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Outline

1.  La perspective de l’Intelligence Artificielle
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3.  L’induction d’arbres de décision

4.  L’induction d’arbres de régression

5.  Les forêts aléatoires



4 / 107

L’IA/AA dans tous les médias aujourd’hui

• L’AA dans tous les médias aujourd’hui
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Que savez-vous de l’IA ?

• Aide à la décision

– Robotique

• Pour la médecine

• Chatbot : assistant intelligent, conversation

– Analyse de texte (Traitement automatique du langage)

– La décision

• Apprentissage par l’expérience : à partir de données, interactions avec le 
monde

– Réseaux de neurones

– Prédiction

• Diagnostics en médecine

• Repliement de la protéine
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Que savez-vous de l’histoire de l’IA ?

• Date de naissance du terme IA ?

– 1956 : workshop à Dartmouth college

• Démonstration automatique de théorème
• Souris cybernétique
• GPS : General Problem Solver

• (1956 – 1968) I = méthodes générales de raisonnement 
(résolution de problème)

– Jeux  



7 / 107

D’où vient l’I.A. ?

Les pionniers : réseaux de neurones
et raisonnement

(1956 – 1969)



L’espoir

L’intelligence met en jeu 

des processus généraux de raisonnement

8
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Raisonnement / résolution de problèmes

• Recherche dans un graphe
10

5.1 The Logic Theorist and Heuristic Search

Figure 5.2: The eight-puzzle.

with. I will represent the starting position by the following structure, which is
a list of three sublists:

((2, 8, 3), (1, 6, 4), (7, B, 5)).

The first sublist, namely, (2, 8, 3), names the occupants of the first row of the
puzzle array, and so on. B stands for the empty cell in the middle of the third
row.

In the same fashion, the goal configuration is represented by the following
structure:

((1, 2, 3), (8, B, 4), (7, 6, 5)).

Next, we have to show how a computer can transform structures of the
kind we have set up in a way that corresponds to the allowed moves of the
puzzle. Note that when a tile is moved, it swaps places with the blank cell;
that is, the blank cell moves too. The blank cell can either move within its row
or can change rows.

Corresponding to these moves of the blank cell, when a tile moves within
its row, B swaps places with the number either to its left in its list (if there is
one) or to its right (if there is one). A computer can easily make either of
these transformations. When the blank cell moves up or down, B swaps places
with the number in the corresponding position in the list to the left (if there is
one) or in the list to the right (if there is one). These transformations can also
be made quite easily by a computer program.

Using the Newell and Simon approach, we start with the symbol structure
representing the starting configuration of the eight-puzzle and apply allowed
transformations until a goal is reached. There are three transformations of the
starting symbol structure. These produce the following structures:

((2, 8, 3), (1, 6, 4), (B, 7, 5)),

((2, 8, 3), (1, 6, 4), (7, 5, B)),

and
((2, 8, 3), (1, B, 4), (7, 6, 5)).
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5 Early Heuristic Programs

None of these represents the goal configuration, so we continue to apply
transformations to each of these and so on until a structure representing the
goal is reached. We (and the computer) can keep track of the transformations
made by arranging them in a treelike structure such as shown in Fig. 5.3.
(The arrowheads on both ends of the lines representing the transformations
indicate that each transformation is reversible.)

Figure 5.3: A search tree.

This version of the eight-puzzle is relatively simple, so not many
transformations have to be tried before the goal is reached. Typically though
(especially in larger versions of the puzzle), the computer would be swamped
by all of the possible transformations – so much so that it would never
generate a goal expression. To constrain what was later called “the
combinatorial explosion” of transformations, Newell and Simon suggested
using “heuristics” to generate only those transformations guessed as likely to
be on the path to a solution.

In one of their papers about LT, they wrote “A process that may solve a
problem, but o↵ers no guarantees of doing so, is called a heuristic for that
problem.” Rather than blindly striking out in all directions in a search for a
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Premier connexionnisme : le perceptron

• Frank Rosenblatt (1958 – 1962)

Ψ(x) =
n∑

i=1

wi φi(x)
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The perceptron: a linear discriminant

w
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even simple methods for regularization, such as weight decay, led
to models with surprisingly good generalization.
Even more surprising, stochastic gradient descent of nonconvex

loss functions was rarely trapped in local minima. There were long
plateaus on the way down when the error hardly changed, followed
by sharp drops. Something about these network models and the
geometry of their high-dimensional parameter spaces allowed them
to navigate efficiently to solutions and achieve good generalization,
contrary to the failures predicted by conventional intuition.
Network models are high-dimensional dynamical systems that

learn how to map input spaces into output spaces. These functions
have special mathematical properties that we are just beginning
to understand. Local minima during learning are rare because in
the high-dimensional parameter space most critical points are
saddle points (11). Another reason why good solutions can be
found so easily by stochastic gradient descent is that, unlike low-
dimensional models where a unique solution is sought, different
networks with good performance converge from random starting
points in parameter space. Because of overparameterization (12),
the degeneracy of solutions changes the nature of the problem
from finding a needle in a haystack to a haystack of needles.
Many questions are left unanswered. Why is it possible to

generalize from so few examples and so many parameters? Why
is stochastic gradient descent so effective at finding useful func-
tions compared to other optimization methods? How large is the
set of all good solutions to a problem? Are good solutions related
to each other in some way? What are the relationships between
architectural features and inductive bias that can improve gener-
alization? The answers to these questions will help us design better
network architectures and more efficient learning algorithms.
What no one knew back in the 1980s was how well neural net-

work learning algorithms would scale with the number of units and
weights in the network. Unlike many AI algorithms that scale com-
binatorially, as deep learning networks expanded in size training
scaled linearly with the number of parameters and performance
continued to improve as more layers were added (13). Furthermore,

the massively parallel architectures of deep learning networks can
be efficiently implemented by multicore chips. The complexity of
learning and inference with fully parallel hardware is O(1). This
means that the time it takes to process an input is independent of
the size of the network. This is a rare conjunction of favorable
computational properties.
When a new class of functions is introduced, it takes genera-

tions to fully explore them. For example, when Joseph Fourier
introduced Fourier series in 1807, he could not prove conver-
gence and their status as functions was questioned. This did not
stop engineers from using Fourier series to solve the heat equation
and apply them to other practical problems. The study of this class
of functions eventually led to deep insights into functional analysis,
a jewel in the crown of mathematics.

The Nature of Deep Learning
The third wave of exploration into neural network architectures,
unfolding today, has greatly expanded beyond its academic ori-
gins, following the first 2 waves spurred by perceptrons in the
1950s and multilayer neural networks in the 1980s. The press has
rebranded deep learning as AI. What deep learning has done for
AI is to ground it in the real world. The real world is analog,
noisy, uncertain, and high-dimensional, which never jived with
the black-and-white world of symbols and rules in traditional AI.
Deep learning provides an interface between these 2 worlds. For
example, natural language processing has traditionally been cast
as a problem in symbol processing. However, end-to-end learning
of language translation in recurrent neural networks extracts both
syntactic and semantic information from sentences. Natural lan-
guage applications often start not with symbols but with word
embeddings in deep learning networks trained to predict the next
word in a sentence (14), which are semantically deep and represent
relationships between words as well as associations. Once regarded
as “just statistics,” deep recurrent networks are high-dimensional
dynamical systems through which information flows much as elec-
trical activity flows through brains.

Fig. 3. Early perceptrons were large-scale analog systems (3). (Left) An analog perceptron computer receiving a visual input. The racks contained poten-
tiometers driven by motors whose resistance was controlled by the perceptron learning algorithm. (Right) Article in the New York Times, July 8, 1958, from a
UPI wire report. The perceptron machine was expected to cost $100,000 on completion in 1959, or around $1 million in today’s dollars; the IBM 704 computer
that cost $2 million in 1958, or $20 million in today’s dollars, could perform 12,000 multiplies per second, which was blazingly fast at the time. The much less
expensive Samsung Galaxy S6 phone, which can perform 34 billion operations per second, is more than a million times faster. Reprinted from ref. 5.
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Figure 10.19 : Article du New York Times daté du 8 juillet 1958 parlant du perceptron et de
son financement. Les ordinateurs les plus puissants de l’époque (l’IBM 704 coûtant
à l’époque 2 000 000 de dollars(20 000 000 aujourd’hui)) ne pouvaient pas réaliser
plus de 12 000 multiplications/seconde (un smartphone d’aujourd’hui, en 2020 peut
en réaliser environ 35 milliards !). Le perceptron était donc réalisé sur une machine
de type analogique, dont le coût à l’époque était de 100 000 dollars, soit environ
1 000 000 aujourd’hui. On notera le ton de l’article bien proche des articles actuels
sur le « deep learning » :
La marine a révélé aujourd’hui l’existence d’un ordinateur électronique, embryon
d’une machine qui, selon elle, pourra marcher, parler, voir, écrire, se reproduire et
être conscient de son existence. L’embryon, l’ordinateur « 704 » du bureau météo-
rologique à 2 000 000 dollars, a appris à différencier la droite de la gauche après
une cinquantaine de tentatives dans la démonstration de la marine à destination
des journalistes. Le service a déclaré qu’il utiliserait ce principe pour construire la
première de ses machines à penser Perceptron qui sera capable de lire et d’écrire.
Elle devrait être terminée dans un an environ, pour un coût de 100 000 dollars. Le
Dr Frank Rosenblatt, concepteur du Perceptron, a effectué la démonstration. Il a
affirmé que la machine serait le premier appareil à penser comme le cerveau humain.
Comme les êtres humains, le Perceptron fera des erreurs au début mais deviendra
plus performant au fur et à mesure qu’il gagnera en expérience, a-t-il dit. Le Dr Ro-
senblatt, un psychologue au Cornell Aeronautical Laboratory, à Buffalo, a déclaré
que les Perceptrons pourraient être lancés sur les planètes en tant qu’explorateurs
mécaniques de l’espace.
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even simple methods for regularization, such as weight decay, led
to models with surprisingly good generalization.
Even more surprising, stochastic gradient descent of nonconvex

loss functions was rarely trapped in local minima. There were long
plateaus on the way down when the error hardly changed, followed
by sharp drops. Something about these network models and the
geometry of their high-dimensional parameter spaces allowed them
to navigate efficiently to solutions and achieve good generalization,
contrary to the failures predicted by conventional intuition.
Network models are high-dimensional dynamical systems that

learn how to map input spaces into output spaces. These functions
have special mathematical properties that we are just beginning
to understand. Local minima during learning are rare because in
the high-dimensional parameter space most critical points are
saddle points (11). Another reason why good solutions can be
found so easily by stochastic gradient descent is that, unlike low-
dimensional models where a unique solution is sought, different
networks with good performance converge from random starting
points in parameter space. Because of overparameterization (12),
the degeneracy of solutions changes the nature of the problem
from finding a needle in a haystack to a haystack of needles.
Many questions are left unanswered. Why is it possible to

generalize from so few examples and so many parameters? Why
is stochastic gradient descent so effective at finding useful func-
tions compared to other optimization methods? How large is the
set of all good solutions to a problem? Are good solutions related
to each other in some way? What are the relationships between
architectural features and inductive bias that can improve gener-
alization? The answers to these questions will help us design better
network architectures and more efficient learning algorithms.
What no one knew back in the 1980s was how well neural net-

work learning algorithms would scale with the number of units and
weights in the network. Unlike many AI algorithms that scale com-
binatorially, as deep learning networks expanded in size training
scaled linearly with the number of parameters and performance
continued to improve as more layers were added (13). Furthermore,

the massively parallel architectures of deep learning networks can
be efficiently implemented by multicore chips. The complexity of
learning and inference with fully parallel hardware is O(1). This
means that the time it takes to process an input is independent of
the size of the network. This is a rare conjunction of favorable
computational properties.
When a new class of functions is introduced, it takes genera-

tions to fully explore them. For example, when Joseph Fourier
introduced Fourier series in 1807, he could not prove conver-
gence and their status as functions was questioned. This did not
stop engineers from using Fourier series to solve the heat equation
and apply them to other practical problems. The study of this class
of functions eventually led to deep insights into functional analysis,
a jewel in the crown of mathematics.

The Nature of Deep Learning
The third wave of exploration into neural network architectures,
unfolding today, has greatly expanded beyond its academic ori-
gins, following the first 2 waves spurred by perceptrons in the
1950s and multilayer neural networks in the 1980s. The press has
rebranded deep learning as AI. What deep learning has done for
AI is to ground it in the real world. The real world is analog,
noisy, uncertain, and high-dimensional, which never jived with
the black-and-white world of symbols and rules in traditional AI.
Deep learning provides an interface between these 2 worlds. For
example, natural language processing has traditionally been cast
as a problem in symbol processing. However, end-to-end learning
of language translation in recurrent neural networks extracts both
syntactic and semantic information from sentences. Natural lan-
guage applications often start not with symbols but with word
embeddings in deep learning networks trained to predict the next
word in a sentence (14), which are semantically deep and represent
relationships between words as well as associations. Once regarded
as “just statistics,” deep recurrent networks are high-dimensional
dynamical systems through which information flows much as elec-
trical activity flows through brains.

Fig. 3. Early perceptrons were large-scale analog systems (3). (Left) An analog perceptron computer receiving a visual input. The racks contained poten-
tiometers driven by motors whose resistance was controlled by the perceptron learning algorithm. (Right) Article in the New York Times, July 8, 1958, from a
UPI wire report. The perceptron machine was expected to cost $100,000 on completion in 1959, or around $1 million in today’s dollars; the IBM 704 computer
that cost $2 million in 1958, or $20 million in today’s dollars, could perform 12,000 multiplies per second, which was blazingly fast at the time. The much less
expensive Samsung Galaxy S6 phone, which can perform 34 billion operations per second, is more than a million times faster. Reprinted from ref. 5.
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Figure 10.19 : Article du New York Times daté du 8 juillet 1958 parlant du perceptron et de
son financement. Les ordinateurs les plus puissants de l’époque (l’IBM 704 coûtant
à l’époque 2 000 000 de dollars(20 000 000 aujourd’hui)) ne pouvaient pas réaliser
plus de 12 000 multiplications/seconde (un smartphone d’aujourd’hui, en 2020 peut
en réaliser environ 35 milliards !). Le perceptron était donc réalisé sur une machine
de type analogique, dont le coût à l’époque était de 100 000 dollars, soit environ
1 000 000 aujourd’hui. On notera le ton de l’article bien proche des articles actuels
sur le « deep learning » :
La marine a révélé aujourd’hui l’existence d’un ordinateur électronique, embryon
d’une machine qui, selon elle, pourra marcher, parler, voir, écrire, se reproduire et
être conscient de son existence. L’embryon, l’ordinateur « 704 » du bureau météo-
rologique à 2 000 000 dollars, a appris à différencier la droite de la gauche après
une cinquantaine de tentatives dans la démonstration de la marine à destination
des journalistes. Le service a déclaré qu’il utiliserait ce principe pour construire la
première de ses machines à penser Perceptron qui sera capable de lire et d’écrire.
Elle devrait être terminée dans un an environ, pour un coût de 100 000 dollars. Le
Dr Frank Rosenblatt, concepteur du Perceptron, a effectué la démonstration. Il a
affirmé que la machine serait le premier appareil à penser comme le cerveau humain.
Comme les êtres humains, le Perceptron fera des erreurs au début mais deviendra
plus performant au fur et à mesure qu’il gagnera en expérience, a-t-il dit. Le Dr Ro-
senblatt, un psychologue au Cornell Aeronautical Laboratory, à Buffalo, a déclaré
que les Perceptrons pourraient être lancés sur les planètes en tant qu’explorateurs
mécaniques de l’espace.
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Démonstration de théorèmes

• Démonstration de théorème

• Planification

• Raisonnement 

15
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1 9 6 8
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Une année extraordinaire … en cache une autre

• 1968 …
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2001 : Odyssée de l’espace

• Vision

• Communication 

– Lecture sur les lèvres

– Conversation

• Planification

• Raisonnement

– Joue (et gagne) aux échecs

• Auto-reprogrammation

– Tue des astronautes

• Émotion

– Peur
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1 9 6 8 : que sait-on faire ?

• Raisonnement

– Résolution de problème

– Mémoire associative

• Jeu de dames

• Analogie

• Conversation (?)

– Eliza

• Apprentissage

– Reconnaissance de caractères

– Jeu de dames

19

6 Semantic Representations

We shall be considering the solution by machine of so-called
“geometric-analogy” intelligence-test questions. Each member of
this class of problems consists of a set of labeled line drawings. The
task to be performed can be described by the question: “Figure A
is to Figure B as Figure C is to which of the following figures?” For
example [in Fig. 6.1] it seems safe to say that most people would
agree with the program we are about to describe, in choosing
[number 4] as the desired answer.

Figure 6.1: An analogy problem.

He further noted that “problems of this type are widely regarded as
requiring a high degree of intelligence for their solution and in fact are used as
a touchstone of intelligence in some general intelligence tests used for college
admission and other purposes.” So, again, AI research concentrated on
mechanizing tasks requiring human intelligence.

Evans’s program first transformed the diagrams presented to it so that
they revealed how they were composed out of parts. He called these
“articular” representations. Of the possibly several decompositions possible,
the one chosen by the program depended on its “context.” (This choice is one
example of a heuristic used by the program.) For example, the diagram

could either be decomposed into

132
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1 9 6 8 : que sait-on faire ?

• Raisonnement

– Résolution de problème

– Mémoire associative

• Jeu de dames

• Analogie

• Conversation (?)

– Eliza

• Apprentissage

– Reconnaissance de caractères

– Jeu de dames

20

4 Pattern Recognition

shown in Fig. 4.10.

Figure 4.10: Recognition of FORTRAN characters. Input is above and output
(with only two errors) is below. (Illustration used with permission of SRI Inter-
national.)

After the neural net part of the system was trained, the overall system
(which decided on the most confident legal string) was able to achieve a
recognition accuracy of just over 98% on a large sample of material that was
not part of what the system was trained on. Recognizing handwritten
characters with this level of accuracy was a significant achievement in the
1960s.18

Expanding its interests beyond neural networks, the Learning Machines
Group ultimately became the SRI Artificial Intelligence Center, which
continues today as a leading AI research enterprise.

4.3 Statistical Methods

During the 1950s and 1960s there were several applications of statistical
methods to pattern-recognition problems. Many of these methods bore a close
resemblance to some of the neural network techniques. Recall that earlier I
explained how to decide which of two tones was present in a noisy radio signal.
A similar technique could be used for pattern recognition. For classifying
images (or other perceptual inputs), it was usual to represent the input by a

102
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Vision artificielle

• Stanford AI Lab
8 1960s’ Infrastructure

support from ARPA, the Lab took delivery of a DEC PDP-6 computer and,
later, a PDP-10 computer. In addition to its work in AI (which I’ll describe in
subsequent chapters), SAIL was involved in many other computer-related
projects including the development of a precursor to computer “windows” and
the early installation of terminals in everyone’s o�ces.5

Figure 8.1: Site of the Stanford AI Lab from 1966 until 1980. (Photograph
courtesy of Lester Earnest.)

Since their early days, the groups at CMU, MIT, and Stanford have been
among the leaders of research in AI. Often graduates of one of these
institutions became faculty members of one of the other ones.

Around 1965 another world-class AI center emerged at the University of
Edinburgh in Scotland. Its founder was Donald Michie (1923–2007; Fig. 8.2),
who had worked with Alan Turing and I. J. (Jack) Good at Bletchley Park
during the Second World War. Discussions there with Turing and Good about
intelligent machines captivated Michie. As he reported in an October 2002
interview, “I resolved to make machine intelligence my life as soon as such an
enterprise became feasible.”6 Because computer facilities in the mid- to late
1940s were primitive and scarce, Michie became a geneticist and molecular
biologist.

Pursuing his interest in machine intelligence, from the sidelines as it were,
in 1960 he put together a “contraption of matchboxes and glass beads” that
could learn to play tic-tac-toe (noughts and crosses). He named his “machine”
MENACE, an acronym for Matchbox Educable Noughts and Crosses Engine.7

158
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9.3 Computer Vision of Three-Dimensional Solid Objects

Figure 9.12: A scene analyzed by SEE. (Illustration used with permission of
Adolpho Guzman.)

leaving MIT in 1967 to become a professor of Information and Computer
Science at the University of California at Santa Cruz, he completed a theory
for assigning labels to the lines in drawings of trihedral solids – objects in
which exactly three planar surfaces join at each vertex of the object. The
labels depended on the ways in which planes could come together at a vertex.
(I got to know Hu↵man well at that time because he consulted frequently at
the Stanford Research Institute.)

Hu↵man pointed out that there are only four ways in which three plane
surfaces can come together at a vertex.25 These are shown in Fig. 9.13. In
addition to these four kinds of vertices, a scene might contain what Hu↵man
called “T-nodes” – line intersection types caused by one object in a scene
occluding another. These all give rise to a number of di↵erent kinds of labels
for the lines in the scene; these labels specify whether the lines correspond to
convex, concave, or occluding edges.

Hu↵man noted that the labels of the lines in a drawing might be locally
consistent (around some vertices) but still be globally inconsistent (around all
of the vertices). Consider, for example, Roger Penrose’s famous line drawing of
an “impossible object” shown in Fig. 9.14.26 (It is impossible because no
three-dimensional object, viewed in “general position,” could produce this
image.) No “real scene” can have a line with two di↵erent labels.
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9.3 Computer Vision of Three-Dimensional Solid Objects

Max Clowes (circa 1944–1981) of Sussex University in Britain developed
similar ideas independently,27 and the labeling scheme is now generally known
as Hu↵man–Clowes labeling.

Next comes David Waltz (1943– ). In his 1972 MIT Ph.D. thesis, he
extended the Hu↵man–Clowes line-labeling scheme to allow for line drawings
of scenes with shadows and possible “cracks” between two adjoining objects.28
Waltz’s important contribution was to propose and implement an e�cient
computational method for satisfying the constraint that all of the lines must
be assigned one and only one label. (For example, an edge can’t be concave
at one end and convex at the other.) In Fig. 9.15, I show an example of a line
drawing that Waltz’s program could correctly segment into its constituents.

Figure 9.15: A scene with shadows analyzed by Waltz’s program. (Illustration
used with permission of David Waltz.)

Summarizing some of the work on processing line drawings at MIT,
Patrick Winston says that “Guzman was the experimentalist, Hu↵man the
theoretician, and Waltz the encyclopedist (because Waltz had to catalog
thousands of junctions, in order to deal with cracks and shadows).”29

Meanwhile, similar work for finding, identifying, and describing objects in
three-dimensional scenes was being done at Stanford. By 1972 Electrical
Engineering Ph.D. student Gilbert Falk could segment scenes of line drawings
into separate objects using techniques that were extensions of those of
Guzman.30 And by 1973, Computer Science Ph.D. student Gunnar Grape
performed segmentation of scenes containing parallelepipeds and wedges using
models of those objects.31

Other work on analysis of scenes containing polyhedra was done by
Yoshiaki Shirai while he was visiting MIT’s AI Lab32 and by Alan Mackworth
at the Laboratory of Experimental Psychology of the University of Sussex.33
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Robotique mobile

Vision + planification + 

interface par langage 

pseudo naturel

12.1 Shakey, the SRI Robot

Figure 12.3: Shakey as it existed in November 1968 (with some of its components
labeled). (Photograph courtesy of SRI International.)

around a single obstacle lying between its initial position and a goal position,
Shakey should first head toward a point near an occluding boundary of the
obstacle and then head straight for the unobstructed final goal point.
However, the situation becomes more complicated if the environment is
littered with several obstacles, and we sought a general solution to this more
di�cult problem.

Shakey kept information about the location of obstacles and about its
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Interface en langage pseudo naturel

13 Progress in Natural Language Processing

Figure 13.2: SHRDLU’s world. (Illustration used with permission of Terry Wino-
grad.)

OK.

The system answers "OK" when it carries out a command.

(I won’t bother to show what the block configuration looks like as the dialog
proceeds, assuming you can use your own mental “model” to keep track of
things. The gripper is now holding the red block.)

2. grasp the pyramid.

There are three pyramids in the scene, so the program
does nothing.

I DON’T UNDERSTAND WHICH PYRAMID YOU MEAN.

3. find a block which is taller than the one you are
holding and put it into the box.

240
Copyright c�2010 Nils J. Nilsson
http://ai.stanford.edu/⇠nilsson/

All rights reserved. Please do not reproduce or cite this version. September 13, 2009.
Print version published by Cambridge University Press.

http://www.cambridge.org/us/0521122937

13.2 Understanding

Figure 13.1: Terry Winograd. (Photograph courtesy of Terry Winograd.)

SHRDLU was able to carry on a dialog about what Winograd called a
“micro-world,” a world consisting of toy blocks and a “gripper” for moving
them about. Unlike the the world of real blocks used in previous MIT and
Stanford hand–eye research, Winograd’s blocks world was simulated on a DEC
PDP-10 computer and viewed on a DEC 340 black-and-white graphics display
such as that shown in Fig. 13.2. SHRDLU could be given commands, typed in
ordinary English, to manipulate the blocks using its gripper. It could also be
asked questions about the state of its world. It could “understand” those
commands and questions, carry out requested manipulations, and ask the user
clarifying questions in English about questions or commands it did not
understand.

Before describing something about SHRDLU’s design, let us look at an
example of part of a dialog.8 In the following, the user’s input is numbered
and shown in lowercase letters, and SHRDLU’s response is in all caps,
Winograd’s commentary follows in the same typeface, and mine is in
parentheses in normal type:

1. pick up a big red block.

In order to pick up the red block, it had to clear it
off by finding a space for the green one and moving the
green one away.
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13.2 Understanding

(The user has now apparently changed his mind about pyramid grasping.)

The system has to figure out what is meant by "one" and
"it," as well as using deduction to decide which block
it is holding.

BY "IT," I ASSUME YOU MEAN THE BLOCK WHICH IS TALLER
THAN THE ONE I AM HOLDING.

Printed out to keep us informed.

The hand has to set down the red block to pick up the
taller blue one.

OK.

4. what does the box contain?

THE BLUE PYRAMID AND THE BLUE BLOCK.

5. what is the pyramid supported by?

Earlier the system responded to "the pyramid" by saying
"I don’t understand which pyramid you mean." now, it
knows that we must mean the one which was just
mentioned.

THE BOX

This dialog illustrating SHRDLU’s capabilities goes on for forty-two more user
inputs and system responses.9

To engage in dialogs like this, SHRDLU needed “knowledge.” It needed to
know about the syntax of that part of English it used, and it needed to know
what various words and word combinations mean in the context of their use.
It also needed to know about its blocks world – how blocks can be
manipulated and what it means for an object to be inside of the “box.” It
needed to keep track of the dialog so that it could decide to which object
mentioned previously a word such as “it” referred.

All of this needed knowledge was represented in LISP programs, or
“procedures,” as Winograd called them. Knowledge about syntax was
represented as a collection of procedures based on the principles of “systemic
grammar.”10 Knowledge about the meanings of words in context was
represented in procedures that could refer to a dictionary of word meanings, to
other parts of the sentence in which the word was used, and to the discourse.
Knowledge about the blocks world was represented in two ways: There was a
model that gave the locations of all of the objects and there were procedures
that could infer the predicted e↵ects (in the model) of manipulations by the
gripper on the various objects. The object-moving procedures had information
both about the preconditions and about the e↵ects of these manipulations.
These procedures were encoded in a version of Hewitt’s PLANNER language,
which, as mentioned previously, bore some resemblance to STRIPS operators.

Copyright c�2010 Nils J. Nilsson
http://ai.stanford.edu/⇠nilsson/

All rights reserved. Please do not reproduce or cite this version. September 13, 2009.
Print version published by Cambridge University Press.

http://www.cambridge.org/us/0521122937

241

SHRLDU



24 / 107

ARCH  [Winston, 1970]

• Apprentissage de concept (e.g. arche) dans un 
monde de blocs

a

b c

arche

allongé objeta

b c

debout brique

Partie-de

Ne-doit-pas-
toucher

A-gauche-de

A-droite-de

Doit-être-
supporté-par

A-la-propriété

A-la-propriété

A-la-propriété

Sorte-de

Sorte-de

A-la-propriété
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ARCH  [Winston, 1970]

• Les exemples ne sont pas choisis au hasard

(a) (b)

(c) (d)

(a) (b)

(c) (d)



26 / 107

[Ross Quillian, 1968 : Semantic memory]

• Résolution d'ambiguïtés 
(par intersection de propagation de marqueurs)

   "L'astronome voulait épouser une étoile"

• Un concept acquiert un sens à travers le réseau sémantique dans 
lequel il s'insère et les relations qu'il a avec d'autres concepts

Les réseaux sémantiques
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"L'astronome veut épouser une étoile"

Astronome

Astre

Profession

Planètes Etoile

SoleilObservatoire

Célébrité

Cinéma Danseuse

Epouser

Personne

Inférence par propagation d'activité ou de marqueurs :   focalise l'attention

Les réseaux sémantiques
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1 9 6 8 : qu’est-ce qu’on ne sait pas faire ?

• Raisonnement

– Lourd. Pas au niveau des experts

• Apprentissage

– Limité [Minsky et Papert]

• 1969 « Perceptrons »

• Traduction automatique
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Perspective historique : apprentissage automatique

• Expériences de pensée sous contrainte de réalisabilité computationnelle

§ Opérateurs sur des représentation

§ Recherche dans un espace d’états. Buts / sous-buts

§ Apprentissage par mutations aléatoires (mais guidée par ressemblance) ~ AG

§ Ivresse : comprendre la pensée

§ « Our problem, our joint problem, is to discover what transformations must be made on the 
available data in order to preserve intact the significant features and to discard the irrelevant 
details ». 

• Principes, théorèmes et démonstrations (Checker. Problèmes « jouets »)
§ Reconnaissance des formes. Plutôt numérique (bayésien, perceptron)

• Expertise. Sciences cognitives : plausibilité. Intégration dans le raisonnement
§ Modèles de mémoire. Réseaux sémantiques. Représentation des connaissances

§ Règles de production. Moteur d’inférence.

§ Mécanismes d’apprentissage et de généralisation

§ Apprentissage et raisonnement : heuristiques, macro-opérateurs, chunking

1950s

1960s

1970s
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D’où vient l’I.A. ?

Knowledge is power

(1970 – 1985)



L’espoir   (suite)

Knowledge is power

31
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Perspective historique : apprentissage automatique

• Expériences de pensée sous contrainte de réalisabilité computationnelle
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available data in order to preserve intact the significant features and to discard the irrelevant 
details ». 

• Principes, théorèmes et démonstrations (Checker. Problèmes « jouets »)
§ Reconnaissance des formes. Plutôt numérique (bayésien, perceptron)

• Expertise. Sciences cognitives : plausibilité. Intégration dans le raisonnement
§ Modèles de mémoire. Réseaux sémantiques. Représentation des connaissances

§ Règles de production. Moteur d’inférence.

§ Mécanismes d’apprentissage et de généralisation

§ Apprentissage et raisonnement : heuristiques, macro-opérateurs, chunking

1950s

1960s

1970s
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• Le système DENDRAL
– Pour la NASA :  1965 - …

– Y a-t-il de la vie sur Mars ?

– Spectrographie de masse

Formule développée
du composé
chimique ?

masse

intensité

Les systèmes experts : DENDRAL
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• Exemples de connaissances

– Règle : 
Si le spectre de la molécule présente deux pics x1 et x2 tels que :
1. x1 - x2  =  M + 28
2. x1 - 28 est un pic élevé
3. x2 - 28 est un pic élevé
4. au moins l’un des pics x1 et x2 est élevé
Alors la molécule contient un groupe cétone

C C

R1

R2

O C

R1   (x1)

R2

O C

R1

R2  (x2)

Se décompose
en :

ou en :

Les systèmes experts : DENDRAL
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Mes recommandations thérapeutiques seront basées sur les infections 
probables et les organismes infectieux potentiels suivant :

L’organisme peut être : 1° pseudomonia aeruginosa, 2° klebsiellia 
pneumoniae, 3° escherichia coli, 4° bacteroides fragilis, 5° 
enterobactoriaceae, 6° proteus non mirabilis

Voulez-vous me donner la gravité de la maladie de M. Fred Smith sur une 
échelle de 0 à 4 ?

3

M. Fred Smith présente-t-il des réactions allergiques à un quelconque agent 
microbien ?

Non

Quel est son poids en kilos ?

70

MYCIN :

MYCIN :

MYCIN :

Médecin :

Médecin :

Médecin :

Les systèmes experts : MYCIN
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Ma recommandation thérapeutique sera en premier choix : pour couvrir les 
points <1 2 3 5 6>, prescrire de la Gentamicine, dose 119 mg 98 h IV, 
pendant 10 jours;

Pour couvrir le point 4, prescrire de la Clindamycine, dose 595 mg 96 h IV, 
pendant 14 jours. 

Désirez-vous éventuellement éliminer certains médicaments ?

Oui, la Clindamycine.

Pour couvrir les points <2 3 4 5 6> donner du Chloramphénicol, dose 1 g 96 
h IV, pendant 14 jours;

** Surveiller le taux de globules blancs du patient.

Pour couvrir le point 1, donner de la gentamicine, dose 119 mg 98 h IV, 
pendant 10 jours.

** Modifier la dose en cas de faiblesse rhénale.

MYCIN :

MYCIN :

Médecin :

Les systèmes experts : MYCIN



Les explications des SEs

.

37

10  Cours Systèmes Experts 

 

 

Exemple 2 :    Explication par le système de son propre raisonnement 
 

MYCIN :  L'infection du malade a t-elle été contractée à l'hôpital ? 

Util isateur : pourquoi ? 

TEIRESIAS : [pourquoi est-ce important de savoir cela ?] 

 Cela aidera à déterminer la catégorie à laquelle appartient l'organisme responsable 
de l'infection : 

 - il a déjà été établi que 1° l'organisme est à Gram négatif, 2° c'est un bâtonnet, 3° il 
se développe à l'air ou sans air, 

 - donc si l'infection par cet organisme n'a pas été contactée lors du séjour à l'hôpital 

 alors il est presque certain (0,8) que l'organisme est de la catégorie des 
enterobactoriaceae; de plus, il se peut (0,1 ; règle 37) que ce soit la pseudomonia 
aeruginosa. 

Util isateur :  pourquoi n'avez-vous pas envisagé la possibilité que l'organisme soit un  
streptocoque ? 

TEIRESIAS :  la règle 33 aurait du être utilisée pour identifier l'organisme comme un 
streptocoque, mais la seconde clause "la morphologie est de type coque" était déjà 
connue comme fausse et la règle 33 n'a jamais été essayée. 

 

1.5 Structure des systèmes experts 

Un système de production peut être vu comme constitué de trois composants de base : une base de connaissance 
(généralement ensemble de règles), une mémoire de travail ou de faits, et un interpréteur de règles (moteur 
d'inférences), augmenté de modules annexes d'interfaçage avec l'utilisateur et l'expert.  
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"Richard hadn't heard from his college roomate Paul for years. Richard had 
borrowed money from Paul which was never paid back. But now he had no 
idea where to find his old friend. When a letter finally arrived from San 
Francisco, Richard was anxious to find out how Paul was." 

BORIS [Dyer,82]
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"Richard hadn't heard from his college roomate Paul for years. Richard had 

borrowed money from Paul which was never paid back. But now he had no 

idea where to find his old friend. When a letter finally arrived from San 

Francisco, Richard was anxious to find out how Paul was."

Comment traiter un non événement ?  

"John walked in the room and Mary was not there" (John désirait voir Mary et s'attendait à la 

trouver dans la pièce -> pourquoi n'y est-elle pas ? …)

Ici, on est prêt à comprendre que Richard se sent une obligation vis-à-vis de Paul. Il faut donc 

des connaissances sur les relations sociales et sur la psychologie.

Comment traiter "had" (possession ?) et "old" (âge de son ami ?. Non. Mais pourquoi et 

comment?)
Comment infère-t-on que cette lettre vient de Paul alors que ce n'est pas dit explicitement ?

BORIS [Dyer,82]
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Pourtant …

• Ingénierie des connaissances

• Processus très lourd

• Peu systématisé

• Maintenance difficile

Dépasse le quantum d’action = la thèse
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D’où vient l’I.A. ?

Pourquoi ne pas tout apprendre ?

(1985 – …  ?)



L’espoir   (suite de la suite)

L’intelligence met en jeu beaucoup de connaissances

que l’on obtiendra par des processus généraux d’apprentissage

42
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Plan

1.  D’où vient l’IA ?

• Préhistoire : la cybernétique

• I.A.= raisonnement

• I.A. = connaissances

• I.A. et apprentissage

2.  Apprentissage artificiel
• Apprendre est difficile

• L’apprentissage « profond »

3.  L’I.A. partout : sommes-nous prêts ?
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1- Apprendre des connaissances 

pour les systèmes experts
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Résolution
de problèmes Généralisation

Critique

Génération
de problèmes

Calculer la primitive de :
∫ 3x cos(x) dx

∫ 3x cos(x) dx

3x sin(x) - ∫ 3x sin(x) dx

3x sin(x) - 3 ∫ x sin(x) dx

3x sin(x) - 3x cos(x) dx + C

OP2 avec :
u = 3x
dv = cos(x) dx

OP1

OP5

Un des exemples positifs proposés :

 ∫ 3x cos(x) dx
→ Appliquer OP2 avec :

u = 3x
            dv = cos(x) dx

Espace des versions pour l'utilisation de
l'opérateur OP2 :

S ={ ∫ 3x cos(x) dx → Appliquer OP2
avec : u = 3x

                        dv = cos(x) dx}
G ={ ∫ f1(x) f2(x) dx → Appliquer OP2

avec :  u = f1(x)
                   dv = f2(x) dx}

Illustration: LEX (Tom Mitchell)
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Learning from one example

1. From a single example

2. Try to prove the “fork”

3. Generalize

Explanation-Based Learning
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2- Apprendre à prédire

(Corrélations)
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Premier connexionnisme : le perceptron

• Frank Rosenblatt (1958 – 1962)

Ψ(x) =
n∑

i=1

wi φi(x)
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Learning with Multi-Layer Perceptrons

• Questions:

– How to learn the parameters (weights of the connections) ?

– How to set the architecture of the network?
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La base de données
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1
2
3
4
5
6
7
8
9
0

Matrice 16 x 16 12 détecteurs
de traits (8 x 8)

12 détecteurs
de traits (4 x 4)

30 cellules

10 cellules
de sortie

Réseaux à convolution : Application aux codes postaux 
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Supervised Induction

55

Descriptors Labels

Example
Values of the 
descriptors

Concept 
or 

hypothesis
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Perspective historique : apprentissage automatique

• Espérance d’erreur de prédiction
§ Bases de données supposées i.i.d.

§ Données bruitées

§ Espérance du coût de prédiction

§ Théorie : quels principes inductifs ? Donc quel problème d’optimisation

§ Comment accélérer le processus d’optimisation : convexification

§ Nouvelles méthodes : SVM / Boosting / random forests / Lasso, …

§ Plus de raisonnement !!!

• Applications à des problèmes « réels »

• L’apprentissage « profond » : apprendre les (hiérarchies de) descripteurs
§ Performances en prédiction

§ Exhiber les descripteurs (et espaces « sémantiques »)

§ Transfert

• … ?

1990s

2010s

2020s

2000s
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L’apprentissage “profond”

Des réseaux de neurones artificiels
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Les  « réseaux de neurones profonds »

• Des réseaux de neurones artificiels

– à grand nombre de couches    (parfois > qqs 100)

– et très grand nombre de paramètres  (qqs 107 – 108 paramètres) 
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AlexNet

• Illustration
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GoogleNet

• Illustration

1x1 semblent triviaux car ils ne permettent pas de réduire la dimension de l’entrée, mais son critère
non-linéaire lui permet de complexifier la nature des attributs détectés et donc de voir des motifs plus
complexes. Network in Network introduit aussi l’utilisation de réseau complètement constitué par des
couches convolutives, en remplaçant les couches de classification par des filtres 1x1 (Figure 10).

FIGURE 10. Module Network in Network [33]

GoogleNet [58] une des architectures les plus utilisées (avec AlexNet) de part ses performances.
Développé par Google et gagnant du l’ILSVRC 2014, le modèle se différencie des autres par sa com-
plexité (22 couches contre 8 pour AlexNet) et l’utilisation de module inception (Figure 11). Le module
d’inception (Figure 12) est une configuration permettant d’appliquer plusieurs filtres de tailles différentes
en parallèle. La parallélisation et l’application de multiples filtres permettent d’apprendre plusieurs lo-
giques d’extraction d’attributs, allant sur des détails précis pour les filtres 1x1 jusqu’à des formes plus
larges pour les filtres 5x5.

FIGURE 11. Architecture du réseau GoogleNet [58]

9



Image recognition

• Illustration

62
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« Deep belief networks »
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The ImageNet competition

• Over 15M labeled high resolution images

• Roughly 22K categories

• Collected from the Web and labeled by Amazon Mechanical Turk

ImageNet


•  Over 15M labeled high resolution images 

•  Roughly 22K categories

•  Collected from web and labeled by Amazon Mechanical 

Turk




h-p://image4net.org/+
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Goal

• Image classification
Goal 


Classifica(on+
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Segmentation sémantique d’image

• Pour les véhicules autonomes
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Le cas AlphaGo

• Un joueur « extraterrestre »

• Un jeu stupéfiant

• Révolutionne la manière de jouer

• Effervescence dans les écoles de go
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What current Inductive Learning is good at

2. Discover prediction rules based on statistical correlations 
(PREDICTIVE learning)

– Geared towards minimizing prediction errors

– In stationary environments

– Statistical correlations: needs lots of data and ...
Concepts$≠$Statistics
Computer#vision#is#not#a#statistical#problem

Car#examples#in#ImageNet
Is#this#less#of#a#car

because#the#context#is#wrong?
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Outline

1.  La perspective de l’Intelligence Artificielle

2.  Notions de base en science des données

3.  L’induction d’arbres de décision

4.  L’induction d’arbres de régression

5.  Les forêts aléatoires
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What do you expect?

• Better understand your data
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(1) Understand your data

• Re-express it

– In a concise way

– To be interpretable by an expert of the domain

Three groups of 
customers with such 

and such 
characteristics ...

Original data Clustered data
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(2) Make predictions

• Extrapolate your data to find predictive correlations

– From a training set S = {(x1, y1), (x2, y2), … , (xi , yi), … , (xm, ym)}
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(2) Make predictions

• Extrapolate your data to find predictive correlations

– From a training set S = {(x1, y1), (x2, y2), … , (xi , yi), … , (xm, ym)}

S = {(x1, y1), (x2, y2), … , (xi , yi), … , (xm, ym)}
f

h

New   x –-> y ? 
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(2) Make predictions

• Extrapolate your data to find predictive correlations

– From a training set S = {(x1, y1), (x2, y2), … , (xi , yi), … , (xm, ym)}

S = {(x1, y1), (x2, y2), … , (xi , yi), … , (xm, ym)}
f

h

x – h -> y 
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(2) Machine Learning as …

… Learning a function from an input space X to an output space Y

Cats vs. dogs
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Supervised learning

81
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(3) Make prescriptions

• Learning causal relationships

– The barometer allows the prediction of tomorrow’s weather

– But tampering with its needle will not change the weather

Correlation  is not causality

Discovering causal relationships 

(generally) requires knowing more than the data
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How do you evaluate the results?
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How do you evaluate the results?

• Descriptive learning

– Validation by the expert

– The expert can be wrong

• Wants to see things that are not really there

• Blind to interesting but out of the blue patterns

Descriptive learning usually takes place in an exploratory phase

Be very careful
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How do you evaluate the results?

• Predictive learning

– Predictive performance (on a test set)

• E.g. error rate

– But, this is not all there is to it

• Interpretability of the model

• Explanation/justification of the prediction

• Fruitfulness wrt. the domain theory
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How do you evaluate the results?

• Predictive learning

– Predictive performance (on a test set)

• E.g. error rate

– But, this is not all there is to it. We want also 

• Interpretability of the results

• Interpretability of the model and the process

• Gaining a better understanding of the world
when including the learned decision function in an existing theory

Often, we are not interested in prediction alone, 

but in understanding the prediction and/or the predictive model

We are thinking beings



92 / 107

A basic principle

• Machine Learning “just” reformulates what has been given as input

• A conservation theorem:

– No information is “added

– Data   + prior knowledge
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Prior knowledge

...

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?
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Knowledge as input to ML

• Knowledge in the data

– The experimental apparatus

– Choice of the descriptors (the features)

– Enrichment using ontologies

– Normalization of the values

– Missing values

– Possibly added data point

• With invariances in mind

– …

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?



98 / 107

Knowledge as input to ML

• Knowledge in the data

– The experimental apparatus

– Choice of the descriptors (the features)

– Enrichment using ontologies

– Normalization of the values

– Missing values

– Possibly added data point

• With invariances in mind

– …

With its own imperfection and biases

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?
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Knowledge as input to ML

• Knowledge in the data

– The experimental apparatus

– Choice of the descriptors (the features)

– Enrichment using ontologies

– Normalization of the values

– Missing values

– Possibly added data point

• With invariances in mind

– …

Necessarily biased

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?
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Knowledge as input to ML

• Knowledge in the data

– The experimental apparatus

– Choice of the descriptors (the features)

– Enrichment using ontologies

– Normalization of the values

– Missing values

– Possibly added data point

• With invariances in mind

– …

Prior (and biased) knowledge

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?
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Knowledge as input to ML

• Knowledge in the data

– The experimental apparatus

– Choice of the descriptors (the features)

– Enrichment using ontologies

– Normalization of the values

– Missing values

– Possibly added data point

• With invariances in mind

– …

No perfect normalization

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?
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Knowledge as input to ML

• Knowledge in the data

– The experimental apparatus

– Choice of the descriptors (the features)

– Enrichment using ontologies

– Normalization of the values

– Missing values

– Possibly added data point

• With invariances in mind

– …

What choice of imputation method?

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?
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Knowledge as input to ML

• Knowledge in the data

– The experimental apparatus

– Choice of the descriptors (the features)

– Enrichment using ontologies

– Normalization of the values

– Missing values

– Possibly added data point

• With invariances in mind

– …

How do you add points?
Choice of invariance (prior assumptions)

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?
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Knowledge as input to ML

• Knowledge in the data

– The experimental apparatus

– Choice of the descriptors (the features)

– Enrichment using ontologies

– Normalization of the values

– Missing values

– Possibly added data point

• With invariances in mind

– …

Prior assumptions
everywhere

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?
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Knowledge as input to ML

• Knowledge in the data

Data Algorithm

Prediction rule

Knowledge

How it does it

Knowledge

1 2

And sometime, there is not even that much 
available data!
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...

Data Algorithm

The result

Knowledge

How it does it

Knowledge

?
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L’apprentissage – une extrapolation nécessitant des a apriori



108 / 107

Induction et illusions

Cratère ou colline ?
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Interpreting – completion of percepts
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Induction and its illusions
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What current Inductive Learning is good at

1. Identifying patterns in data (DESCRIPTIVE learning)

– But no guarantees about the value of their value


