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~owe INSA Who am I ?

TOULOUSE

Philippe Leleux

> Associate professor at INSA de Toulouse, LAAS-CNRS, Equipe TRUST
> Teaching : machine learning for critical embedded systems

> Research :

o How to make machine learning techniques more "trustworthy" ?
=> Application to medical diagnostic, pronostic, treatment decision

o  How to use machine learning for safety (including cybersecurity) ?
=> Detection of hardware trojans based on micro-architectural signals
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INSA

TOULOUSE

Al
What ? Why ? Where ? When ?
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TOULOUSE

LAAS
CNRS INSN ' ' '
_T= Let's start with some questions

> When did the term artificial intelligence appear ?
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AAS
~cw= INSA Let's start with some questions

TOULOUSE

> When did the term artificial intelligence appear ?
=> 1956, Dartmouth College

> Who among you uses generative Al regularly ?
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TOULOUSE

> When did the term artificial intelligence appear ?
=> 1956, Dartmouth College

> Who among you uses generative Al regularly ?

> Who among you uses Al everyday ?
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TOULOUSE

L’ﬁé/ INS” Let's start with some questions

> When did the term artificial intelligence appear ?
=> 1956, Dartmouth College

> Who among you uses generative Al regularly ?

> Who among you uses Al everyday ?
=> all

> Who has set up machine learning algorithms ?

How many fingers ?
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TOULOUSE

AAS
LCN'?%/ INS” Let's start with some questions

> When did the term artificial intelligence appear ?
=> 1956, Dartmouth College

> Who among you uses generative Al regularly ?

> Who among you uses Al everyday ?
=> all

> Who has set up machine learning algorithms ?
=> gscikit-learn, Tensorflow, Pytorch
=> Typically neural networks

How many fingers ?
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TOULOUSE

ﬁ INS” o What is Al ?

77 N e

# MARVEL STUDIOS

> What Al is: / '
o IA =program trying to imitate human logic (~50s)
o example : 4 legs + 1 sit + 1 back = chair

Atrtificial

Intelligence

Machine
Learning

Deep
Learning
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INS” What 1s AI ?

TOULOUSE

>  What Al 1s:
o IA =program trying to imitate human logic (~50s)
o  Machine learning

m data => model => answer

m  cxample : lots of chairs vs. lots of non-chair
Artificial
Intelligence

Machine

Learning

Deep
Learning
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TOULOUSE

ﬁ INS” What is Al ?

>  What Al 1s:
o IA =program trying to imitate human logic (~50s)
o  Machine learning

m  data => model => answer
m  workflow + set of algorithms

o  Deep learning : neural networks Artificial
. . Intelligence
m  Inspired from the brain <

m  cxample : facial recognition, ChatGPT, ...

Corps Entrées ’
cellulaire MaChlne

Synapses

Signaux

Learning

Sortie

¢

Combinaison

fonction dactivation D eep
Learning

Dendrites

Biological neuron s Artificial neuron
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TOULOUSE

>

ﬁ INS” What is Al ?

>  What Al 1s:
o JA=program trying to imitate human logic (~50s)
o  Machine learning
m  data => model => answer
m  workflow + set of algorithms
o  Deep learning : neural networks Artificial
m  Inspired from the brain Ieelligenee
m  cxample : facial recognition, ChatGPT, ...

> What Al is not : Machine

Learning

o  "Intelligent", "sentient'", a "'mystical entity"

o A miracle solution to all problems
Deep
Learning

o A danger for humanity

> Must you be an expert to use machine learning ? Certainly not.
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ﬁ INS” What is Al ?

TOULOUSE

> Must you be an expert to use machine learning ? Certainly not.

> Do you know affine functions ?

valeur prédite par

Yiegrm _ __ ~
7
yregr.i la régression pour f(x;) s
Y; Yi - Yiegri
résidu

Y1
Yregr.1

coef. directeur
- al
ag [“ord. a l'origine

*1 x5 Xn
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LAA% INS” What 1s AI ?

TOULOUSE

> Must you be an expert to use machine learning ? Certainly not.
> Do you know affine functions ?
=> Congrats, you now know how an artificial neuron works! (mostly)
A
Entrées
- Yiegrn —,—>"I/ ”
Sortie
valeur prédite par X,
yregr.i la régression pour f(x;) ¢ > B,

Combinaison fonction d'activation

_________ Y
Yi i i regr.i
résidu

coef. directeur

al

ag [ord. a l'origine Art]ﬁCIal ncuron

Poids

| X
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Types of Al and Tasks

ficielle

1

Art

A

O
Q
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General
Intelligence

Multiagent
Systems

Knowledge
Representation
and Reasoning

Planning and
scheduling

Reasoning

Game theory and
Economics

Natural Language
Processing (NLP)

Generative Al

Computer Vision

Intelligent
Robotics

Deep Learning

Transfert
Learning

Reinforcement
Learning

Learning

Unsupervised

Learning

Semi-Supervised
Learning

Machine

Supervised
Learning

i

ntelligence

1

. The term frtificial

ntelligence

1
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General
Intelligence

i

Multiagent
Systems

Knowledge
Representation
and Reasoning

1

Planning and
scheduling

Types of Al and Tasks
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ficielle
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Intelligent
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Reinforcement
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Machine Tearning is a subset of Artificial

Machine

Cyber in FRomeu - Intro Al



Léﬁ\é J INS” Types of Al and Tasks

TOULOUSE
Social excitement
and concern
Success of
AlphaGo,
Libratus, etc...
Boom 1 Boom 2 Boom 3

Deep Learning

4

“GOFAI" “Expert Systems” “Machine Learning’
Autonomous
Vehicles

Winter 1 Winter 2

Autonomous
Weapons

knowledge

engineering
DENDRAL, MYCIN

AAAL JSAI PROLOG, Lisp

FGCS, SCI, MCC, Alvey, ESPRIT
Stanford McCarthy, Minsky Feigenbaum, Brooks

| | |
1960s 1970s 1980s 1990s 2000s 2010s

heuristic
search

General Problem Solver
Samuels’ Checkers Program

MIT, CMU, Simon, Newell,

“Al for Social Good"?
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INSA

TOULOUSE

,

1
7
;NVIRONMKNT

Real-life examples
Welcome to the Al era

Natural Language Processing

®
:Ieamlng
me J_-,mprogcessmg m{
S SNLEP i
3 anguage'g“"mmberacbnon
=T I

Computer Vision

Deep neural
networks learn
hierarchical feature |8
representations
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LAAS
___Cﬁ/ INSN Real-life examples

TOULOUSE
Welcome to the Al era

Natural Language Processing
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http://www.youtube.com/watch?v=kxuIJAgTepQ
http://www.youtube.com/watch?v=kxuIJAgTepQ

LAAS
CNRS

07/07/2025

~ INSA

TOULOUSE

Finance worker pays out $25 million after video
call with deepfake ‘chief financial officer’

By Heather Chen and Kathleen Magramo, CNN
\ © 2minute read - Published 2:31 AM EST, Sun February 4, 2024

AX=«®

Real-life examples
Welcome to the Al era

Natural Language Processing

Cyber in FRomeu - Intro Al



LAAS
o ~ INSA Real-life examples

TOULOUSE
Welcome to the Al era

Finance worker pays out $25 million after video
call with deepfake ‘chief financial officer’

Natural Language Processing
Viral scam: French woman duped by Al Brad
Pitt love scheme faces cyberbullying

% '/’/) ;
'ﬁfr“?)}.fﬁ
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INSA

TOULOUSE

Ad
Machine Learning
How ?
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ﬁ/ INSN Machine learning

TOULOUSE .
Paradigm

> Traditional approach

program
]

> Machine Learning

Q@+0O-=

“Machine Learning is the field of study that gives computers the ability to learn without being explicitly
programmed”. Arthur Samuel (1959)

07/07/2025 Cyber in FRomeu - Intro Al 1
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L@@% y IN.,SA Machine learning
Steps

Phase 1 Phase 2 Phase 3

Data Training and
(Creation/collect testing
ion/storage/ | : Use
grooming) | (inference)

07/07/2025 Cyber in FRomeu - Intro Al



Léﬁ/ INSN Machine learning

TOULOUSE .
Data preparation

(R P B @
Define a
ML Use the
problem Train a model to
and -/ -/ model -/ make
propose a predictions
solution L ) L

“Garbage in, garbage out”

Collect raw data * Explore and clean the data set
Identify feature and label sources e Feature engineering

Select sampling strategy
Split the data

What types of data ?
How much of the whole development process is spent on data ?

07/07/2025 Cyber in FRomeu - Intro Al 13
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TOULOUSE

E Dataset MNIST :
E https://www.kaggle.com/datasets/hojjatk/mnist-dataset

Cyber in FRomeu - Intro Al

Machine learning
3 types of learning


https://www.kaggle.com/datasets/hojjatk/mnist-dataset

TOULOUSE

“=_ INSA
__——/

E Dataset MNIST :

E https://www.kaggle.com/datasets/hojjatk/mnist-dataset

1. Supervised learning : from labelled inputs,

=> e.g. classification : what number is ?

07/07/2025

train a model
The patient has cancer ?

Cyber in FRomeu - Intro Al

Machine learning
3 types of learning


https://www.kaggle.com/datasets/hojjatk/mnist-dataset

-2%<  INSA

Machine learning
— TOULOUSE
3 types of learning
E Dataset MNIST :
E https://www.kaggle.com/datasets/hojjatk/mnist-dataset

1. Supervised learning : from labelled inputs, train a model

=> e.g. classification : what number is [’} ? The patient has cancer ?

Housing Prices
700

classification

regression

(qualitative) (quantitative)

Nose length

Price (in 1000s of dollars)

=2 0 2 4 500 1000 1500 2000 2500 3000 3500 4000 4500
Eye shape Size (feet?)
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https://www.kaggle.com/datasets/hojjatk/mnist-dataset

~ee - INSA
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07/07/2025

TOULOUSE

E Dataset MNIST :
E

Supervised learning : from labelled inputs, train a model
=> e.g. classification : what number is [’} ? The patient has cancer ?
Unsupervised learning : from unlabelled inputs, find a structure

oy

https://www.kaggle.com/datasets/hojjatk/mnist-dataset

Machine learning
3 types of learning

=> e.g. clustering : group together . Group of patients => specific drug

Cyber in FRomeu - Intro Al
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TOULOUSE

LAAS
:N/é ~ INSA Machine learning

3 types of learning
E Dataset MNIST :
E https://www.kaggle.com/datasets/hojjatk/mnist-dataset

1. Supervised learning : from labelled inputs, train a model
=> e.g. classification : what number is [’} ? The patient has cancer ?
2. Unsupervised learning : from unlabelled inputs, find a structure

oy

=> e.g. clustering : group together . Group of patients => specific drug

T, dimension reduction
T ,

clustering Tl -

07/07/2025 Cyber in FRomeu - Intro Al


https://www.kaggle.com/datasets/hojjatk/mnist-dataset

TOULOUSE

LAAS
o ~ INSA Machine learning

3 types of learning
9 Dataset MNIST :

E https://www.kaggle.com/datasets/hojjatk/mnist-dataset

1. Supervised learning : from labelled inputs, train a model

=> e.g. classification : what number is [’} ? The patient has cancer ?
2. Unsupervised learning : from unlabelled inputs, find a structure

oy

=> e.g. clustering : group together /| Group of patients => specific drug
3. Reinforcement learning : from environment and reward, train an agent
> Agent |
)
state reward action
s, | R A
R ’—] '
<] Environment l:

07/07/2025 Cyber in FRomeu - Intro Al
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Supervised learning
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Lé@i s INS” Supervised learning
Task

> Input : dataset with labels (given by experts)
Labeled Data

L Prediction
Square

NG
A A —> _> ','_‘ _|_> A Triangle

Model Training

Labels

- Test Data

Hexagon A Square
Triangle

07/07/2025 Cyber in FRomeu - Intro Al 16



?@}2 / INOSA Supervised learning
Task

> Goal : find fsuch that §. = f (x ) = y. by minimizing an error/loss function

> For example: Mean Squared Error (MSE) :
m s
1 ~ 2 5
w2 (7= yi) _ :
. g é Variance
i=1 g
) ) — - Training error Model Complexity
[Underfitting zone | Overfitting zone ..
—— Generalization error
-
e
— Polynomial fit degree 1 Polynomial fit degree 4 Polynomial fit degree 20
= Training error: 0.4 Training error: 0.14 Training error: 0.07
Generalization error: 0.42 Generalization error: 0.17 Generalization error: 2000
\ n
N Generalization gap o ! . B
=~ -l e 200 20.0 200
. @ T == == e e e~ e = o o o= on oo .. .
Capacity / Epochs
7 oz 050 7
X X X
Underfit Good fit Overfit
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~ INSA

TOULOUSE

Supervised learning
Classical workflow

G Training

Training algorithm
80% .‘:> — Parameters

Training set

Test set

gl: Model

i

Evaluation
metrics

Predicted output

07/07/2025

New data

Inference

Cyber in FRomeu - Intro Al
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Lé@% ~ INSA Supervised learning

TOULOUSE

Classical workflow

Traini 104 -
@ Iziie O Training data

e Testing data
0.5

Normalized output value

0.0+
_05 ' redicted output
1.0+ T T T T T T T T
-1.0 -0.5 0.0 0.5 1.0
Normalized target value nference
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At INSA
CNRS
TOULOUSE

Deep learning
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Neural networks
biomimicry

Corps
cellulaire

Signaux
Synapses

Dendrites

Signaux

Biological neuron

Output

Combination

Weights

Artificial neuron

¢

Activation function

20



Labels

Data

First neural network

Fruits classification

x1 x2 x1 x2

25|55 3.7 | 4.5

27 | 5.6 3.9 4.2

29 | 53 41 4.7

3.1 5.2 43 4.4

3.3 |57 45 | 41
X, = weight

X, = diameter

layers:

input

Diamétre

° / Pomme
/ @« Orange
/
/
o>r
/
f @ @
/ ®
/ .
o>p| 4 .
/ °
p A !
2 3 4
Poids
output
O—> p: probability apple

Q—> 0: probability orange

21



Labels

Data

First neural network

Combining inputs

t

X, = diameter

x1 x2 x1 x2

25|55 3.7 | 4.5

27 | 5.6 3.9 4.2

29 | 53 41 4.7

3.1 5.2 43 4.4

3.3 |57 45 | 41
X, = weight

layers:

Pomme
@ Orange

Diamétre
w

input output

N M =
N\ N\ P= X Wy ¥ X,W,
w.
2 O—> 0: probability orange
21




Labels

Data

First neural network

Linear separation

x1 x2 x1 x2

25|55 3.7 | 4.5

27 | 5.6 3.9 4.2

29 | 53 41 4.7

3.1 5.2 43 4.4

3.3 |57 45 | 41
X, = weight

X, = diameter

S ' Pomme
I @ Orange
I
/
5. ! -
E 5 I -
ol P -
I L - °
/ 2] o
! - .
1 -~ . i
-
- 3 4
I Poids
layers: input output

2 W, ~ 21



Data

First neural network

Affine separation: bias

x1 x2 x1 x2

25|55 3.7 | 4.5

27 | 5.6 3.9 4.2

29 | 53 41 4.7

3.1 5.2 43 4.4

3.3 |57 45 | 41
X, = weight

X, = diameter

e / Pomme
/ ® Orange
/
// p>0
Lo /0
/ .
/ .
0O>p| 4 .
/ .
4 / T ?
2 3 4
Poids
layers: input output
X1 E>y”1<o o
3
w
X, W, 2 O 0 =X,W, + X,W, +b,

w, 21



Labels

Data

First neural network
Non-linear separations? —
P

L)

0.2

0.5

0.3

0.6

0.1

0.7

0.5

0.6

0.4

0.8

0.6

0.3

0.7

0.7

0.7

0.5

0.8

0.7

0.8

0.3

1.0

0.5

0.9

0.1

1.1

0.1

1.1

0.3

layers: input output
W
X1 m:>W1<O P =XW, + X, Wy + b1
3
W
X, _/ W2 O 0 = XW5 +X,W, + bz

4 21



Multi-layer neural network
More complex but still linear

layers:

p=aw,+aw,+aw,+b,

o= a1W10 + a2W11 + a3W12 + b5

22




Multi-layer neural network
Activation function: one step towards non-linearity

layers: input output
ex: sigmoid function

p = fla,w, + a,w, +a,wy +b,)

o=flaw,, +aw, +aw,+

110
b,)

{a1=f(x1w1+xw +b,)

22
a, = fix,w, + x,w, +b,)
a; = f(X1W5 X W bs)

22




Multi-layer neural network

layers:
ex: sigmoid function

Vi
71

I
p = fla,w, + a,w, +a,wy +b,)

o=flaw,, +taw, +aw,+

bias
1

y 1710
7 2 b5

| %

weights

How to set the parameters ?

22




Multi-layer neural network
Automatic training

Network selection + activation
function

Données - labels

5.0 . .:.'. .‘. g
1 ";‘f:
.0 ..& L]
2.5 1 - o
et
ool - ___| Training
-10.0 -75 -50 -25 0.0 2.5 5.0 75 10.0 EpOCh 0/250, Accuracy: 05
10.0 1.05
= 0.90
lterative process: N 075
i ' ' * How does it
updating neural network 060
i o0 work?
weights s
-2.5
. < 0.30
Accuracy = precision: >
Ratio of well-ranked points e 015
-10.0 S0E

-10.0 -7.5 -5.0 -25 00 25 50 7.5 10.0



Training the neural network
Image classification

Données

==§;4‘.;

L[] 4
Nl "
=llﬂll=.

o
N
H
=
]
i
.
i
E
[ &
=
K
S
L
£
L1

28 x 28 = 784 pixels

24



e.g.a1=f0.8x1+0.5x3+ ... +b1)

Data

Training the neural network

Forward propagation

o] [ [ 1
N

|
[T 1
[ |
L1 |
s

= 784 pixels

28 x 28

25



Training the neural network
Backward propagation

e.g.a1=f0.8x1+0.5x3+ ... +b1)

= HEEgIEEH

>
s

Error

-0.5
0.6
-0.1

Rp——

28 x 28 = 784 pixels

<
Backward propagation
25



Training the neural network
Convergence ?

eg.al1=f09x1+0.3x3+...+Db1)

Error

-0.04
0.1
-0.06

PRp——

28 x 28 = 784 pixels

<
Backward propagation
25



TOULOUSE

l____CN/'?%/ INS” Neural networks

Training

> We introduce the empirical loss over the entire dataset D :

EmpLoss.,p(hy) = + > xyyen LOvs hu(x)).

> For an example (x, y) and predictor hy,
we can use the loss functions :

9001 x  Ground truth
% — h_init
» L[i-loss : Li(y,y) = |y — hw(x)|, 800
. A 2 700 1
» Lr-loss : La(y,y) = (y — hw(x)) |
2 St
< 500 1~
To optimize the perceptron, we solve : 40071 L E//
w”* = arg min,, Loss(w). 300 1
200 //1
100 1 z\/(
— using L2-loss : , , , , , , , ,
3 = = 25 50 75 100 125 150 175 200
Perceptron is equivalent to linear Squared meters

regression !

07/07/2025 Cyber in FRomeu - Intro Al



ﬁ INSA Supervised learning

TOULOUSE
Task

Algorithm  Gradient descent
algorithm

Dataset D : inputs X — outputs y
Initialize weights w;
while not converged do

Compute prediction h,,(x) and loss RSt
Loss(w) ) )
Update weights with step size « : aiWoLoss(w)
. ~ ainLoss(w)
w < w — a X VLoss(w) VLoss(w) =

07/07/2025 Cyber in FRomeu - Intro Al 27



“=_ INSA
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Neural networks

07/07/2025

TOULOUSE
Corps p
Sy ///‘ cellulaire Weights
/ Synapses Constant| 1 }
/ A\ \/\ W,
Noyau e Weighted
WX
,\—l/’,\ “'1 \ Su,m, ' e
./ \ [ \ Out
| Z / _I- /
Axone inputs— i s W : \\_/
\ \Xpo1 / 8 Activation
\_/ Function
Dendrites B w
T et IG
N

Signaux

x,,}, we define a perceptron with the (synaptic)
w,,] and bias wy to compute the output h,(x) as

Given an input x” = [xl
weights w' = [wl

hw(x) = g(wo + Z Wi X;) (1)

Hypothesis space : linear functions, Loss L2-loss (e.g.)
Training : gradient descent updates w «+— w — a x V Loss(w)

Cyber in FRomeu - Intro Al

28



~ee - INSA

Perceptron
X1 —
;e
X2 — 7‘% y
X3 —

07/07/2025

Neural networks
From 1 neuron to a brain

Multilayer perceptron

X1 —
- o7
X3 —

Input Hidden Output

layer layer layer

Cyber in FRomeu - Intro Al 29



LAAS

07/07/2025

INSA

TOULOUSE

Neural networks
From 1 neuron to a brain: the chain rule

Cyber in FRomeu - Intro Al
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LAAS
CNRS / INSA‘
___/ TOULOUSE
Network < neural network with
initial weights
while not converged do
BACKPROP-ITER(E, Network)

Problem :

» slow, requires the derivatives
» gradient computation is costly
and increases with
» number of weight
» number of examples

= O(|w[ x |E])

07/07/2025 Cyber in FRomeu -

Neural networks
Full training

Solution : (Stochastic/mini-batch

gradient descent) :
select a small subset of example on

which to propagate the error

Network <— neural network with

initial weights

while not converged do
MiniBatch < sample(E, k)
BACKPROP-ITER(MiniBatch,

Network)

Intro Al

30
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TOULOUSE

Error

Epoch +

Error on training set (blue) and
test set (red)

07/07/2025

Neural networks
Convergence

Problem :

» training tend to overfit the data
» we cannot touch the test data

Solution :

» stop when performance decreases on the
validation set,

» do not use validation set for training!

Cyber in FRomeu - Intro Al 30



Lass ~ INSA Neural networks

TOULOUSE .
In practice

Use existing libraries ! Also contains all elements to develop new machine
learning methods (used in research) :

» Scikit-learn .

> Keras + Tensorflow f

Epoch 2507250, Accuracy: 1.0 P §
# Création du modéle de réseau de neurones
model = tf.keras.Sequential([
tf.keras.layers.Dense(8, activation='relu', input_shape=(2,)),
tf.keras.layers.Dense(8, activation='relu'),
tf.keras.layers.Dense(2, activation='softmax')

D

# Compilation du modéle

model.compile(optimizer="adam', loss='categorical_crossentropy', metrics=[‘'accuracy'])
# Entrainement sur data avec labels

model.fit(data, labels, epochs=250, verbose=0)

# Prédiction sur data test
predicted_labels = model.predict(data_test)
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Problem

XOR
Neocognitron
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SVMs
1995

LeCun

A brief history of AI with deep learning

Third
Golden Age

AlexNet
2012

RBM
Initialization

GAN
2014

2006

Hinton-Ruslan Krizhevsky et al. Vaswani
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Is there a left turn in the following images ?

0O 0 0]f10 O O][0 1 O
0 1 1,0 1 1|0 1 1
0O 1 0/]10 1 1J(0 1 O
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Convolutional Neural networks

Image analysis

0
0
0
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X1 X2 X3
input = |xa X5 X
X7 Xg Xo
wi w2 w3
kernel = (ws ws wg
w7 wWsg Wo
fw(x) = E Wi Xj
i

07/07/2025

Convolutional Neural networks
Convolution Kernel

-1 -1 -1
kernel = | —1 1 1
1

(@)
(@)

0 0 0 O 0 1 0 0 0 O
fw([0 1 1]):3 fw(lo 1 1}):2 fw(ll 1 1]):1 fw(ll 1 0]):2
1 0 1 1 0 1 O 0 1 O

o
o

> When f,(x) = 3 our kernel is able to detect a “right turn” in a 3x3 image. *
» Our kernel is essentially a neural unit (perceptron).
» The weights could be learned
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Scaling up to 4
00 0 1 gup
01 1 0
01 0 1
1101 Key idea : apply the convolutional unit to each 3x3 sub-images.
[0 0 O] [0 0 17
TL=|0 1 1| ZR=|1 1 © fu(TL) f.(TR)| |3 —=3| |air ais
_0 1 0_ |1 0 1_ fW(BL) fW(BR) o -1 —4 o alo ano
[0 1 1] [1 1 O]
BL=10 1 0f BR=|1 0 1 Interpretation : there is a “right turn” in the top left corner, the rest is garbage.
1 1 0] 1 0 1

Key insight :

» in this convolutional layer, we have 4 (2x2) output nodes

» each uses the same function, with the same weights

» the kernel is trained to detect a feature independently of its location in the
source image
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Combine with other types of kernels
max pooling
20|30
112| 37
12120 30| O
8 [12]| 2 » reduces dimensionality and
34701 37| 4 average pooling variance
P suppresses the noise
112[100} 25| 12 13| 8
79| 20
2x2 pooling
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Combine with other types of kernels
fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution 1 /—M
(sl"(dS) k:;r.\el Max-Pooling (5 I)"dS) k:;':'d Max-Pooling (with
valid padding 2x2) valid padding (2x2) b ooy

..............

INPUT nl channels nl channels n2 channels

(28x28x 1) (24 x 24 x n1) (12x12 xnl) (8x8xn2) (4x4xn2) I‘/i OUTPUT

n3 units
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Learns what to look at

X f(X) i Y

Extraction de caractéristiques Prédicteur

~ =

“personne”

We can interpret CNN w.r.t. representation learning :
» the convolutional part is extractor of features/characteristics f(X),
» the dense layers at the end play the role of our predictor h’.
Thus, deep learning allows to learn characteristics additionally to the predictor !
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See you on wednesday

giant panda (99.6%) Vulture (98.9%)

100

07/07/2025 Cyber in FRomeu - Intro Al 38



LAAS
CNRS

INSA

TOULOUSE

£

N

OREILLY" %
Hands-on
Machine Learning

with Scikit-Learn, Got time a demo ?
Keras & TensorFlow .
Thank you for your attention

&,
o

%

g

v

Concepts, Tools, and Techniques
to Build Intelligent Systems

Aurélien Géron
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