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Qu’est-ce	qu’un	apprentissage	réussi	?		
	
Ce	qui	est	évident	aujourd’hui	est	différent	d’hier.	Et	demain	?	
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IA	:	deux	directions	

•  Est-ce	qu’une	machine	peut	penser	?	

–  Comme	un	humain	adulte			->			difficile		

	

•  Est-ce	qu’une	machine	peut	apprendre	?	

–  Construisons	un	«	enfant	»	(ou	un	organisme	élémentaire)	

–  Faisons	le	apprendre	

–  Nous	aurons	un	adulte	pensant	

Turing	(1950)	«	Computing	Machinery	and	Intelligence	»,		
Mind,	vol.	LIX,	No	236,	pp.	433-460.	
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Question	

Que	signifie		

Une	bonne	théorie	de	l’apprentissage	

	

?	
Ce	qui	guide	la	méthodologie	et	la	pratique	
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Question	iconoclaste	

Que	signifie		

Un	bon	travail	

																								Quelque	chose	de	publiable	

	

?	
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•  Paradigme	:		

Manière	jugée	cohérente	de	percevoir	le	monde	et	de	le	

représenter,	ensemble	de	valeurs	et	techniques	qui	sont	

partagées	par	les	membres	d'une	communauté	scientifique,	

	au	cours	d'une	période	de	consensus	théorique	



6	/	96	

Plan	

1.  	1960s									:	Apprendre	c’est	s’adapter	

2.  	1970-1985	:	apprendre	et	raisonner	

3.  	1985	-	…					:	La	théorie	statistique	de	l’apprentissage	

4.  	Et	maintenant	?	

5.  	Et	demain	?	
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Apprendre	c’est	s’adapter	
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Connexionnisme	:	La	règle	de	Widrow-Hoff	
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Connexionnisme	:	La	règle	de	Widrow-Hoff	
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La	règle	de	Widrow-Hoff	

B.	Widrow	and	M.	Hoff.	Adaptive	
Switching	Circuits.	IER	WESCON	Conv.	Rec.	
Pt.4,	pp;96-104,	1960	
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Dérivation	par	optimisation	:	règle	de	Widrow-Hoff	
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The	perceptron	
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The	perceptron:	a	linear	discriminant	

w
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Connexionnisme	:	le	perceptron	

•  Apprentissage	des	poids	
–  Principe	(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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Qu’est-ce	qu’un	bon	apprentissage	?	

1.  Réduit	l’erreur	de	classification	

																																																		…		certes	

2.  Propriétés	de	l’algorithme	

																																			convergence		en	un	nombre	fini	d’étapes	

–  Indépendamment	du	nombre	d’exemples	

–  Indépendamment	de	la	distribution	des	exemples	

–  Indépendamment	de	la	dimension	de	l’espace	d’entrée	
!!!	

S’il	existe	un	séparateur	linéaire	des	exemples	d’apprentissage	
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Connexionnisme	:	le	perceptron	

•  Frank	Rosenblatt	(1958	–	1962)	
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L’exemple	de	CHECKER	

•  Combinaison	de	descripteurs	et	attribution	de	mérite	

–  Arthur	Samuel.		IBM,	1952	(IBM-701),	1954	(IBM-704),	avec	
apprentissage	:	1956	…	

–  Modélisation	MinMax	du	jeu	

–  Apprentissage	de	la	fonction	d’évaluation	

n  Deux	problèmes	

1.  Sélectionner	de	bonnes	fonctions	de	base	:	

2.  Pondérer	l’importance	de	ces	fonctions	:		

2 7 1 8

Max

Min
2 7

1

2

1 2 3
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Des	problèmes	jouets	?	

•  Le	perceptron	
–  Taux	de	reconnaissance		

de	98%	

	

•  CHECKER	
–  Vice-champion	du	monde	au	

jeu	de	dames	anglo-saxon	

P1: KpB Trim: 6-1/8′′ × 9-1/4′′ Top margin: 1/2′′ Gutter margin: 3/4′′

Main CUUS813/Nilsson ISBN: 978 0 521 11639 8 September 15, 2009 12:32

72 The Quest for Artificial Intelligence

Figure 4.9. John Munson (left), Peter Hart (middle), and Richard Duda (right). (Photographs
courtesy of Faith Munson, of Peter Hart, and of Richard Duda.)

sheet wrote legal statements). Accepting the second or third most confident choices
for some of the characters might be required to produce a legal string.

The overall confidence of a complete string of characters was calculated by adding
the confidences of the individual characters in the string. Then, what was needed
was a way of ranking these overall confidence numbers for each of the possible strings
resulting from all of the different choices for each character. Among this ranking of
all possible strings, the system then selected the most confident legal string.

As Richard Duda wrote, however, “The problem of finding the 1st, 2nd, 3rd,
. . . most confident string of characters is by no means a trivial problem.” The key
to computing the ranking in an efficient manner was to use a method called dynamic
programming.17 (In a later chapter, we’ll see dynamic programming used again in
speech recognition systems.)

An illustration of a sample of the original source and the final output is shown in
Fig. 4.10.

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

Figure 4.10. Recognition of FORTRAN
characters. Input is above and output (with
only two errors) is below. (Illustration used
with permission of SRI International.)
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Des	problèmes	jouets	?	

•  Le	perceptron	
–  Taux	de	reconnaissance		

de	98%	

	

•  CHECKER	
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sheet wrote legal statements). Accepting the second or third most confident choices
for some of the characters might be required to produce a legal string.

The overall confidence of a complete string of characters was calculated by adding
the confidences of the individual characters in the string. Then, what was needed
was a way of ranking these overall confidence numbers for each of the possible strings
resulting from all of the different choices for each character. Among this ranking of
all possible strings, the system then selected the most confident legal string.

As Richard Duda wrote, however, “The problem of finding the 1st, 2nd, 3rd,
. . . most confident string of characters is by no means a trivial problem.” The key
to computing the ranking in an efficient manner was to use a method called dynamic
programming.17 (In a later chapter, we’ll see dynamic programming used again in
speech recognition systems.)

An illustration of a sample of the original source and the final output is shown in
Fig. 4.10.

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

Figure 4.10. Recognition of FORTRAN
characters. Input is above and output (with
only two errors) is below. (Illustration used
with permission of SRI International.)
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Bilan	(1)	:	aspects	théoriques	

1.  Un	bon	système	d’apprentissage	minimise	le	nombre	d’erreurs	
sur	l’ensemble	d’apprentissage	

2.  Garantie	recherchée	:	il	converge	

Grosse	question	:	comment	trouver	les	bons	descripteurs	?		



22	/	96	

Bilan	(1)	:	publiable	?	

1.  Si	ça	marche	sur	un	problème	intéressant	

2.  Caractérisation	de	l’algorithme	
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Plan	

1.  	1960s									:	Apprendre	c’est	s’adapter	

2.  	1970-1985	:	Apprendre	et	raisonner	

3.  	1985	-	…					:	La	théorie	statistique	de	l’apprentissage	

4.  	Et	maintenant	?	

5.  	Et	demain	?	



24	/	96	

IA	=	méthodes	générales	de	raisonnement	

1956	-	~	1970	

•  Raisonnement	=	manipulation	de	représentations				
																														discrètes	des	connaissances	

–  Démonstrateurs	de	théorèmes		

–  Résolveurs	universels	de	problèmes	(GPS)	

–  CHECKER	:	vice-champion	du	monde	au	jeu	de	dames	(1962)	
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IA	=	méthodes	générales	de	raisonnement	

1956	-	~	1970	

•  Raisonnement	=	manipulation	de	représentations				
																														discrètes	des	connaissances	

–  Démonstrateurs	de	théorèmes		

–  Résolveurs	universels	de	problèmes	(GPS)	

–  CHECKER	:	vice-champion	du	monde	au	jeu	de	dames	

•  Mais	l’intelligence	n’est	pas	que	ça	

•  Les	experts	possèdent	un	répertoire	énorme	de	connaissances	
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Apprendre	c’est	savoir	représenter	

et	raisonner	
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Learning	…	

…	as	

a	means	to	improve	the	efficiency	of	a	problem	solver	
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E.g.	The	PRODIGY	system	

ACM	SIGART	Bulletin,	1991,	vol.	2,	no	4,	p.	51-55	
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ABSTRACT 

Artificial intelligence has progressed to the point where mul- 
tiple cognitive capabilities are being integrated into compu- 
tational architectures, such as SOAR, PRODIGY~ THEO, and 
ICARUS. This paper reports on the PRODIGY architecture, 
describing its planning and problem solving capabilities and 
touching upon its multiple learning methods. Learning in 
PRODIGY Occurs at all decision points and integration in 
PRODIGY is at the knowledge level; the learning and reason- 
ing modules produce mutually interpretable knowledge struc- 
tures. Issues in architectural design are discussed, providing 
a context to examine the underlying tenets of the PRODIGY 
architecture. 

1 I n t r o d u c t i o n  

A common dream for many AI researches, present authors 
included, is the construction of a general purpose learning 
and reasoning system that given basic axiomatic knowledge 
of a domain is capable of becoming an expert problem solver. 

Our machine learning approach, implemented in PRODIGY [2], 
starts with a general problem-solving engine based on a possi- 
bly incomplete domain theory. The problem solver improves 
its performance through experience by refining the initial do- 
main knowledge and learning knowledge to control the search 
process. The paper is divided into two parts. The first part 
describes the basic architecture, including the problem solver 
and the various learning modules. The second part discusses 
the design issues in building an integrated architecture. 

2 T h e  PRODIGY A r c h i t e c t u r e  

2.1 T h e  P r o b l e m  S o l v e r  

PRODIGY'$ basic reasoning engine is a general-purpose prob- 
lem solver and planner [10] that searches for sequences of op- 
erators (i.e., plans) to accomplish a set of goals from a spec- 
ified initial state description. Search in PRODIGY is guided 
by a set of control rules that apply at each decision point. 
Search control rules may be general or domain specific, hand- 
coded or automatically acquired, and may consist of heuris- 
tic preferences or definitive selections. In the absence of any 
search control, PRODIGY defaults to depth-first means-ends 
analysis. But, with appropriate search control knowledge it 
can emulate other search disciplines, including breath-first 
search, depth-first iterative-deepening, best-first search, and 
knowledge-based plan instantiation. 

2 .2  K n o w l e d g e  R e p r e s e n t a t i o n  

Each operator has a precondition expression that must be sat- 
isfied before the operator can be applied, and a list of effects 
that describe how the application of the operator changes the 
world. Precondition expressions are well-formed formulas in 
a form of predicate logic encompassing negation, conjunction, 

disjunction, and existential and universal quantification. The 
effects are atomic formulas that describe the facts that are 
added or deleted from the current state when the operator 
is applied. Operators may also contain conditional effects, 
which represent changes to the world that are dependent on 
the state in which the operator is applied. 

2.3 P r o b l e m  D e f i n i t i o n  a n d  P r o b l e m  S o l v i n g  

A problem consists of an initial state and a goal expression. 
To solve a problem, PRODIGY must find a sequence of opera- 
tors that, if applied to the initial state, produces a final state 
satisfying the goal expression. The search tree initially starts 
out as a single node containing the initial state and goal ex- 
pression. The tree is expanded by repeating the following 
two steps: 

1. Dec i s ion  phase :  There are four types of decisions 
that PRODIGY makes during problem solving. First, it 
must decide what node in the search tree to expand 
next, defaulting to a depth-first expansion. Each node 
consists of a set of goals and a state describing the 
world. After a node has been selected, one of the node's 
goals must be selected, and then an operator relevant 
to this goal must be chosen. Finally, a set of bindings 
for the parameters of that operator must be decided 
upon. 

2. E x p a n s i o n  phase :  If the instantiated operator's pre- 
conditions are satisfied, the operator is applied. Oth- 
erwise, PRODIGY subgoals on the unmatched precondi- 
tions. In either case, a new node is created with up- 
dated information about the state or the subgoals. 

The search terminates after creating a node whose state sat- 
isfies the top-level goal expression. 

2 .4  C o n t r o l  R u l e s  

As PRODIGY attempts to solve a problem, it must make de- 
cisions about which node to expand, which goal to work on, 
which operator to apply, and which objects to use. These 
decisions can be influenced by control rules to increase the 
efficiency of the problem solver's search and to improve the 
quality of the solutions that are found. 

PRODIGY's reliance on explicit control rules, which can be 
learned for specific domains, distinguishes it from most do- 
main independent problem solvers. Instead of using a least- 
commitment search strategy, for example, PRODIGY expects 
that any important decisions will be guided by the presence 
of appropriate control knowledge. If no control rules are rel- 
evant to a decision, then PRODIGY makes a quick, arbitrary 
choice. If in fact the wrong choice is made, and costly back- 
tracking proves necessary, an attempt will be made to learn 
the control knowledge that must be missing. The rationale 
for PRODIGY's casual commi tment  strategy is that for any 
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added or deleted from the current state when the operator 
is applied. Operators may also contain conditional effects, 
which represent changes to the world that are dependent on 
the state in which the operator is applied. 

2.3 P r o b l e m  D e f i n i t i o n  a n d  P r o b l e m  S o l v i n g  

A problem consists of an initial state and a goal expression. 
To solve a problem, PRODIGY must find a sequence of opera- 
tors that, if applied to the initial state, produces a final state 
satisfying the goal expression. The search tree initially starts 
out as a single node containing the initial state and goal ex- 
pression. The tree is expanded by repeating the following 
two steps: 

1. Dec i s ion  phase :  There are four types of decisions 
that PRODIGY makes during problem solving. First, it 
must decide what node in the search tree to expand 
next, defaulting to a depth-first expansion. Each node 
consists of a set of goals and a state describing the 
world. After a node has been selected, one of the node's 
goals must be selected, and then an operator relevant 
to this goal must be chosen. Finally, a set of bindings 
for the parameters of that operator must be decided 
upon. 

2. E x p a n s i o n  phase :  If the instantiated operator's pre- 
conditions are satisfied, the operator is applied. Oth- 
erwise, PRODIGY subgoals on the unmatched precondi- 
tions. In either case, a new node is created with up- 
dated information about the state or the subgoals. 

The search terminates after creating a node whose state sat- 
isfies the top-level goal expression. 

2 .4  C o n t r o l  R u l e s  

As PRODIGY attempts to solve a problem, it must make de- 
cisions about which node to expand, which goal to work on, 
which operator to apply, and which objects to use. These 
decisions can be influenced by control rules to increase the 
efficiency of the problem solver's search and to improve the 
quality of the solutions that are found. 

PRODIGY's reliance on explicit control rules, which can be 
learned for specific domains, distinguishes it from most do- 
main independent problem solvers. Instead of using a least- 
commitment search strategy, for example, PRODIGY expects 
that any important decisions will be guided by the presence 
of appropriate control knowledge. If no control rules are rel- 
evant to a decision, then PRODIGY makes a quick, arbitrary 
choice. If in fact the wrong choice is made, and costly back- 
tracking proves necessary, an attempt will be made to learn 
the control knowledge that must be missing. The rationale 
for PRODIGY's casual commi tment  strategy is that for any 
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SHAKEY	[SRI,	~1968	-	1975]	

•  Le	robot	SHAKEY	

P1: KpB Trim: 6-1/8′′ × 9-1/4′′ Top margin: 1/2′′ Gutter margin: 3/4′′

Main CUUS813/Nilsson ISBN: 978 0 521 11639 8 September 15, 2009 12:32

Mobile Robots 165

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

intermediate level supervised primitive actions, such as moving to a designated
position, and also processed visual images from Shakey’s TV camera. Planning more
complex actions, requiring the execution of a sequence of intermediate-level actions,
was done by programs in the highest level of the hierarchy. The Shakey project
involved the integration of several new inventions in search techniques, in robust
control of actions, in planning and learning, and in vision. Many of these ideas are
widely used today. The next few subsections describe them.

12.1.1 A∗: A New Heuristic Search Method
One of the first problems we considered was how to plan a sequence of “way points”
that Shakey could use in navigating from place to place. In getting 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 difficult problem.

SHRLDU	
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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)
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Les	systèmes	experts	

		

15A. Cornuéjols

1.  Structure des systèmes experts

Mémoire 
de travail

Moteur
d�inférence

Base de 
connaissances

Utilisateur

Module 
d�interface

Module
d�explication

Module 
d�acquisition 

des connaissances

Expert

–  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
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Apprentissage	de	l’espace	des	versions	[Tom	Mitchell,	1979]	

Observation	fondamentale	:	

	L'espace	des	versions	structuré	par	une	relation		
d'ordre	partiel	peut	être	représenté	par	:	

–  sa	borne	supérieure		:	le	G-set	

–  sa	borne	inférieure			:	le	S-set	

•  G-set		=		Ensemble	de	toutes	les	hypothèses	les	plus	générales				
															cohérentes	avec	les	exemples	connus	

•  S-set		=		Ensemble	de	toutes	les	hypothèses	les	plus	spécifiques		
														cohérentes	avec	les	exemples	connus	

H

G

S

hi hj
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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}

34	

Illustration:	LEX	(Tom	Mitchell)	



35	/	96	

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}

35	

Illustration:	LEX	(Tom	Mitchell)	
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Apprendre	à	partir	d’un	exemple	

1.  À	partir	d’un	seul	exemple	

2.  	Chercher	à	prouver	la	“fourchette”	

3.  	Généraliser	la	preuve	

Explanation-Based	Learning	



39	/	96	

Explanation-Based	Learning	

Ex	:	learn	the	concept			stackable(Object1, Object2)

•  Domain	theory	:	
(T1) : weight(X, W) :- volume(X, V), density(X, D), W is V*D.

(T2) : weight(X, 50) :- is_a(X, table).

(T3) : lighter_than(X, Y) :- weight(X, W1), weight(X, W2), W1 < W2.

•  Operationality	constraint:	

•  Concept	should	be	expressible	using		volume,	density,	color,	…	

•  Positive	example	(solution)	:	
on(obj1, obj2). volume(object1, 1).

is_a(object1, box). volume(object2, 0.1).

  is_a(object2, table). owner(object1, frederic).

color(object1, red). density(object1, 0.3).

color(object2, blue). Made_of(object1, cardboard).

made_of(object2, wood). owner(object2, marc).	
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Explanation-Based	Learning	

Generalized	search	tree	resulting	from	regression	of	the	target	concept	in	the	proof	tree		
by	computing	at	each	step	the	most	general	literals	allowing	this	step.	
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Explanation-Based	Learning	

•  Induction	from	a	single	example	

–  …	plus	a	strong	domain	theory		

•  Based	on	

–  Logic-based	knowledge	representation	

–  Reasoning	Operators	(deduction,	goal	regression	in	a	proof	tree,	…)	

	 	 	Now	used	in	SAT	“solvers”	
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Explanation-Based	Learning	

•  	What	was	the	aim	of	learning?		

•  	What	was	a	good	theory/	method	of	learning	?	
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Explanation-Based	Learning	

•  	What	was	the	aim	of	learning?		

•  	What	was	a	good	method	of	learning	?	

1.  Method	improving	the	problem	solving	performances	
–  [Steve	Minton	(1990)	«	Quantitative	results	concerning	the	utility	of	Explanation-Based	

Learning	»]	

2.  Method	that	simulates	the	performances	(and	limits)	of	a	natural	
cognitive	agent	(human	or	animal)	

–  [Laird,	Rosenbloom,	Newell	(1986)	«	Chunking	in	SOAR:	The	anatomy	of	a	general			
		learning	mechanism	»]	

–  [Anderson	(1993)	«	Rules	of	the	mind	»	;		
	Taatgen	(2003)	«	Learning	rules	and	productions	»]	
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Learning	and	reasoning	

	Difficulties	to	scale	up	and	to	face	noisy	data	

					 	 	 	…	when	data	started	to	pour	down	

No	measure	of	generalization	
performance	independent	of	
the	problem-solver		

But	

o	
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Bilan	(2)	:	publiable	

1.  Un	bon	système	d’apprentissage	permet		
une	résolution	de	problème	plus	efficace	(rapide)	

–  Apprentissage	d’heuristiques	

2.  Permet	d’accroître	la	base	de	connaissances		
(e.g.	base	de	règles)		

–  Apprentissage	de	concepts	
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Bilan	(2)	:	aspects	théoriques		

1.  Contrôle	de	la	recherche		

1.  Converge	

2.  Elagage	raisonné	

2.   Critère	d’opérationalité	sur	la	
théorie	produite	(applicable)				

Espace	d’hypothèses	
structuré	par	une		

relation	d’ordre	partiel	
de	généralisation	
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Plan	

1.  	1960s									:	Apprendre	c’est	s’adapter	

2.  	1970-1985	:	Apprendre	et	raisonner	

3.  	1985	-	…					:	La	théorie	statistique	de	l’apprentissage	

4.  	Et	maintenant	?	

5.  	Et	demain	?	
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Comment	fonder	l’induction	?	
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Le	PAC	learning	:	un	tournant	

•  Motivations	de	Leslie	Valiant	(1984)	
1.  Montrer	que	la	classe	des	concepts	apprenables	(correspondant	à	des	

classes	de	représentations	logiques	(e.g.	k-DNF))	est	non	vide	mais	
limitée	

2.  D’où	la	nécessité	d’un	apprentissage	cumulatif,	hiérarchique	et	guidé	

[L.	Valiant	(1984)	«	A	theory	of	the	learnable	»,	Com.	of	the	ACM,	27(11):	1134-1142]	

•  Une	classe	d’hypothèses	H	est	PAC	apprenable	si	:	

–  ∀ ε, δ	[0,1]2,	pour	toute	distribution D	sur	X	et	pour	toute	fonction	cible		

f	:	X	->	{0,1}	et	f	∈	H,	il	existe	un	algorithme	d’apprentissage	qui,	utilisant	

m(H,	ε,	δ)	exemples	tirés	selon	D	retourne	une	hypothèse	h	telle	que	h	est	

d’erreur	<	ε	par	rapport	à	f	sur	au	moins	1-δ	échantillons	d’apprentissage.	
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L’analyse	«	PAC	learning	»	

•  Supposons														.	À	tout	instant	il	existe	au	moins	une	hypothèse	dans	
l’espace	des	versions	(d’erreur	nulle)	

–  Je	choisis(*)	une	hypothèse	apparemment	sans	erreur	:	herr			

–  La	probabilité	d’erreur	de	herr	est	égale	à	la	probabilité	de	tirer	un	exemple	dans	
la	zone	d’erreur	(différence	entre	f	et	herr)	



52	/	96	

L’analyse	«	PAC	learning	»	

•  Quelle	est	la	probabilité	que	je	choisisse	une	hypothèse	herr	de	risque	réel	>	ε	
et	que	je	ne	m’en	aperçoive	pas	après	l’observation	de	m	exemples	?	

•  Probabilité	de	survie	de	herr	après	1	exemple	:		

•  Probabilité	de	survie	de	herr	après	m	exemples	:	

•  Probabilité	de	survie	d’au	moins	une	hypothèse	dans	H	:	

–  On	utilise	la	probabilité	de	l’union				

•  On	veut	que	la	probabilité	qu’il	reste	au	moins	une	hypothèse	de		
risque	réel	>	ε	dans	l’espace	des	versions	soit	bornée	par	δ		:	
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L’analyse	«	PAC	learning	»	

•  On	arrive	à	:	

Le	principe	de	minimisation	du	risque	empirique	

n’est	sain	que	si	il	y	a	des	contraintes	sur	l’espace	des	hypothèses	
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Description Votre prédiction Vraie classe

				1	grand	carré	rouge	   -

1	grand	carré	vert	

2	petits	carrés		rouges	

2	grands	cercles	rouges	

1	grand	cercle	vert	

1	petit	cercle	rouge	

+	

+	

+	

-	

+	

Le	problème	de	l’induction	

Combien	de	fonctions	possibles	de	X	vers	Y	?	
Combien	de	fonctions	restent	après	6	exemples	d’apprentissage?	

22			=		216		=		65,536	4	

210		=		1024	

•  Exemples	décrits	par	:		
Nombre	(1	ou	2);	taille	(petit	ou	grand);	forme	(cercle	ou	carré);	couleur	(rouge	ou	vert)	

•  De	classe	+	ou	-	
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•  Exemples	décrits	par	:		

Nombre	(1	ou	2);	taille	(petit	ou	grand);	forme	(cercle	ou	carré);	couleur	(rouge	ou	vert)	

Le	problème	de	l’induction	

Description	 Votre	prédiction	 Vraie	classe	
1	grand	carré	rouge		 	 -	
1	grand	carré	vert		 	 +	
2	petits	carrés	rouges		 	 +	
2	grands	cercles	rouges		 	 -	
1	grand	cercle	vert		 	 +	
1	petit	cercle	rouge		 	 +	
1	petit	carré	vert		 	 -	
1	petit	r	carré	ouge		 	 +	
2	grands	carrés	verts		 	 +	
2	petits	carrés	verts		 	 +	
2	petits	cercles	rouges		 	 +	
1	petit	cercle	vert		 	 -	
2	grands	cercles	verts		 	 -	
2	petits	cercles	verts		 	 +	
1	grand	cercle	rouge		 	 -	
2	grands	carrés	rouges		 ?	 	

	

Combien	de	
fonctions	
restantes	?	

15	

?	
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Description Your prediction True class

				1	grand	carré	rouge	   -

•  Examples	described	using:		

Number	(1	or	2);	size	(small	or	large);	shape	(circle	or	square);	color	(red	or	green)	

1	grand	carré	vert	

2	petits	carrés	rouges	

2	grands		cercles	rouges	

1	grand	cercle	vert	

1	petit	cercle	rouge	

+	

+	

+	

-	

+	

Le	problème	de	l’induction	

Combien	de	fonctions	possibles	avec	2	descripteurs	de	X	à	Y	?	

Combien	de	fonctions	restent	après	3	exemples	différents	?	

22			=		24		=		16	2	

21		=		2	
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L’apprentissage	–	une	extrapolation	nécessitant	des	a	apriori	
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Induction	et	illusions	

Cratère	ou	colline	?	
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L’analyse	«	PAC	learning	»	

n  Nouveau	critère	inductif	:		

–  Le	risque	empirique	régularisé	

1.  Satisfaire	les	contraintes	posées	par	les	exemples	

2.  Choisir	le	meilleur	espace	d’hypothèses	(capacité	de	H)	

La	question	est	résolue	sans	notion	d’algorithme		!!!		
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Recette	pour	…	concevoir	des	algorithmes	d’apprentissage	

1.  Définir	un	critère	inductif	régularisé	

a.  Exprimer	le	coût	d’erreur	de	prédiction	en	une	fonction	de	perte	

b.  Définir	un	terme	de	régularisation	qui	exprime	
	les	attendus	sur	les	régularités	du	monde	

c.  Si	possible,	rendre	convexe	le	problème	d’optimisation	résultant	

2.  Utiliser	ou	développer	un	algorithme	d’optimisation	efficace	

hopt = ArgMin
h2H


1

m

mX

i=1

l(h
�
xi), yi

�

| {z }
empirical risk

+ � reg(H)| {z }
bias on the world

�
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Learning	sparse	linear	approximator	

•  The	hypothesis	is	of	the	form	

•  A	priori	assumption:	few	non	zero	coefficients	

w�
ridge = Argmin

w

� m�

i=1

�
yi �wxi

�2 + � ||w||22
�

w�
lasso = Argmin

w

� m�

i=1

�
yi �wxi

�2 + � ||w||1
�

Ridge	regression	

Lasso	regression	

h(x) = w · x
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Risque	
empirique	
régularisé	

Expression	de	
substitution	
du	risque	
régularisé	

Optimisation	
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Bilan	(3)	:	l’empire	des	normes	

•  Une	démarche	générique	et	générale	
–  Définition	d’un	risque	régularisé	

•  Traduisant	des	attentes	sur	les	régularités	d’intérêt	
•  Assurant	problème	convexe	

–  Algorithme	d’apprentissage	=	algorithme	d’optimisation	

•  Un	certificat	d’excellence		
–  Bornes	en	généralisation,	bien	mathématiques	

•  Des	présupposés	supposés	modestes	
–  Et	adaptés	au	«	big	data	»	

Données	et	questions	i.i.d.	
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Bilan	(3)	:	l’empire	des	normes	

•  Une	démarche	générique	et	générale	

–  Définition	d’un	risque	régularisé	
•  Traduisant	des	attentes	sur	les	régularités	d’intérêt	
•  Assurant	problème	convexe	

–  Algorithme	d’apprentissage	=	algorithme	d’optimisation	

•  Un	certificat	d’excellence		
–  Bornes	en	généralisation,	bien	mathématiques	

•  Des	présupposés	supposés	modestes	

–  Et	adaptés	au	«	big	data	»	 Données	et	questions	i.i.d.	
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Bilan	(3)	:	publiable	

1.  Applique	les	préceptes	de	la	théorie	statistique	de	
l’apprentissage	

–  Algorithme	d’optimisation	d’un	risque	régularisé	

(e.g.	SVM,	Boosting,	semi-supervisé,	LASSO,	…)	

2.  Contient	des	garanties	sous	forme	de	bornes		

–  Entre	risque	empirique	et	risque	réel	
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Bilan	(2)	:	aspects	théoriques		

1.  Le	no-free-lunch	theorem		

1.  À	chaque	problème,	ses	présupposés	

2.  Les	traduire	sous	forme	de	biais	
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1.  À	chaque	problème,	ses	présupposés	

2.  Les	traduire	sous	forme	de	biais	

2.  Si	le	biais	est	adapté	au	monde		

->		garantie	sur	le	résultat	de	l’algorithme		
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Bilan	(2)	:	aspects	théoriques		

1.  Le	no-free-lunch	theorem		

1.  À	chaque	problème,	ses	présupposés	

2.  Les	traduire	sous	forme	de	biais	

2.  Si	le	biais	est	adapté	au	monde		

->		garantie	sur	le	résultat	de	l’algorithme		

	
		

Garanties	de	«	lampadaire	»	
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Plan	

1.  	1960s									:	Apprendre	c’est	s’adapter	

2.  	1970-1985	:	Apprendre	et	raisonner	

3.  	1985	-	…					:	La	théorie	statistique	de	l’apprentissage	

4.  	Et	maintenant	?	

5.  	Et	demain	?	
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Fin	de	l’histoire	?	
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Les	réseaux	de	neurones	profonds	

•  On	s’amuse	à	nouveau	à	construire	des	réseaux	(et	des	algorithmes)	

qui	résolvent	des	problèmes	(plutôt	que	seulement	réduire	un	taux	

d’erreur)	
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Quelque	chose	de	troublant	

–  C.	Zhang,	S.	Bengio,	M.	Hardt,	B.	Recht,	O.	Vinyals	(ICLR,	May	2017).		
“Understanding	deep	learning	requires	rethinking	generalization”	

Extensive	experiments	on	the	classification	of	images	
–  The	AlexNet		(>	1,000,000	parameters)	+	2	other	architectures	

–  The	CIFAR-10	data	set:		
•  60,000	images	categorized	in	10	classes	(50,000	for	training	and	10,000	for	testing)	

•  Images:	32x32	pixels	in	3	color	channels	

Again, on intuitive grounds we expect that in order to make good predic-
tions we need to select a hypothesis class F that is appropriate for the problem
at hand. More precisely we should use some prior knowledge about the nature
of the link between between the features x and the target y to choose which
functions the class F should possess. For instance if, for any reason, we know
that with high probability the relation between x and y is approximately lin-
ear we better choose F to contain only such functions fw(x) = w · x. In the
most general setting this relationship is encoded in a complicated and unknown
probability distribution P on labeled observations (x, y). In many cases all we
know is that the relation between x and y has some smoothness properties.

The set of techniques that data scientists use to adapt the hypothesis class
F to a specific problem is know as regularization. Some of these are explicit in
the sense that they constrain estimators f in some way as we shall describe in
section 2. Some are implicit meaning that it is the dynamics of the algorithm
which walks its way through the set F in search for a good f (typically using
stochastic gradient descent) that provides the regularization. Some of these
regularization techniques actually pertain more to art than to mathematics as
they rely more on experience and intuition than on theorems.

Figure 1: The architecture of AlexNet which is one of the networks used by the authors

in [1]

Deep Learning is a a very popular class of machine learning models, roughly
inspired by biology, that are particularly well suited for tackling complex, AI-
like tasks such as image classification, NLP or automatic translation. Roughly
speaking these models are defined by stacking layers that, each, combine linear
combinations of the input with non-linear activation functions (and perhaps
some regularization). We won’t enter into defining them in detail here as many
excellent textbooks [3, 4] will do the job. Figure 1 shows the architecture of
AlexNet a deep network used in the experiment [1]. For our purpose, which is a
discussion of the issue of generalization and regularization, su�ce it to say here
that these Deep Learning problems share the following facts:

• The number n of samples available for training these networks is typically
much smaller than the number k of parameters w = (w1, . . . , wk) that
define the functions fw 2 F

1.

• The probability distribution P (x, y) is impossible to describe in any sen-
sible way in practice. For concreteness, think of x as the pixels of and

1The number of parameters k of a Deep Learning network such as AlexNet can be over a
hundred of millions while being trained on “only” a few millions of images in image-net.

2
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Quelque	chose	de	troublant	

Experiments	

1.  	Original	dataset	without	modification	

•  Results	?	
–  Training	accuracy	=	100%			;				Test	accuracy	=	89%	
–  Speed	of	convergence	~	5,000	steps	
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Troubling	findings	

Experiments	

1.  	Original	dataset	without	modification	

•  Results	?	
–  Training	accuracy	=	100%			;				Test	accuracy	=	89%	
–  Speed	of	convergence	~	5,000	steps	

2.  	Random	labels	
–  Training	accuracy	=	100%	!!??		;				Test	accuracy	=	9.8%	
–  Speed	of	convergence	=	similar	behavior			(~	10,000	steps)	

3.  	Random	pixels	

–  Training	accuracy	=	100%	!!??		;				Test	accuracy	~	10%	
–  Speed	of	convergence	=	similar	behavior			(~	10,000	steps)	

Now,	we	
are	in	

trouble!!	
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Troubling	findings	

•  Deep	NNs	can	accommodate	ANY	training	set		

Can	grow	without	limit!!	

But	then,		
	
										why	are	deep	NNs		so	good	on	image	classification	tasks?	
		

8h 2 H, 8�  1 : Pm

"
R(h)  bR(h) + 2 dRadm(H) + 3

r
ln(2/�)

m

#
> 1� �



77	/	96	

Le	taux	d’erreur	…	

…	est	une	mesure	insuffisante	

	

•  Recommandation	

	

•  Écrire	la	légende	d’une	image	

•  Sorties	structurées	

La	qualité	de	la	
solution	dépend		

de	plusieurs	facteurs	



Image	annotating	

•  Example	

78	
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Adversarial	learning	

Question	centrale	:	quelles	garanties	?	

79	
[Selvaraju	et	al.	(2017)	«	Grad-CAM:	Visual	explanations	from	deep	networks	via	gradient-based	localization	»]	

!!??	

ambiguities inherent in ImageNet classification. We can also
see that seemingly unreasonable predictions have reasonable

explanations, an observation also made in HOGgles [48].
6.2. Effect of adversarial noise on VGG-16

Goodfellow et al. [17] demonstrated the vulnerability of
current deep networks to adversarial examples, which are
slight imperceptible perturbations of input images which
fool the network into misclassifying them with high confi-
dence. We generate adversarial images for the ImageNet
trained VGG-16 model such that it assigns a high probability
(>0.9999) to a category that is absent in the image and a
very low probability to categories that are present. We then
compute Grad-CAM visualizations for the categories that are
present. We can see from Fig. 5 that inspite of the network
being completely certain about the absence of these cate-
gories (tiger cat and boxer), Grad-CAM visualizations can
correctly localize the categories. This shows the robustness
of Grad-CAM to adversarial noise.

Boxer: 0.40 Tiger Cat: 0.18

(a) Original image
Airliner: 0.9999

(b) Adversarial image
Boxer: 1.1e-20

(c) Grad-CAM “Dog”

Tiger Cat: 6.5e-17

(d) Grad-CAM “Cat”

Figure 5: (a-b) Original image and the generated adversarial image for category “air-
liner”. (c-d) Grad-CAM visualizations for the original categories “tiger cat” and
“boxer (dog)” along with their confidence. Inspite of the network being completely
fooled into thinking that the image belongs to “airliner” category with high confi-
dence (>0.9999), Grad-CAM can localize the original categories accurately.

6.3. Identifying bias in dataset
In this section we demonstrate another use of Grad-CAM:

identifying and thus reducing bias in training datasets. Mod-
els trained on biased datasets may not generalize to real-
world scenarios, or worse, may perpetuate biases and stereo-
types (w.r.t. gender, race, age, etc.) [6, 37]. We finetune an
ImageNet trained VGG-16 model for the task of classify-
ing “doctor” vs. “nurse”. We built our training dataset using
the top 250 relevant images (for each class) from a popular
image search engine. The trained model achieves good ac-
curacy on validation images from the search engine. But at
test time the model did not generalize as well (82%).

Grad-CAM visualizations of the model predictions re-
vealed that the model had learned to look at the person’s face
/ hairstyle to distinguish nurses from doctors, thus learning
a gender stereotype. Indeed, the model was misclassifying
several female doctors to be a nurse and male nurses to be
a doctor. Clearly, this is problematic. Turns out the im-
age search results were gender-biased (78% of images for
doctors were men, and 93% images for nurses were women).

Through this intuition gained from our visualization, we
reduced the bias from the training set by adding in male
nurses and female doctors to the training set, while main-
taining the same number of images per class as before. The

re-trained model now generalizes better to a more balanced
test set (90%). Additional analysis along with Grad-CAM
visualizations from both models can be found in the supple-
mentary. This experiment demonstrates that Grad-CAM can
help detect and remove biases in datasets, which is impor-
tant not just for generalization, but also for fair and ethical
outcomes as more algorithmic decisions are made in society.

7. Counterfactual Explanations
We propose a new explanation modality - Counterfactual

explanations. Using a slight modification to Grad-CAM we
obtain these counterfactual explanations, which highlight the
support for the regions that would make the network change
its decision. Removing concepts occurring in those regions
would make the model more confident about the given target
decision.

Specifically, we negate the gradient of yc (score for class
c) with respect to feature maps A of a convolutional layer.
Thus the importance weights ↵c

k
, now become,

↵c

k
=

global average poolingz }| {
1

Z

X

i

X

j

� @yc

@Ak

ij

| {z }
Negative gradients

(5)

As in (2), we weighted sum the forward activation maps, A
with weights ↵c

k
, and follow it by a ReLU to obtain counter-

factual explanations as shown in Fig. 6.

(a) Original Image (b) Cat Counterfactual exp (c) Dog Counterfactual exp
Figure 6: Negative Explanations with Grad-CAM

8. Image Captioning and VQA
Finally, we apply our Grad-CAM technique to the im-

age captioning [7, 23, 47] and Visual Question Answering
(VQA) [3, 15, 36, 41] tasks. We find that Grad-CAM leads to
interpretable visual explanations for these tasks as compared
to baseline visualizations which do not change noticeably
across different predictions. Note that existing visualization
techniques are either not class-discriminative (Guided Back-
propagation, Deconvolution), or simply cannot be used for
these tasks or architectures, or both (CAM or c-MWP).
8.1. Image Captioning

In this section, we visualize spatial support for an image
captioning model using Grad-CAM. We build on top of the
publicly available ‘neuraltalk2’4 implementation [25] that
uses a finetuned VGG-16 CNN for images and an LSTM-
based language model. Note that this model does not have

4https://github.com/karpathy/neuraltalk2
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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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Le	cas	AlphaGo	:	comprendre	

Fan	Hui,	Gu	Li,	Zhou	Ruyang	(très	forts	joueurs	de	Go)	se	reconvertissent	dans	

l’analyse	des	parties	jouées	par	AlphaGo	

•  Sorte	d’exégèse.	Explications	a	posteriori	

•  Nécessaire	pour		

–  La	communication	

–  L’enseignement		

Et	même	AlphaGo	peut	se	tromper	



Les	explications	des	SEs	

Pourquoi	ne	faut-il	pas	prescrire	de	tétracycline	à	un	enfant		
de	moins	de	8	ans	?	

Connaissances	justificatives	
Dépôt	de	la	drogue	sur	les	os	en	développement	

						Noircissement	définitif	des	dents	

												Coloration	socialement	indésirable	

																		Ne	pas	administrer	de	tétracycline	aux	enfants	de	moins	de	8	ans	

Notion	d’effets	secondaires	indésirables	

Relations	de	causalité	
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Interactions	entre	systèmes	apprenants	

•  Deux	sous-systèmes		

–  L’un	plaçant	les	liens	publicitaires	

–  L’autre	choisissant	les	publicités	

•  Qui	s’influencent	mutuellement	

–  Chacun	s’appuie	sur	les	données	de	clicks		

–  Qui	dépendent	aussi	de	l’intervention	de	l’autre	systèmes		

–  Et	d’autres	facteurs	non	contrôlés	(prix,	requête	de	l’utilisateur,	…)	

85	

BOTTOU, PETERS, ET AL.

!"#$%#$&
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Figure 1: Mainline and sidebar ads on a search result page. Ads placed in the mainline are more
likely to be noticed, increasing both the chances of a click if the ad is relevant and the risk
of annoying the user if the ad is not relevant.

• Let x represent the auction context information, such as the user query, the user profile, the
date, the time, etc. The ad placement engine first determines all eligible ads a1 . . .an and the
corresponding bids b1 . . .bn on the basis of the auction context x and of the matching criteria
specified by the advertisers.

• For each selected ad ai and each potential position p on the web page, a statistical model
outputs the estimate qi,p(x) of the probability that ad ai displayed in position p receives a user
click. The rank-score ri,p(x) = biqi,p(x) then represents the purported value associated with
placing ad ai at position p.

• Let L represent a possible ad layout, that is, a set of positions that can simultaneously be
populated with ads, and let L be the set of possible ad layouts, including of course the empty
layout. The optimal layout and the corresponding ads are obtained by maximizing the total
rank-score

max
L2L

max
i1,i2,...

Â
p2L

rip,p(x) , (1)

subject to reserve constraints

8p 2 L, rip,p(x)� Rp(x) ,

and also subject to diverse policy constraints, such as, for instance, preventing the simultane-
ous display of multiple ads belonging to the same advertiser. Under mild assumptions, this
discrete maximization problem is amenable to computationally efficient greedy algorithms
(see appendix A.)

• The advertiser payment associated with a user click is computed using the generalized second
price (GSP) rule: the advertiser pays the smallest bid that it could have entered without chang-
ing the solution of the discrete maximization problem, all other bids remaining equal. In other
words, the advertiser could not have manipulated its bid and obtained the same treatment for
a better price.

3210

[L.	Bottou	et	al.	«Counterfactual	Reasoning	and	Learning	Systems:	The	
Example	of	Computational	Advertising	»,	JMLR,	14,	(2013),	3207-3260]		
		

Système	adaptatif	de	placement	de	publicité		
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Bilan	(4)	:	publiable	

1.  Contient	le	mot	«	deep	»	

2.  Attaque	un	problème	avec	beaucoup	de	données	

3.  Est	lié	à	un	problème	«	difficile	»	et	utile	pour	l’industrie	

4.  Garanties	en	contexte	adversarial		
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Plan	

1.  	1960s									:	Apprendre	c’est	s’adapter	

2.  	1970-1985	:	Apprendre	et	raisonner	

3.  	1985	-	…					:	La	théorie	statistique	de	l’apprentissage	

4.  	Et	maintenant	?	

5.  	Et	demain	?	
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Voiture	dans	une	piscine	

				…	ou	pas	de	voiture	...	?		
Concepts$≠$Statistics
Computer#vision#is#not#a#statistical#problem

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

because#the#context#is#wrong?

[Léon	Bottou	(ICML-2015,	invited	talk)	«	Two	big	challenges	in	Machine	Learning	»]	
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Autres	scénarios	

•  Apprendre	à	partir	de	(très)	peu	d’exemples	

–  Ce	que	nous	faisons	sans	cesse	

–  Nous	sommes	des	constructeurs	de	théories	(que	nous	testons	ensuite)	

Ré-introduire	le	raisonnement	
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Autres	scénarios	

•  Apprentissage	par	analogie	

a b c

a b d

a a b a b c

?

Why	should			‘a		a		b		a		b		c		d’			be	any	better	than				‘a		b		d’?		
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Transfert	learning:	questions	

•  What	can	be	the	basis	of	transfer	learning?	

								How	to	translate	formally	:		

																											“the	target	domain	is	like	the	source	domain”?	

•  What	determine	a	good	transfer?	
–  A	“good	source”?	

–  A	high	“similarity”	between	source	and	target?		

•  What	formal	guarantees	can	we	have	on	the	transferred	

hypothesis?	

Not	i.i.d.	
anymore	
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Transfer	and	sequence	effects	

t	

a b c

a b d

a a b a b c

?
a b c

a b d

a a b a b c

?
i j j k k k

?

a b c
a a b a b c

?

1 2 3

1 2 4

?
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Effets	de	séquence	

Instruction	:	découper	la	figure	géométrique	suivante	en	n	parties	superposables.	

En	2:		 En	3:		 En	4:		 En	5:		
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Perspectives	

•  Nouveaux	scénarios	d’apprentissage	
–  Long-life	learning	et	transfert	

•  Transfert	constructif	et	transfert	négatif	

–  Construction	de	curriculum	

•  [Foglino	et	al.	«	Curriculum	learning	for	cumulative	return	maximization	»,	
IJCAI-2019]	

–  A	central	aspect	of	curriculum	learning	is	task	sequencing,	since	
the	order	in	which	the	tasks	are	executed	is	a	major	factor	in	
the	quality	of	a	curriculum.		

–  Curriculum	learning	leverages	transfer	learning	to	transfer	knowledge	
through	the	curriculum,	in	order	to	benefit	a	final	task.		
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Un	pari	

	

	Vers	des	systèmes	qui	savent	comment	enseigner	

1.  	Expliquer	un	cas	

2.  	Synthétiser	

3.  	Organiser	un	curriculum	

Ø  Évaluer	les	systèmes	par	la	performance	de	leurs	élèves	?	
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Un	espoir	

“Another	great	strength	of	this	book	is	the	way	that	ideas	build	upon	one	

another.	The	author	has	masterfully	written	a	book	in	which	your	intuition	about	

early	concepts	pave	the	way	for	understanding	later	concepts	even	though	

missing	some	ideas	in	the	beginning	will	not	cripple	you	in	later	chapters.”	

	

À	propos	de	[Steven	Strogatz	“Non	linear	dynamics	and	chaos”,	2014]	

t	
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Suppléments	
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Limites	

•  Apprentissage	passif	et	données	et	questions	i.i.d.	

–  Agents	situés	:	le	monde	n’est	pas	i.i.d.	

•  Requiert	beaucoup	d’exemples	

–  Nous	sommes	beaucoup	plus	efficaces	

–  «	Producteurs	de	théories	»,	théories	que	nous	testons	ensuite	

•  Pas	adapté	à	la	recherche	de	causalités	

•  Pas	intégré	avec	un	raisonnement	

Les	machines	apprenantes	ne	sont	pas	des	machines	pensantes	


