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Définir l’intelligence artificielle

Une entreprise périlleuse!
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Acte de naissance
Conférence de Dartmouth en 1956...4 ans après le décès tragique de A. Turing
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Une définition · · · discutable !

Marvin Minsky
Science qui consiste à faire faire aux machines ce que
l’homme ferait moyennant une certaine intelligence.

Ecueils
I Récursivité de la définition : dépend da définition de l’intelligence

humaine
I Portée de “faire faire" ?
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L’héritage de Turing

Turing (1950) “Computing machinery and intelligence”:

I “Can machines think?” −→ “Can machines behave intelligently?”
I Test opérationnel : le jeu de l’imitation

AI SYSTEM

HUMAN

?        HUMAN
INTERROGATOR

I Turing a prédit qu’en 2000, une machine aurait une chance de 30% de tromper un
humain pendant 5 minutes.

I A anticipé tous les arguments contre l’IA dans les 50 ans suivants.
I A suggéré les composantes principales de l’IA : connaissances, raisonnement, TAL,

apprentissage

Problèmes : le test n’est ni reproductible, ni constructif, ni apte à une analyse mathématique
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Autres définitions· · · tout aussi discutables

I “Tout problème pour lequel il n’existe pas d’algorithme connu, ou de coût
raisonnable, relève de l’I.A.”

I “L’I.A. doit permettre de proposer des solutions logicielles permettant aux
programmes de raisonner logiquement”

I “L’IA est le domaine de l’informatique qui étudie comment faire faire à
l’ordinateur des tâches pour lesquelles l’homme est aujourd’hui encore le
meilleur”

I “Le but de l’Intelligence Artificielle est de construire un objet pouvant
réussir avec fiabilité le Test de Turing”

I “L’IA est ce qui est publié dans les conférences et journaux de l’IA”
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Un objet protéiforme
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Une histoire mouvemontée

1943 McCulloch & Pitts: Boolean circuit model of brain
1950 Turing’s “Computing Machinery and Intelligence”
1952–69 Look, Ma, no hands!
1950s Early AI programs, including Samuel’s checkers program,

Newell & Simon’s Logic Theorist, Gelernter’s Geometry Engine
1956 Dartmouth meeting: “Artificial Intelligence” adopted
1965 Robinson’s complete algorithm for logical reasoning
1966–74 AI discovers computational complexity
1969 Minsky and Papert’s “Group Invariance Theorem”

Neural network research almost disappears
1972 Prolog by Alain Colmerauer and Philippe Roussel
1969–79 Early development of knowledge-based systems
1980–88 Expert systems industry booms
1988–93 Expert systems industry busts: “AI Winter”
1985–95 Neural networks return to popularity (Geff Hinter is there!)
1988– Resurgence of probability; general increase in

technical depth (machine learning)
“Nouvelle AI”: ALife, GAs, soft computing

1995– Agents, agents, everywhere . . .
2006– Human-level AI and neural networks (deep learning)

back on the agenda (Geff Hinton is there!)
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Que sait on faire aujourd’hui ?

Jouer au Go - AlphaGo, le désormais retraité

Figure: Mars 2016. AlphaGo : 4 Lee Sedol (9 d) : 1
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Que sait on faire aujourd’hui ?

Jouer au Go - AlphaGo, le désormais retraité

Figure: 25 mai 2017. AlphaGo : 3 Kee Jie (9 d) : 0
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Que sait on faire aujourd’hui ?
Jouer au Poker ?

Figure: Libratus: heads-up, no-limit Texas Hold’em. Counterfactual Regret
Minimization (CFR)Jamal Atif (Université Paris-Dauphine) Intelligence Artificielle 30 mai 2017 9 / 44



Que sait on faire aujourd’hui ?
Conduire de façon autonome ?

Figure: Waymo Google Car
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Que sait on faire aujourd’hui ?

Converser ?
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Que sait on faire aujourd’hui ?

Traduire en temps réel ?
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Que sait on faire aujourd’hui ?

Dépasser les capacités humaines en reconnaissance de formes ?
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Que sait on faire aujourd’hui ?

I Composer de la musique ?
I Jouer à la bourse comme des traders professionnels ?
I Détecter des tumeurs ?
I Traduire l’activité cérébrale en signal moteur ?
I ...
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Raisons d’un engouement !

I Avancées dans l’ensemble des champs disciplinaires : Rep. des
connaissances (knowledge graph), raisonnement (complexité), SAT,
théorie de l’apprentissage, etc.

I Disponibilité de grandes masses de données
I Disponibilité des moyens de calcul
I Percée de l’apprentissage automatique et des modèles neuronaux profond
I Représentation des connaissances et raisonnement sur des données à

grande échelle
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Ouvrons la boite !

Apprentissage automatique
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Apprentissage automatique

Définition imprécise
Doter les machines de capacités

I d’extraction automatique de “connaissances” à partir de masses de
données

I et d’auto-amélioration à partir d’expérience

Définition moins imprécise (Tom Mitchell)

A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P , if its performance at tasks in T ,
as measured by P , improves with experience E.

Jeu de dame : T jouer au dame, P % de parties gagnées, E mouvements connus ou pratique
du jeu
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Grandes figures de l’apprentissage automatique

I Apprentissage supervisé
I Apprentissage non-supervisé
I Apprentissage par renforcement
I Apprentissage actif
I Transfert d’apprentissage, par analogie, de préférences, etc.
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Apprentissage supervisé
Principe: étant donné un échantillon de données étiquetées
S = {〈xi, yi〉}1···n, apprendre une fonction/densité de prob. de prédiction qui
lie les données aux étiquettes.

X 3 x h∈H−→
p(.,.)

y ∈ Y

I Y ≡ R : problème de régression
I Y ≡ ensemble discret(e.g. {0, 1}): problème de classification
I H peut être un espace fonctionnel ou de densités de probabilités
I Choix de la fonction de perte et du risque à minimiser (erreur en

généralisation) :

R(h) = E(x,y)∼D[`(h(x), y)] =

∫

X×Y
`(h(x), y)pXY (x, y)dxdy

I Minimisation du risque empirique

ĥ = argmin
h∈H

1

n

n∑

i=1

`(h(xi), yi)
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Apprentissage supervisé

Procédure

Apprentissage 6= mémorisation : généralisation vs spécialisation
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Apprentissage supervisé

Risque structurel
Soit une séquence infinie d’ensembles d’hypothèses ordonnés par inclusion,
H1 ⊂ H2 ⊂ · · · ⊂ Hm ⊂ · · ·

ĥ = argmin
h∈Hm,m∈N

1

n

n∑

i=1

`(h(xi), yi) + penalty(Hm,m)

I Garanties théoriques fortes
I Complexité de calcul
I Cadre pour la régularisation :

ĥ = argmin
h∈H

1

n

n∑

i=1

`(h(xi), yi) + λReg(h) (1)

ĥ = argmin
h∈H

1

n

n∑

i=1

`(h(xi), yi) + λ||h||0 (2)
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Apprentissage non-supervisé

Principe: étant donné un échantillon de données non-étiquetées
S = {xi, i = 1, · · · , n}, découvrir des régularités en créant des groupes
homogènes.

I Cadre théorique mal maîtrisé
I Challenge pour les années à venir
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Apprentissage par renforcement

Généralités
I Un agent, situé dans le temps et l’espace
I Evoluant dans un environnement incertain (stochastique)
I But : sélectionner une action à chaque pas de temps,
I · · · afin de maximiser une espérance du gain cumulé à horizon temporel

fini ou infini

Qu’apprend-on

une politique = stratégie = {état→ action}
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Allons plus profondément dans la boite !

Réseaux de neurones · · · profonds
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Anatomie (basique) d’une neurone

Figure: A neuron’s basic anatomy consists of four parts: a soma (cell body),
dendrites, an axon, and nerve terminals. Information is received by dendrites,
gets collected in the cell body, and flows down the axon.
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Neurone artificiel

Axon

Terminal Branches 
of Axon

Dendrites

S

x1

x2
w1

w2

wn
xn

x3 w3
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Perceptron

Rosenblatt 1957

Figure: Mark I Perceptron machine
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Perceptron
Apprentissage des poids wi

Règle de Hebb
En cas de succès, ajouter à chaque connexion quelque chose de proportionnel à
l’entrée et à la sortie.

Règle du perceptron : apprendre seulement en cas d’échec
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Apprentissage du Perceptron
Exemple : la fonction OR

Initialization: w1(0) = w2(0) = 1, w3(0) = −1
t w1(t) w2(t) w3(t) x(k)

∑
wix

k
i ỹ(k) y(k) ∆w1(t) ∆w2(t) ∆w3(t)

0 1 1 -1 001 -1 0 0 0 0 0
1 1 1 -1 011 0 0 1 0 1 1
2 1 2 0 101 1 1 1 0 0 0
3 1 2 0 111 3 1 1 0 0 0
4 1 2 0 001 0 0 0 0 0 0
5 1 2 0 011 2 1 1 0 0 0
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Perceptron : illustration

1 if a > 0
0 elsewhere

0

0

w1 = 1

w2 = 1

w3 = −1
1

a =
∑

iwixi

−1 ỹ = 0

y = 0

wi = wi + (y − ỹ)xi

w1 = 1 + 0 ∗ 0
w2 = 1 + 0 ∗ 0
w3 = −1 + 0 ∗ −1

x(1) = [0, 0]T t = 0
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1
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∑

iwixi
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y = 1
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0

w1 = 1
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1

a =
∑

iwixi
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y = 1

wi = wi + (y − ỹ)xi

w1 = 1 + 0 ∗ 0 = 1
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w3 = 0 + 0 ∗ 1 = 0
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Perceptron : illustration

1 if a > 0
0 elsewhere

1

1

w1 = 1

w2 = 2

w3 = 0
1

a =
∑

iwixi

ỹ = 1

y = 1

wi = wi + (y − ỹ)xi

w1 = 1 + 0 ∗ 0 = 1
w2 = 2 + 0 ∗ 1 = 2
w3 = 0 + 0 ∗ −1 = 0

x(4) = [1, 1]T t = 3

3
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Perceptron : capacité

0 1

0

1

0 1

0

1

OR(x1, x2) AND(x1, x2)
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Perceptron : capacité

0 1

0

1

XOR(x1, x2)
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Mais !

0 1

0

1

XOR(x1, x2)

AND(x̄1, x2)

A
N

D
(x

1
,x̄

2
)
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Perceptron Multi-Couches Paul Werbos, 84. Rumelhart, Hinton et al, 86

x1

x2

x3

xd

1
b

Input Layer

o1

om

Hidden layers

Output layer

1

Universal approximation theorem (Cybenko, 89; Hornik 91) :
Sous certaines conditions sur les fonctions d’activation, le PMC avec
une seule couche cachée composée d’un nombre fini de neurones, peut
approcher avec une erreur arbitraire toute fonction dans Rn
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PMC avec une couche cachée

w11

w
13

w
1d

w
12

w21

w22

w23

w
2d

w31

w32

w33

w
3d

w
n
1

w
n
2

w n
3

wnd

x1

x2

x3

xn

1 1
b

b2

Hidden Layer

w2
1

w2
2

w2
3

w2
d

h1

h2

h3

hd

hj(x) = g(b +
∑n

i=1 wijxi)

Output Layer
f(x) = o(b2 +

∑d
i=1 w2

1hi(x))

Input Layer
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PMC: entraînement par retropropagation
Chain rule généraliséeChain Rule in Flow Graph 
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PMC: entraînement par retropropagation
XOR
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PMC comme un réseau profond

PMC avec plus de 2/3 couches est un réseau profond
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D’où vient la rupture ?

Avant 2006, l’entraînement des architectures profondes était sans succès !
Bengio, Hinton, LeCun

Essouflement du gradient
I Avancées en optimisation stochastique
I Pré-entraînement non-supervisé

Sur-apprentissage
I Techniques de régularisation
I Stochastic “dropout"

Et surtout
I Disponibilité de très grandes masses de données
I Disponibilité de moyens de calcul
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Pré-entraînement non-supervisé

Idée principale
Initialiser le réseau de façon non-supervisée pas à pas
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Modèles dédiés : RBM, Auto-encodeurs, et plusieurs variantes
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Fine tuning

Comment ?
I Ajouter la couche de sortie
I Initialiser ses poids de façon aléatoire
I Mise à jour par rétropprogaration

x1
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Input Layer

Output Layer
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Drop out

Intuition
Régulariser le réseau en annulant aléatoirement des unités cachées.

Procédure
Affecter à chaque neurone caché une valeur 0 avec une probabilité p (choix
commun : .5)
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Input Layer

Output Layer
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Quelques réseaux d’intérêt
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Convolutional Neural Networks Lecun, 89–
Etat de l’art en vision et autres
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Convolutional Neural Networks Lecun, 89–
Etat de l’art en vision et autres

Convolutional Deep Belief Networks for Scalable Unsupervised Learning of Hierarchical Representations

are not conditionally independent of one another given
the layers above and below. In contrast, our treatment
using undirected edges enables combining bottom-up
and top-down information more e�ciently, as shown
in Section 4.5.

In our approach, probabilistic max-pooling helps to
address scalability by shrinking the higher layers;
weight-sharing (convolutions) further speeds up the
algorithm. For example, inference in a three-layer
network (with 200x200 input images) using weight-
sharing but without max-pooling was about 10 times
slower. Without weight-sharing, it was more than 100
times slower.

In work that was contemporary to and done indepen-
dently of ours, Desjardins and Bengio (2008) also ap-
plied convolutional weight-sharing to RBMs and ex-
perimented on small image patches. Our work, how-
ever, develops more sophisticated elements such as
probabilistic max-pooling to make the algorithm more
scalable.

4. Experimental results

4.1. Learning hierarchical representations
from natural images

We first tested our model’s ability to learn hierarchi-
cal representations of natural images. Specifically, we
trained a CDBN with two hidden layers from the Ky-
oto natural image dataset.3 The first layer consisted
of 24 groups (or “bases”)4 of 10x10 pixel filters, while
the second layer consisted of 100 bases, each one 10x10
as well.5 As shown in Figure 2 (top), the learned first
layer bases are oriented, localized edge filters; this re-
sult is consistent with much prior work (Olshausen &
Field, 1996; Bell & Sejnowski, 1997; Ranzato et al.,
2006). We note that the sparsity regularization dur-
ing training was necessary for learning these oriented
edge filters; when this term was removed, the algo-
rithm failed to learn oriented edges.

The learned second layer bases are shown in Fig-
ure 2 (bottom), and many of them empirically re-
sponded selectively to contours, corners, angles, and
surface boundaries in the images. This result is qual-
itatively consistent with previous work (Ito & Ko-
matsu, 2004; Lee et al., 2008).

4.2. Self-taught learning for object recognition

Raina et al. (2007) showed that large unlabeled data
can help in supervised learning tasks, even when the

3http://www.cnbc.cmu.edu/cplab/data kyoto.html
4We will call one hidden group’s weights a “basis.”
5Since the images were real-valued, we used Gaussian

visible units for the first-layer CRBM. The pooling ratio C
for each layer was 2, so the second-layer bases cover roughly
twice as large an area as the first-layer ones.

Figure 2. The first layer bases (top) and the second layer
bases (bottom) learned from natural images. Each second
layer basis (filter) was visualized as a weighted linear com-
bination of the first layer bases.

unlabeled data do not share the same class labels, or
the same generative distribution, as the labeled data.
This framework, where generic unlabeled data improve
performance on a supervised learning task, is known
as self-taught learning. In their experiments, they used
sparse coding to train a single-layer representation,
and then used the learned representation to construct
features for supervised learning tasks.

We used a similar procedure to evaluate our two-layer
CDBN, described in Section 4.1, on the Caltech-101
object classification task.6 The results are shown in
Table 1. First, we observe that combining the first
and second layers significantly improves the classifica-
tion accuracy relative to the first layer alone. Overall,
we achieve 57.7% test accuracy using 15 training im-
ages per class, and 65.4% test accuracy using 30 train-
ing images per class. Our result is competitive with
state-of-the-art results using highly-specialized single
features, such as SIFT, geometric blur, and shape-
context (Lazebnik et al., 2006; Berg et al., 2005; Zhang
et al., 2006).7 Recall that the CDBN was trained en-

6Details: Given an image from the Caltech-101
dataset (Fei-Fei et al., 2004), we scaled the image so that
its longer side was 150 pixels, and computed the activations
of the first and second (pooling) layers of our CDBN. We
repeated this procedure after reducing the input image by
half and concatenated all the activations to construct fea-
tures. We used an SVM with a spatial pyramid matching
kernel for classification, and the parameters of the SVM
were cross-validated. We randomly selected 15/30 training
set and 15/30 test set images respectively, and normal-
ized the result such that classification accuracy for each
class was equally weighted (following the standard proto-
col). We report results averaged over 10 random trials.

7Varma and Ray (2007) reported better performance
than ours (87.82% for 15 training images/class), but they
combined many state-of-the-art features (or kernels) to im-
prove the performance. In another approach, Yu et al.
(2009) used kernel regularization using a (previously pub-
lished) state-of-the-art kernel matrix to improve the per-

Convolutional Deep Belief Networks for Scalable Unsupervised Learning of Hierarchical Representations

Table 2. Test error for MNIST dataset

Labeled training samples 1,000 2,000 3,000 5,000 60,000
CDBN 2.62±0.12% 2.13±0.10% 1.91±0.09% 1.59±0.11% 0.82%
Ranzato et al. (2007) 3.21% 2.53% - 1.52% 0.64%
Hinton and Salakhutdinov (2006) - - - - 1.20%
Weston et al. (2008) 2.73% - 1.83% - 1.50%

faces cars elephants chairs faces, cars, airplanes, motorbikes

Figure 3. Columns 1-4: the second layer bases (top) and the third layer bases (bottom) learned from specific object
categories. Column 5: the second layer bases (top) and the third layer bases (bottom) learned from a mixture of four
object categories (faces, cars, airplanes, motorbikes).
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Third layer 0.95±0.03 0.81±0.13 0.87±0.15

Figure 4. (top) Histogram of the area under the precision-
recall curve (AUC-PR) for three classification problems
using class-specific object-part representations. (bottom)
Average AUC-PR for each classification problem.
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Figure 5. Histogram of conditional entropy for the repre-
sentation learned from the mixture of four object classes.

the posterior over class labels when a feature is ac-
tive. Since lower conditional entropy corresponds to a
more peaked posterior, it indicates greater specificity.
As shown in Figure 5, the higher-layer features have
progressively less conditional entropy, suggesting that
they activate more selectively to specific object classes.

4.5. Hierarchical probabilistic inference

Lee and Mumford (2003) proposed that the human vi-
sual cortex can conceptually be modeled as performing
“hierarchical Bayesian inference.” For example, if you
observe a face image with its left half in dark illumina-

Figure 6. Hierarchical probabilistic inference. For each col-
umn: (top) input image. (middle) reconstruction from the
second layer units after single bottom-up pass, by project-
ing the second layer activations into the image space. (bot-
tom) reconstruction from the second layer units after 20
iterations of block Gibbs sampling.

tion, you can still recognize the face and further infer
the darkened parts by combining the image with your
prior knowledge of faces. In this experiment, we show
that our model can tractably perform such (approxi-
mate) hierarchical probabilistic inference in full-sized
images. More specifically, we tested the network’s abil-
ity to infer the locations of hidden object parts.

To generate the examples for evaluation, we used
Caltech-101 face images (distinct from the ones the
network was trained on). For each image, we simu-
lated an occlusion by zeroing out the left half of the
image. We then sampled from the joint posterior over
all of the hidden layers by performing Gibbs sampling.
Figure 6 shows a visualization of these samples. To en-
sure that the filling-in required top-down information,
we compare with a “control” condition where only a
single upward pass was performed.

In the control (upward-pass only) condition, since
there is no evidence from the first layer, the second
layer does not respond much to the left side. How-
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tive. Since lower conditional entropy corresponds to a
more peaked posterior, it indicates greater specificity.
As shown in Figure 5, the higher-layer features have
progressively less conditional entropy, suggesting that
they activate more selectively to specific object classes.
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Lee and Mumford (2003) proposed that the human vi-
sual cortex can conceptually be modeled as performing
“hierarchical Bayesian inference.” For example, if you
observe a face image with its left half in dark illumina-
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umn: (top) input image. (middle) reconstruction from the
second layer units after single bottom-up pass, by project-
ing the second layer activations into the image space. (bot-
tom) reconstruction from the second layer units after 20
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tion, you can still recognize the face and further infer
the darkened parts by combining the image with your
prior knowledge of faces. In this experiment, we show
that our model can tractably perform such (approxi-
mate) hierarchical probabilistic inference in full-sized
images. More specifically, we tested the network’s abil-
ity to infer the locations of hidden object parts.

To generate the examples for evaluation, we used
Caltech-101 face images (distinct from the ones the
network was trained on). For each image, we simu-
lated an occlusion by zeroing out the left half of the
image. We then sampled from the joint posterior over
all of the hidden layers by performing Gibbs sampling.
Figure 6 shows a visualization of these samples. To en-
sure that the filling-in required top-down information,
we compare with a “control” condition where only a
single upward pass was performed.

In the control (upward-pass only) condition, since
there is no evidence from the first layer, the second
layer does not respond much to the left side. How-
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Réseaux récurrents : LSTM
Etat de l’art en TAL
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Inside AlphaGo
Combiner CNN, RL et MCTS
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Qu’y a t-il de profond en apprentissage profond
Paradigmes nouveaux vs anciens
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Conclusion

I Avancées considérables en reconnaissance de formes (solution au paradoxe
de Moravec ?)

I Continuum mathématique/informatique en apprentissage automatique
I Peu de compréhension des réseaux de neurones profonds : problèmes

d’interprétation et donc d’acceptabilité
I Le futur est pour la combinaison des approches
I Nous sommes loins de l’intelligence artificielle générale
I · · · un (petit) pas au travers du Deep Reinforcement Learning
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