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The course

n Documents
– The book

"L'apprentissage artificiel. 
Concepts et algorithmes. De Bayes et Hume
 au Deep Learning"  

V. Barra & A. Cornuéjols & L. Miclet

     Eyrolles. 4th éd. 2021
 

– The slides + information on:
https://antoinecornuejols.github.io/teaching/Master-AIC/M2-AIC-advanced-ML.html
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The focus of the course

n Out-Of Distribution learning  (OOD)

– Change of distribution between learning and testingHard to predict what will change in the new domain

[Xu,Saenko,Tsang, Domain Transfer Tutorial - CVPR’12]

(LaHC) Domain Adaptation - EPAT’14 18 / 95

Learning Testing

Hard to predict what will change in the new domain

[Xu,Saenko,Tsang, Domain Transfer Tutorial - CVPR’12]

(LaHC) Domain Adaptation - EPAT’14 18 / 95

Learning Testing
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The focus of the course

n Out-Of Distribution learning  (OOD)

– Change of domain between learning and testing:   Transfer Learning

Learning

Out-of-Distribution Generalisation 3

cations. There are many generalisation-related research topics or solutions such
as domain adaptation, meta-learning, transfer learning, covariate shift, lifelong
learning, and zero-shot learning.

This article addresses a direct comparison study between domain-specific
and domain generalised methods with respect to vision-based applications, es-
pecially classification. To achieve our goal, we have implemented a pipeline with
9 well-known domain generalised algorithms and 7 domain-specific models. The
comparison study is conducted on two popular benchmarks namely PACS and
O�ce-Home, from which some sample images are shown in Figure 1. We also
trained and tested 16 models by using fine-tuning. Our research shows the learn-
ing curves of methods for both benchmarks. The result section considers accuracy
as a measure of generalisation for supervised learning benchmarks.
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Fig. 1. Sample images of the same classes across all domains in the PACS and Home-
O�ce datasets.
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The focus of the course

n Out-Of Distribution learning  (OOD)

– Change of domain between learning and testing:   Transfer Learning

Learning

Project Report - Telecom Paris 9

3 Application to MNIST and sklearn digits

3.1 Summary
MNIST and sklearn digits datasets are two commonly used hand-written digits datasets with two different

resolutions. MNIST is made of 28 by 28 hand-written digits images while digits from scikit-learn library is only
8 by 8.

Once we have studied TransBoost method on half-moons two-dimensional datasets, we tackle larger dimen-
sions, respectively d = 784 for MNIST and d = 64 for sklearn digits. We first transfer on MNIST only from 0
and 1 classification to 7 and 8. Then we transfer from 0 and 1 in MNIST to 0 and 1 in sklearn digits, and finally
the other way, from 0 and 1 in sklearn digits to 0 and 1 in MNIST.

The main targets remain scoring TransBoost method and comparing it to relearning from target training
set, in particular via linear SVC classifier.

3.2 Method
We first introduce a canonical projection matrix P between the two spaces we would transfer. It is supposed

to be an simple and relatively good transformation, without any form of boosting.
Then comes TransBoost, so the ⇧ projection function at each step is chosen to have the lowest error between

1000 random samples, given by :
⇧(x) = (P +A) ⇤ x+ y (12)

where P is the canonical projection matrix of size (dsource, dtarget), A a Gaussian matrix and y a Gaussian
vector (with standard normal distribution).

The projection between the two spaces is thereby a random variation of the canonical projection. Never-
theless, choosing the projection within relatively high-dimensional randomly generated matrices is of course an
unoptimized method which lead to longer calculation time.

3.2.1 From 0/1 in MNIST to 7/8 in MNIST

(a) Is it a zero or a one ? (b) Is it an eight or a seven ?

Figure 13: Transfer learning of the source model 0/1 so that it can distinguish 8/7

In this case, P is chosen to be the identity matrix. The intuitive idea is that representations of 7 are quite
close to 1’s, as 0’s are to 8’s. Transfer methods are thought all the more relevant to use as the distance between
source and target datasets are small. Therefore we expected a very low error by classifying sevens and eights
with the original classifier hsource trained on ones and zeros.

Figure 14: Canonical projection from MNIST (clipped to 24 by 24) to sklearn digits (8 by 8)
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3.2.2 Between 0/1 in MNIST and 0/1 sklearn digits

(a) Is it a zero or a one ? (b) Is it a zero or a one ?

Figure 15: Transfer learning of the source model 0/1 mnist so that it can distinguish 0/1 sklearn digits

In these cases, P are chosen to be whether an image compression matrix or a scaling up matrix, depending
on the direction of transfer. In order to increase performance and calculation speed, we clipped MNIST images
from 28 by 28 to 24 by 24 pixels. Not only we simplify compression as 24 is multiple of 8, and reduce the MNIST
dimension from d = 784 to d = 576, but also we equate the two datasets as sklearn digits are cut-short images.

3.3 Results
3.3.1 Scoring the canonical projection

For transferring from 0/1 in MNIST to 7/8 in MNIST, the average error was surprisingly evaluated at 70%
which contradict initial intuition. A posteriori, pairing zeros with sevens ans ones with eights leads to positive
results.

For projection between MNIST and sklearn digits, the use of the original model hsource composed with
canonical projection matrix, i.e. no TransBoost yet, leads to good accuracy results :

- less than 15% for transferring from MNIST to sklearn digits : 16

Figure 16: Accuracy comparison between both methods on a data test of variable proportion p

(a) Blue : TransBoost method

(b) Orange : Relearning SVC method

- less than 10% for transferring from sklearn Digit to MNIST : 18

3.3.2 Comparing TransBoost method with relearning from target training set

With TransBoost, minimal error on target test set is barely reached within at most 15 steps. Again, the
better the weak classifier hsource �⇧i is chosen, fewer are steps needed to achieve maximal accuracy.

Again, we compared this method to relearning via linear SVC, depending on the ratio of target test dataset
among total target data.

The result are quite similar within the 3 transfers tested.

3.4 Conclusion
Though TransBoost method allow reasonable low error levels, it seems to be less efficient than relearning

from a linear SVC, whatever the ratio of target test set is.
Moreover, TransBoost method takes certainly longer time to process as the projection are chosen randomly

between huge sample at each steps, but there is no doubt picking off weak classifier could largely be optimized.
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The focus of the course

n Out-Of Distribution learning  (OOD)

– Change of tasks:   Long Life Learning

Learning and testing (1)

Out-of-Distribution Generalisation 3

cations. There are many generalisation-related research topics or solutions such
as domain adaptation, meta-learning, transfer learning, covariate shift, lifelong
learning, and zero-shot learning.

This article addresses a direct comparison study between domain-specific
and domain generalised methods with respect to vision-based applications, es-
pecially classification. To achieve our goal, we have implemented a pipeline with
9 well-known domain generalised algorithms and 7 domain-specific models. The
comparison study is conducted on two popular benchmarks namely PACS and
O�ce-Home, from which some sample images are shown in Figure 1. We also
trained and tested 16 models by using fine-tuning. Our research shows the learn-
ing curves of methods for both benchmarks. The result section considers accuracy
as a measure of generalisation for supervised learning benchmarks.
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Fig. 1. Sample images of the same classes across all domains in the PACS and Home-
O�ce datasets.
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Learning and testing (2)
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Learning and testing (3)

Curriculum 
learning
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The focus of the course

...

Follow Your Path: a Progressive Method for Knowledge Distillation 5

!!"#$%&"

!"%'()%*

Fig. 1: Mteacher and Mstudent refer to the output manifolds of student model
and teacher model. The lines between circles ( , ) to squares ( , ) imply the
learning trajectories in the distribution level. The intuition of ProKT is to avoid
bad local optimas (triangles ( )) by conducting supervision signal projection.

Firstly, we generalize and formalize the knowledge distillation methods
with intermediate targets, named as sequential optimization knowledge distilla-
tion (SOKD) methods. Instead of conducting a static teacher model in vanilla
KD, the targets to the student model of SOKD methods are changed during the
training time. Without loss of generality, we denote the sequence of intermediate
target distributions as Pt = [p1t , p

2
t , · · · , pmt , · · · ]. Starting from a random initial-

ized parameters ✓0, the student model is optimized by gradient descent methods
to mimic its intermediate target pmt :

✓
m = ✓

m�1 � �r✓Lm(✓m�1), (2)

Lm(✓) = (1� ↵)H(y, qs(✓)) + ↵H (pmt , qs(✓))) . (3)

One choice to organize the intermediate targets is to split the training process
into intervals and adopt a fixed target in each intervals, named as discrete
targets. For example, the Route-Constraint Optimization (RCO) [16] saves the
un-convergent checkpoints of teacher during the teacher’s training to construct
the target sequence. The learning target of student is changed every few epochs.

However, the targets are changed discontinuously in the turning points between
discrete intervals, which would incur negative e↵ects on the dynamic knowledge
distillation. Firstly, switching to a target that is too di�cult for the student
model would undermine the advantages of curriculum learning. If the target
is changed sharply to a model with large complexity improvement, it is hard
for student to learn. Besides, the ineligible gap between adjacent targets would

Curriculum 
and 

on-line learning
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The focus of the course

n Out-Of Distribution learning  (OOD)

– Zero-shot learning
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The focus of the course

n Out-Of Distribution learning  (OOD)

– Zero-shot learning

What you don’t want
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The focus of the course

n Out-Of Distribution learning  (OOD)
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The focus of the course

n In-Distribution learning  (I.I.D. setting)

– Same domain and distribution between learning and testing

Learning

Testing
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Issues that are the focus of the class

n Learning is about extrapolating predictions and regularities from limited data

– How to achieve this?

– What kind of guarantees can we hope?

– How can we obtain them? Under which assumptions?
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Issues that are the focus of the class

n In the case of non stationary environments, as in domain adaptation, transfer 
learning or online learning. (Out-Of-Distribution learning)

– How to benefit (?) from learning in a different environment?

– Are there ways to order the tasks in the most beneficial way?

– Can we still hope to have guarantees? 

– Under which assumptions? What are we ready to assume?
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Is it trivial to perform Out-Of-Distribution?

https://www.youtube.com/watch?v=QPSgM13hTK8&t=117
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Outline of the course

https://antoinecornuejols.github.io/teaching/Master-AIC/M2-AIC-advanced-ML.html
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Course’s organization

6 Courses:   11/01 ; 18/01 ; 25/01 (no class!) ; 
01/02 ; 08/02 ; 15/02 ; 29/02

n 5 quizz (5 x 6 = 30 %)

n Project: Trying to replicate the experiments of a scientific paper 
: 50 %

– 12/01/2021  : chosen project + team members  (email)

– 23/02/2021  : final report (10 pages strict. Format article ICML)

n Critical review of the paper by same groups  : 20%
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Questions? 
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In-Distribution learning  (I.I.D. setting)

…

Learning

Testing
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Outline of today’s class

1. The mystery of in-distribution learning (standard induction)

2. A 101 course on the statistical learning theory

3. Why does it fail to account for deep neural networks?

4. The no-free-lunch theorem
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In-Distribution Supervised learning:

Obvious   really?
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Supervised induction

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

A decision function

x

y

!
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n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

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

One example that tells a lot … 
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Description Your answer True answer

1 large red square

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

n They belong either to class ‘+’ or to class ‘-’
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Description Your answer True answer

1 large red square -

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

n They belong either to class ‘+’ or to class ‘-’
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Description Your answer True answer

1 large red square -

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

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

1 large green square
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Description Your answer True answer

1 large red square -
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Description Your answer True answer

1 large red square -

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

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

1 large green square +

2 small red squares
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Description Your answer True answer

1 large red square -

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

n 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 +
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n When would you be certain about your guess?
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n What assumption are you making?
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Supervised learning

n A training set

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

f

h

Prediction for new examples     x –h-> y ?
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Supervised learning

n A training set

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

f

h

Prediction for new examples     x –h-> y ?
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n What assumption are you making?
h

x –h-> y ?

Is this assumption reasonable?

Is it sufficient?
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Description Your answer True answer

1 large red square -

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

n 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 +

1 small green square
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Description Your answer True answer

1 large red square -

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

n 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 +

1 small green square -
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Description Your answer True answer

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

+

+

+

-

+

-

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

n They belong either to class ‘+’ or to class ‘-’
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Description Your answer True answer

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

+

+

+

-

+

-

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

n They belong either to class ‘+’ or to class ‘-’
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Description Your answer True answer

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

+

+

+

-

+

+

-

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

n They belong either to class ‘+’ or to class ‘-’
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Description Your answer True answer

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

+

+

+

-

+

+

+

-

n Examples described using: 
Number (1 or 2); size (small or large); shape (circle or square); color (red or green)

n They belong either to class ‘+’ or to class ‘-’
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Description Your prediction True class

1 large red square -

n 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 … 

How many possible functions altogether from X to Y ?

How many functions do remain after 9 training examples?

22 =  216  =  65,536
4

25  =  512
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n Are you not worried?
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n 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 … 

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 
functions?

15

?
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Description Your prediction True class

1 large red square -

n 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 … 

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

How many functions do remain after 3 ≠ training examples?

22 =  24  =  16
2

21  =  2

small green   à ?
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Induction: an impossible game?

n A bias is need

 

6	/	91	

Supervised	induction:	guarantees	

•  For	this	to	hold,	you	need	prior	assumptions:	biases	

–  Representation	bias	
•  Well	explored	

–  Search	bias		
•  We	know	very	little	

F 

H 

H 

x	
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Induction: an impossible game?

n A bias is need

n Types of bias

– Representation bias    (declarative)

– Research bias  (procedural)
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Induction: an impossible game?

n A bias is need

n Types of bias

– Representation bias    (declarative)

– Research bias  (procedural)
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Supervised	induction:	guarantees	
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Supervised	induction:	guarantees	

•  For	this	to	hold,	you	need	prior	assumptions:	biases	

–  Representation	bias	
•  Well	explored	

–  Search	bias		
•  We	know	very	little	

F 

H 

H 

x	
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Interpretation – completion of percepts
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Interpretation – completion of percepts



60 / 143

Interpretation – completion of percepts
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Interprétation – complétion de percepts
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Optical illusions
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Induction and its illusions

Illustration
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Bias is what make you prefer some hypotheses over other

Under-fitting Over-fittingAppropriate-fitting
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The bias-variance tradeoff

…

H

F

×

×

×

f

h*

fb = f + bruit

×h

Erreur d'estimation

(Variance)

Erreur d'approximation

(Biais)

Erreur totale

Erreur intrinsèque

{hS}S
^

^
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Illustration
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Under-fitting Over-fittingAppropriate-fitting
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How to chose the architecture of a NN?

…
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Over-fitting when learning

• p

• p
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•  Curves for 1 000 examples

•  and for       2 000 examples ?
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Clustering

Effects of the a priori bias
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Induction everywhere
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The role of induction

n [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 generalization or induction is

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

phenomenon as objects falling under gravity.

It is reasonable to expect a quantitative scientific explanation

of this highly reproducible phenomenon. »
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The role of induction

n [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

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

information to permit deductive reasoning; but still we must decide

immediately.

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

subtle process. »
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Sequences

n 1    1    2    3    5    8    13    21   … 

n 1    2    3    5    ...

n 1  1  1  2  1  1  2  1  1  1  1  1  2  2  1  3  1  2  2  1  1 …

– Comment ?

– Pourquoi serait-il possible de faire de l’induction ?

– Est-ce qu’un exemple supplémentaire 
doit augmenter la confiance dans la règle induite ?

– Combien faut-il d’exemples ?
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Sequences

n 1  1  1  2  1  1  2  1  1  1  1  1  2  2  1  3  1  2  2  1  1 …

n 1

n 1 1

n 2 1

n 1 2  &  1 1

n 1 1  &  1 2  &  2 1 

n 1     1  1     2  1     1  2  1  1     1  1  1  2  2  1      3  1  2  2  1  1   …

– Comment ?

– Pourquoi serait-il possible de faire de l’induction ?

– Est-ce qu’un exemple supplémentaire 
doit augmenter la confiance dans la règle induite ?

– Combien faut-il d’exemples ?
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Supervised induction

n  How to chose the decision function?

x

y
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Interrogations

Each time:

Specific cases =>  general law or adaptation to a new case

1. How this generalization is allowed?

2. Can we guarantee something?
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Outline of today’s class

1. The mystery of in-distribution learning (standard induction)

2. A 101 course on the statistical learning theory

3. Why does it fail to account for deep neural networks?

4. The no-free-lunch theorem
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What kind of theoretical guarantees 

on induction can we get? 
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A centuries-old question
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A centuries-old question

n How do we know that the chosen hypothesis is correct?

n How many examples do you need to get a good result?

n Which  hypothesis space to explore?

n If the hypothesis space is very complex, can we expect to find the 
global optimum? Or only a local optimum?

n How to avoid over-fitting?
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A centuries-old question

n The razor of Ockham (1288 – 1348)

– The MDLp (Minimum Description Length principle)

n The bayésian analysis

n The Empirical Risk Minimization  (ERM)

– Minimization of a regularized empirical riskrégularisé
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PAC learning

Probably Approximatively Correct
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Target class: rectangles in R2

n Sample

– Positive instances

– Negative instances
P+
X

P�X

x

y
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Target class: unknown

n What do we want to learn?

 A decision fonction (prediction)

x

y

!
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Target class: unknown

n How to learn?

x

y
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Target class: rectangles in R2

n  How to learn?

– If I know that the target concept is a rectangle

x

y
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Target class: rectangles in R2

n  How to learn?

– If I know that the target concept is a rectangle

x

y

Most general 
hypotheses
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Target class: rectangles in R2

n  How to learn?

– If I know that the target concept is a rectangle

x

y

Most specific 
hypotheses
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Target class: rectangles in R2

n  How to learn?

– Choice of one hypothesis h 

Version 

space
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Target class: rectangles in R2

n  Learning: choice de h 

– Which performance to expect?

x

y

h
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The statistical theory of learning

Which performance ?

n  Cost for a prediction error

– The loss function

n  Which expected cost if I choose h?

– The « real risk »  (or true risk)

R(h) =
�

X�Y
�
�
h(x), y

�
pXY(x, y) dx dy

�
�
h(x), y

�
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The statistical theory of learning

n  Which expected cost when h is chosen? 

– Assuming that there is no training error on S 

x

y

h

The « empirical risk »

R̂(h) =
1
m

m�

i=1

�
�
h(xi), yi

�
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Statistical theory of learning: the ERM

n Learning strategy: 

– Select an hypothesis with null empirical risk (no training error) 

– Which generalization performance to expect for h ? 

x

y

h

x

y

f

h
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Statistical theory of learning: the ERM

– Select an hypothesis with null empirical risk (no training error) 

– Which generalization performance to expect for h ? 

– What is the risk of getting error R(h) > e ? 

x

y

f

h

h � f

x

y

f

h
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Central interrogation: the inductive principle

n The empirical risk minimization principle (ERM) 

… is it sound?

– If I chose h such that

– Is h good with respect to the real risk?

– Could I have done much better?

R̂(ĥ)
? ! R(ĥ)
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The statistical theory of learning

The 1er step

One hypothesis 
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Statistical study for ONE hypothesis

– Chose one hypothesis of nul empirical risk
(no error on the training set S) 

– Which performance can we expect for  h? 

– What is the risk of having R(h) > e? 

x

y

f

h

h � f

x

y

f

h
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Statistical study for ONE hypothesis

n Assume that h st.                                  (h is « bad »)

n What is the probability that nonetheless h have been selected?

x

y

f

h

h � f

R(h) � �

R(h) = pX (h � f)

After one example : p
�
R̂(h

�
= 0) � 1� �

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

pm
�
R̂(h

�
= 0) � (1� �)m

We want: � ⇥, � � [0, 1] : pm
�
R(h

�
� ⇥) � �

« falls » outside h � f
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Statistical study for ONE hypothesis

n 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 statistical theory of learning

n For any hypothesis chosen when observing S 

n What we really want:

• Let’s assume:

Then:

|H| < �

“Realizable case”

� ⇥, � � [0, 1] : pm
�
�h : R(h

�
� ⇥) � �

m � 1
⇥

ln
|H|
�

�⇥ m ⇥ ln(�) � ln(|H|)

|H| (1 � ⇥)m ⇥ |H| e�� m = �
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The statistical theory of learning

The 2nd step

Which hypothesis in the crowd
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Statistical study for|H| hypotheses

n What is the probability that I chose one hypothesis herr of real risk > e and 
that I do not realize it after m examples?

n Probability of survival of herr after 1 example : 

n Probability of survival of herr after m examples :

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

– We use the probability of the union   

n We want that the probability that there remains at least one hypothesis of 
real risk > e in the version space be bounded by d :
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The « PAC learning » analysis

n We get:

= 0
Realizable case: there exists at least one function h of risk 0

The Empirical Risk Minimization principle

is sound only if there are constraints on the hypothesis space
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n ATTENTION :

– This analysis makes a big assumption

about the relation between the “past” and the “future”
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n The world is stationnary

– The training examples (“ past”) 

and the test examples (“future”)  follow the  same distribution

– The training and test examples are  i.i.d.
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PAC learning: definition

n Worst case analysis

– Against all distributions P

– For any target hypothesis in a class of hypotheses

n Notion of  computational complexity

Given 0 < �, " < 1, a concept class C is learnable by a polynomial time algorithm A if,

for any distribution P of samples and any concept c 2 C,

there exists a polynomial p(·, ·, ·) such that

A will produce with probability at least 1� � a hypothesis h 2 C whose error is  "

when given at least p(m, 1/�, 1") independent random examples drawn according to P .

[Valiant, 1984]
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The statistical theory of learning

Uniform convergence bounds

(for the unrealizable case)
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Generalizing the law of large numbers: uniform convergence

Théorème 1 (Inégalité de Hoe�ding). Si les �i sont des variables aléatoires,
tirées indépendamment et selon une même distribution et prenant leur
valeur dans l’intervalle [a, b], alors :

P

�����
1
m

m�

i=1

�i � E(�)
���� � ⇥

�
� 2 exp

�
� 2 m ⇥2

(b� a)2

�

Appliquée au risque empirique et au risque réel, cette inégalité nous donne :

P
�
|REmp(h)�RRéel(h)| ⇤ �

�
⇥ 2 exp

�
� 2 m �2

(b� a)2
�

(1)

si la fonction de perte ⇥ est définie sur l’intervalle [a, b].

Pm[⌅h ⇤ H : RRéel(h)�REmp(h) > ⇥] ⇥
|H|�

i=1

Pm[RRéel(hi)�REmp(hi) > ⇥]

⇥ |H| exp(�2 m ⇥2) = �

en supposant ici que la fonction de perte ⇤ prend ses valeurs dans l’intervalle
[0, 1].

« H  finite »
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Bounding the true risk with the empirical risk + …

n H finite, realizable case

n H finite, non realizable case

⌅h ⇤ H,⌅� ⇥ 1 : Pm

�
RRéel(h) ⇥ REmp(h) +

�
log |H|+ log 1

�

2 m

�
> 1� �

⌅h ⇤ H,⌅� ⇥ 1 : Pm

�
RRéel(h) ⇥ REmp(h) +

log |H|+ log 1
�

m

�
> 1� �
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To sum up: for |H| finite

n Non realizable case

� =

�
log |H|+ log 1

�

2 m and

� =
log |H|+ log 1

�

m
m �

log |H|+ log 1
�

�

m �
log |H|+ log 1

�

2 �2

n Realizable case

and
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|H| infinite !!

n Effective dimension of H = the Vapnik-Chervonenkis dimension

– Combinatorial criterion

– Size of the largest set of points (in general configuration) that can be 
labeled in any way by hypotheses drawn from H

Bound on the true risk

dV C(H) = max
�
m : �H(m) = 2m

�

⌅h ⇤ H,⌅� ⇥ 1 : Pm

�
RRéel(h) ⇥ REmp(h) +

�
8 dV C(H) log 2 e m

dV C(H) + 8 log 4
�

m

�
> 1� �
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VC dim: illustrations

n dVC(linear separator) = ?
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+

-
-

+

+

-

+

+

(a) (b) (c)

• dVC(rectangles) = ?
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Lesson

n You cannot guarantee anything about induction

n Even if you assume that the world is stationary 
and examples are i.i.d.

n Unless there are (severe) constraints on the hypothesis space

But wait … ?
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The statistical theory of learning

The 3rd step

Which hypothesis space?
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SRM : Structural Risk Minimization

n Stratification of the hypotheses 
spaces

– Determined a priori
(independently of the data)

– Using for instance the dVC

H1 H2 H3 H4

Risque

H

Risque réel

Risque

empirique

Intervalle

de confiance

Optimum
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The « PAC learning » or statistical analysis

n New inductive criteria: 

– The regularized empirical risk

1. Satisfy as well as possible the constraints imposed by the training examples

2. Choose the best hypothesis space (capacity of H)
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The bias-variance tradeoff

…

H

F

×

×

×

f

h*

fb = f + bruit

×h

Erreur d'estimation

(Variance)

Erreur d'approximation

(Biais)

Erreur totale

Erreur intrinsèque

{hS}S
^

^
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Learning becomes …

1. The choice of the hypothesis space H

– Which is constrained by necessity

2. The choice of an inductive criterion

– Empirical Risk which must be regularized

3. An exploration strategy for H in order to minimize the regularized 
empirical risk

– It must be efficient
• Fast

• With only one optimum if possible (e.g. convex problem)
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Outline of today’s class

1. The mystery of in-distribution learning (standard induction)

2. A 101 course on the statistical learning theory

3. Why does it fail to account for deep neural networks?

4. The no-free-lunch theorem
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The SuperVision network

Image classification with deep convolutional neural networks

– 7 hidden “weight” layers

– 650K neurons

– 60M parameters

– 630M connections

SuperVision (SV)


Image classification with deep convolutional neural networks



•  7 hidden “weight” layers

•  650K neurons

•  60M parameters

•  630M connections 




•  Rectified Linear Units, overlapping pooling, dropout trick

•  Randomly extracted 224x224 patches for more data


h-p://image4net.org/challenges/LSVRC/2012/supervision.pdf+

Signal
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GoogleNet

n A mécano of neural networks

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

FIGURE 10. Module Network in Network [33]

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

FIGURE 11. Architecture du réseau GoogleNet [58]

9
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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 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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Troubling findings

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

Expected behavior if the capacity of the hypothesis space is limited

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

8h 2 H, 8�  1 : Pm

"
R(h)  bR(h) + 2 dRadm(H) + 3

r
ln(2/�)

m

#
> 1� �
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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)

!!!
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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

n 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� �
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Alternative explanations?

n See for example Nati Srebro

https://www.youtube.com/playlist?list=PLGJm1x3XQeK0gmqfRkP-
VmrEf4UYx5IDW&pbjreload=101

n The search bias would conduct the algorithm to first explore simple 
(?) hypotheses 

https://www.youtube.com/playlist?list=PLGJm1x3XQeK0gmqfRkP-VmrEf4UYx5IDW&pbjreload=101
https://www.youtube.com/playlist?list=PLGJm1x3XQeK0gmqfRkP-VmrEf4UYx5IDW&pbjreload=101
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Alternative explanations?

n See also explanations that stem from the information bottleneck 

principle (Naftali Tishby et al.) 

(several papers in ICLR-2020)
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Which garantees exactly?
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Statistical learning: which garantees?

n Link between empirique risk and real risk

– Cost of using h (e.g. error rate)

n Valid only if

– Stationary environment

– Examples i.i.d.

– Questions i.i.d.  !!?

Says nothing on:

- Intelligibility

- Fruitfulness

- Place in a 
domain theory
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Limits

n Passive learning and data and questions supposedly i.i.d.

– Situated agents: the world is not i.i.d. when you are acting in it

n Needs a lot of traning examples

– We are far more efficient

– We cannot help but « produce theories » constantly, testing them afterwards

n Not adapted to the search for causality relationships

n Not integrated with reasoning

Those learning machines are not thinking machines
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Outline of today’s class

1. The mystery of in-distribution learning (standard induction)

2. A 101 course on the statistical learning theory

3. Why does it fail to account for deep neural networks?

4. The no-free-lunch theorem
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The no-free-lunch theorem

Chapitre 2 Première approche théorique de l’induction 75

de l’« écart » entre le résultat de l’apprentissage et la nature est alors :

E[RRéel|S] =

Z

h,f

Z

x 62S
p(x) [1 � �(f(x), h(x)] p(h|S)p(f |S) (2.66)

où le symbole de Kronecker � dénote la fonction nulle partout sauf là où ses arguments sont égaux,
où elle vaut 1. Nous noterons ici que la somme ne fait intervenir que les formes x non vues en
apprentissage, ce qui est différent de l’espérance de risque i.i.d. dans laquelle le tirage aléatoire
des formes peut permettre le tirage de la même forme en apprentissage et en reconnaissance.
Les deux expressions sont équivalentes dans le cas où l’échantillon S est de mesure nulle sur
l’espace des entrées possibles X . L’équation 2.66 exprime que l’espérance de risque réel étant
donné un échantillon d’apprentissage S est liée à la somme de toutes les entrées possibles x
pondérées par leur probabilité p(x), et à un « alignement » entre l’algorithme d’apprentissage
caractérisé par p(h|S) et la vraie probabilité a posteriori de la nature p(f |S). De ce fait, en
l’absence d’information a priori sur la distribution p(f |S), il est impossible de dire quoi que ce
soit sur la performance en généralisation de l’algorithme d’apprentissage.

Si l’affirmation précédente n’a pas suffi à plonger le lecteur dans la consternation, le corollaire15

suivant devrait achever de le faire. Nous noterons :

Ek[RRéel|f,m] =

Z

x 62S
p(x) [1 � �(f(x), h(x)] pk(h(x)|S)

l’espérance de risque associée à l’algorithme d’apprentissage Ak étant donné l’échantillon d’ap-
prentissage S, et la vraie fonction de la nature f .

Théorème 2.1 (No-free-lunch theorem (Wolpert, 1992))

Pour tout couple d’algorithmes d’apprentissage A1 et A2, caractérisés par leur distribution de
probabilité a posteriori p1(h|S) et p2(h|S), et pour toute distribution dX des formes d’entrées x
et tout nombre m d’exemples d’apprentissage, les propositions suivantes sont vraies :

1. En moyenne uniforme sur toutes les fonctions cible f dans F :
E1[RRéel|f,m] � E2[RRéel|f,m] = 0.

2. Pour tout échantillon d’apprentissage S donné, en moyenne uniforme sur toutes les fonc-
tions cible f dans F : E1[RRéel|f,S] � E2[RRéel|f,S] = 0.

3. En moyenne uniforme sur toutes les distributions possibles P(f) :
E1[RRéel|m] � E2[RRéel|m] = 0.

4. Pour tout échantillon d’apprentissage S donné, en moyenne uniforme sur toutes les distri-
butions possibles p(f) : E1[RRéel|S] � E2[RRéel|S] = 0.

Pour une preuve de ce théorème, nous renvoyons le lecteur à [Wol92a]. 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 affirme la même absence de supériorité d’un algorithme d’ap-
prentissage sur tout autre algorithme, même quand l’échantillon d’apprentissage est connu. En
15 Du latin corollarium : « petite couronne donnée comme gratification ».
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The no-free-lunch theorem

Possible

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 !

Systèmes

d'apprentissage

possibles

Systèmes

d'apprentissage

impossibles

0

0

0

0
0

0

0

0

0

00

0

0
0

0

0

0

00

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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The no-free-lunch theorem

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-

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-

Possible
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Deduction!

1. All inductive learning algorithms are equivalent (to a random 
guessing one)

2. There cannot be any guarantees on the inductions made

Let’s go to the beach or skying!!
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Lesson

n (Quasi) guarantees about the results

– If the signal actually presents the properties assumed a priori

– Then the method ensures that learning using this bias
will converge to the target function 
if enough (i.i.d.) data is available

« Lampost » theorems
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Conclusions
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How can we prove the validity

of a new inductive principle?
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Conclusions

1. Induction, which is at the center of learning is a under-constrained 
problem.

2. There cannot be a validation of induction unrelated to the domain

3. Guarantees cannot only be obtained by making assumptions about the 
world

– E.g.  i.i.d. data and queries and a bias

n A theory of induction aims at 

– Proposing reasonable meta-assumptions 
• E.g. the world is stationary and the data and queries are i.i.d.

– Providing a formal framework where “lampost theorems” 
can be obtained
• If the data obeys the assumptions about the world 

Then it is possible to PAC guarantee that ... 
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Conclusions: the statistical theory of learning

Performance measured : 
the expectation of the cost of using the learned hypothesis 
(i.e. but no concern for causality, intelligibility, the articulation with 
reasoning, …)

Only valid if stationary environment + i.i.d. data + i.i.d. queries 
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How to select a bias? 
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Conclusions: “new scenarios” are out of the statistical box

n Very few data points  

– Very often, we learn with very little data

n Past history plays a role: education (curriculum)

– Sequence effects

n We learn in order to and because we (constantly) construct theories

– Both at the micro and the macro level
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