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Artificial Intelligence, Machine Learning and Deep Learning

% If the term "artificial intelligence" (Al) has become commonplace in the media, there is no real shared definition of it

*

“Artificial intelligence (Al) refers to systems designed by humans that, given a complex goal, act in the physical or digital world by
perceiving their environment, interpreting the collected structured or unstructured data, reasoning on the knowledge derived from this

data and deciding the best action(s) to take (according to pre-defined parameters) to achieve the given goal.

Al systems can also be designed to learn to adapt their behaviour by analysing how the environment is affected by their previous
actions.”

The High-Level Independent Expert Group on Artificial Intelligence of the European Commission defined artificial intelligence systems on April 8, 2019

We can distinguish the following in Artificial Intelligence :

» Machine learning (including deep learning and reinforcement learning as specific examples)

> (including planning, programming, knowledge representation and reasoning, search, and optimization)

> (including control, perception, sensors and actuators, as well as the integration of all other techniques into cyber-physical

systems)
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Artificial Intelligence, Machine Learning and Deep Learning

. Artificial Intelligence
Expert Systems and Constraint

Programming

“Machine learning is the field of study that gives computers
the ability to learn without being explicitly programmed”

Arthur L. Samuel, Al pioneer, 1959

Deep Learning

Machine
Learning
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What is Machine Leaming ?
« Traditional » Approach n “Machine learning is the field of study that gives
Hypothetico-deductive machine - computers the ability to learn without being
_ explicitly programmed”

—> 5
Explicit code Input
to give« 5 »

Arthur L. Samuel, Al pioneer, 1959

e[l el —> Outputs
v viV2..

Symbalism

« Machine Learning » Approach
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Connexionnism and Symbolism

« As for me, one of the reasons I invented the term 'artificial intelligence'
was to escape association with 'cybernetics.' This focus on feedback

Zadatis ) /= poa seemed wrong to me, and I wanted to avoid having to accept Norbert
ouos S | S @ Wiener as a guru or having to argue with him. »
& oo vy o
Yo e ® e John McCarthy (1988)
}-IanBr;"mnBShOL:m Rumelh?n
£ W'“e“ Hirhon Sutton
&y & , i
Thinking can be likened to a massively U
. Mitchell
parallel calculation of elementary Niggs 'S
functions, whose significant behaviors @
only appear at the collective level as
an emergent effect of the interactions

produced by these elementary
operations.

Accarding to the arthodox cognitivism
thinking is equivalent to calculating
synboals that have bath a meterial
reality and a semantic value of
representation

Network of co-citations of the 100 most cited autharsin scientific publications mentioning 'Artificial Intelligence'
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« Fran3-8 years we will have a machine with the general intelligence of a human being » - M Minsky




INTRODUCTION TO MACHINE LEARNING é

- CNes - -

Why doing Machine Learning ?

/

* Machine learning can be used to solve problems:

> that we do not know how to solve

> that we know how to solve, but do not know how to formalize in algorithmic terms how we solve them (as is the case, for example,
with image recognition or natural language understanding)

> that we know how to solve, but with procedures that are far too resource-intensive (as is the case, for example, with the prediction
of interactions between large molecules, for which simulations are very heavy)

Machine learning is therefore used when data is abundant (relatively), but knowledge is not easily accessible or developed

Machine learning can also help humans learn: models created by learning algorithms can reveal the relative importance of certain information
or how it interacts to solve a particular problem

Machine learning is used when it is difficult or impossible to define explicit instructions to give to a computer to
solve a problem, but when there are many illustrative examples available
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What an algorithm of Machine Learning needs
To find the right hypothesis and consolidate it, the following steps are necessary
* There seems to be a repetitive pattern in the data.
* The problem can be solved analytically, but at a
Good significant cost (or not)
* There is a sufficient corpus of information (and cleaned)

Data

(or not)

* The information is labeled by a human

Data Knowledge
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Different ML models

Supervised

Unsupervised

Machine
Learning

Reinforcment
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Supervised Machine Learning

Supervised

Machine

Learning

18 ©cnes
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Supervised Machine Learning

/

% We give the algorithm a certain number of examples (inputs) to learn from, and these examples
are 'labeled’, meaning that they are associated with a desired result (output).

+» The algorithm's task is then to find the law that allows it to find the output based on the inputs.

o0
Observation ML algorithm Predictive Model Q(
)
e
Cal
Label

< Atypical example is classification/segmentation: : el Network Outedk

0: 987 w—
> . is a patient suffering from a tumor or not
(output), based on their symptoms and phenotypes (inputs).

> Another example: (is the image a "1" or a "9"?). In this
case, the input is a set of pixels, and the output takes 10 values, from 0 to 9.
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Unsupervised

Unsupervised

Machine
Learning

20 ©cnes
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Unsupervised patd
¢ Y. o A
% Here, no label is provided to the algorithm and it must discover without human assistance the characteristic =~ = | -, ¥¢s. " . S A
structure of the input. ...i-at' e '-'.‘.:‘!‘.'.‘.
*» The typical example is clustering: the algorithm will group the examples into different clusters or classes. = )
. * L0 t'.
L IR Tk
¢ ‘: F“:;“.i
2 S ) nln 05 1‘{1
Risel J\JNQERGMNTS Observation ML algorithm Sets of observations

% Example: « clusterisation» of a Hertzsprung-Russell diagram

HR Diagram all data

brightness (solar units)

10,000 6,000

surface temperature (Ke|vin)
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Les differents modeles de ML

Supervised

Unsupervised

Machine
Learning

22 ©cnes
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Semi-Supervised ML

% Semi-supervised learning can be defined as a hybridization of supervised and unsupervised methods.

«* |t uses both:
> Labeled data

> Unlabeled data

R/
0’0

Thus, it is situated between "unsupervised" and "supervised" learning.

R/
0’0

In the real world, labeled data can be quite rare in certain contexts, while unlabeled data is abundant, hence the interest in semi-supervised
learning

¢ The ultimate goal of a semi-supervised learning model is to provide a better prediction result than that produced using only the labeled data
of the model

% Some application areas where semi-supervised learning is used include:
» Automatic translation,

» Fraud detection,
» Data labeling,
» Text classification...

agoridete”
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Reinforcment Learning

Machine
Learning

Reinforcement
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Reinforcment Learning ¢ (ront®
A

K/
0’0
[

Reinforcment is a kind of semi-supervised learning

state | |reward action
% The algorithmis designed to seek to optimize a quantitative reward, positive or negative, at S| R - A
all costs, based on experiences corresponding to different situations T Environm ent]
% One of the most recent and impressive examples of reinforcement learning is the robot : \

from Boston Dynamics:

» Boston Dynamics has developed a robot capable of
walking, running, climbing, and carrying heavy
loads

» The robot is trained to walk through reinforcement:
its reward is strong and positive if it stays upright,
its reward is negative if it falls

» It is programmed to explore the different
movements it can perform and conduct its own
experiments

» It isthus that it learns on its own to climb a slope
and optimize the way it places its legs (speed,
frequency, angle, etc.) in a way very similar to a
human

Boston Dynamics

25 ©cnes
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Supervised Machine Learning

26 © cnes
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Principle of Machine Learning

( )= cat

Objective: Find a function f approximating f
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Principle of Machine Learning

Model Update

28 ©cnes
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Supervised

Supervised _
continuous

Regression ]

P Linear Regression
» Polynomial Regression
» Ridge/Lasso Regression

—'[ Classification ]

Machine discrete
. » Logistic Regression
Learning > SVM

» K-NN
» Decision Tree I

» Random Forest
» Naives Bayes

29 ©cnes
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Regression

Supervised _
continuous

Regression ] /\/\

» Linear Regression
» Polynomial Regression
» Ridge/Lasso Regression

Machine

_ % The simplest model is regression (linear), widely used in many fields
Learning

+ Training (learning) a regression model is a form of machine learning!

+* We can trace back machine learning to the 17th century with Legendre and Gauss and
their method of least squares

30 ©cnes
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Regression

[ How much time to download a file ? ]

31 ©cnes
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Regression
Time
(o
[ o
, y o o ,
0,2 Go 2 min -~
o O ©
1,0 Go 60 min ~
(o -0
4,5 Go 45 min °’
-~ 0
10,0 Go 120 min »/ ©
%
7 °° o
(o)

|h(x)=90+01x| >
Size



INTRODUCTION TO MACHINE LEARNING é

e CNhes - -
Regression
Time
[
X y ~
~
0,2 Go 2 min -~
”~
1,0 Go 60 min ~
”
4,5 Go 45 min >t
~
10,0 Go 120 min ~
~
~
~

|h(x)=90+01x| >
Size
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Regression
Time
[
X y ~
~
0,2 Go 2 min -~
¥ 4
1,0 Go 60 min ~
4,5 Go 45 min ‘ ” T
______ < _ -
10,0 Go 120 min ~
~
~
~

|h(x)=90+01x| >
Size
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Regression

Time

J(66,61)

= mean error(h(x),y)

Jlr(;far‘ﬂ ¥ 15111:} : 77 1""‘

5000

4000
3000
2000

1000

>
Size
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Regression - Convergence

TimeA | 1y
J(80,61) 11?7 7
= mean error(h(x),y) II/ 7/ Z
'/ 7 7 »
L $4 s
/42
lp/
oot
s/l
>

Size
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Regression - Convergence

* Developing a DL algorithm is about seeking to converge towards the optimum of a
function (maximum likelihood, minimum empirical error, etc).

**  We use an optimizer :
» Atraining data is presented multiple times to the Al which will make numerous
mistakes!

» Indeed, the goal of the optimizer is NOT to have zero error for one example but
to have the lowest possible error (in "total") on all examples (especially in batch
learning).

Mean error exar\?;rlizglre': function with 2 % Today, we use the gradient descent method (after years of research) which consists of :

» Calculate the gradient of the cost function (the derivative of the "error" with
respect to the model parameters that can be updated)

SGD
Momentum
NAG

Adagrad
Adadelta
Rmsprop

F 14

» Then update the parameters (such as the weights of the neural network) in the
direction that will decrease the error

» We stop the learning when the mean error is no longer decreasing

—

7 //W

—
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Regression
Time
i *
o™ A ,
X Yy / /
0,2 Go >omn I = VYa-—-——---—--------
| Training Set /:
1,0 Go 60 min , V4 |
|
4;5 Go 45 mmn Yy  L____. ¥y _ ____ _/ ______ 1
10,0 Go 120 min ) 7z |
7 |
|
0,5 Go 20 min V4 |
Validation Set :
|h(x)=90+01x| I >

Size
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Regression
Time
(o)

e | s | tme | °

X, X, Y O O

A 0,2 Go 2 min o

B 1,0 Go 60 min o o °

B 4,5 Go 45 min (o (o ]

© (o
A 10,0 Go 120 min
o O
O o
(o)

| h(x1,%2) = 09 + 01x1 + 02X, I )Size
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Regression
Time
o
| sever | S | Tme | ’ o
X X, y o / 6
A 0,2 Go 2 min /7 °
B 1,0 Go 60 min °/ o o
B 4,5 Go 45 min ‘ _________ oé_/a o c ’ _:
A 10,0 Go 120mn | } 20 |
20 _© :
|
B 0,5 Go 20 min 7 oo (o) :
o :
|
| h(xq1,x2) = 69 + 01x1 + 02X, l | >Size
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Regression
Time
(o
Sceror | s | tme | I o/
X, X, y ' o o /
Rouge 0,2 Go 2 min I 7 o
7
Bleu 1,0 Go 60 min o /o o
45 Go 45 min é ﬂ/ (o)
Vert 10,0 Go 120min | " _/_o_ ) _o_- e :
|
L :
0,5 Go 20 min (4| |
o’ !
|
1 ) .
Size
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Regression
J = mean error(h(x),y)
| h(x) =0y +60;x l | h(x) = 0+ 01x + 0,x* l h(x) = 09+ 01x + 0,x* + 03x3 + 04x* + -
140 140 140
120 o 120 . 120 e
_100 > _100 < _100 ’
c L d c c
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> > >
) ° _- - 2 60 ° £ e 60 o _ ,’
£ E . E
= 40 PR R = 40 o-* o a0, Te~2_4%
,’ -~ - = - ®
20 |- 20 20 4
0 e 0 ® o ¢
0 5 10 0 5 10 0 5 10
Size (Go) Size (Go) Size(Go)
X X X
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Regression

X X, Yy
0,2 Go 6 mois 2 min
1,0 Go 24 mois 60 min
45 Go P e Training Set Training : set (?n which the model,
will learn
10,0 Go 12 mois 120 min
0,1 Go 0,5 mois 0,1 min
5 Go 1 mois 50 min Validation Set — :. se.t where we valid and
, optimize the model
9 Go 10 mois 110 min
2 Go 2 mois 120 min
0,5 Go 12 mois 6 min Test Set : final evaluation set

43 ©cnes
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Regression - When to stop

R/

R/

+* Bias-variance tradeoff

0,2 Go
1,0 Go
4,5 Go
10,0 Go

0,1 Go
5 Go

9 Go

2 Go
0,5 Go

6 mois
24 mois
1 mois
12 mois
0,5 mois
1 mois
10 mois
2 mois

12 mois

< Otherwise, the Al may not be able to generalize

2 min

60 min

<* Do not want to minize at all cost the cost function

45 min
120 min
0,1 min

50 min
110 min
120 min

6 min

Training Set

Validation Set

Low Va.ria.n(:e

High Variance

Low Bias

.+ CNes - -

High Bias

©,

©®

Bias variance Trade-off

Low Variance

A

|
|
|
|
|
|
|
|
|
|
|
>
Complexity

High Bias Low Bias

High Variance

Minimum Error

Bias
Variance

Vi

Under-fitting Just Right Over-fitting

of dataset is small

Preferred if size
of dataset is large

Preferred if size

44 ©cnes
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Ml Process
Need definition DATA
Quantity
Are the data representative ? :
Is the scenario well defined ? Qual'lty

Représentativity

/

Validation

Can the model read the data ?

Are the hypothesis of the model well defined ?

€ : Validation error

MODEL

1k 2k 3k 4k b5k 6k 7k 8k

Is it the best cost
function ?

r’entissa e < Are the evaluation - .
App g tics good 7 Hypothesis
Generalization
€ : Learning error OUtpUtS




INTRODUCTION TO MACHINE LEARNING é

- CNes - -

Classification

Supervised

—'[ Classification ]

Machine discrete

L . » Logistic regression
earning > SVM

» K-NN
» Decision Tree I

» Random Forest
» Naives Bayes
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Classification and Clustering...
The term "clustering” is one of the curious word of the data scientist; it refers to the concept of unsupervised classification
Supervised classification (Classification) Unsupervised classification (Clustering)
% Needs to already have partitionned data ¢ Clustering is about finding a "natural” structure in the data, since no target

. _ _ _ typology is provided prior to the algorithm.

¢ Theidea is to teach the machine learning model the underlying
distribution of the data so that it can assign a new data point to its
appropriate class. This is done by training the model on a labeled
dataset, where the target variable is known for each data point

Forme
allongée ?
Non Qui
Forme
cubique
?
Oui Non
4
2
Oui Non

Logistic Regression :
PCA

Random Forest ot (73%

Clustering

Dim2 (22.9%)
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Logistic Regression

Type
N
(Mg
. Heavy Star
Sigma 0.85 y
Draconis
107 0.86
Piscium
Epsilon 0.82
Eridani
Omega 3.42 Bleue
Fornacis
KIC 3.25 Bleue
7760680
18 Tauri 3.34 Bleue
HD 2071 3.69 Bleue
>
Mass

h(x) = —(ylog(p) + (1 - y)log(1 — p))



https://en.wikipedia.org/wiki/Solar_mass
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Logistic Regression - CNES example

Features of the

o zaEes .
/\%ﬁ e signal

Data || GNSSSignal omefeced
4 AY4 N
Objective Detect reflected signals
L VAN J

Features of the
signal

signals |

49 ©cnes
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SupeI'Vised - Random Forest Launcher, Satellite or something else?

Solar
Pannel ? Elongated

shape ?

. Background
Satellite = space

Inside ?

Person
size > 50%

Satellite Spheric ?

Satellite- Satellite

Predicted : Result :

Random Forest : Boosting of weak models, each using different features

50 ©cnes
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Random Forest - I0TA-2/ OSO

7
0‘0

R/
0.0

R/
0.0

0S0 sur la France métropolitaine (CESBIO)

Land use map on France
Classification using Random Forest

Sentinel 2: revisit, complete coverage and several

spectral bands

Il Annual Summer Crops (ASC)
Annual Winter Crops (AWC)

Il Broad-leaved Forests (BLF)

Il Coniferous Forests (COF)

L] Natual Grasslands (NGL)

Bl Woody Moorlands (WOM)

Il Continuous Urban Fabric (CUF)

I Discontinuous Urban Fabric (DUF)

77 Road Surfaces (RDF)

I Bare Rock (BRO)

[ Beaches, dunes and sand (BDS)
Il Water Bodies (WAT)

1 [T Glacier and perpetual snow (GPS)
é" I Intensive Grasslands (IGL)

S [ Orchards (ORC)

Il Vineyards (VIN)

Industrial and Commercial Units (ICU)

=SEIO

12

¢

.+ CNes - -

Tl Ll
Pbéle Thématique
- Surfaces Continentales

£
" 8 S o
KAPPA : 0.189 OA : 0.620 El o w 2 3
S w o > 2 = — @
& & o= E T o3 P T =
5 o= 3 & T ¢ B 2 3 @ & S
g @ o = 5 ¢ £ 5 § B
s 2 2 2 B = e =) 1 (]
§ £ & 8 = 8 3 R 3 8§ & & = x
e B i =
hiver 4
foret feuillus 0.000
I e | & 2| » o
1 ¥ s - 0.694
pelouses s | < <P
lande ligneuse - - ® 0.000
bati % [+ ~ 0.648
bati diffus v
zones ind et com - ® |
surface route - ~ 0.000

eau 2
prairie 1
verger - @ -
vigne 4

Precision

sur la Guadeloupe (CNES)

-l bati

- prairie
eau

- canne a sucre

- bananeraies

. café

melon
autre surface agricoles
agrumes
forét feuillus
mangroves

landes brousailles

. vegetation sclerophylle
marais

. mer et ocean
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Unsupervised
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Unsupervised

Unsupervised

Clustering ]

» DBSCAN
: » K-Means
MaChI_ne » Agglomerative
Learning » Mean-Shift

» Fuzzy C-Means

4'[ Dimension reduction ]

> PCA
» S\VD
> t-SNE
> LSA
> LDA
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Unsupervised - Clustering

Unsupervised

Clustering ]

» DBSCAN

. » K-Means
Machine » Agglomerative

Learning » Mean-Shift
» Fuzzy C-Means
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Unsupervised - Clustering
Divide data into clusters

o O.Lﬂerlm is about %arChrg fora ‘ Q O O . :-...':-5- a:."';;

‘natural” structure inthe data, Eomewaﬁoﬂs }_. Algoritme ’ - |
SIncenotarget t” CgYIS .-f'.f?....,f”ei . {fl.f”,‘..,f‘“}:OCk

provided prior to the algorithm =

/

¢ Theideaisto determine classes '
that are as honogeneous as F—‘ I

possible while being as digtinct as =~ |

possible frameach ather. | :

L____

e Cluster 0
s Cluster 1 .
s Cluster 2

—> [ Unsupervised ] < b

>

L)

L)

» It becomes necessary to
determine a measure of
separahility between classes and \ -
similarity (or dissinilarity)

between individuals, (xn x:m)

Dataset

How?
« Bymesure o similarity (distances, densities...)
* (Can be by shifting the features spaces into anather one

55 © cnes
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Unsupervised - Clustering - K-Means - CNES example

labels wanted

200 .

400

Data [ Images ]

f \ 600 B T T T T T
0 200 400 600 800 1000
Determine 3D change on

Obj ective a urban landscape

Change map
PCA + kmeans

T
1200

T
1400

100 -
200 4
300 A

400 -

500 - ‘

T T T T T
0 200 400 600 800 1000

T
1200

T
1400

difference image 3D + RGB

200

400

0 200 400 600 800 1000 1200 1400
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MiniBatch Affinity Spectral Agglomerative Gaussian
KMeans Propagation MeanShift Clustering Ward Clustering DBSCAN OPTICS BIRCH Mixture

Method name
K-Means

Affinity propaga-
tion

Mean-shift

Spectral cluster-
ing

Ward hierarchical
clustering

Agglomerative
clustering

DBSCAN

HDBSCAN

QPTICS
Gaussian mixtures

BIRCH

Bisecting
K-Means

© cnes

Parameters
number of clusters

damping, sample
preference

bandwidth

number of clusters

number of clusters
or distance thresh-
old

number of clusters
or distance thresh-
old, linkage type,
distance

neighborhood size

minimum cluster
membership, mini-
mum point neigh-
bors

minimum cluster
membership

many
branching factor,

threshold, optional
global clusterer.

number of clusters

Scalability

Very large n_samples,
medium n_clusters
with

MiniBatch code

Not scalable with n_sam-
ples

Mot scalable with n_sam-
ples

Medium n_samples,
small n_clusters

Large n_samples and
n_clusters

Large n_samples and
n_clusters

Very large n_samples,
medium n_clusters

large n_samples,
medium n_clusters

Very large n_samples,
large n_clusters

Mot scalable

Large n_clusters and
n_samples

Very large n_samples,
medium n_clusters

Usecase

General-purpose, even cluster
size, flat geometry,
not too many clusters, inductive

Many clusters, uneven cluster
size, non-flat geometry, inductive

Many clusters, uneven cluster
size, non-flat geometry, inductive

Few clusters, even cluster size,
non-flat geometry, transductive

Many clusters, possibly connec-
tivity constraints, transductive

Many clusters, possibly connec-
tivity constraints, non Euclidean
distances, transductive

Non-flat geometry, uneven clus-
ter sizes, outlier removal,
transductive

Non-flat geometry, uneven clus-
ter sizes, outlier removal,
transductive, hierarchical, variable
cluster density

Non-flat geometry, uneven clus-
ter sizes, variable cluster density,
outlier removal, transductive

Flat geometry, good for density
estimation, inductive

Large dataset, outlier removal,
data reduction, inductive

General-purpose, even cluster
size, flat geometry,

no empty clusters, inductive, hier-
archical

Geometry (metric used)
Distances between points

Graph distance (e.g.
nearest-neighbor graph)

Distances between points

Graph distance (e.g.
nearest-neighbor graph)

Distances between points

Any pairwise distance

Distances between nearest
points

Distances between nearest
points

Distances between points

Mahalanobis distances to
centers

Fuclidean distance be-
tween points

Distances between points

e,

0y

L 3

.00s| 0ds 03s| 01s
-3 oswne || e
— =
L) L4 L)
SRR TR || SR
.00s| .04s| .01s

Characteristics of different clustering algorithrms on "interesting” 2D datasets
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Unsupervised

Unsupervised

Machine
Learning

4'[ Dimension reduction ]

> PCA
» S\VD
> t-SNE
> LSA
> LDA
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Unsupervised - Principal Component Analysis

PCA - Biplot
Sepal. Widthi

The Iris Dataset
Sepal.Lengite

Collected by Ronald

:
Fisher in 1936 : SlzlpeCiES
J setosa
: _ versicolor
: IE‘virginica
1
.. How ?
IR DR S S — ’ Reduce dimensionality by finding
’ . 892 08833° 0 %o o P } 5 directions of maximum variance
e o :.:. ° (=] (o] ° D 1 7300 .
AR i) in the data. It creates new
° variables called principal
components that capture the
most significant variation in the
data
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Unsupervised - Anomaly Detection

Time
A o Q
. e
- L= -0 o &
_ Anomaly — | QO &
0,2 Go 2 min o &\Q}
Q
1,0 Go 60 min o O «<©
15,0 Go 100 min o
o ©O
25,0 Go 200 min
o ©
0,5 Go 3 min
o
4,5 Go 45 min
10 Go 100 min
>

Size
| Possible model : SVM, LOF, Isolation Forest l
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Unsupervised - Anomaly detection — CNES example

Lzareing tig:le

T : . Telemetry to analyse
elemetry of reference (nominal behavior)

NOSTRADAMUS : N _—

s Anomaly detection on
satellite telemetry

L)

4

% One-Class SVM algorithm

L)

% Developed and licensed by
CNES since 2014

L)

Features = X; =

>

“ Used on different operational Vectors to test

plaforms (telemetry to analyse)
< Weak signal detection allows o \” o Ne N, 4 ._'

for the detection of early : e N\ e o o PRI

signs of a weak signal that Fronye_r of ’ e el R .‘

may not be detected by Decision Te Te e e &

traditional monitoring Score > alarm e e

methods threshold ’ 2D projected vizualisation threshold 5

61 ©cnes
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Deep Learning
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Artificial Intelligence, Machine Learning and Deep Learning

Al
Expert Systems and Constraint

Programming

Deep Learning

Deep Learning

Neural Network with hidden layers of
heurons

Deep learning is a subfield of machine learning that
relies on models of deep neural networks. Deep
learning involves training neural networks with

multiple layers to learn hierarchical representations of

data

ML
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Different DL models

Supervised

Unsupervised

Deep
Learning

\ Reinforcement

Deep Learning
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Let's go back in time

65 ©cnes
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1943 - Artificial Neuron (McCulloch-Pitts)

| Actual neuron | | Neurone M-P l

Structure of Typical Neuron

ye{0,1}

eares  SIMplification
/ { >
R ST w013
n
QUL By Loy ssy T ) = X)) = Z 7
7R

y=flgx)=1 if g(x)=>0

66 ©cnes
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1957- Perceptron (Rosenblatt)

| Neuron | l Perceptron l

X1
Structure of Typical Neuron W1
w>
: e X2
Simplification
Mitochondrion " Dendrites
/ >
Endoplasmic _ | .
reticulum —— (cszllnbagdy
w
Ib xn n
\ D \ b,
.  Axon
Node of ranvier 7 /v
s el McCulloch Pitts Neuron Perceptron
Aon (assuming no inhibitory inputs)
n n
y=:1 ifZ.v.iZO =1 iqu‘l*:l?izO
i=0 i=0
n n
=0 'ifZ.lf,—<U =0 'ifle',*;l.‘i<0
1=0 i=0

Frank Rosenblatt with a Mark | Perceptron in 1960
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Neurons ="nmystical” character and being surrounded by a "romantic atmosphere”

+ Why is XOR interesting to study?
» Well, XOR is a problem that is much more complicated to learn than it appears because it is non-linear. It is indeed impossible to

separate favorable examples from unfavorable examples with a simple straight line.
+ Isit possible to solve XOR using artificial neurons ? Yes, using only two layers :
» First layer connected to input is only two neurons

» The second layer connected to the activations of the first layer contains only one artificial neuron.
r‘ -4 fnone 40

Premiére Couche Deuxiéme Couche

logical XOR

(not linearly separable) NEURONE #0 NEURONE #2
Connexion Polds Connexion Poids
1— + —

X[0] + 1 ||| Weuronel [0]
X[1] -1 Neurone| [1] + 1

Bais -1 Bais

NEURONE #1

Connexion Foids
> X[0] -1 ’
00— - + X1
Bais

0 * X[O]XOR X[1]

K/
0’0

So, we can solve nonlinear problems by stacking layers of neural networks.
We just had a slight issue. Here, we found the solution by hand, a bit like solving a puzzle.
To recognize rabbits in an image? It's no longer nine parameters that we have to find, but probably a few million.

K/
0’0

X/
0’0

X/
0’0

And now, it is impossible for humans to solve (unless spending a life doing so)
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Different DL Models

Supervised

» Deep Neural Network (DNN)

» Convolutional Neural Network (CNN)
» Reccurent Neural Network (RNN)

» Long-Short Term Memory (LSTM)

>

Deep

I
I
[
I
I
[
Learning |
I
[
I

Perceptron

MLP
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1980s - Deep Neural Network (DNN)

J/

% Deep neural networks differ from classical networks (such as perceptrons) in two aspects:
» Depth : Deep neural networks have multiple layers of artificial neurons, allowing them to learn more complex representations of
data. In contrast, classical networks typically have only one or two layers.

> Non-linearity: Deep neural networks use non-linear activation functions, such as the rectified linear unit (ReLU), which allows
them to model complex relationships between inputs and outputs. Classical networks, on the other hand, use linear activation
functions, which limit their ability to model non-linear relationships.

Artificial Neural Network Deep Neural Network

% Why this resurgence in the 2010s?
» Growth of available computing power, and especially easy parallelization of linear algebra on special GPU (gaming) processors

» Has made it possible to create networks with very high capacity, that is, having a very large number of parameters (on the order of
several tens of millions for classical networks)
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« Principe » of Deep Learning

MACHINE LEARNING

Ry — =3

Feature Extraction Prediction

Output

DEEP LEARNING

\
:
|
!
|

/ Output

Feature Extraction + Prediction

- CNes - -


https://playground.tensorflow.org/#activation=tanh&batchSize=10&dataset=circle&regDataset=reg-plane&learningRate=0.03&regularizationRate=0&noise=0&networkShape=2,2&seed=0.20789&showTestData=false&discretize=false&percTrainData=50&x=true&y=true&xTimesY=false&xSquared=true&ySquared=true&cosX=false&sinX=false&cosY=false&sinY=false&collectStats=false&problem=classification&initZero=false&hideText=false
https://playground.tensorflow.org/#activation=tanh&batchSize=10&dataset=circle&regDataset=reg-plane&learningRate=0.03&regularizationRate=0&noise=0&networkShape=2,2&seed=0.20789&showTestData=false&discretize=false&percTrainData=50&x=true&y=true&xTimesY=false&xSquared=true&ySquared=true&cosX=false&sinX=false&cosY=false&sinY=false&collectStats=false&problem=classification&initZero=false&hideText=false
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1980s - Deep Neural Network (DNN)

% The operation of neural networks is very 'simplistic’; the (fixed) communication between layers of artificial neurons is a weighted
addition (fixed) of incoming neurons followed by an activation

«* And so, those neurons are connected
“» Need to define an architecture (how those neurons are connected)
% Big Net : 100 millions of connexions (parameters)

hidden layer 1 hidden layer2  hidden layer 3
imput layer ~
——— \\
< 2 S output layer
¢
— — ™
ANy

h(x) = f(w;, x;)
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Artificial General Intelligence (AGI)

% Artificial General Intelligence (AGI) is the representation of generalized human
cognitive abilities in software so that, when faced with an unfamiliar task, the Al
system can find a solution

% An AGl system could theoretically perform any task that a human is capable of

Deep Convolutional Net

Single cortical neurons

100 milliards of neurons as deep artificial neural networks

100 millions milliards connexions David Beniaguev,’3* Idan Segev,"-? and Michael London'-2
1 . F— . 1 ; f ; . .
Fruits fly (613 neurons on 100000) 0-2 ans: creation of 2 millions connexions/second e S ek e 150 e e oy . em 1604 s
12 ans with an investissement of 40 millions dollars 3Lead contact

*Correspondence: david.beniaguev@gmail.com
https://doi.org/10.1016/j.neuron.2021.07.002
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A whole bestiary !

A mostly complete chart of

Neural Networks e

) Backfed Input Cell ©2019 Fjodor van Veen & Stefan Leijnen  asimovinstitute.org

/A Noisy Input Cell

Perceptron (P) Feed Forward (FF) Radial Basis Network (RBF)

= (
. Hidden Cell _' \ ‘V
. Probablistic Hidden Cell 4 J ,

. Spiking Hidden Cell

Recurrent Neural Network (RNMN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
. - - . - - . Q) -
. Capsule Cell

. Output Cell

. Match Input Output Cell

N TN
BESER

: NN
RNy

L\ /N\ S\ S

. Recurrent Cell

Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)

. Memory Cell
. Gated Memory Cell

 Kernel

O Convolution or Pool

Markov Chain (MC) Hopfield Network (HN)  Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)

/3

- \_: \’ '. “ ’" “ "
e one e
@ =7

https://www.asimovinstitute.org/neural-network-zoo/

.+ CNes - -

Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
» % (O, A
2 o & e N 8
Y aY v N
X S X O MRS SO
‘@ \O/ N 2" \O o/ NS
' S A g Py

Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

AR R . ; :
MR RS,
\aVaVaVavs . :

Deep Residual Network (DRN)

s vee

Differentiable Neural Computer (DNC)
) £ £

Neural Turing Machine (NTM)

Capsule Network (CN)

Attention Network (AN)
Kohonen Network (KN) .
A - ¥
AR\
SR X
A\

BAXIXIXT
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Different DL Models

Supervised

» Deep Neural Network (DNN)

» Convolutional Neural Network (CNN)
» Reccurent Neural Network (RNN)

» Long-Short Term Memory (LSTM)

Deep
Learning
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Deep Learning - CNN (1989, 90s)

Backpropagation Applied to Handwritten Zip Code

And yet

«At that time, if you said you were working on a neural network,

Recognition

L e you couldn't get a paper published. Until 2010, it was like that, a
e has-been thing, I remember, LeCun was a visiting professor in our
D- Henderson lab and you had to volunteer to go eat with him. No one wanted to
oy go. It was a curse, I swear. His papers were rejected at CVPR, his

AT& T Bell Laboratories Holmdel, NJ 07733 USA

stuff wasn't in fashion, it wasn't sexy. So the guys went for the

The ability of learning networks to generalize can be greatly enhanced

by providing constraints from the task domain. This paper demon- trendy stuff. They went for kernels, SVM thing. Then Lecun would
strates how such constraints can be integrated into a backpropagation " . . . "
network through the architecture of the network. This approach has say, '1 have a neural network with 10 layers, it does the same thing,
been successfully applied to the recognition of handwritten zip code .
digits provided by the U.S. Postal Service. A single network learns the And We'd say. "Oh really are you surer? What's new about 2"
entire recognition operation, going from the normalized image of the b) ) . I

character to he final classification. Because, once you've put down a neural network, okay this time it
10 ouput wnits g @ . has 10 layers, but it doesn't work any better than the other one. It
ully connecte
N » ‘ - 200 ke was crap! So he'd say, "But yes, but there's not enough datal" . »
r r{afsfafalafafaf=ya)
S%Yiidden units »4 fulgoocoor:inicted
- NKS
layer H2 ..
A
\ rom 12 Kernels
layer H1 X5x8 Interview V/, chercheur en conputter vision, 12 mars 2018
12 x 64 = 768
hidden units

H1.1 » . . . . . .
oo ke They always said, "Your thing is not convex, it's just a trick!" another researcher

o recounts. That's all they could talk about. We presented papers and they said, "It's
not convex!”

256 input units
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Deep Learning - CNN

/
0’0

Inmage of 500 x 500 pixels, RGB (256,256,256)

(256°%5° °° or 10" &°¢ *** different possible combination in the image!

The number of parameters makes pixel-by-pixel analysis totally ineffective due
to the conplexity of the system.

Hwtodoit ?

The idea is to shift to features based (or pattern) analysis

Howa human being would define a rabbit ?

R/
0.0

R/
0.0

/ R/
0’0 0‘0

/
0’0

That's exactly the pupose of the convolutional neural networkd
To detect in the image what mekes the rabbit (with its characteristics the two ears, the nose, the two eyes..)
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Deep Learning - CNN - Features extraction

caractéristiques basiques complexes

Howto translate the pixels of the rabbit's ear into the feature "ear™?

What are the most basic characteristics that describe the imege very sinply?
» Background : mede of plan white

» The edges of the ear: pixels adjacent to the barder between two very different colors can be interpreted as "edges”.
» Theinside of the ear : unique color of the inside

/
0‘0
7
0’0

X/

*» Wecan carelate similar characteristics to determrine new, nore conplex ones.
> Ensenble of the edges are contours

> BEnsenble of united cador isthe inside
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Deep Learning - CNN - Few bricks

a-‘:
-y
e
-
—
A

UNTILA
DEEPER MODEL
CAME ALONG

/ Pe = s \
& Convolution Layer ‘ . I

l

!

l

!

l

!

l

' )

Lapin?

79 ©cnes
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Deep Learning - CNN - Convolutional layers

/

++ Convolution operation consists of applying a filter to an image.

J

» Afilter is a small matrix of different sizes (X3 55, %9 ..) called kernel.

Carte de caractéristique résultat

image sourcs < Aninfinity of kernels is possible, each playing a
specific and different role in highlighting a
feature or improving an image

+ Convolution transforms the image by highlighting
certain components: the features

(O = I
B |o| R
m ok

¢ The resulting image is called a feature map

Kernel results « front side up » Kernel resuit for « accentuating details »
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Deep Learning - CNN - Pooling operation

*

D)

> To make predictions on an image, the neural network does not need to know all the pixels that concern a piece of information, but rather the
“ratio" of importance and its location.

L)

R/
0’0

For example, a large number of pixels related to "paw" or "fur” are not necessary.

R/
0’0

To reduce this useless information, we use a Pooling layer

R/
0’0

It is @ subsampling technique that involves reducing the dimension of an image while retaining the most important information.

1 (3] 2] 9
7| 4 1| 5 7 9 FIF
—_— SN FIFIF
g8 | 5| 213 8 FIFIF
FIFIF
4 2 1 4 FIF
Max Podling exanple 16x16 8x8

Max Pedling Average Podling L2 Overianping Spatial Brranid Pedling etc..

81 ©cnes
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Deep Learning - CNN - From layers to network

/

% We can chain convolutions to increase the complexity of the features!

= Wehave three feature maps

C1 C2 fornring an inege of depth 3
which we pass through four
different kernels

= Thefirst layer "Cl" takes the » Therefare there will be 4
image as input and applies three ' convolution maps as outpuit.
convolution kemelstoit. \

= Each kemel producesa |
convolution mep as output, and | '%j;;,—% '
therefore we end up with three s , :2[ J’
convolution maps as output. 1 |

= Fachone highlights a particular ‘b L]
characteristic of the inage. - L —’é

Andsoon!

As we go further, the charactenistics become nore conplex and gradually lose all meaning for us...

82 ©cnes
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Deep Learning - CNN - Classifier L
Each caracteristic has

a position and a weight

Feature extractor

Pooling Pooling Pooling

R ZZZIIRN\"

Convolution Convolution  Convolution pﬁﬁtr:ﬁitéc:ln
Kernel ReLU ReLU ReLU Flatten
Laye
Fully
- Feature Maps ———Connected——
Layer
| | | |
Feature Extraction Classification [P)E{s)ﬁ?bbtzlg?;:f :
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Deep Learning - CNN - Activation Map | oew | g

22
El
E.|
2s%

Identity ~ # 1 (—o0,00) o=
< The activation function serves as a decision function and helps to learn complex models. ~ *== &5 o 5 R
< It not only helps to learn abstractions, but also integrates non-linearity into the feature - S ] I I R

Hyperbolic

an &
space. el B e S

1= fl=)? -11) fod

¢ The "global function" that we are trying to approximate is logically non-linear. Therefore, e A T (33 |
we need to introduce non-linearity into the network! e R . bl o

(ReLUYE |7 = max{0, 2} = 2lasg undefined ifx =0
° . . . . . . . -
% This non-linearity generates different activation patterns for different responses and thus =i L 1(2) | e ot | o
i
g . . . . . . (GELU)4 il 1 = 2®(z)
facilitates the learning of different characteristics in images. ~
SoftplusL2 ,/"‘ In(1 + &) : +1( (0, 00) o=
Exponential - {ﬂw -0 ;;z Sg ae® Hz<0 .
K i z z> : ¢ fa=1
::ir)[lu;‘f( it with parameter o { i ;:: : gnnd a=1 o) {C‘“ otherwise
Scaled (\{ :(Ej Y ;:: ;3 7
:ﬁ:arﬁms::tla] with parameters A{ Tez :{-: ; g (—Aex, 20) Lol
(SELU A = 10607 and
a = 167326
Leaky
rectified ;
mo | e e s o |
ReLUL3 -
Parameteric / {"z ?f"' <0
Input Output :\ﬂﬁn ' z x>0 {? 5? :g (oo 00)E] "
(PReLU)i2Y /” with parameter o ne=
\ h Horse Sigmaid
4% linear unit
oo Why so many :
Vo Dog hnkage 2 Thes ey [0378..ye0) | ™
SoftMax [ siL[tel E";]
Convolution Convolution  Convolution /;Etn"glt('ﬁ]n fu nCt I Ons ? Suert™ YA "
Kernel R:LU RgLu Re+LU Flatten L Mish 28 xtanh(ln(1 + e®}}) (e (e + o + 41 +2) + e {6+ da)) [-0.308...,ec) | C=

Layer (2 2% + e )t

Fully
Feature Maps ‘———Connected—— TS
Layer Gaussian AN e —2ze (0,1 o=
: i : Probabilistic
Feature Extraction Classification Distribution
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Deep Learning - CNN - Backpropagation

/

+* How does the network learn ? Learning

W y J(6,61)

= mean error (h(x),y)

. . — Ewama\ pr.: ﬁHOhH
% This is where the cost function comes :

% Each value of each kernel (as well as its sub-kernels) is actually a parameter of the networkl 3l @ C C @

+l°l =2 | molcl (&2Y)
Therefore, at the beginning of the network training, the kernels all have random values. wf‘; i) _Z' i i\gm\d (ot 5s)
s <t L L
% As the network learns, each weight adapts to learn to bring out the characteristics that allow wy2ut by 22y Ay =sgmed (s ths)
the neural network to interpret the image as accurately as possible. Wy23 t Ly =2y Ay sgmed (Cauthb)
% The task of learning is t.wofold: the networlf must learn to properly pre-format the image and 833’ 0 93 K T2 b et 033 1T oy rnX T2
then correctly analyze its own pre-formatting. o5, day,

(&qck Pao Poaml:f«m Equo&fon)
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Deep Learning - CNN - Batch / Iteration / Epoch

Epoch

Learning Dataset
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Deep Learning - CNN - Convergence

loss

loss
tag: loss

1.6
1.2
0.8

0.4

87 ©cnes
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Deep Learning - CNN - Convergence is never that easy T
iy YOO Pogol on

v, tu, w W 2,
onising aad | PO HO SO
anishing gradient problem:

w'ao-('bl =2 a, = S|amol°l 29

w?_?-a =+ '—"2_ =Z, O,= 5'\3"'\0\‘4 (ot 5,)
o

* The layers of the network are updated from the output to the input.

J/

<+ As we progress towards the lower layers of the network, the gradients become Wy23 Ly T2y Ay rsgred (Sethe)

smaller and smaller. gg Lidl T e s )
¢ The update by gradient descent therefore only slightly modifies the weights of the LY
connections in the input layers, preventing good convergence of the training towards

the solution.

w32L+ 53 223 a =5‘13rnom| C“LU3+53)

(I}qck Pao Poam[—faw EcluoLH o\n)

Exploding gradient problem:

** Inthis case, the gradients become larger and larger. \ g Slgm'ﬂ

X/

% The layers then receive weights that are too large, causing the algorithm to diverge. E J

'! /‘ RelU

(a) Activation function (b) Loss landscape

a

a
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Deep Learning — CNN - UNET

Semantic segmentation

« forest »

« Water»

« houses »

« road »

input
image
tile

572 x 572

¥

.+ CNes - -

The goal of semantic segmentation is
to extract relevant features from the
image and use them to accurately
classify the input. To achieve this, the
features extracted by the network
must be re-projected into a space of
the same dimension as the input

570 x 570

64 64
UNET TiT0
‘ ole s output
o segmentation
N o ocoff oo
2l & & 8 map
< A
3 ol of ooff o
) 2 I
@
8
'128 128
256 128
=l E B
% %I%I et
[ K311 RsY t
¥ 56 256 S0 256
A b ot s || =» conv 3x3, ReLU
3 9 =1 I3 ol
5= ¥ = copy and crop
512 512 1024 512 |
3 & max pool 2x2
-l — ¢ - ¥ maxp
s oy 1024 45 5 4 up-conv 2x2
-
et % = conv 1x1

® 39
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Deep Learning — CNN - UNET

Semantic Segmentation 4
UNEr 128 64 64 2

input
ima%e > >l | output
. segmentation
tile ol of ool
Al S B & map
x > Py x|
N (= COff 00|
all S &S

572 x 572
570 x 570
568 x 568

¥ 106 126 I

2|]56’1is
oo o 512 256 '
5 EI.E’I “g[l'kl?l conv 3x3, RelLU >
AL A copy and crop QQ’
¥ s s 1024 512 t fg\ QQ'
i-ll-l — ¢ -l § max pool 2x2 & F
S SR g 5 O 4 up-conv 2x2 \\’QQ; > ,\QQ
- = conv 1x1 O Y Q"
&7 L Q'
N o &
S &K
&, I E e
Y QP N
S
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Deep Learning - CNN - CNES example

Output segmentation layer

[ Input image

DeeplLab-v3

Japoou3
Decoder

background ]

Data [ Lung Ultrasound ] )

(" Y4 N

Quantifying the
impact of a respiratory
ObjECtive disease on the lungs

using pulmonary
ultrasounds (CNES -

k ) \ CHU). /
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Deep Learning — CNN - Limit of CNNs

Transformers: 2020 revolution, started with NLP, then vision (ViT), more context => better results
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Different DL models

Supervised

» Deep Neural Network (DNN)

» Convolutional Neural Network (CNN)
» Reccurent Neural Network (RNN)

» Long-Short Term Memory (LSTM)

Deep
Learning
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Deep Learning - Reccurent Neural Network (RNN)

¢+ Mainly used to process text or time series

: B(tpet
A cat will pe @to . e
. stre t
see pas he ...
Many to One i i i i i

X(t) A(0) () Y@ch XL

The text istransformedinto language vectors (one word =one nuber)
In its naive form, RNN suffers from shortcomings:
» The backpropagation gradient becomes exponential on certain cells and hides the others

« The gradient explodes during training, preventing the network from converging
. GRU/LSTM 7 N

Example: « / live in Toulouse. So | speak occitan. »

94 ©cnes



INTRODUCTION TO MACHINE LEARNING é
- o CNEes « -

Deep Learning - Reccurent Neural Network (RNN) - CNES example

Question Ground Truth
How many commercial buildings are there? 0
What is the amount of roads? 2
Is there a commercial building at the top of a cemetery in the image? no
e N How many residential buildings are there? 17
Data U SG S/S2 What is the amount of orchards? 0
. J
( \ / \ Is there a small residential building? yes
Are there more residential buildings than roads in the image? yes
Ob'ective Answer queStlonS on 14 What is the area covered by buildings in the image? 5030m2
J aerial/spatial data
Is a medium building present? yes
\ J \ / Are there less commerdcial buildings than water areas? no
>
¢ 2/10
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Deep Learning - Long-Short Term Memory (LSTM)
he
Adding better memory : —C
is the information vector given step by step @

between the cells of the LSTM, it regulates the
amount of information carried. 0

h.
Forget gate @Ilow forgetting information that
should not be communicated to ¢;
Input gate i; decides the portion of the update L d Layer  Pointwize op  Copy
given by the input in each cell eg enda.: -

B —L)
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Different DL models

Unsupervised

» Generative Adversarial Network (GAN)
» Reccurent Neural Network (RNN)

» Long-Short Term Memory (LSTM)

» Gated Recurrent Units (GRU)

Deep
Learning



INTRODUCTION TO MACHINE LEARNING

Deep Learning - In the world of GAN...

J
0‘0

GAN=Generative Adversarial Netwark

They have been painted out for their ability to create realistic forgeries of pegple, which can be used in a malicious manner by a
variety of actors
Introduced in 2014 by |an Goodfellow, they have the particularity of being able to create data

GANs are conposed of two networks
» Agenerator that aims to create images as realitic as possible.

)
0’0

)
0’0

)
0’0

» Adiscriminator, a neural network that is responsible for recognizing whether the images produced by the generator
arereal or fake

Rgalworld —— Sample
UBRES \ Real
o O =
Discriminator . 2
w
O Fake
O Generator |—| Sample |



https://thispersondoesnotexist.com/

INTRODUCTION TO MACHINE LEARNING

..« e« CNEes -
Deep Learning - GAN

Generated Data Discriminator

Real Data

) O FAKE REAL

O Generative Adversarial

KE  REAL EE
Network e
Real
Samples
Q IF
Latent AL REAL ————
Space
D 7 1sD
%  Correct?
| = Discriminator S "
0ss
— —>
Generator Ger;:rkaeted
loss Samples
tag: loss
1.6 - Fine Tune Training
1.2 Noise
0.8
0.4

https://developers.google.com/machine-learning/gan/gan_structure
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Deep Learning - GAN - CNES example

( N ey
. (%)
Data Pleiades =
x J o
<
( AY4 ) %)
Predicting the defocus 3
. . of Pleiades optical =
ObJECtIVE instruments from &
images
\_ VAN J
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Different DL models

Deep
Learning

Auto Encodeurs (AE)

Restricted Boltzmann Machines (RBM)
Deep Boltzmann Machines (RBM)
Attention Network

Transformers
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Deep Learning - Autoencoder (AE)

% Autoencoders are unsupervised learning algorithms based on artificial neural networks that allow for the construction of a new
representation of a dataset

Generally, this representation is more compact and has fewer descriptors, which allows for the reduction of the dimensionality of the

dataset.
Input <«--—-—--—------ Ideally they are identical. ------------------ > Recc;rl:ztl::lcted
x ~ x'
% It is a fundamental pillar in translation software !
Bottleneck!
Encoder Decoder , % |
X" g¢ fo 1* (\ ’ _.(
THE BIRD FLY 27 | LOISEAU VOLE
I = % (- é‘ )
Encodeur Décodeur
19
Encodeur
Latent Q)ace: Vecteur
Compact representation The vector created by the Encoder is fixed, which poses a
q q problemfor trandlating long sentences.
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Deep Learning - Autoencoder (AE)

Latent Space

Qualitative transformation

“Uhsupervised Representation Learning with Deep Convolutional
Generative Adversarial Networks’, ARadford & al, 2015

b +[d=

woman
without glasses without glasses

woman with glasses
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Deep Learning - Autoencoder (AE) vs PCA

PCA

v

Reducing the Omensianality of [ata with Neural Netwarks Gedffrey E Hinton and Ruslan Salakhutdinov, 2006

« CNes -

Autoencoder

- l

European Community
Interbank markets monetary/economic

Disasters and
accidents

.-”' . T ..’;.-' X 5 e ot
. a8 X - -.'- . 3 .‘-.“:‘:-' 5 . T
Leading economic” . P" g %ﬁ R ﬁ Legal/judicial
indicators . ,? € & ' ¢} K .
* e " ‘. 2t 4 %
S ss e -
3 SR w
5, ST Government
= r‘s.: :v.’-.' .
Accounts/ . Ty ORITHITEE
earnings it
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Deep Learning - Autoencoder (AE) - CNES example

v 7 20190401 PERM Cepages
v [__—__I Mourvedre N

v' [ Nielluccio N
v . Cabernet Sauvignon N
v - Marselan N

v . Carignan N
Data ' S2 ' v [l Cinsaut N
v [ cotn
4 4 v/ [ syrah N
o Unsupis ¢ B e
Objective classification of vine plots 7) [l Gewurtztramines RS
by grape variety v [ ] Chardonnay B

v . Bourboulenc B

v . Clairette B

v . Muscat a petits grains B
v . Muscat d'Alexandrie B
v - Viognier B

v . Macabau B

v D Grenache Blanc B

v . Vermentino B

v . Marsanne B

v [l sémillon B

v
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Les differents modeles de DL

Deep
Learning

Auto Encodeurs (AE)

Restricted Boltzmann Machines (RBM)
Deep Boltzmann Machines (RBM)
Attention Network

Diffusion Models

Transformers
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Deep Learning - Attention mechanism NEURAL MACHINE TRANSLATION
BY JOINTLY LEARNING TO ALIGN AND TRANSLATE
Dzmitry Bahdanau 2014
Jacobs University Bremen, Germany
, .
Bottleneck! ) . Ote 27]80 qu
KyungHyun Cho Yoshua Bengio*®
Encoder Decoder Université de Montréal

x 9 fo

o *» Each of these recurrent outputs is kept in memory to
An compresse.d low dlmt_ansmnal fOl'm the final OUtpUt.

representation of the input.

+»» The Attention Encoder transmits much more
information to the Decoder than in the classical
approach

¢ Inspired by human visual attention, a mechanism of attention is the ability to
learn to focus on specific parts of complex data, such as a part of an image
or a word in a sentence.

* Instead of focusing solely on the final output of the RNN, Attention will - ' . .
extract information at each step of the RNN. !

- @@ - Oﬂ

o QPO

Donnée Donnée de Donnée : Donnée de
Jentrée Couche RNN e dontrée Couche RNN + Attention e

Encodeur Classique Mécanisme de I’Attention
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Deep Learning - Mécanisme d'attention et Transformers

¢

- CNes - -

Attention Is All You Need
Yo

2017 Cité 65053 fais

Noam Shazeer*
Google Brain Google Brain
wani@google.com noam@google.com

Niki Parmar” Jakob Uszkoreit”
Google Research Google Research
nikip@google.com usz@google.com
Llion Jones* Aidan N. Gomez" | Lukasz Kaiser®
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Hllia Polosukhin® *
illia.polosukhin@gmail.com

Google

Yi = Z Wy jXj
J
EEE> VEN > IEE B> /
W1 Wa2 Wo3 W24 \
O

a).. =

lj
H 2j \
]

r T ]
X1 X2 X3 X4 Wij = X X;
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Deep Learning - Attention mechanism and Transformers

% Example: Film recommandation

15
i
ot
"
10 | A A8
g\ & a8
movie m *i;% <+ o ‘#
sl FP &
has romance i @3‘ *"‘{'@ﬁ @ﬁ
has action ~ '(“‘@ #ﬁa & kﬁg‘f‘
has comedy g ) = ﬁ'*ﬁp ‘&g@ o
user u [ B score = u;m; + ugms + uzms 2 * $§’§;§
e s 3Gl oF 0
S e g
Ll & ST @ SRS
S o O T L
5 éﬁ % 1.0 F @:} @‘ﬁé
(52 &
B ! I ! 1 !
-1.5 -14 -03 0.0 0.5 1.0
Factor vector 1

Classical approach
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Deep Learning - Attention mechanism and Transformers

— ¢ Until now, no parameters to learn!
Y2

/

+ Each input vector xi is used in three different ways in the auto-
attention operation:
» Itis compared to all the other vectors to establish the weights of
its own output y; > « request », matrix W,

é » Itis compared to all the other vectors to establish the weights of
_|_

the output of the j-th vector y,=> « key », matrix W,
Wox » Itis used as part of the weighted sum to calculate each output
k_ii Wi vector once the weights have been established. y, > « »,
i
e x> matrix
NN

Wa3 T

E i I E q; = qui, .kq' = kai VvV = W\;Xf_
T
B W{j =q; k;

wij = softmax(wfij )

X1 X2 X3 X4
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Deep Learning - Attention mechanism and Transformers

% Problem : The same word appears in several context => Multi-head attention

self-attention 1 Wo

| self-attention 2
>
self-attention 3 ' ’

self-attention 4

Y

Y¥YY ¥YYY

project to lower dim. concatenate outputs
keys, queries and values

111 ©cnes




INTRODUCTION TO MACHINE LEARNING é
- CNes - -

Deep Learning - Attention mechanism and Transformers

<+ Transformer block

input transformer block output

Vision Transformer (ViT)

— MLP

— MLP

MLP
Head

| —

self
attention

A 4

— MLP

LLE

— MLP

Transformer Encoder

BERT, GPT-(2,3,4)... ‘
input word position output prediction Pﬂ;:crlr:;ed?g?]i:;nn > ma '. " .. '. .

sequence embedding embedding sequence # Extra learnable

[u—

[class] embedding Lmear Pm]ectmn of Flaltened Patches

this. E-:H_l_l_l E.:I O ..- | | |
e - | il i
e Bm = . WWE

target

Sou
sod

320|q Jowojsue.}

300|q Jowuojsuesy

390]q Jewojsues}
v

SsO[
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Deep Learning - Diffusion model

N
Forward Diffusion Process L/\

6onditionina
emanti
Ma =)
Text \
X0 Denoising UNet X7
- .
< Reverse Diffusion Process
7 me,-
i“ Forward Diffusion Process }7
AN .\
Q i V.. " .
el R&VW ep < Repeat 7 times

concat NY i ~

ng step cro sattention switch skip connect&
UNet

M . ed De-Nosng ‘.M g | TNE:
:ea, ‘ 2 /A Y PV‘W 4ﬁ,‘,2k4¥) S S
PN VMDM%MW Auto@y\cod«@rf\gr attentio (/o'NOQ “4_ DQ % = .4@
X0 %:D_ \’1 XT-1 T XT

C ‘:,@0170“' conmectiony
Time step Time step
embedding embedding
. . . =1 t=T
Stable Diffusion, MidJourney,... /
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Different DL models

Machine
Learning

Deep
Learning

Reinforcement

» Deep Q Net (DGN)
» Deep Deterministic Policy Gradients (DDPG)
» Normalized Advantage Functions (NAF)
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Reinforcment learning
a 20km . b
<
> +>16:00
- 11:00
‘ ’ 6:00 ' ¢ 11:00
o . k S 6:00
0100101 Reward Action . g .
1010111 g = el
1011101 JUNRGN . S——
Station-keeping range h ; . i )
%O / ﬁ\ 16:00 ) ’ :v 21:00 010 20 30km
T
1

State [ Agent ] Example : Station Keeping

Utilisation : Game, Guided navigation, Recommandation system, ChatBot ...
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Reinforcment - CNES example THALES |ip

s Name: PIVOS

¢ Objective : Dumping plan of a constellation's TM using Machine Learning

+» Methods: Renforcement: DGN, PPO, MCTS

¢ Data: Simulation up to 3 constellations of 20 satellites + 5 stations

Satellite Memory usage over time

2 v
g 40 ¢ 5
g satellite_id E

0h  Olh  02h ] : 3 ) ' 2 23h
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How to do ML/DL ?
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Nota Bene on Machine Learning / Deep Learning ?

1. Machine learning requires a massive amount of data to train neural networks, which is not easy to obtain every time.
2. Selecting the right algorithm is crucial because the results can be biased and lead to inaccurate predictions.
3. ltisdifficult to converge algorithms (the hypothesis space is enormous).

4. Neural networks do not have the ability to generalize and are bound by their training data, meaning there is a lack of creativity and they
are only effective in what they already know.

9. Deep learning is always a "black box" algorithm that is not explained.
6. How can we certify an Al model developed from a limited number of assumptions (inputs)?
7. There can be a deep gap between the resources available to develop a model and those used for inference.

8. Deep learning is an energy-intensive process, and its environmental footprint is not negligible
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WORKFLOW IA - Data types
Sructured Lhstructured Not structured Metadata
Iy Y oy o1 O
L] L1
I [ (=== . [
1 -
L | [
i S o
[ ] 1L
D| — L O O &
I | gy
| |:||_||:| ] DI:IDIZI
| | | | |:| v « Les données surr les données »
e ) : v Les« métadonnées » permettent de cl '
v StmctLrependeflrlle ) v/ Pas de format pré-défini ou organisation des v" Ne sont pas stockées dans une base de neg(}erwnﬁmc:mmﬂerqwqﬁaif)%
v Conformme a un rockele de donnees données non structurées données relationnelle commelles relatif aux propriétés des données
v Facilement accessible v/ Beaucoup plus difficile a capturer, traiter et données structurées v’ Bles décrivent lesinformations pertinentes des
v Généralement stockees sous formre de tableau analyser v’ Certaines propriétés organisationnelles informations.
v M _ _ v' Exenples qui facilitent l'analyse. v’ Brenples
" Donneesclassiques danslesbasestraditionnelles = Données textuelles provenant darticles; de v Exenples = Métadonnées dun docurent: auteur, taille du
nombres, categaries bodeens... docurrents; de commrentaires, de-mails. = HM,)XM, JSON fichier, la date générés par le document, des
= Donnees geolocalisees avec au mininumdes » Des images provenant dinstruments = Basesde donnéesNoSAYL, ... nrots clés pour définir Le docurment, etc.
coordonnées spatiales dobservation visible, infrarouge, radar... . i ' :
= Dorndes provenant de capleurs varids signau, Informetions de prise de vue, type de capteurs..
télémétries..
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WORKFLOW IA - Data Selection

OB w

S

w

Data Selection

|

Données structurées

CICICIE ]

¥ Conforme 3 un
v Facilement ac
v Généralement stockées sous forme de tableau.
v Exemples:

.

nombres, catégories, booléens...

= Données géolocalisées avec au minimum des
coordonnées spatiales

= Données provenant de capteurs variés: signaux,

telemetries...

Données classiques dans les bases traditionnelles:

Données semi structurées

oy O
e
O
DDDED

- O
05255
o=E08-

O—
= .

¥ Pas de format pré-défini ou organisation des
données non structurées
v Beaucoup plus difficile a capturer, traiter et

documents, de commentaires, d'e-mails...
= Des images provenant d'instruments
d'observation: visible, infrarouge, radar...

Données non structurées

Métadonnées

¥ «Les données sur les données »

v’ Les « métadonnées » permettent de classer,
mesurer ou méme documenter quelque chose
relatif aux propriétés des données.

v’ Elles décrivent les informations pertinentes des

v Ne sont pas stockées dans une base de
données relationnelle comme les
données structurées

analyser v Certaines propriétés
v Exemples: qui facilitent 'analyse. v Exemples:
= Données textuelles provenant d'articles, de v -

= Meétadonnées d'un document: auteur, taille du
fichier, la date générés par le document, des
mots clés pour définir le document, etc.

* HTML XML, JSON
= Bases de données NoSQL, ..

= Informations de prise de vue, type de capteurs...

The data can be:

. on digital platforms:

. on a local file system,

. on an internal server,

. on a remote server,

. on the cloud.

. on sensor infrastructures.

Need for the field expert:

. What data is available?

. Are the data relevant?

. Are the data reliable?

Need for the data scientist:

. What is the volume of data?
. How to avoid biases?

ALLINEEDIS

Working on a duo
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WORKFLOW IA - Data Selection

Questions about data arise from the beginning of a project:

*  Which dataset to use ?

* |sthere enough instances ?
» Which labelisation to use with those data ?

For example, classification of spatial objects:

TESS

KEPLER

Datasets

‘n*’ g “‘ «
ol .

' oN (

Way more stars than
galaxies...

Which information to use
?

ol CLETIC
"mation with othel

catalogs to retrieve

additional information?

’

‘Transforming the

information, up to which
point ?
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WORKFLOW |A - Data preparation

Data preparation

/Iterationth
the best

dataset -

PRE
processing

S3

Tools to process and
labelise

R 'f
I@‘f scikit-image GB};‘ ” |:5| pandas @click Puintsl

COLLECT
MORE DATA

- CNes - -

Data preparation:

Cleaning the data: duplicates, absurd or
exceptional data (outliers), etc.

Handling missing data

Eliminating redundant attributes

Possible normalization

Discretizing attributes or conversely making
discrete values continuous

Data augmentation

Generating synthetic data

Varying data sources

Labeling!

v' Arethe data free of rights?
v Are the data confidential, limited to restricted

distribution? 0
v' Are the data of a personal nature?
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WORKFLOW IA - Preparing the data - Labelisation

Classification + localization

Classification

(assume given set of dis Classification
{dog, cat, truck, plane, ..

Classification
+ Localization

cat

Semantic Segmentation

Very (very) time consuming + need expert knowledge !


https://www.youtube.com/watch?v=MPU2HistivI

INTRODUCTION TO MACHINE LEARNING

WORKFLOW IA - Preparing Data - Data Volumetry

The necessary quantity of data is relative to the complexity of the problem.

« The more data possible
* Never less than one hundred instances

« More generally, thousands, ten of thousands to use every Al

models C AL

More features ? - d AND
? > en more data
mg:: Eslr‘:;.]ee)t(e?rs requri ed CO L L E CT
MORE DATA
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WORKFLOW |A - Data preparation - Quality or Quantity ?

Attention !
X Inaccurate, incomplete, or mislabeled data: The information is either bad or has not been properly cleaned. How to analyze

terabytes or even petabytes of information?

X Having too much data: The mass of information does not indicate their quality and relevance to a specific use case. All this extra
data can cause "noise" that can influence the results of a model. This could make it difficult for the model to "generalize" its
learning.

X Having too little data: Training a model on a small set can produce acceptable results in a test environment. The model may be
unable to handle information flows in production and may generate biased scores.

o Biased data: Biases are multiple. If they are not bad in themselves, some data sampled from a larger set may not properly
represent it.

o Unbalanced data: Unbalanced sets can significantly hinder the performance of machine learning models. They cause over-
representations of one community or group while diminishing the importance of another. Example: bank fraud.

X Data silos: Only certain groups have access to certain data. Not all "available" data is used.

X Inconsistency of data: duplication of the same data with different values (e.g., different treatment for a given group).




INTRODUCTION TO MACHINE LEARNING

. cnes -
WORKFLOW IA - BIASES .y -
1] 1]
20D 20D
< . . e o . A0 A0
* Bias on individuals: data is poorly labeled by = L
4 <4
humans
<& . . . . . _— o
+* Prejudice bias: adding a bias to the data 0o N
4
% Confirmation bias: manipulating the data , Y L Bl eie e sl i nin
. The PULSE algorithm takes pixelated faces and turns them into high-
towards a hypotheS|s resolution images. Duke University. Biais discriminatoire et raciste
\J/

% Class balance bias: When there is too much

: Covariate shift
data from certain groups

Solutions;

» 1
e

.v . -
COOKING COOKING COOKING . COOKING Labellng Cont rOl .
ROLE | VALUE ROLE | VALUE ROLE | VALUE 0 UE I\ | ROLE |VvALUE » Completing information
AGENT | WOMAN AGENT = WOMAN AGENT  WOMAN AGENT WOMAN W AGENT  MAN . . .
FOOD = PASTA FOOD  FRUIT FOOD = MEAT FOOD z FOOD @ ° MUl.tlpl.e pOlntS of view
HEAT = STOVE HEAT 2 HEAT = STOVE HEAT = STOVE HEAT  STOVE . e . .
TOOL SPATULA TOOL  KNIFE TOOL  SPATULA TOOL  SPATULA TOOL  SPATULA * Creation of artificial populatlon/
PLACE _KITCHEN PLACE _KITCHEN PLACE _ OUTSIDE. PLACE _KITCHEN PLACE _KITCHEN ducti

redauction
VSRL dataset
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Big Data and Big CNN

WORKFLOW |A - Deep Learning

Resnet152
Network with 152 layers
~60M parameters

ions images

~11 billions of FLOPS

https://towardsdatascience.com

In 2016

| ooty |

ImageNet
~21000 classes
https://devopedia.org/imagenet
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https://devopedia.org/imagenet
https://towardsdatascience.com/review-resnet-winner-of-ilsvrc-2015-image-classification-localization-detection-e39402bfa5d8

INTRODUCTION TO MACHINE LEARNING

WORKFLOW |A - Deep Learning = Big Data and Big CNN

Learning diffusion models (ex DALL-E 2, MidJourney, Stable
Diffusion..):

* 12 BILLIONS parameters
« 256 GPU A100

150 000 GPUh

« Cost ~600 000 $

Computational Requirements for Training Transformers

10,000,000,000
Megatron-Turing

NLG 530B
1,000,000,000 530B
175B GPT-3
100,000,000

1.5B
GPT-2

Megatron
XLNet

10,000,000

Wav2Vec 2.0
1,000,000

100,000 iiRevicn = BERT Large 340M

GPT-1
Seq2Seq Resnet Transformer

ResNeXt

Voo-19 Emo g Images générées par MidJourney v5
1,000 ‘ https,twitter.comy/TechSpatiales/status/1640422959582986 264

AlexNet

100 En 2023

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Des mouvements sociaux dans.'ISS:
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2020 / 2023 - La course a l'échalotte
% Coogle: (1378 May 2021), and (5408 Apr 2022) No official info on GPT-4, some are
< Meta 07T (1758 May 2022), and (1758 Aug 2022) saying 1.76 TRILLION!
%  DeepMnd (2808 Dec 2021), and (708 Apr 2022)
< Mcrosoft-Nidia (5308 Oct 2021)
% HgSdence: (1768 June 2022)
% Baidu (2608 Dec 2021) - o) ~

< Yandex (1008 Jure 2022) @ Luminous < GLM-130B

200B ‘
< Teinghua (1308 July 2022) \
% A2labs (1785 Aug 2021) PaLM

O
PaLM-Coder OPT-175B MOSS
o &M@- (Z(IJB Nov 202') Minerva BB3 208* GPT-4
@ Med-PaLM . OPT-IML Undisclosed
' Jurassic-1 Flsn;P:rl;‘M 175B / LLaMA | *
178B R a
: Flan-U-PalLM 65B*
Med-PaLM 2 @
6B 540B
%= Parameters . YaLM 678"
LaMDA 138 108 100B
. Al Iab."group LBMDAZ
) Bard \ /
Avallable 1378 528 Chinchilla) Flamingo T
O Closed 6 RL-CAI 70B* 0B*
Claude (5]
*) Chinchilla scale 9.4B 2?3

®

Beeswarm/bubble plot, sizes linear to scale. Selected highlights only. *Chinchilla scale means T:P ratio >15:1. https://lifearchitect.ai/chinchilla/ Alan D. Thompson. March 2023. https://lifearchitect.ai/


https://blog.google/technology/ai/lamda/
https://ai.googleblog.com/2022/04/pathways-language-model-palm-scaling-to.html
https://ai.facebook.com/blog/democratizing-access-to-large-scale-language-models-with-opt-175b/
https://ai.facebook.com/blog/blenderbot-3-a-175b-parameter-publicly-available-chatbot-that-improves-its-skills-and-safety-over-time/
https://www.deepmind.com/blog/language-modelling-at-scale-gopher-ethical-considerations-and-retrieval
https://www.deepmind.com/publications/an-empirical-analysis-of-compute-optimal-large-language-model-training
https://developer.nvidia.com/blog/using-deepspeed-and-megatron-to-train-megatron-turing-nlg-530b-the-worlds-largest-and-most-powerful-generative-language-model/
https://huggingface.co/docs/transformers/model_doc/bloom
https://research.baidu.com/Blog/index-view
https://github.com/yandex/YaLM-100B
https://keg.cs.tsinghua.edu.cn/glm-130b/posts/glm-130b/
https://www.businesswire.com/news/home/20210811005033/en/AI21-Labs-Makes-Language-AI-Applications-Accessible-to-Broader-Audience
https://app.aleph-alpha.com/
https://lifearchitect.ai/models/
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WORKFLOW IA - Deep Learning = Big Data (dans la vraie vie)

KDnuggets 2020 Poll:
Largest Dataset Analyzed

25%

20%

15%

1% 2020 largest

5% -

w2018 largest

~———2016 largest

0% -

1.1to 10 GB
11to 100 PB |
over 100 PB

[ ——
11 to 100 GB /

101 GBto1TB
1.1t0o 10 TB

less than 1 MB
1.1to 10 MB
11 to 100 MB
101 MBto 1 GB
11to 100 TB
101 TBto 1 PB
1.1to 10 PB

KDnuggets Poll: Largest Dataset Analyzed, 2020, 2018, 2016
https,//wwkdnuggets cory2020/07/poll -largest -dataset-analyzed-results htrrl



https://www.kdnuggets.com/2020/07/poll-largest-dataset-analyzed-results.html
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WORKFLOW IA - Développement / Apprentissage

DEVELOPPEMENT / APPRENTISSAGE

/Itérat;nspo\
obtenir le meilleur

modele

) MODELE
CANDIDAT

S3

Q%A/lgorlthmes \ /

d'apprentissage automatique

| O PyTorch 1| o PyTorch Lightning @y feann I

TensorFlow

& scikit-image ";F ) 1 pandas ick Points
@ svctne iy H i ponces @i Coeur de métier du data scientist: e Infrastructure de calcul
* Choix des architectures « Gestion des expériences
6 « Choix des initialisations . Reproductibilité
* Choix des mesures derreurs , :
*  Choix des metriques de performance ) Cohe,renF:e avec les contraintes
« Retravailler les données de deploiement ?

131 ©cnes
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WORKFLOW |A - Développement - Le bon modele

Input Cell N e U ra l N e two r kS Deep Feed Forward (DFF)

O Backfed Input Cell ©2019 Fodor van Vieen & Stefan Lefjnen  asimovinstitute.org
<* Théoréme du « No Free Lunch » (pas de déjeuner gratuit): o Pecepron®  Fetranin R v e
@ Probablistic Hidden Cell ) g) g)
En essence, ce théoreme statue qu'aucun modeéle ou algorithme ne fonctionne bien pour O mrntt o S o
tous les problémes. En d'autres termes, si un algorithme de machine learning fonctionne ® ourece e 816
. N\ . . . . . . Match Input Output Cell - 88
bien sur un type de probleme particulier, ¢a veut dire qu'il le paiera ailleurs et sera donc :M& o L
moins performant en moyenne sur le reste des problemes. :
¢ |l faut trouver la bonne architecture pour le probléeme abordé @ crasinee
Markov Chain (MC) Hopfield Network (HN)  Boltzmann Machine (BM)  Restricted BM (REM) Deep Belief Network (DBN)
» Définir le nombre de couches - o o
e £ % OSRAAR 88
» Définir le type de couches O\O 7 g o
o o
» Définir le type d’activation en sortie des couches DY ORGARNIN ORI W
AL AT H >2 > N = < >2 : ~, - <
> Définir les relations entre les couches e A X >§<g§@g£<
- o fd
X 0< 0 X0 SRR S8
Vet 2 G v 9 _ o >
+* Tout un pan de la recherche en IA: AutoML o ® ) re® e
Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)
|l s’agit d'automatiser la création de ces modeéles de Machine Learning. SRARAA
Evolution de l'intérét pour cette recherche ¥ O g ‘i'i‘i';"i'i‘i'/"i';‘

5

Attention Network (AN)

T T

1 nov. 2012 aolt 2015 1 mai 2018
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WORKFLOW IA - Développement - Attention a 'absence de sens commun / de généralisation

« Toute formule, si vaste soit-elle, impuissante a étreindre une Diversité qui n’a pas de limites, perd fatalement toute signification
quand on s'écarte beancoup des conditions on notre connaissance s'est formée », J.-H. Rosny

< Nos algorithmes se trompent parfois la ou un humain ne commettrait pas d'erreur.

< Les réseaux de neurones reconnaissent des objets mais ne savent pas les identifier. Ils ont appris des listes de noms, savent coller des étiquettes sur les objets,
sans les comprendre.

<  Aladifférence, 'lhumain comprend ce qu'il voit, d'un point de vue sémantique.

s Exemple:
> L’humain peut éventuellement confondre 2 animaux, mais pas un chat et une cafetiére, car ce sont deux domaines totalement différents.

> Pour un algorithme d'lA, en revanche, il n'y a pas plus de différence entre un chat et une cafetiere gu'entre un chat et un chien.

<+ Performants pour des taches simples et répétitives, les systemes d'lA n'ont en revanche aucune compréhension du monde qui les entoure, ou du contexte dans
lequel ils operent:
% Exemple:
> Apres les attentats de Londres en juin 2017, l'algorithme de tarification dynamique d'Uber avait commencé par doubler le tarif des courses dans la
zone concernée pour répondre a l'afflux de demandes. e ~

La capacite de généralisation est restreinte a son domaine d'apprentissage.

133 ©cnes
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WORKFLOW IA - Tests & Validations
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1| o PyTorch Lightning . Eeann
TensorFlow

A
& sciitimage ooy ﬂ |4l pandas @ciick Points

MODELE

Valldatlo_n avec les ’experts metier: PRE-PROD
* Revoir les donnees ?
* Revoir le modele ?

* Objectifs atteints ?

134 ©cnes
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WORKFLOW IA - Déploiement & Production

SELECTION DES DONNEES

PREPARATION DES DONNEES DEVELOPPEMENT / APPRENTISSAGE

obtenir le meilleur

L B B < N N N B B B B B B B B B B B B § |
[térations pour
obtenir le

! |
| | @ | co— I
: = dataset - modéle :
I ~ PRE I
, MODELE [l
| wwo: D g TRAITEMENT > ﬁ > > CANDIDAT I
: RAW DATA :
1 1
\ ¥4

____j .

MODELE

I TK)%{m N

Outils de traitement et de Q)v d'apprentissage aut
labellisation de données ¢’

A
I@ scikit-image G,‘,ﬁ;‘ A |:5| pandas @click Points]

| O PyTorch T o PyTorch Lightning @ {fean I

TensorFlow

MODELE
APPLICATIONS PRODUCTION

PRE-PROD
Une interface homme / machine simple de type plateforme 2

accessible via mobile ou ordinateur pour les usages de type «
aide a la decision » ou une interface évoluée pour les usages DEPLOIEMENT / PRODUCTION
de type « decision autonome »,

E
0]
<
>
C
()
=
o
Z
wn
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WORKFLOW IA - Inference and boarding

La recherche

EfficientNet-B7
841
AmoehgletA- ===="""" ‘AmoebaNet C
. ) _ _ . 27 NASNetA .t SENet
<> Although most developments will be made on HPC computing resources, their S =
. . . . > P
inference will have to run on low-energy, computational, and sometimes low-storage g | B 7 ResNeXt-101
3 N 2
means. &‘3 & Inception-ResNet-v2
7/ H . . ,;-
> It is necessary to migrate the models to embedded means (mobile, FPGA, Raspberry Srs) I ResNet.152 e e
Pl, etc.), and ensure low-energy inference costs. € | [l ‘DenseNet2o1 e g | e o
% BO - ResNeXt-101 (Xie et al., 2017)| 80.9% 84M
E® 1 .ResNet-SO ?}falri:ifl(llt{Nﬂ;Bls 2018) ?;;Z/v 141121;44
: . NASNet-A (Zo;;'h.-etal., 2018) 82:70/; 89M
3 EfficientNet-B4 82.6% 19M
- I' Inception-v2 GPipe (Huang etal, 2018) T | 84.3%  556M
NASNet-A Eflﬁqcitenltl:ltet(;B7 84.4% 66M
° ot plotte:
INTELLIGENT T ReSNet-.34 T T T T T T
A 0 20 40 60 80 100 120 140 160 180

= Number of Parameters (Millions)

ENGINES

VERSAL
ADAPTABLE
HARDWARE

Surface Pro 9

avec Neural Qualcomm Al Engine Xilinx Versal
Processor Unit

(NPU)
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Explicability

X Explainability is at the heart of transparency issues in Al algorithms.

o Some Al systems achieve excellent results, but the way they do it is still very opaque. They are referred to as "black boxes" because we
can measure what goes in and what comes out of the machine, but not the mechanism in between.

o "Once the neural network has learned to recognize something, a developer cannot see how it succeeded. It's like the brain: you can't cut
off the head and see how it works."

X For several decades, the issue of "black boxes" was not seen as crucial because "machine learning" was primarily a laboratory subject.
This is no longer the case today.

X5 Being able to explain what is happening is crucial for multiple uses, whether it is credit attribution, medical diagnosis, or autonomous
driving.
X In the absence of being able to explain the "reasoning" of deep learning algorithms, another approach is to make visible how they work.

ccccccccccccc

It is not a major problem. 1t is very satisfying to have an explanation, and it reassures bumans if an m
artificial intelligence system produces an explanation. But in the end, what we want is above all good '

reliability.“Yann LeCun

a ¥
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Energy impact

Training Al models is an energy-intensive process, especially during the training phase, which can last several days.

Several factors will influence the energy cost of the process:

S

X The size of the data: for a deep network to work well, it requires a vast amount of labeled data as a learning base (for image
processing, this is often counted in millions).

X The network architecture: the more complex the network architecture, the longer it will take to train.
> The type of task: the higher the level of the task, the longer the process will take.

X Optimization parameter decisions: It is not easy to find a stopping criterion, so it is common to let a program run for several
hours/days to see if the system improves.

The training phases require:

0

K Calculation: many dedicated processors (GPUs).
K Data: data centers that store the learning bases.

K Communication: network infrastructures to route data to computing centers.

0

0
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Energy impact - Cloud ?

Details about your algorithm

To understand how each parameter impacts
your carbon foolprint, check out the formula
below and the methods article.

Runtime (HH:MM) 24 | o B

Type of cores Both -
CPUs

Number of cores 12 3

Model Xeon E5-2683 v4 -
GPUs

Number of GPUs 2 o

Model NVIDIA Tesla Vioo  «

Memory available 64 =

(in GB)

Select the platform used for the
computations

Local server -

Select location

Europe -

France -

Do you know the real usage factor of your
CPU?

O Yes ® No

Do you know the real usage factor of your
GPU?

28.61 kWh
Energy needed

' C ‘ 1.11 kg CO2e +
=

Carbon footprint

& @& @~

6.37 km 2%
in a passenger car

1.22 tree-months

Carbon sequestration of a flight Paris-London

Share your results with this link!

Computing cores VS Memory

How the location impacts your
footprint

Memory CcPU
334% 12 6%

Emissions (gCOz2¢e)
&

=
=

o
A

GPU
841% @

HPC CNES

Details about your algorithm

To understand how each parameter impacts
your carbon footprint, check out the formula
below and the methods article

Runtime (HH:MM) 24 B o k

Type of cores Both -
CPUs

Number of cores 12 :

Model Xeon E5-2683 v4 -
GPUs

Number of GPUs 2 :

Model NVIDIA Tesla Vioo  ~

Memory available 6a .

(in GB)

Select the platform used for the
computations

Cloud computing -

Amazon Web Services -

Select location

Africa -

South Africa -

Do you know the real usage factor of your
CPU?

O Yes ® No

.+ CNes - -

AWS depuis Afrique du Sud

20.56 kWh
Energy needed

C > 10.08 kg CO2e +
T

Carbon footprint

& & @~

100.02 km 38%
in a passenger car

20.81 tree-months

Carbon sequestration of a flight Paris-London

Share your results with this link!

Computing cores VS Memory How the location impacts your

footprint

20k

i}
-

Memory CPU
334% 126%

Em\ssicnj (gCO2¢)
5
g

n
-

o c o« 5 ¥ x

GPU 7 7 2 2 £ 8

1% = ¥ 5 § a4 &£
. i B 2 :
t [

puUEURZING
uspans

wipnobe



http://www.green-algorithms.org/
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Comment faire de U'lA?

MACHINE LEARNING, ARTIFICIAL INTELLIGENCE, AND DATA (MAD) LANDSCAPE 2021

INFRASTRUCTURE ANALYTICS MACHINE LEARNING & ARTIFICIAL INTELLIGENCE APPLICATIONS - ENTERPRISE
STORAGE HADOOP =1 DATA LAKES DATA STREAMING / BI PLATFORMS VISUALIZATION DATASCIENCE DATA SCIENCE MLPLATFORMS. SALES - -B2c CUSTOMER EXPERIENCE / SERVICE HUMAN CAPITAL
. _ 4 ] VIAREHOUSES IN-MEMORY NOTEBOOKS PLATFORMS 3 828 ) i R s o nens "
.g,-"- A\ L | crovozra e | @databricks - © ... looker g o | ditobleau M Roen i v omace | ®databricks wDataRobot get e P RGNS IO AcTioN A - s [, aae
°o— n PR S = e wigecu’ @binder colab | & Rmme SR e P dica: sgmant  mixponel @ Amplituds @ MDA zendesk  @invi  @lrestresk g
B zoesnimm T thoughtspot =5 TS - —ymad ” @i mlas B spcmos QPglantr | L300 H,0.01 [ s somier e Ssense - S Ganohr foendo Suean
© pomesionice (dr!ﬂllo @ @ ” o ¥ = ° @ @on mya: gen
Pivotal sm O coaswes  GroGonis > vz 5] Gsas TIBCO & - P oo tactal [~] =
el i LB aseae aka | @ & — A P - tasacusa T o ; s Gy Aot @ | PR "
Jethre  EGeusmttm | ! fometen S [T S ——. ) 2y . ksl ccectueli]  ne » am e i S - st
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T o ! R e | | oA ———— neemEcns — ANANGE — AuToMaTION & RPA SECURITY
RDBMS —— NoSQL DATABASES NewSQL DATABASES : — GRAPHDBs ————— | DATAANALYST ANALYTICS —{ | DATA GENERATION MODEL BUILDING FEATURE STORE DEPLOY- MODEL —| | RAVEL emoisco | COMPLANGE | Ameten mam | oo o g | @vmms @iaiant @ @oasio N e
" DATABASES - & LABELLING MENT & PRO- MONITORING | | coomoamer ki | @ser v
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Which language ?
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Which framework ?
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