
Tek ———:—Qc

> >|NNfuzzygI Tb ]
c
\ azDD

F3 Fy
data-driven

More detalls in
M. Piccinini, M. Zumerle, J. Betz and G. Pietro Rosati Papini, "A Road Friction-Aware
\n I-Lock Braking System Based on Model-Structured Neural Networks,” in IEEE Open

Journal of Intelligent Transportation Systems, 2025. 33




Combined Longitudinal Dynamics of an FITENTH Car

[pk—nn oo ,Pk]

va;k o—>

MS-NN [

[6k—n) ey 6k]°—>
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ffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffff

Acceleration [m/s™2]
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== NN
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Combined Lateral Dynamics of an FITENTH Car

[‘sk—m cee ,6k]
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Other Application Examples for Vehicle Dynamics
Steer control for parking

am,"_> o
[Pks -+« s Pht-q)o—>] MS-NN I * 0, MS'NN yk+1

More details in
o
O E Pagot, M. Pic E Bertolazzi F Biral, "Fast Plannins Tracking of Complex Autonomous Parking

;e eldo-Neural Ne ks, EE Access, 2023 : euve ) Contr y



USE CASES

OTHER EXAMPLES OF MS-NNS IN DIFFERENT DOMAINS



Control of an Inverted Pendulum

HLC & LLC

0°(t)
m’ Ftt) IP Simulator p(t). ()
p(t), 6(t)

Show video

® *



Controlling a 3D Printing Process

MS-NN to learn a 3D printing process parameters

—1_ -3k
¢(t) =1 - exp O Degree of polymerization ¢(t)
Models nucleation and growth in (unitless)
crosslinking during polymerization O Reaction rate constant k (s=)

E Cure depth d¢ (um)
dcszlog(E—) e
¢ Penetration depth Dy (um)

Describes how deep the resin will cure, Delivered energy dose E (m)/cm?2)

depending on %

O O O O

Critical energy Ec (mJ/cm?2)
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Model the Dynamics of Electroactive Polymers

MS-NN for physical modeling of a viscoelastic material

for= M)+ fi (A, AL A, A]) + £V, 1)

O total force realized: fior
O stretch: A
O voltage V

O elastic force: fe
O viscoelastic and hysteretic force:
fa

O electric force: f,
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Learning a Pedestrian’s Dynamics

MS-NN based on social force model™
v(t)el(t) — v(t)
ft)y=m—— 4 N V¢
(1) =m——r §w o (1)

O forces on pedestrian: f

B S E’”” %\ O pedestrian mass: m
o L e e O pedestrian speed: v
y — %—'E I—‘% B .

O desired velocity: v?
JBx ¥ By? 10 Sig 1
— S O waypoint direction: e
210 d/ldll
_ O velocity change rate: 7

O obstacle forces: €Y
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Support to Physics-Informed Neural Networks (PINNs)

Integrate the Burger's equation’? in the range x € [-1,1] t € [0, 1]

Function Integration

u=NN(t x),
Ul (L0,
dt dx ) dx?
u(0, x) = —sin(mx),

u(t,-1)=u(t,1)=0.

12, Raissi, P Perdikaris, and GE. Karniadakis. “Physics-informed neural networks: A deep learning framework for solving forward and inverse problem:
nvolving nonlinear partial differential equatio




Advantages of MS-NNs

MS-NNs vs Analytical Models

O Improved learning potential through custom neural blocks




Advantages of MS-NNs

MS-NNs vs Analytical Models

O Improved learning potential through custom neural blocks

MS-NNS vs MULTI-LAYER PERCEPTRONS

O Better generalization to unseen data with small training sets
O Enhanced interpretability

O Less sensitive to the weights' initialization



NNodely-applications on GitHub

Our applications are available at

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

Ty 44


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

Some of our Papers about MS-NNs
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CONCLUSIONS



-~
J

O Model-Structured NNs: a new class of NNs embedding prior physics- or
domain knowledge in their architecture

O NNodely: an open framework for physics-guided learning with physical
systems
o support for MS-NNs, PINNs, differentiable end-to-end training, and more
o designed to speed-up rapid prototyping

O Applications in different physical systems
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https://tonegas.it/

nnodelyzi

neuralize your model

Let's apply the framework on your task
| and
"% Star it if you like!
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