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Induction and Machine Learning 

What the second tells about the first  

and is induction finally a closed problem? 
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Role	of	inducCon	

•  	[Leslie	Valiant,	«	Probably	Approximately	Correct.	Nature’s	Algorithms		
		for	Learning	and	Prospering	in	a	Complex	World	»,	Basic	Books,	2013]	

«	From	this,	we	have	to	conclude	that	generaliza)on	or	induc)on	is		

		a	pervasive	phenomenon	(…).	It	is	as	rouCne	and	reproducible	a		

		phenomenon	as	objects	falling	under	gravity.		

		It	is	reasonable	to	expect	a	quan)ta)ve	scien)fic	explana)on		

		of	this	highly	reproducible	phenomenon.		»	

2	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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Role	of	inducCon	

•  	[Edwin	T.	Jaynes,	«	Probability	theory.	The	logic	of	science	»,	Cambridge	U.		
		Press,	2003],	p.3	

«	We	are	hardly	able	to	get	through	one	waking	hour	without	facing	some		

	situaCon	(e.g.	will	it	rain	or	won’t	it?)	where	we	do	not	have	enough		

	informa)on	to	permit	deduc)ve	reasoning;	but	sCll	we	must	decide	

	immediately.		

		In	spite	of	its	familiarity,	the	formaCon	of	plausible	conclusions	is	a	very		

		subtle	process.		»	

3	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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Outline	

1.  	Induc)on	and	the	problem(s)	of	inducCon	

2.  	The	first	AI	approach	to	inducCon	

3.  	The	sta)s)cal	learning	approach	
–  The	Perceptron:	a	principle	and	an	algorithm	

–  Jus)fying	induc)on.	The	advent	of	staCsCcal	learning	

–  The	dominant	paradigm	

–  A	closed	case?	

4.  	What	about	the	revolu)on(s)	in	ML?	
–  Does	deep	learning	mean	big	troubles?	

–  New	learning	tasks	=>	in	need	of	new	learning	paradigms?	

5.  	Conclusion	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 4	
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InducCon(s)	:		IllustraCons	

and	ques)ons	
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InterpreCng	–	compleCon	of	percepts	
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InterpreCng	–	compleCon	of	percepts	
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InducCon	and	its	illusions	
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Clustering	
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Clustering	
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Supervised	inducCon	

•  We	want	to	be	able	to	predict	the	class	of	unseen	examples	

	A	decision	funcCon	

x

y

!
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InducCon:	a	double	quesCon	

Some	green	emeralds		=>		all	emeralds	are	green	

	

1.  	How	to	find	such	rules?			The	problem	of	inven)on	

2.  	Can	we	guarantee	something	about	those	“generalizaCons”?	

The	problem	of	jus)fica)on	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 12	

In	each	case:	

observaCons		=>		laws	/	general	rules	or	ways	to	adapt	to	new	situa)ons	
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Learning	…	

…	as	

a	means	to	improve	the	efficiency	of	a	problem	solver	

14	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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E.g.	The	PRODIGY	system	

ACM	SIGART	BulleGn,	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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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}
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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}

18	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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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}
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IllustraCon:	LEX	(Tom	Mitchell)	
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Learning	from	one	example	

1.  From	a	single	example	

2.  	Try	to	prove	the	“fork”	

3.  	Generalize	

ExplanaCon-Based	Learning	

20	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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ExplanaCon-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.

•  Opera)onality	constraint:	

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

•  Posi)ve	example	(soluCon)	:	
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).	
LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 21	
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ExplanaCon-Based	Learning	

Generalized	search	tree	resulCng	from	regression	of	the	target	concept	in	the	proof	tree		
by	compuCng	at	each	step	the	most	general	literals	allowing	this	step.	

	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 22	
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ExplanaCon-Based	Learning	

•  InducCon	from	a	single	example	

–  …	plus	a	strong	domain	theory		

•  Based	on	

–  Logic-based	knowledge	representaCon	

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

	 	 	Now	used	in	SAT	“solvers”	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 23	
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ExplanaCon-Based	Learning	

•  	What	was	the	aim	of	learning?		

•  	What	was	a	good	theory/	method	of	learning	?	

24	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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ExplanaCon-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)	«	QuanGtaGve	results	concerning	the	u/lity	of	ExplanaGon-Based	

Learning	»]	

2.  Method	that	simulates	the	performances	(and	limits)	of	a	natural	
cogni)ve	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	producGons	»]	

25	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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Learning	and	reasoning	

Papers	like		

•  Stephen	José	Hanson	(1990).	Conceptual	clustering	and	categorizaCon:	
bridging	the	gap	between	induc)on	and	causal	models.		

Machine	Learning	journal,	1990,	pp.235-268.		

26	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		

	Difficul)es	to	scale	up	and	to	face	noisy	data	

					 	 	 	…	when	data	started	to	pour	down	

No	measure	of	generalizaCon	
performance	independent	of	
the	problem-solver		

But	
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Outline	

1.  	Induc)on	and	the	problem(s)	of	inducCon	

2.  	The	first	AI	approach	to	inducCon	

3.  	The	sta)s)cal	learning	approach	
–  The	Perceptron:	a	principle	and	an	algorithm	

–  Jus)fying	induc)on.	The	advent	of	staCsCcal	learning	

–  The	dominant	paradigm	

–  A	closed	case?	

4.  	What	about	the	revolu)on(s)	in	ML?	
–  Does	deep	learning	mean	big	troubles?	

–  New	learning	tasks	=>	in	need	of	new	learning	paradigms?	

5.  	Conclusion	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 27	
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Supervised	learning	

Given	a	training	set	

•  Find	an	hypothesis																		such	that	

•  Hoping	that	it	generalizes	well	:				

28	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		

Sm =
�
(x1, y1), (x2, y2), . . . , (xi, yi), . . . , (xm, ym)

 
f	

h	

h(xi) ⇡ yi

8x 2 X : h(x) ⇡ y

h 2 H
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–  Rosenblat	(1958-1962)	

The	perceptron	
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The	perceptron	

30	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		

neurone de biais

1

yi

x
(1)

x
(2)

x
(3)

x
(d)

w1i

w2i

w3i

wdi

σ(i) =
d∑

j=0

wjix
(j)w0i

–  Rosenblat	(1958-1962)	

xi

				Bias	neuron					
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The	perceptron:	a	linear	discriminant	

31	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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The	perceptron	learning	rule	

•  Adjustments	of	the	weight	

			Principle	(Perceptron’s	rule):	learn	only	in	case	of	predicCon	error	

32	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		

Algorithm 1: The perceptron learning algorithm

Data: A training sample: Sm = {(xi, yi)}1im

Result: A weight vector w

while not convergence do

if the randomly drawn xi is st. sign(w · xi) = yi then
do nothing

else

w(t+ 1) = w(t) + ⌘ xi yi

Randomly select next training example xi
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The	perceptron:	illustraCon	
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x2

x1

! y

1 + x1 − x2 = 0 (α = 0)

1 + 0.7x1 − 1.2x2 = 0 (α = 0.1)

1 − 0.5x1 − 2x2 = 0 (α = 0.5)

1 − 2x1 − 3x2 = 0 (α = 1)

1

3	
2	
1	

x	

wt =

2

4
1

�1
1

3

5

Class	=	-1	
wt+1 = wt + ⌘ xi yi

if ⌘ = 0.1 : wt+1 =

2

4
0.7

�1.2
0.9

3

5

if ⌘ = 0.5 : wt+1 =

2

4
�0.5
�2
0.5

3

5

if ⌘ = 1 : wt+1 =

2

4
�2
�3
0

3
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The	perceptron	

NO	reasoning	!!!	
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Some	remarquable	properCes	!!	

•  Convergence	in	a	finite	number	of	steps	

–  	Independently	of	the	number	of	examples	

–  	Independently	of	the	distribu)on	of	the	examples	

–  	Independently	of	the	dimension	de	input	space	

35	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		

If	there	exists	a	linear	separator	of	the	training	examples	

!!!	
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Guarantees	on	generalizaCon	??	

•  	Theorems	about	the	performance		

	with	respect	to	the	training	set	

•  	But	what	about	future	examples?	
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The	sta)s)cal	theory			

of	learning	

(illustraCon)	
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•  Examples	described	using:		

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

•  They	belong	either	to	class	‘+’	or	to	class	‘-’	

One	example	that	tells	a	lot	…		

38	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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Description Your prediction True class

				1	large	red	square	   -

•  Examples	described	using:		

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

•  They	belong	either	to	class	‘+’	or	to	class	‘-’	

1	large	green	square	

2	small	red	squares	

2	large	red	circles	

1	large	green	circle	

1	small	red	circle	

+	

+	

+	

-	

+	

One	example	that	tells	a	lot	…		
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Description Your prediction True class

				1	large	red	square	   -

•  Examples	described	using:		

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

1	large	green	square	

2	small	red	squares	

2	large	red	circles	

1	large	green	circle	

1	small	red	circle	

+	

+	

+	

-	

+	

One	example	that	tells	a	lot	…		

40	

How	many	possible	funcCons	altogether	from	X	to	Y	?	

How	many	funcCons	do	remain	azer	6	training	examples?	

22			=		216		=		65,536	4	

210		=		1024	
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•  Examples	described	using:		

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

One	example	that	tells	a	lot	…		

41	

Description	 Your	prediction	 True	class	
1	large	red	square	 	 -	
1	large	green	square	 	 +	
2	small	red	squares	 	 +	
2	large	red	circles	 	 -	
1	large	green	circle	 	 +	
1	small	red	circle	 	 +	
1	small	green	square	 	 -	
1	small	red	square	 	 +	
2	large	green	squares	 	 +	
2	small	green	squares	 	 +	
2	small	red	circles	 	 +	
1	small	green	circle	 	 -	
2	large	green	circles	 	 -	
2	small	green	circles	 	 +	
1	large	red	circle	 	 -	
2	large	red	squares	 ?	 	

	

How	many	
remaining	
funcCons?	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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Description Your prediction True class

				1	large	red	square	   -

•  Examples	described	using:		

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

1	large	green	square	

2	small	red	squares	

2	large	red	circles	

1	large	green	circle	

1	small	red	circle	

+	

+	

+	

-	

+	

One	example	that	tells	a	lot	…		

42	

How	many	possible	funcCons	with	2	descriptors	from	X	to	Y	?	

How	many	funcCons	do	remain	azer	3	≠	training	examples?	

22			=		24		=		16	2	

21		=		2	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		
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InducCon:	an	impossible	game?	

•  A	bias	is	need	

•  Types	of	bias	

–  Representa)on	bias 	(declaraCve)	

–  Research	bias		 	 	(procedural) 		

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 43	
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Learning	the	class	of	2D	points	

Training	sample	

–  PosiCve	examples	

–  NegaCve	examples	

P+
X

P�X

x

y

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 44	
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Learning	the	class	of	2D	points	

•  How	can	we	do	that?	

x

y

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 45	
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Learning	the	class	of	2D	points	

•  	Choice	of	the	hypothesis	space	H			

x

y

h

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 46	
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y

h

x

y
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The	sta)s)cal	theory	of	learning	

in	two	key	steps	
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A	sta)s)cal	theory	of	inducCon	

	What	performance	do	we	aim	at?	

•  	Cost	of	a	predicCon	error	
–  The	loss	func/on	

•  	What	is	the	expected	cost	if	I	choose	h?	

–  Expected	cost:	the	“true	risk”		

R(h) =
�

X�Y
�
�
h(x), y

�
pXY(x, y) dx dy

�
�
h(x), y

�
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A	sta)s)cal	theory	of	inducCon	

•  	The	empirical	performance	of	h		

–  E.g.	No	predicCon	error	on	the	training	sample	S		

x

y

h

The	“empirical	risk”	

R̂(h) =
1
m

m�

i=1

�
�
h(xi), yi

�
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Central	quesCon:	the	inducCve	principle	

•  Is	the	Empirical	Risk	MinimizaCon	(ERM)	principle		

…	sound?	

	If	I	choose	h	such	that		

–  	Will	h	be	good	as	well	with	respect	to	the	true	risk?	

–  	Could	I	have	done	much	beter?	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 50	
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? ! R(ĥ) (1)		
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^	

^	
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The	sta)s)cal	theory	of	learning	

The	1st	step	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 51	

One	hypothesis	

(1)		
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Sta)s)cal	study	for	ONE	hypothesis	

–  An	hypothesis	of	null	empirical	risk	is	chosen		
(no	predicCon	error	on	the	training	sample	S)		

–  What	is	the	expected	error	of	h?		

–  What	is	the	risk	of	ending	with		R(h)	>	ε	?		

x

y

f

h

h � f

x

y

f

h
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Sta)s)cal	study	for	ONE	hypothesis	

•  Assume	h	st.																																		(h	is	“bad”)	

•  What	is	the	probability	that	h	has	been	selected	nonetheless?	

x

y

f

h

h � f

R(h) � �

R(h) = pX (h � f)

Azer	one	example	:		 p
�
R̂(h

�
= 0) � 1� �

Azer	m	examples	(i.i.d.):		

pm
�
R̂(h

�
= 0) � (1� �)m

We	want	:		 � ⇥, � � [0, 1] : pm
�
R(h

�
� ⇥) � �

that	h	“falls”	out	of			 h � f

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 53	
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Sta)s)cal	study	for	ONE	hypothesis	

•  We	want:	

x

y

f

h

h � f

Or:		

Hence	:		

� ⇥, � � [0, 1] : pm
�
R(h

�
� ⇥) � �

(1 � �)m � �

e�� m � �

�⇥ m � ln(�)

m � ln(1/�)
⇥
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The	sta)s)cal	theory	of	learning	

The	2nd	step	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 55	

The	very	best	hypothesis	in	H

(2)		
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Sta)s)cal	study	for	|H|	hypotheses	

•  What	is	the	probability	that	I	select	an	hypothesis	herr	with	true	risk		>	ε	and	that	
I	do		not	realize	it	aTer	m	examples	?	
–  Probability	of	“survival”	of		herr	aTer	1	example	:		

–  Probability	of	“survival”	of	herr	aTer	m	examples	:	

•  Probability	of	survival	of	at	least	one	hypothesis	in	H	:	

–  From	a	bound	on	the	probability	of	the	union				

We	want	the	probability	that	there	remains	at	least	one	hypothesis	of	risk	>	ε	in	the	
version	space	be	bounded	by	δ		:	

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 56	

(1)		
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Sta)s)cal	study	for	|H|	hypotheses	

It	leads	to:	

The	Empirical	Risk	MinimizaCon	principle	

is	sound	only	if	there	exists	a	limit	(a	bias)	on	the	expressivity	of	H		

LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		 57	

8h 2 H, 8�  1 : Pm

"
R(h)  bR(h) +

log |H|+ log

1
�

m

#
> 1� �
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Bounds	on	the	difference	between	the	true	risk	and	the	empirical	risk	

•  H	finite,	realizable	case	

•  H	finite,	non	realizable	case	
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StaCsCcal	study	for	H	not	finite	

•  	Non	realizable	case	and	H	not	finite			

How	to	do	that?	

–  General	principle:		

1.  	Reduce	the	infinite	case	to	a	the	case	of	an	finite	set	of	hypotheses	

2.  EsCmate	how	much	it	is	possible,	for	any	given	training	set	S,		to	find	an	
hypothesis	in	H	that	fits	the	data	
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StaCsCcal	study	for	H	not	finite	

•  The				Rademacher	complexity	

1.   Shuffle	randomly	the	labels	of	the	training	examples	

Each	yi	is	replaced	by	a	random	label	σi	=	-1	or	+1	

2.  Then	it	is	possible	to	esCmate	how	it	is	possible		
to	find	an	hypothesis	in	H	that	fits	the	data	(whichever	the	data):	

RS(H) = E�

�
Max
h�H

1
m

m�

i=1

�i h(xi)
�

We	can	get	the	bound:	
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Sta)s)cal	theory	of	learning	as	a	theory	of	jus)fica)on	

Use	of	the	ERM	principle	(fi�ng	the	data)	is	jus)fied	as	long	as	the	

expressiveness	(or	capacity)	of	H		is	controlled	(and	limited)	
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From	a	theory	of	jus)fica)on		

to	THE	recipe	for		

producing	algorithms	of	inven)on	
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A	powerful	paradigm	
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HOW	TO	…	devise	learning	algorithms	

1.  Define	an	appropriate	regularized	(inducCve)	criterion	

1.  Translate	the	cost	of	errors	of	predicCon	in	the	domain	into	a	loss	funcCon	

2.  Define	a	regulariza)on	term	that	expresses	
	assumpGons	about	the	underlying	regulariGes	of	the	world	

3.  If	possible,	make	the	resulCng	op)miza)on	problem	a	convex	one	

2.  Use	or	develop	an	efficient	op)miza)on	solver	
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Learning	sparse	linear	approximator	

•  The	hypothesis	is	of	the	form	

•  A	priori	assumpCon:	few	non	zero	coefficients	
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Ridge	regression	

Lasso	regression	

h(x) = w · x
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MulC-task	learning	

•  T		binary	classificaCon	tasks	on	X	x	Y		

AssumpGon	(2)	:	tasks	are	related	by	

AssumpCon	(1)	:	linear	hypotheses	
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Regularized	
empirical	risk	

Surrogate	
expression	of	
the	regularized	
empirical	risk	

OpCmizaCon	
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A	very	alluring	framework	

1.  Based	on	a	jus)fica)on	theory	
–  Bounds	on	the	generalizaCon	error	can	be	claimed			

(very	important	for	having	paper	accepted)		

–  Valid	for	the	worst	case:	against	any	possible	distribuCon	of	the	data	

2.  Seemingly	very	benign	assump)ons	on	the	world	
–  Data	(and	future	quesCons)	supposedly		i.i.d.	

–  f	∈	H	or	f	∉	H	

3.  Provides	a	recipe	to	produce	learning	algorithms	
–  Very	generic	applicability:	minimiza/on	of	a	regularized	empirical	risk	

–  Learning	=	opCmizaCon	
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A	lot	of	“Lamppost	theorems”	

Theorems	that	guarantee	that:	

–  If	the	world	obeys	my	a	priori	assump)ons	

–  Then	the	learning	algorithm	will	end	up	with	a	
good	hypothesis	(closed	to	the	“real”	one)	

–  Otherwise	learning	can	lead	to	very	bad	
hypotheses	
(e.g.		If	the	world	is	not	sparse)	

68	LIG	keynote	speech	-	2017			«	AutomaCc	inducCon:	a	closed	problem?	»			(A.	Cornuéjols)		



/	92	

The	no-free-lunch	theorem	
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But,	may	be	we	cannot	do	any	beYer!?	
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The	no-free-lunch	theorem	
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Chapitre 2 Première approche théorique de l’induction 45

Théorème 2.2 (No-free-lunch theorem (Wolpert, 1992))

For any pair of learning algorithms A
1

and A
2

, characterized by their a posteriori probability
distribution p

1

(h|S) and p
2

(h|S), and for all distribution dX on the input space X , and all
numbers of training examples, the following claims are true :

1. On average on all target functions f in F :
E

1

[R
Rel

|f, m] ≠ E
2

[R
Rel

|f, m] = 0.
2. For any given training sample S, on average on all the target functions f in F :

E
1

[R
Rel

|f, S] ≠ E
2

[R
Rel

|f, S] = 0.
3. On average on every possible distributions P(f) :

E
1

[R
Rel

|m] ≠ E
2

[R
Rel

|m] = 0.
4. For any given training sample S, on average on all possible distributions p(f) :

E
1

[R
Rel

|S] ≠ E
2

[R
Rel

|S] = 0.

Pour une preuve de ce théorème, nous renvoyons le lecteur à [?]. De manière qualitative, le
premier point de ce théorème exprime que quel que soit notre choix d’un « bon » algorithme
d’apprentissage et d’un « mauvais » algorithme (par exemple un algorithme prédisant au hasard,
ou bien une fonction constante sur X ), si toutes les fonctions cible f sont également probables,
alors le « bon » algorithme aura la même performance en moyenne que le « mauvais ». Cela
signifie aussi qu’il existe au moins une fonction cible pour laquelle la prédiction au hasard est
meilleure que n’importe quelle autre stratégie de prédiction.

Le deuxième point du théorème a�rme la même absence de supériorité d’un algorithme d’ap-
prentissage sur tout autre algorithme, même quand l’échantillon d’apprentissage est connu. En
d’autres termes, celui-ci n’apporte pas plus d’informations à un algorithme plutôt qu’à un autre,
fût-il à nouveau l’algorithme de prédiction au hasard. Les points trois et quatre ne font que
renforcer ces résultats en a�rmant l’égalité de tous les algorithmes, si l’on prend en compte des
distributions non uniformes de fonctions cible, mais que l’on moyenne sur toutes ces distribu-
tions. Bien sûr, pour une distribution donnée, un algorithme va être meilleur que les autres, à
savoir celui qui a la même distribution que P(f |S). Mais comment le deviner a priori ?

Avant de discuter des leçons à tirer du no-free-lunch theorem, il est utile d’en illustrer la force
à nouveau sur un exemple. Nous avons là en e�et une sorte de loi de conservation (comme le dit
Cullen Scha�er [?]). De même que pour chaque classe de problèmes pour laquelle un algorithme
d’apprentissage est meilleur qu’un algorithme de prédiction au hasard, il existe une classe de
problèmes pour laquelle cet algorithme est moins bon (voir figure 2.13). De même, pour chaque
algorithme d’apprentissage, il existe des problèmes pour lesquels la courbe de performance en
généralisation est ascendante et des problèmes pour lesquels cette courbe est descendante, c’est-
à-dire pour lesquels plus l’algorithme apprend et plus il est mauvais en généralisation !

Exemple Algorithme d’apprentissage de plus en plus mauvais

Considérons l’algorithme de classification binaire majoritaire qui attribue à un nouveau point
l’étiquette de la classe la plus représentée dans les exemples d’apprentissage de S. Intuiti-
vement, cet algorithme s’attend à ce que la classe la mieux représentée sur l’échantillon
d’apprentissage soit de fait majoritaire. Cet algorithme simple peut-il n’être qu’équivalent
à un algorithme tirant ses prédictions au hasard ? Sans en donner une preuve formelle, il
est possible de s’en convaincre intuitivement. En e�et, dans les problèmes pour lesquels une
classe est nettement majoritaire, on peut s’attendre à ce que dans la plupart des cas l’algo-
rithme majoritaire détecte correctement cette majorité dans l’échantillon d’apprentissage et
soit de ce fait meilleur qu’une prédiction au hasard (de peformance 1/2) sur les formes x non
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The	no-free-lunch	theorem	
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Possible	
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d’autres termes, celui-ci n’apporte pas plus d’informations à un algorithme plutôt qu’à un autre,
fût-il à nouveau l’algorithme de prédiction au hasard. Les points trois et quatre ne font que
renforcer ces résultats en affirmant l’égalité de tous les algorithmes, si l’on prend en compte des
distributions non uniformes de fonctions cible, mais que l’on moyenne sur toutes ces distribu-
tions. Bien sûr, pour une distribution donnée, un algorithme va être meilleur que les autres, à
savoir celui qui a la même distribution que P(f |S). Mais comment le deviner a priori ?

Avant de discuter des leçons à tirer du no-free-lunch theorem, il est utile d’en illustrer la force
à nouveau sur un exemple. Nous avons là en effet une sorte de loi de conservation (comme le
dit Cullen Schaffer [SA94]). De même que pour chaque classe de problèmes pour laquelle un
algorithme d’apprentissage est meilleur qu’un algorithme de prédiction au hasard, il existe une
classe de problèmes pour laquelle cet algorithme est moins bon (voir figure 2.13). De même, pour
chaque algorithme d’apprentissage, il existe des problèmes pour lesquels la courbe de performance
en généralisation est ascendante et des problèmes pour lesquels cette courbe est descendante,
c’est-à-dire pour lesquels plus l’algorithme apprend et plus il est mauvais en généralisation !
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Fig. 2.13: Le no-free-lunch-theorem prouve que pour chaque région de l’espace des problèmes
pour laquelle un algorithme d’apprentissage a une performance supérieure au hasard
(indiqué ici par un smiley « heureux »), il existe une région pour laquelle la per-
formance est moins bonne que le hasard (indiqué ici par un smiley « triste »). Un
« 0 » indique ici la performance d’un algorithme au hasard, donc la performance
moyenne. Les trois figures du dessus correspondent à des situations possibles pour un
algorithme d’apprentissage, tandis que les trois figures du dessous correspondent à des
situations impossibles : celles d’un algorithme qui serait intrinsèquement supérieur à
un algorithme au hasard quand on le considère sur l’ensemble des problèmes possibles
(d’après [SA94]).

Exemple Algorithme d’apprentissage de plus en plus mauvais

Considérons l’algorithme de classification binaire majoritaire qui attribue à un nouveau point
l’étiquette de la classe la plus représentée dans les exemples d’apprentissage de S. Intuiti-
vement, cet algorithme s’attend à ce que la classe la mieux représentée sur l’échantillon
d’apprentissage soit de fait majoritaire. Cet algorithme simple peut-il n’être qu’équivalent
à un algorithme tirant ses prédictions au hasard ? Sans en donner une preuve formelle, il
est possible de s’en convaincre intuitivement. En effet, dans les problèmes pour lesquels une
classe est nettement majoritaire, on peut s’attendre à ce que dans la plupart des cas l’algo-
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Impossible	

76 PARTIE 1 : Les fondements de l’apprentissage

d’autres termes, celui-ci n’apporte pas plus d’informations à un algorithme plutôt qu’à un autre,
fût-il à nouveau l’algorithme de prédiction au hasard. Les points trois et quatre ne font que
renforcer ces résultats en affirmant l’égalité de tous les algorithmes, si l’on prend en compte des
distributions non uniformes de fonctions cible, mais que l’on moyenne sur toutes ces distribu-
tions. Bien sûr, pour une distribution donnée, un algorithme va être meilleur que les autres, à
savoir celui qui a la même distribution que P(f |S). Mais comment le deviner a priori ?

Avant de discuter des leçons à tirer du no-free-lunch theorem, il est utile d’en illustrer la force
à nouveau sur un exemple. Nous avons là en effet une sorte de loi de conservation (comme le
dit Cullen Schaffer [SA94]). De même que pour chaque classe de problèmes pour laquelle un
algorithme d’apprentissage est meilleur qu’un algorithme de prédiction au hasard, il existe une
classe de problèmes pour laquelle cet algorithme est moins bon (voir figure 2.13). De même, pour
chaque algorithme d’apprentissage, il existe des problèmes pour lesquels la courbe de performance
en généralisation est ascendante et des problèmes pour lesquels cette courbe est descendante,
c’est-à-dire pour lesquels plus l’algorithme apprend et plus il est mauvais en généralisation !
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Fig. 2.13: Le no-free-lunch-theorem prouve que pour chaque région de l’espace des problèmes
pour laquelle un algorithme d’apprentissage a une performance supérieure au hasard
(indiqué ici par un smiley « heureux »), il existe une région pour laquelle la per-
formance est moins bonne que le hasard (indiqué ici par un smiley « triste »). Un
« 0 » indique ici la performance d’un algorithme au hasard, donc la performance
moyenne. Les trois figures du dessus correspondent à des situations possibles pour un
algorithme d’apprentissage, tandis que les trois figures du dessous correspondent à des
situations impossibles : celles d’un algorithme qui serait intrinsèquement supérieur à
un algorithme au hasard quand on le considère sur l’ensemble des problèmes possibles
(d’après [SA94]).

Exemple Algorithme d’apprentissage de plus en plus mauvais

Considérons l’algorithme de classification binaire majoritaire qui attribue à un nouveau point
l’étiquette de la classe la plus représentée dans les exemples d’apprentissage de S. Intuiti-
vement, cet algorithme s’attend à ce que la classe la mieux représentée sur l’échantillon
d’apprentissage soit de fait majoritaire. Cet algorithme simple peut-il n’être qu’équivalent
à un algorithme tirant ses prédictions au hasard ? Sans en donner une preuve formelle, il
est possible de s’en convaincre intuitivement. En effet, dans les problèmes pour lesquels une
classe est nettement majoritaire, on peut s’attendre à ce que dans la plupart des cas l’algo-
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d’autres termes, celui-ci n’apporte pas plus d’informations à un algorithme plutôt qu’à un autre,
fût-il à nouveau l’algorithme de prédiction au hasard. Les points trois et quatre ne font que
renforcer ces résultats en affirmant l’égalité de tous les algorithmes, si l’on prend en compte des
distributions non uniformes de fonctions cible, mais que l’on moyenne sur toutes ces distribu-
tions. Bien sûr, pour une distribution donnée, un algorithme va être meilleur que les autres, à
savoir celui qui a la même distribution que P(f |S). Mais comment le deviner a priori ?

Avant de discuter des leçons à tirer du no-free-lunch theorem, il est utile d’en illustrer la force
à nouveau sur un exemple. Nous avons là en effet une sorte de loi de conservation (comme le
dit Cullen Schaffer [SA94]). De même que pour chaque classe de problèmes pour laquelle un
algorithme d’apprentissage est meilleur qu’un algorithme de prédiction au hasard, il existe une
classe de problèmes pour laquelle cet algorithme est moins bon (voir figure 2.13). De même, pour
chaque algorithme d’apprentissage, il existe des problèmes pour lesquels la courbe de performance
en généralisation est ascendante et des problèmes pour lesquels cette courbe est descendante,
c’est-à-dire pour lesquels plus l’algorithme apprend et plus il est mauvais en généralisation !
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Fig. 2.13: Le no-free-lunch-theorem prouve que pour chaque région de l’espace des problèmes
pour laquelle un algorithme d’apprentissage a une performance supérieure au hasard
(indiqué ici par un smiley « heureux »), il existe une région pour laquelle la per-
formance est moins bonne que le hasard (indiqué ici par un smiley « triste »). Un
« 0 » indique ici la performance d’un algorithme au hasard, donc la performance
moyenne. Les trois figures du dessus correspondent à des situations possibles pour un
algorithme d’apprentissage, tandis que les trois figures du dessous correspondent à des
situations impossibles : celles d’un algorithme qui serait intrinsèquement supérieur à
un algorithme au hasard quand on le considère sur l’ensemble des problèmes possibles
(d’après [SA94]).

Exemple Algorithme d’apprentissage de plus en plus mauvais

Considérons l’algorithme de classification binaire majoritaire qui attribue à un nouveau point
l’étiquette de la classe la plus représentée dans les exemples d’apprentissage de S. Intuiti-
vement, cet algorithme s’attend à ce que la classe la mieux représentée sur l’échantillon
d’apprentissage soit de fait majoritaire. Cet algorithme simple peut-il n’être qu’équivalent
à un algorithme tirant ses prédictions au hasard ? Sans en donner une preuve formelle, il
est possible de s’en convaincre intuitivement. En effet, dans les problèmes pour lesquels une
classe est nettement majoritaire, on peut s’attendre à ce que dans la plupart des cas l’algo-
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DeducCon	!	

1.  	All	inducCve	algorithms	have	equal	performance	on	average	

2.  	There	cannot	be	any	a	priori	guarantee	on	the	inducCon	results	
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Case	closed:	we	cannot	do	any	beter	
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The	end!	

This	is	the	end	of	history	for	the	science	of	inducCon	

•  Only	lamppost	theorems	are	possible	

•  And	we	know	how	to	find	(all	of)	them		
except	for	a	few	constants	that	could	be	sharpened,	everything	is	known	
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Outline	

1.  	Induc)on	and	the	problem(s)	of	inducCon	

2.  	The	first	AI	approach	to	inducCon	

3.  	The	staCsCcal	learning	approach	
–  The	Perceptron:	a	principle	and	an	algorithm	

–  Jus)fying	induc)on.	The	advent	of	sta)s)cal	learning	

–  The	dominant	paradigm	

–  A	closed	case?	

4.  	What	about	the	revolu)on(s)	in	ML?	
–  Does	deep	learning	mean	big	troubles?	

–  New	learning	tasks	=>	in	need	of	new	learning	paradigms?	

5.  	Conclusion	
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Does	deep	learning	

mean	big	trouble	(for	the	theory	of	inducCon)?	
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Troubling	findings	

A	paper	
–  C.	Zhang,	S.	Bengio,	M.	Hardt,	B.	Recht,	O.	Vinyals	(ICLR,	May	2017).		

“Understanding	deep	learning	requires	rethinking	generalizaCon”	

Extensive	experiments	on	the	classificaCon	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	tesCng)	

•  Images:	32x32	pixels	in	3	color	channels	
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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 f

w

(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 f

w

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

1
The 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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Troubling	findings	

Experiments	

1.  	Original	dataset	without	modificaCon	

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

Experiments	

1.  	Original	dataset	without	modificaCon	

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

		Expected	behavior	if	the	capacity	of	the	hypothesis	space	is	limited	

	

i.e.	the	system	cannot	fit	any	(arbitrary)	training	data	
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Troubling	findings	

Experiments	

1.  	Original	dataset	without	modificaCon	

•  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)	
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Troubling	findings	

Experiments	

1.  	Original	dataset	without	modificaCon	

•  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)	
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Now,	we	
are	in	

trouble!!	
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Troubling	findings	

•  Deep	NNs	can	accommodate	ANY	training	set		
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Can	grow	without	limit!!	

But	then,		
	
										why	are	deep	NNs		so	good	on	image	classifica/on	tasks?	
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New	learning	scenarios	

=>	In	need	of	new	learning	paradigms?	
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Transfer	learning	

						DefiniCon	[Pan,	TL-IJCAI’13	tutorial]	

–  Ability	of	a	system	to	recognize	and	apply	knowledge	and	skills	learned	in	
previous	domains/tasks	to	novel	domains/tasks	
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					Example	

–  We	have	labeled	images	(person	/	no	person)	from	a	web	corpus	

–  Novel	task:	is	there	a	person	in	unlabeled	images	from	a	video	corpus?	

Transfer Learning

Definition [Pan, TL-IJCAI’13 tutorial]

Ability of a system to recognize and apply knowledge and skills learned in
previous domains/tasks to novel domains/tasks

An example

• We have labeled images from a Web image corpus

• Is there a Person in unlabeled images from a Video corpus ?

Person no Person

�

Is there a Person?

(LaHC) Domain Adaptation - EPAT’14 4 / 95Web	corpus	 Video	corpus	
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Transfert	learning:	quesCons	

•  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?	
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Not	i.i.d.	
anymore	
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Transfer	and	analogy	

86	

a b c

a b d

a a b a b c

?
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Why	should			‘a		a		b		a		b		c		d’			be	any	beter	than				‘a		b		d’?		
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Transfer	and	sequence	effects	

•  t	
87	

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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Long-life	learning	

•  Learning	organized	in	a	sequence	of	tasks	
–  Very	far	from	the	i.i.d.	scenario	

													Learning	will	be	affected	by	the	history	of	the	system	

•  We	need	a	theory	of	the	dynamics	of	learning	

1.  Which	sequence	effects	can	we	expect?	

2.  How	to	best	organize	the	curriculum	of	a	learning	system?			
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Outline	

1.  	Induc)on	and	the	problem(s)	of	inducCon	

2.  	The	first	AI	approach	to	inducCon	

3.  	The	staCsCcal	learning	approach	
–  The	Perceptron:	a	principle	and	an	algorithm	

–  Jus)fying	induc)on.	The	advent	of	sta)s)cal	learning	

–  The	dominant	paradigm	

–  A	closed	case?	

4.  	What	about	the	revolu)on(s)	in	ML?	
–  Does	deep	learning	mean	big	troubles?	

–  New	learning	tasks	=>	in	need	of	new	learning	paradigms?	

5.  	Conclusions	
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Conclusion	(1)	

The	staGsGcal	learning	theory	is	a	theory	of	jus)fica)on	

1.  Valid	in	the	sta)onary	environment	assumpCon	

2.  Says	that	induc)on	needs	bias:		
a	priori	assumpCons	on	the	world	that	limit	the	search	space		

3.  Provides	a	general	strategy	to	develop	new	algorithms	

1.   	Translate	a	learning	task	into	a	priori	on	the	world,		
therefore	into	regulariza)on	terms	

2.   	Find	an	efficient	op)miza)on	scheme	

But	

–  Not	able	to	explain	the	efficiency	of	deep	learning	

–  Not	adapted	to	new	learning	scenarios	
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Even	in	the	i.i.d.	scenario	
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Conclusions:	“new”	scenarios	

•  Limited	data	sources		

–  We	ozen	learn	from	(very)	few	examples	

•  The	past	history	of	learning	affects	learning:	EducaCon	

–  Sequence	effects	

•  We	learn	in	order	to	build	“theories”	

–  All	the	Cme:	small	and	large	theories	
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For	instance,	what	would	you	like	to	ask?	
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Conclusion	(2)	

Pendulum	movements	in	the	science	of	inducCon	

1.   Inven)on	(first	AI)	
–  General	Problem	Solvers	;	heurisCc	reasoning	

–  First	connec)onism	;			cogni)vely	based	learning	systems	

2.   Jus)fica)on	
–  InvenCng	logics	to	account	for	“imperfect”	reasoning		

–  Sta)s)cal	theory	of	learning	

3.   Inven)on	again	
–  Deep	learning	

–  New	learning	scenarios:		
transfer/analogy	;		long-life	learning	;		learning	from	very	few	examples	;	…	
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