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THE NEU4MES PROJECT




The Neusmes Project

Pricipal Investigator Gastone Pietro Rosati Papini

Founded by the Italian Ministry of University and Research (VUR)
der the Science Italian Found 2023 program, for 1.2 Million
Euros.

Aim Develop a new approach to model and control physical
system using Model-Structured Neural Networks
Outcome the MNodely framework, 2 wiki website for collecting MSNN
models.
Case Study Several autonomous systems, including: Drones, Quadrupeds,

Vehicles.
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More detalls at https://tonegas.it/ L
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MOTIVATION

BEYOND BLACK-BOX NEURAL NETWORKS



The Perceptron

O A neural network (NN) is a mathematical model inspired by the
structure of the human brain
O The basic component of a neural network (NN) is the Perceptron’
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Multi-layer Perceptron (MLP)

inputs hidden layers
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O Universal approximation theorem?: MLP with 1 hidden layer
approximates any continuous function
O . Butis an MLP really the best choice for every task?



https://playground.tensorflow.org/

Multi-layer Perceptron (MLP)

mputs hidden layers uutpma
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O Universal approximation theorem?: MLP with 1 hidden layer
approximates any continuous function — in theory
O .. Butis an MLP really the best choice for every task?
o Internal architecture of a NN matters — Tensorflow Playground



https://playground.tensorflow.org/

Multi-layer Perceptron (MLP)

inputs hidden layers outputs
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O Universal approximation theorem?: MLP with 1 hidden layer
approximates any continuous function — in theary
O . Butisan MLP really the best choice for every task?

o Internal architecture of a NN matters — Tensorflow Playground
o Moreover big NN has common issues: data-hungry, black-box

|
1



https://playground.tensorflow.org/

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)




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)

O Can we devise NN architectures to model/control physical systems?
o Improving: — explainability, reliability and data-efficiency
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MOTIVATION

PHYSICS-GUIDED LEARNING



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 &

O Design the internal architecture

loss £
inputs —— _)(V)
architecture
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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 & — |

O Design the internal architecture
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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 & — |

O Design the internal architecture — Model-Structured NNs (S-NNs)
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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 & m0de|g

O Design the internal architecture

Device

or
37 Party Software

Neural Model

Definition

Dataset.
Creation

Neural Model(s)

Neural Neural
Model(s) l Model(s)

Compositiol Training

Dataset

Trained
Neural Model(s)

Neural
Model(s)
Validation

Validated
Neural Model(s)

PH5

Exported Networks
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NNODELY

FRAMEWORK




The Framework

nnodely

neuralize your model

The main concepts:

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

fﬁ« 1 3



The Framework

nnodely

neuralize your model

The aims:
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

fﬁ« 1 3
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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)

xy,

Dataset

T kv |
F LOSS
| X Tk—N --- Tk
O Continuous dynamics: & = (=kx —cx + F) /M

O O

Discretized dynamics: xx41 = ZkN;(;l x[=k] - hy[(Ny — 1) = k] + F[O] - hp
MSNN dynamics: Xg+1 = FIR(X) + FIR(F)
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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
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Mass-Spring-Damper: Results for Modelling and Control

x(t] on the dataset mass_spring_damper_val
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USE CASES

MODELING AND CONTROL OF THE VEHICLE DYNAMICS



Modelling of Longitudinal Vehicle Dynamics®

moy = Fy, +Fy, - kdvz —m(gcy cos(0) + g sin(0))

(FforFx,)/m kdvg/m gcy cos(0)+g sin(0)
gear
ox = ) &iFIRi(Tg) = Relu(FIR()) + FIR@E —  Linear(i)
i




Modelling of Longitudinal Vehicle Dynamics

Results for modelling of longitudinal vehicle dynamics

Signal %
100
sof —— Conv. unstructur.
603 = Conv. structur.
405 —— Recurrent unstructur.
20 —— Recurrent structur.

-+ ! . Y “——— time[s] —— Measured acceler.
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Control Lateral Vehicle Dynamics for Racing Vehicles

Neural control of a lateral vehicle’'s dynamics for racing scenarios,
experimental test
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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
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Controlling a 3D Printing Process

MS-NN to learn a 3D printing process parameters

_t3
¢(t) =1—exp £k
Models nucleation and growth in
crosslinking during polymerization

E
dc = Dy log (E)

Describes how deep the resin will cure,

depending on %

O

O
O
O
O

Degree of polymerization ¢(t)
(unitless)

Reaction rate constant k (s™")
Cure depth d¢ (um)

Penetration depth Dy (um)
Delivered energy dose E (m)/cm?2)

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,

26




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

e 7



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.

M. Raissi, P Perdikaris, and G.E. Karniadakis. “Physics-informed neural networks: A deep learning framework for solving forward and inverse problems
nvolving nonlinear partial differential equatior




NNodely-applications on GitHub

Our applications are available at

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

e 29


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

Some of our Papers about MS-NNs

e 30



nnodelyzi

neuralize your model

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