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DEEP LEARNING DANS LE DOMAINE MEDICAL
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HUMANITY'S LASTHOPE ISN'T HUMAN




Artificial intelligence

Quelle est la machine la plus intelligente ?




Puissante
Portable
Economigue en énergie
Adaptable
Peut apprendre
Petite
Se répare
etc



Alzhelmer s came for my mother N
then my father and now, asI've (51! §
long dreaded, it’s come forme | . |-
B\I\ ’S FIONA PHILLIPS *52%° 4
Court hears crossbow attacker was egged on by digital ‘girfrien u

AL, CHATBOT TOLI]
WINDSOR INTRUDER
10 l(lLL THE 1

P SULPAGET __Onw e et ary

Artificial intelligence may take your job,

so political leaders need to start
d0|r~ .

== Klon Musk WARNING: Art1f1c1°‘

Intelligence could be an
‘TMMORTAL DICTATOR’

Hinton, LeCun, Bengio : la gwinitan

seviltodes: : it

THE

« conspiration » du deep learning DARK SIDE OF CHATGPT

EXPLORING THE POTENTIAL DANGERS
AND RISKS OF ARTIFICIAL INTELLIGENCE

LES REBELLES DE LA SCIENCE 9/10. Au début des années 2000, contre 1'opinion de leurs pairs,
trois chercheurs en intelligence artificielle ont remis au gofit du jour une voie jugée sans avenir :
les réseaux de neurones. Bytumerasherie



Artificial Intelligence

les robots

o

Nathaniel Rochester Marvin L. Minsky John McCarthy
Oliver G. Selfridge Ray Solomonoff Trenchard More Claude E. Shannon

"Everyaspect oflearningor any other feature of intelligence

canbe sopreciselydescribedthat a machine carfbe made tosimulateit. » (DartmouthProposal
1956)



Apprendre a resoudre des problemes
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Défis :

perception, traitement du
langage naturel, résolutior
de problémes du monde
réel, planification,
raisonnement, actions,
apprentissage autonome,
sens communeé

Source : https:/fowardsdatascience. cofthe -future-with-reinforcementleaming ~

877al17187d54



The 2024 physics laureates

The Nobel Prize in Physics 2024 was awarded to John J. Hopfield and
Geoffrey E. Hinton “for foundational discoveries and inventions that
enable machine learning with artificial neural networks.”

John Hopfield created an associative memory that can store and
reconstruct images and other types of patterns in data. Geoffrey Hinton
invented a method that can autonomously find properties in data, and so
perform tasks such as identifying specific elements in pictures.

John J. Hopfield and Geoffrey Hinton. Ill. Niklas Elmehed © Nobel Prize

Outreach

The 2024 chemistry laureates

The Nobel Prize in Chemistry 2024 was awarded with one half to David
Baker “for computational protein design” and the other half jointly to
Demis Hassabis and John Jumper “for protein structure prediction”.

Demis Hassabis and John Jumper have successfully utilised artificial
intelligence to predict the structure of almost all known proteins. David
Baker has learned how to master life’s building blocks and create entirely
new proteins.

David Baker, Demis Hassabis and John Jumper. Ill. Niklas ElImehed © Nobel

Prize Outreach



Artificial Neural Networks aka ANN

A McCulloch & Pitts, 1943 : le modeéle de neurone MCP

Input signals Bias
X Wiy Activation
- Function
sz Output
Input - X2 ‘ (p (' ) —’Yk
Signals —» De X Wk3
3
— Summing junction
—_ X4 Wk4
Synaptic Weights
Dendrites Soma Axon

Pour le neurone k :
Activation A=X . W+ X . Wio + X3 . Wig + X, . Wi, 2 by

SortieY,=3 ! ST

PEZE T

Transferfunction : 3 (x) = | EGE T




Artificial Neural Networks aka ANN

Pour le neurone k qui a n inputgre-synaptiques:
Uu 3 B Ox J

Code Python :

fori=1ton:

sum=sum-+ X* W,
sum=sum- |
y =activation_functiorgsum)



Activation function

Equation

|dentity

5 - | f(z) = 0 forz <0
nary step 11 forxz>0

Logistic (a.k.a. 1

Sigmoid or Soft / f(z) = o(z) = [1]

14ec
step)

(" =)
TanH f f(z) = tanh(z) = m
ArcTan / f(z) = tan"* ()
Rectified linear () — 0 forz<0
unit (ReLU)!"3! |z forz >0




Artificial Neural Networks aka ANN




Artificial Neural Networks aka ANN

AUnités simples, traitement paralléle distribué
ALa mise en r Aseau per met | ® AT
ALa connaissance : ensemble des poids du réseau

All faut entrainer le réseau : apprentissage souvent supervisé
A Entrainement = ajustement des poids du réseau
AErreur = différence entre sorties du réseau et sorties désirées



| The father of all ANN : The Perceptron

1957, Rosenblatt Functionto
il learn :
U/ 3
=
% /Q[ \T‘ n EEEES }5’ I
%\7’ = o
]
~ T 0
R Régled ®apprent.i c@xas b
wit+1) =wi(D) +T(d2 y) X @— .

with :
A d : sortie désirée
inputs W, 4
A vy : sortie du réseau @"’)

A T:tauxd ®apprent @,a/g

s:l

o




H X1 =[101010101]
W.,=[000000000]

T=05
X2 =[111010010]

X1=[1010101011;
X2=[1110100101;

W=[0 0000000 0];
%W = randn(9,1) ;
disp(W);

eta = 0.5;
dl = 1;
d2 = 0;

B N 8 o7 N

By o [000000000]

i=1;
while i < 10
iter = sprintf('EPOQUE n. %d',1i);
disp("

e s - 0 0 1 -1 -05 [-0.5-0.5-0.5 0-0.500-0.50]
if A>=0 =1;

clse y - o 1 15 0 1 05 [0-0.500000.50.50.5]
e ety iy ;e e O -1 0 0 © [0-0.500000.50.5 0.5]
disp((W'));

N 1 1 0 0 [0-0.50000 0.50.5 0.5]

if A>=0 y = 1 ;
else y = @;
end
fprintf('Presnetation X2 lettre T., output reseau: %d\n',y);
W=W + (eta x (d2-y))*X2;
disp(W');
i=i+1;
end



Le Perceptroncomplexifié: MLP

MLP = perceptron
+ couches cachées pour complexifietes frontieres de deécision
+ fonction d®act i déavationosigmaideitanih n
+ backpropagation J



Rétropropagation, principes :

12 Delacouched ®e n & la d9uwche de sortie | ® e nest prédpagée de couchesen couches

2 2 Calculde la sortie du réseau

32 Calculde | ® e r(sorgeuwddsirée? sortie du réseau)

4 2 Mise a jour despoids de la couche de sortie en fonction de leur contribution al ®er r eur
Puis : mise 0 jour des poids des couches i nf
leur contribution @ | a contri buti onl ®lk rdeaonte, usgtalaicduché i o n o)
d®entr Ae

Neural Network — Backpropagation gm

—_—
. Forword Propagation

Input Layer Hidden Layer Output Layer

—

. 1 Error Estimation
s - ot O — —
. S -
2&3

© machinelearningknowledge.ai



Groupe d'Amis Réseau de Neurones

Mauvoise .
g

Comparer ['Erreur

 Réévaluer B2 C3 \‘ RETROPROPAGATION - Prédiction

Remonter et Corriger « Erronée

* Réévaluer Bs C?
* Ajuster Confiance

» Ajuster Confiance

* Corriger le Tir



L2 Yann LeCun est avec Yoshua Bengio.
27 mars, 12:27 - &

Official citation from the Association for Computing Machinery for the

Deep Learning

A « Brain » / « Cognition» inspired

Yoshua Bengio Geoffrey Hinton Yann LeCun

A MLP with many layers + modified architeCture e o . ins revoltion Receive ACM A,

Turing Award

Q0% 27K 132 commentaires 468 partages

A Hierarchicalrepresentationof informationthrough the layers
(see visual cortex for example

A Modified neurons (eg. : ReLUunits)

A Lessweights, more learning!

A Krizhevskyet al. (2012): won thelmageNetchallenge with AlexNet similarto
LeNet (LeCun 1998)




2010 : Larévolution du Deep Learning

Deep neural
networks learn
hierarchical feature
representations

hidden layer 1  hidden layer 2 hidden layer 3
/M

input layer

output layer

Source : LeCun et al.

) (2015)




Figure 5.2. The visual world forms a spatial hierarchy of visual modules: hyperlocal edges combine into local objects
such as eyes or ears, which combine into high-level concepts such as “cat.”

“Cat ”
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Une inspiration pour les machines

profondes
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Computer and images

picture red green blue

H 227x227 uint8

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 | 21 22
1 125 127 126 125 122 123 122 120 119 120 118 118 119 120 122 128 152 164 163 163 163 162
2 125 125 124 124 122 122 122 119 116 116 117 118 118 118 119 130 158 164 165 165 162 162
S 128 123 122 121 121 123 122 118 113 114 115 116 117 117 118 129 159 165 167 165 162 163
4 128 122 120 120 119 120 120 118 115 116 115 114 116 117 116 137 164 170 168 167 162 164
5 129 124 122 121 119 121 120 119 117 118 117 114 113 114 116 142 168 171 170 168 166 167
6 128 125 123 122 119 118 118 118 116 118 117 120 116 115 115 146 172 172 170 171 171 170
7 125 125 123 122 121 118 118 116 114 116 114 115 113 113 119 153 168 175 174 173 173 173
8 125 124 125 122 118 118 116 114 112 113 114 113 111 112 128 157 167 170 173 177 175 177
9 126 122 122 119 117 119 114 114 115 112 115 113 110 111 130 157 165 166 169 176 181 183
10 128 125 122 121 119 118 114 114 115 114 113 111 111 111 134 157 163 166 168 170 176 182
11 129 127 125 121 119 118 117 115 111 112 111 110 112 110 138 155 160 163 165 167 172 176
12 128 123 124 122 120 118 117 116 110 110 110 111 111 113 139 155 158 162 164 165 167 171
13 133 125 126 123 119 118 115 111 107 109 110 110 110 113 139 154 156 160 164 165 168 168
14 134 128 125 121 118 119 114 110 109 107 108 110 109 109 135 152 154 158 162 164 164 167
15 131 127 126 122 118 117 116 113 112 109 106 108 108 107 133 150 152 158 159 162 163 166
16 131 127 127 122 121 119 117 112 112 110 109 108 107 105 127 149 150 155 156 161 163 163
17 134 129 127 123 121 118 115 112 110 110 110 107 108 105 121 144 148 152 155 159 161 163
18 134 130 127 124 121 116 113 111 109 108 106 105 109 108 115 138 146 148 150 149 147 151
19 133 131 128 127 121 114 113 112 107 107 106 107 106 105 111 134 142 144 143 143 145 145
20 134 132 127 126 121 115 110 110 108 108 106 107 105 105 107 128 141 140 139 147 150 151
21 135 133 127 124 118 115 111 109 109 107 105 105 104 105 105 112 135 138 141 147 150 150
22 137 132 126 123 117 115 111 111 109 107 105 103 104 104 105 105 118 133 141 147 146 149
23 135 129 127 124 120 115 108 109 109 107 105 102 104 104 103 106 111 116 133 143 140 141
24 136 132 130 127 119 115 110 107 107 107 105 102 102 104 102 105 111 113 115 132 140 135
25 137 133 129 124 118 116 112 108 106 106 104 102 101 101 102 104 111 112 111 116 136 141

Whatwe see What computers see

Image of dimension N*M tensorof N * M * 3integers between 0 and 255
(for 8-bits RGB images)



-olutional Neural Networks aka CNN

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT 6@28x28
32x32 C5: layer F6: layer OUTPUT
120 84 10

S2: f. maps
6@14x14

LeNet-5

‘ Full coanection ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

& e el

answer: 0
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Convolution Layer

Input Feature Map Output Feature Map

EEE—

« receptive field »

Input Feature Map

3|5 |2 |8 |1 | convolutional Filter
97|54 |3
2|06 (1|6
63|79 |2
Input Feature Map
11419 |5 |1 axi | sx0 |20 | 8 | 1 Output Feature Map
‘ ’ SRSy 4 | 3 3+0+0+9+7+0+0+0+6 25|18 |17
2x0 | 0x0 | 6x1 | 6 18122 |14
. 6l3l7 92 20 (15|23
1149 |5 |1




Input image

10x10

Feature map

Kernel Hidden neuron



1x1

1x0

1x1

0x0

1x1

1x0

Ox1

0x0

1x1




Convolution Layer : the feature detector

0110 310 |0
101101 I3]0 |0
0olo |0 110
x 11 (1 (1] — 110
oo |o 110

Input filter (weightg feature map



Pooling Layer

ADownsamplingthe feature maps by associatingwith a
smallerfilter a single value

(eg : max-pooling with 2*2 filter)

A Saves computation time, reduces dimensions, butpreserves
critical features

Input
/|35 |2 Output
8(7]1]6 maxpool 8|6
>
4191319 919
08|45




Convolution Layer HMaxpool layer

0110 3o |0 2 1o
clofilo] =~ BTolo|l ~“hHtg
ol1 [o

3|0 |0
0 10
11
* (1 ]1 |1] — 10|~y
0 10

Input filter (weight9 feature map maxpool



Fully connected layers

AEnd of CNN : one or morefully connected layers

A Performsclassificationbased on the features extracted by the
convolutions.

AOutputs a probability value from 0 to 1 for each of the
classification labels the CNN is trying to predict

AOne output neuron / category to include

C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5
3232 6@28x28

S2: f. maps

6: layer O
84 1

UTPUT
0

—

ussian connections

‘ Full coanection ‘ Ga
Convolutions Subsampling

Convolutions  Subsampling Full connection



Online demo : OCR withConvNets

Convolution layer 1,
filter 2, unit 116

tors

3|

SEecor. | Juess: ! i

HaVer vistbility

https://adamharley.commn_vigcnn/2d.html




ConvNetsfor image recognition

CNN builds up more and more abstract Output : probability of
representationsof the image each category
-
Conv. Module #1 Conv. Module #2 Classification

output: cat? (y/n)

conv2d maxpool conv2d maxpool fully fully
Input + ReLU + RelLU connected  connected



<"favgevkgp"”

|
Source https://www.youtube.com/watch 2v=h08NO HX16|&GrahamML


https://www.youtube.com/watch?v=h08N0HX16l8

Démo :Quickdraw(AlExperiments
Google)
https://quickdraw.withgoogle.com




m How do | get my crush to like me?

D e m O : C h atG PT Getting someone to like you

compatibility and timing. However, there are some things you can d

can be difficult, as it depends on many factors such as

o increase the

chances of your crush dev p

ing feelings for

Please write a dOg food advertisement in a magazine read by dOgS * Be confident: Confidence is attractive, so try to be comfortable in your own skin and

believe in yourself

Show interest: Let your crush know that you are interested in them by flirting, making eye

contact, and showing genuine interest in their life and interests

Be a good listener: Show your crush that you value what they have to say by actively

. i X . ’ listening to them and asking qu ons.
"WOOf! Are VOU t|red Of the same Old klbble daV after day’ SWltCh thlngs up Wlth our Be kind and respectful: Treat your crush and others with kindness and respect, as people

display good character.

delicious and nutritious dog food! Made with high-quality ingredients, our food will keep are more [ikely.to be atiracted to ti

Be yourself: Don't try to be som

¥ : A : - you're not in order to impress your crush, as
your tail wagging and your taste buds satisfied. Plus, our specially-formulated recipes

ultimately, they will appreciate the real you

cater to dogs of all sizes and breeds, so every pup can enjoy a hearty meal. Try it today = = . .
my creativity and ability to come up with new ideas?"
and see the difference it makes in your dog's health and happiness. Order now and

receive a free bag Of treats Wlth your purchase' WOOf WOOf'" Sure! Here are some sample behavioral interview questions about your ability to create

and execute successful marketing campaigns:

at is the diameter of an apple divid _ S " ;
1. Can you describe a time when you had to develop and implement a marketing

campaign from start to finish? What was the campaign for, and what were the results?

research when planning a marketing

continue this guitar pattern you use to gather information?

hannels will be most effective for a

campaign where you had to make this

rketing campaign? What metrics do you use,
---------------------- future campaigns?

imates and the

________ be creative in order to solve a problem or

ow did your solution impact the campaign's

So, If Earth h pple, th Id be thinner than the ap v arketing campaigns? What methods do you
ncepts?
hat you led that required you to work with a

if the Earth was th h n dep d be much thicker than 5 s iy S e .
was on the same page and working towards

marketing trends and best practices? How do

campaigns?

S e e e R e e e T e e
B4 641242641464 tx—8
G|l =325 7—5-3--5-7--5-3-5-7--5-9-%- 10—
Dj|-3-5-7-5-3-5-7-53 5 7 5. 5 x. 8 . .

dimensions or points should | include in my

a marketing campaign that required
hctions you took to ensure that the team was

. Here are some dimensions or points that

This is an example of how the pattern could continue, but please note that it may not match icated the campaign objectivesianc

3 ‘ bpt everyone informed about progress and any
the desired style or genre of music.



