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Les athéniens sont des hommes
Donc les Athéniens sont mortels




Logician workingin the field
of computational neuroscience

e b ~ Neurop siologis’r

* Base de ~ and cybernetician
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* T955% McCar’rhy e’r ‘Marvin Minsky : pére de A
® 1956 : Conférence de Darmouth -> terme d’Intelligence artificielle
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Knowledge
from an expert

Non-expert
user Expert System _ - = \
] >
Query @ x*
E— g == "
2 Inference & Knowledge
E Engine Base
h % «
Advice

ZA
ORIGINAL PROGRAM DESCRIBED BY
JOSEPH WEIZENBAUM

IN THE COMMUNICATION OF THE ACM JANUARY 1966
BE SURE THAT THE CAPS LOCK IS ON
PLEASE DON'T USE COMMAS OR PERIODS IN YOUR INPUTS

HI! I'M ELIZA. WHAT'S YOUR PROBLEM?
? I AM TIRED
COME TO ME BECAUSE YOU ARE TIRED

I,0l
YOU HAVE ANY PSYCHOLOGICAL PROBLEMS?
COURSE
SAYING NO JUST TO BE NEGATIVE?

SURE?

G

® 1969 : Premier hiver dé |"|A‘I.’é.S|e‘ .ivre de M. Minsky
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Neocognitron: A Self-organizing Neural Network Model
for a Mechanism of Pattern Recognition
Unaffected by Shift in Position

Kunihiko Fukushima

NHK Broadcasting Science Researc

* 1986 : Hinton

* 1987

FORMATION MACHINE LEARNING




4
e *

Bl - Y
. 2 N ..‘_
k 3 |
i

\. &5,
& i

}:ﬂ. e \‘\ |
e < ;
FORMATION MACHINE Lerriins




Name of the Error on test set
algorithm

Supervision 2012 15.3%
Clarifai 2013 11.7%
GoogleNet 2014 6.66%
Humain level 5%

(Adrej Karpathy)

Microsoft 05/02/2015 4.94%

Google 02/03/2015 4.82%

Baidu/ Deep Image 10/05/2015 4.58%

\ ¥ . N 4 Shenzhen Institutes of 10/12/2015 3.57%
ImageNet: Classification. : Advanced Technology, (le CNN a 152

Chinese Academy of couches!)
# Give the name of the dominant object in the image Sciences

8 Top-5 error rates: if correct class is not in top 5, count as error Google Inception-v3
» Black:ConvNet, Purple: no ConvNet (Arxiv)

2012 Teams Y%error 2013 Teams %error 2014 Teams WMW (Momenta)
Supervision (Toronto) 15.3 Clarifai (NYU spinoff)  11.7 GoogLeNet
26.1 NUS (singapore) 12.9 VGG (Oxford)

26.9 Zeiler-Fergus (NYU) 13.5 MSRA

ek T
craytish ( orasshopper

S . it spider
= o ek XRCE/INRI/ 27.0 A. Howard 135 A. Howard

% UVA (Amsterdam)  29.6 OverFeat (NYU) 14.1 DeeperVision

INRIA/LEAR 334 UVA (Amsterdam)  14.2 NUS-BST

e gromse wpancs Gordon sstter” phac dobe 15.2 C-ECP
= e = VGG (Oxford) 152

VGG (Oxford) 23.0

® 2018 : Prix Turing a Hinton (google), Y. LeCun (facebook) et Y Bengio
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Input Image FCN-8s
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THE ULTIMATE GO CHALLENC [l
GAME3 OF 3 .

27 MAY 2017

®.-@e

Y AphaGo  Ke Jie

Winner of Match 3

RESULT B + Res




Examples of Main Areas

Examples of Sub Areas

Results

/ - Rules Engine & BPM . \
Deterministic Rules & - Automate Repetitive
Processes & Desicions Robotic Process (RPA) Task
-
| Chat Bots/Virtual Assist - )
erts
Robotics
Automated [ Simple Events ,
- E— = [ Complex Events (CEP) [ T J -
[ Deep Q&A System ¥
| Predictive Knowledge [ TexttoSpeech | Automated Speech |
4 I Management
Translation Automated \Writing J
-
Natural Language [ Speech to Text ]
Processing (NLP) Automated Grouping
-
. K /)[ Image to Text /
{ l [ Unsupervised Image Recognition \
1 Learning
Intelhgen e \ | Classify (Text, etc)
~
hi S
mni‘;; Rfmﬁgd Numeric Prediction Predictive
(ML) \ Classic Models Recommendation
_ (Bayes. GA, Probability Assessment RSC:ifeS- ::'-'Of‘s-ts
Supervised Regression, anking, Forecas
Source: \ Learning Trees, etc) Optimization (LP, etc.) /

vincejeffscom
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teIs que
I appre rganlsatlon de la
méemoire et Ie ralsonnement crlthue »

j FORMATION MACHINE LEARNING Marvin Minsky — 1927-2016
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inateurs la capacité
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( I"'inférence.




\ .. mais acces a des données massives a partir desquelles “apprendre”
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/) a résoudre une tache

18




Data Evgineers
Pata Analusts
Machine Learning Engineers

Data Scientists
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Intervention Intervention
humaine ¢ humaine ¢

Données de
sortie

Apprentissage

Apprentissage supervisé
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Donnees brutes
Raw Data .

- . e
0N redonNcantes, Cases vide

ArreuUrs

Data Set Données nettoyées

R 3 LA
(RN ) ¢ l,l’ SRallpy

Train Set Test Set Découpage de la base initiale n |
Enmtramement du modele parties | Train-set pour Fentrainement

Oes QoNNEESs NAN Connues
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CHOIX DE LA CLASSE DE FONCTIONS

Data generated from an unknown function with unknown noise

FORMATION MACHINE LEARINIS
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Constant least squares fit, RMSE = 0.915 Linear least squares fit, RMSE = 0.581

K CHOIX DE LA CLASSE DE FONCTIONS

O

6 6

j (©Balazs Kégl (©Balazs Kégl
Cubic least squares fit, RMSE = 0.339 Poly(9) least squares fit, RMSE =0

6 6 23

(©Balazs Kégl (©Balazs Kégl




\\} CHOIX DE LA CLASSE DE FONCTIONS

Data generated from an unknown function with unknown noise

O
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CHOIX DE LA CLASSE DE FONCTIONS

Const. least squares fit, training RMSE = 0.915, test RMSE = 1.067
4

i
4

6

(©Balazs Kégl

6

(©Balazs Kégl

Linear least squares fit, training RMSE = 0.581, test RMSE = 0.734

6

(©Balazs Kégl
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\\; SUR-ENTRAINEMENT /SOUS-ENTRAINEMENT

error rate
error rate

number of trees/epochs number of trees/epochs

S 2
© ©
bt
- =
e e
= =
] o

under-parameterised over-parameterised

number of trees/epochs

Trop de sur-entrainement (overfitting) / bon sur-entrainement (encore sous entrainement)

FORMATION MACHINE LEARNING
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DIVERSITE DU ML

Com pression (asification
sgnificative de g Découverte de d'images

donnée N structures

Visualsation de Détection de
fravdes

Big Data imension foe
y = Hidtationde i dongité
Garacenstiques

Systéme de
recommandation

Marketing ¢

cible Segmentation

dedientde

FORMATION MAC

Addkation
de dients

Prévisions
météorolog ique

Prévisions de
marché

Prédiction de

aokssance de Estimation de

popul ation duréedevie
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b Its an
eI apple!

These are

apples i ?

+ On utlse de oprentissage esf

o

efficace

® Exemple :

® Evaluer I'évolution du prix d’'une maison

® Accord ou non d’un prét
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Classification Regression
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Env«onnement
\J \
‘ RGCO g "
L —_ /;b@ S |
. \,' NSe 3
& * Décision prise er Inteprete ur \

optimal T |',I £
NSt
* Exemple : T

® IRobotique
* Alpha Go zero
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DIVERSITE DU ML : UN PAYSAGE VASTE

A

UNIVERSITE PARIS 1
PANTHEON SORBONNE

ECOLE DE MANAGEMENT
DE LA SORBONNE

MACHINE LEARNING

FORMATION MACHINE LEARNING

UNSUPERVISED
LEARNING
Group and interpret

data based only
on input data

SUPERVISED
LEARNING

Develop predictive
model based on both
input and output data

SEMI-SUPERVISED
LEARNING

REINFORCEMENT
LEARNING

ASSOCIATION

CLUSTERING

CLASSIFICATION

32




DIVERSITE DU ML : ET DE MULTIPLES MODELES

Image classification
Classification
Machine translation
Supervised learning
Stock prediction
Regression
Image masking

PCA

Dimension reduction
t-SNE(more for visualization)

Clustering

Unsupervised learning
Mutual information MINE/DIM

Representation learning Disentanglement VAE

Information bottleneck

GANs
Generative models
VAE

FORMATION MACHINE LEARNING
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- Nombre de points en fonction de la dimension

(©Harrison Prosper
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- Bordeaux
B . Toulouse

T=\v@eymont
E<e)

(vl(ﬂl‘.()wun

2
~
(o2
«©
—
™~
E
(a]

Strasbourg

Montpellier

Marseille

T
-4

On choisit 3 villes

ﬁ) FORMATION MACHINE LEARNING

Bordea
Toulouse
Y 5 - ... Montpellier

Marseille
¥

On affecte les villes
en minimisant la distance

Paris.
C Montpellier

Cleymont
Marseille

(ﬂb-'l‘()il?u”

On calcule le barycentre
Cette fois le centre des classe
n'est pas un individu




R

~ Calculer
classe

FORMATION MACHINE LEARNING

Dim 2 ( 18.97 %)

Strasbourg

Brest

Rennes

Nantes

Bordeaux
Paris s Joulouse

Vizisymont

(,vm'nt(h-;

on

Montpellier

Marseille

Nice

0 2

Dim 1 ( 79.85 %)




Nice

Bordeauyx

Mortpeler

O P.L:lr-w—xlir—

Inconvéni

® Il faut choisir & ¢

® Résultat qui dépen’d‘f‘«-- o

® Relancer plusieurs fois I'algo avec des centres différents
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Toux Fiévre Poids Douleur
Marie non oui normal gorge
Fred non oui normal abdomen
Julie oui oui maigre aucune
Elvis oui non obese poitrine

douleur?

abdomen gorge poitrine —aucune

R - T 5
abbendicite fievre 7 dnfancied

'

non oui

oui non .
/ <

rhasme wal de gorge

oui non
/ N

hetme '.'t:/ rocadssement
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Iris setosa

Iris

versicolor

Iris virginica |

FORMATION MACHINE LEARNING
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5.1 3.5 1.4 0.2 Iris setosa

7.0 3.2 4.7 1.4 Iris

versicolor

Iris
virginica

~lris versicol Iris virginica

FORMATION MACHINE LEARNING
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Iris versicol

pop = [0, 49, 5]

FORMATION MACHINE LEARNING

—

1S viradailinica T

pop = [0, 1, 45]

= ~ N [ ]
TOSA

Versicolor :

virginica :

.ioqle de 6.5

0/54=0

49/54 = 0.91 j

5/54 = 0.09

44




AA AA

A, A
A},AA

Petal lengt

v

Choepoooosoosooosovoovpoosoosoosooooooe

Sepal length
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n
=1- Z Pik>
k=1
pi x est le ratio du nombre
/\ d’individus de la classe k parmi
la population du i®™¢ noeud.
- 50
gini=1 - (150?2 (150) (150)

gini =1 —(50) ————= )

50
- )1 — gini = 1 _5_00_ (E) (100)

g gk T S5 o

Iris versicol Iris virginica : =
gini=1 ———(—) — (=) =0.043

16 \46/ 46)

pop = [0, 49, 5] pop = [0, 1, 45]
Gini = 0.168

FORMATION MACHINE LEARNING
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ARBRE DE DECISION, PURETE

\l ® La pureté représente le cout du noeud

mgauche Mdroite
(k) Ggauche 2k m Gdroite

0 {Ggauche /droite Mesure l'impureté du sous ensemble droite/gauche
u

Mgauche /droite €St la proportion de notre population du sous ensemble droite/gauche

j Sepal length > 6
- Ggauche = 0 pop = [50, 50, 50]
m Gini = 0.667
gauche — 50/150 -
Iris setosa Petal length > 5
pop =[50, 0, O] pop = [0, 50, 50]
Gini = 0.5

FORMATION MACHINE LEARNING

J(0) =2 0+ -2 0.5 =0.33

150 150

Garoite = 0.5

Maroite

=100/150

47




» = [0, 30, 50]

Gini = 0. Gini = 0.41 ~ Gini=047

O 100 =

o 50
0))=—0+—05=0.33
J(0) 150 ) J(0) = 041 + — 0.47 =
Gi=1- ) pi® §

150
150 150

FORMATION MACHINE LEARNING
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® décentralisation

ot prennent en compte les résultats de ces

* Les méthodes d’ensemble learning utilisent pls sieurs algo € ige €
modéles afin d’obtenir de meilleurs performances prédictives que les modéles pris séparément.
FORMATION MACHINE LEARNING
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1 1 1 o) 1
1 o) 1 o) 1 1
60% 60% 60% 60% 60% 100%

o)
o)
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.

Hard Voting Averageof 1=63%

Average of 0 = 36.6%
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Bagging

Dataset
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S e

Onginal dataset
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