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Plan	

1.  	Pourquoi	toute	cette	excitation	?	

2.  Grands	types	d’apprentissage	

3.  	Apprentissage	prédictif	par	réseaux	de	neurones	

4.  	Quelles	garanties	?	

5.  	Le	no-free-lunch	theorem	

6.  	Les	réseaux	de	neurones	profonds		

7.  	Ce	que	l’on	sait	faire	et	les	défis	à	relever	
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		Ce	que	sont	les	réseaux	de	neurones	profonds	
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Les		«	réseaux	de	neurones	profonds	»	

•  Des	réseaux	de	neurones	artificiels	
–  à	grand	nombre	de	couches		 			(parfois	>	qqs	100)	

–  et	très	grand	nombre	de	paramètres		(qqs	107	–	1011	paramètres)		
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Signal	
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The	SuperVision	network	

Image	classification	with	deep	convolutional	neural	networks	

	

–  7	hidden	“weight”	layers	

–  650K	neurons	

–  60M	parameters	

–  630M	connections	
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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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Représentations	profondes	

•  Idée	

•  Apprendre	des	niveaux	de	représentation	de		
plus	en	plus	abstraits	par	mise	en	relation		
des	niveaux	inférieurs	

• Motivations	

•  Permet	potentiellement	un	gain	exponentiel	dans	la	puissance	
expressive	

•  Le	cerveau	humain	utilise	des	structures	en	couches	successives	

•  Les	connaissances	et	théories	humaines	sont	compositionnelles	

•  Marche	très	bien	expérimentalement	sur	certaines	tâches	
127	

Deep Representation Learning 
Learn$mul0ple$levels$of$representa0on$
of$increasing$complexity/abstrac0on$
$

!

!
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x!

h3!

h2!

h1!

…!

•  poten8ally!exponen8al!gain!in!expressive!power!
•  brains!are!deep!
•  humans!organize!knowledge!in!a!composi8onal!way!

•  Beber!MCMC!mixing!in!space!of!deeper!representa8ons!
!(Bengio!et!al,!ICML!2013)!

•  They$work!$SOTA$on$industrialGscale$AI$tasks$
(object$recogni0on,$speech$recogni0on,$$
language$modeling,$music$modeling)$
!

Montpellier	SupAgro	(2022)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		



/	171	

Les		«	réseaux	de	neurones	profonds	»	

•  Des	réseaux	de	neurones	artificiels	

1.  à	grand	nombre	de	couches	

2.  et	très	grand	nombre	de	paramètres	

3.  qui	apprennent	des	représentations	hiérarchiques	

4.  et	décomposent	les	calculs	
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La	base	de	données	
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1
2
3
4
5
6
7
8
9
0

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

12 détecteurs
de traits (4 x 4)

30 cellules

10 cellules
de sortie

Réseaux	à	convolution	:	Application	aux	codes	postaux		
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Convolutions	

Same	dimension	between	layers	
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FIGURE 3. Opération de convolution

Les attributs sont donc extraits par application successive de ces couches, les premières couches
détectent des attributs simples (contours, courbes), plus on avance dans le réseau, plus les attributs
détectés sont complexes et de haut niveau (formes, motifs, contrastes).

Le classifieur est la partie finale du réseau de neurones, il est constitué d’un perceptron multicouche
[20] et a pour rôle de classer l’image à partir des attributs donnés par l’extracteur. Il utilise une fonction
exponentielle normalisée (i.e. softmax) (softmax(x)i =

exi
nP

k=1
exk

pour i = 1, ... , n), pour déterminer le

vecteur contenant le score d’appartenance de l’image à chaque classe.

Les réseaux de neurones convolutifs sont des réseaux feed-forward, c’est-à-dire que les connexions
entre les neurones sont acycliques. L’apprentissage des poids des connexions entre neurones se fait
suivant l’algorithme de backpropagation [30] [46].

3. Etat de l’art
Cette section est dédiée à l’état de l’art, l’étude existante liée aux sujets de la classification d’images,

les différentes approches possibles et les choix techniques adoptés.

3.1. Travaux connexes

Cette partie a pour but de présenter les différents travaux qui ont été réalisés afin de répondre aux
sujets connexes à notre problématique.

Classification d’image. Ces dernières années, l’utilisation de réseaux de neurones convolutifs pro-
fonds a réussi à surpasser les autres méthodes dans la détection d’objets et dans la classification d’images

4
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Réseaux	de	neurones	convolutionnels	

•  ...	
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2.1. INTRODUCTION TO DEEP LEARNING 37

Figure 2.3: CNN architecture for digit images of 28 ⇥ 28 with 2 convolutional layers
and 2 pooling layers. Source: https://medium.com/@ sumitsaha

there will be 24⇥ 24 di↵erent kernels for each channel. The layer has n1 channels. So,
the number of kernels in this convolution layer is 24⇥ 24⇥ n1.

The convolution layer helps the network extracting the feature of data, while keep-
ing its spatial relation intact.

b. Pooling Layer

The pooling layer reduces the dimensions of the previous layer by combining several
neural inputs. Because the pooling layer summarises the features presented in di↵erent
regions, it makes the model invariant with the positional change of the object in the
input image. In Figure 2.3, the pooling combines tiling sizes of 2⇥2. The two common
functions for the combination are max and average.

c. Training

Because the CNN describes the structure of a neural network, it can be used for
many tasks with di↵erent training schemes. In this short introduction, we explain the
learning process of the multi-class classification problem which is the initial usage of
CNNs. Later, learning with invariance and clustering are mentioned in 2.2.

We denote:

• f✓ a mapping from the input space to a feature space with ✓ the parameters of
f .

• X = {x1, x2, ..., xn} the training set of n instances.
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Réseaux	de	neurones	convolutionnels	(2°	exemple)	

1)  Le	pooling		consiste	réduire	la	résolution	des	images	filtrées,	par	exemple	en	moyennant	les	
pixels	contigus	(ex	:	4	pixels	deviennent	1	seul	pixel	qui	contient	une	valeur	moyenne)	-	étape	S2			

2)  Convolution	:	des	filtres	sont	appris	sur	les	nouvelles	images	-	étape	C3			

3)  Classifieur	:	les	dernières	couches	sont	entièrement	connectées	(i.e.	MLP)	et	apprennent	à	
prédire	la	classe	à	partir	des	filtres	appris	(i.e.	des	descripteurs	générés	automatiquement)	-	
étape	F4							
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Réseaux	à	convolution	:	Application	aux	codes	postaux		

•  Taken	from	http://image.slidesharecdn.com/
bp2slides-090922011749-phpapp02/95/the-back-
propagation-learning-algorithm-10-728.jpg?
cb=1253582278	
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How to code the inputs 
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•  Yes	

•  Yes	

•  No	
136	Montpellier	SupAgro	(2022)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		

Learning	is	easy	when	we	know	what	to	look	for	
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•  Is	it	a	pattern	recognition	task?	A	character	recognition	task?	…	

•  How	to	code	the	examples?	

0 1 1 1 1 1 1 0 1 1 1 0 0 1 0 0 0 0 0 0 1 0 0 0 0 0 0 1 0 1 1 1 1 1 1 1 1 1 0 1 1 1 1 0 0 1 1 1 0

•  A right choice of representation can render the learning task trivial 

➠     But how can we know the right representation? 
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Inputs	and	prior	knowledge	
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LeNet-5	

•  Architecture	du	réseau	LeNet-5.	

–  Les	couches	de	convolution	et	d’activation	sont	en	orange	clair.		

–  Les	couches	d’agrégation	en	orange	foncé	

–  Les	couches	complètement	connectées	sont	en	violet	

138	Montpellier	SupAgro	(2022)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		
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AlexNet	

•  Architecture	du	réseau	AlexNet.	

–  Les	couches	de	convolution	et	d’activation	sont	en	orange	clair.		

–  Les	couches	d’agrégation	en	orange	foncé	

–  Les	couches	complètement	connectées	sont	en	violet	
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AlexNet	

Si	la	profondeur	du	réseau	reste	faible,	le	nombre	de	paramètres	est	déjà	important.		

•  En	regardant	uniquement	la	première	couche	de	convolution,	on	constate	que	l'entrée	est	composée	d'images		
224	x	224	x	3,	que	les	filtres		de	convolution	sont	de	taille	11	et	que	le	stride	est	de	4.		

•  Ainsi,	la	sortie	de	la	couche	de	convolution	est	de	taille	55	x	55	x	96	=	290	400	neurones,	chacun	ayant	11	x	11	x	3	=	363	
poids	et	un	biais.		Cela	implique,	sur	cette	couche	de	convolution	seulement,	105	705	600	paramètres	à	ajuster.	
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U-Net	:	pour	la	segmentation	d’images	

Cette	architecture	est	intégralement	convolutive	et	symétrique.	Dans	la	première	partie	de	
l’architecture,	la	taille	de	la	sortie	diminue	et	le	nombre	de	filtres	augmente.	La	seconde	partie	
inverse	le	processus	avec	une	carte	de	prédictions	en	sortie.		
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Figure 5 : Schéma de l’architecture U-Net. Cette architecture est intégralement convolutive et symé-
trique. Dans la première partie de l’architecture, la taille de la sortie diminue et le nombre de filtres
augmente. La seconde partie inverse le processus ce qui donne une carte de prédictions en sortie. Une des
grosses innovations est l’ajout de connections résiduelles en u entre les deux parties de l’architecture qui
améliorent la précision de la segmentation. Source de la figure : [2]

3.2 Étude ablative autour de l’architecture U-Net

Protocole

Pour les tâches de segmentation d’image médicale, l’architecture U-Net [2] est utilisée dans de très
nombreux articles scientifiques et challenges. C’est pourquoi nous avons voulu la tester sur notre pro-
blème de segmentation des tissus. Néanmoins, les auteurs n’utilisent plus l’architecture U-Net originale
mais différents dérivés qui proposent des changements sur l’architecture pour améliorer les résultats. Ces
changements étant souvent combinés, cela rend difficile d’évaluer l’apport d’un choix en particulier. Pour
adapter les choix d’architectures à la tâche de segmentation des tissus, nous avons conduit une étude
ablative consistant à comparer l’apport de différents choix d’architecture par rapport à une architecture
de référence. L’architecture de référence est un U-Net sans les connections en u et avec ajout de marges.
Les réductions de taille sont effectuées à l’aide de convolutions et les augmentations de taille à l’aide de
convolutions transposées. Les différentes améliorations essayées sont : les connections résiduelles en u [2],
l’attention sur les connections résiduelles en u [28], les connections résiduelles sur les blocs [19] et les blocs
à noyaux sélectifs [29]. L’entraînement est effectué selon la procédure décrite précédemment. Toutes les
architectures utilisent un learning rate de 0.0005.

Résultats

Les résultats de l’étude ablative sont présentés dans le tableau 1. L’accroissement des performances
n’est pas uniforme dans les différentes catégories pour les différentes améliorations architecturales. Il
semblerait plutôt que différents choix architecturaux permettent d’améliorer les performances dans des
catégories aux dépends de performances dans d’autres catégories. Comparé à l’architecture de référence,
l’ajout des blocs à noyaux sélectifs augmente par exemple les performances sur la catégorie autres tissus
de 5.1 points de DICE et de 1.1 points de DICE pour la catégorie tumeur mais diminue les performances
de 3.4 points de DICE sur la catégorie stroma. On peut également noter qu’ajouter de l’attention sur les
connections résiduelles en u n’a pas permis d’améliorer les performances. Ces résultats ne sont pas forcé-
ment ceux auxquels on pouvait s’attendre car la bibliographie rapporte uniquement des performances à la

9
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GoogleNet	

•  Un	mécano	de	réseaux	de	neurones	
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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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Illustration	

Système	développé	par	Google	et	U.	de	Stanford	

•  Reconnaissance	de	visages	

–  Sous	conditions	de	lumière	diverses	

–  Sous	tout	angle	

•  Apprentissage	non	supervisé	

–  9	couches	;	10^9	connexions	

–  10	millions	d’images	

–  3	jours	de	calcul	sur	16	000	processeurs	

•  Amélioration	des	performances	de	70%	/	état	de	l’art	
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Apprentissage	de	représentations	hiérarchiques	

•  Apprentissage	de	représentations	hiérarchiques	
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Illustration	:	ImageNet	

La	compétition	ImageNet	
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•  Plus	de	15M	d’images	haute	résolution	étiquetées	

•  Environ	22K	catégories	

•  Récoltées	sur	le	Web	et	étiquetées	par	Amazon	Mechanical	Turk	

ImageNet

•  Over 15M labeled high resolution images 
•  Roughly 22K categories
•  Collected from web and labeled by Amazon Mechanical 

Turk


h-p://image4net.org/+
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Illustration	:	ImageNet	

La	compétition	ImageNet	
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•  Plus	de	15M	d’images	haute	résolution	étiquetées	

•  Environ	22K	catégories	

•  Récoltées	sur	le	Web	et	étiquetées	par	Amazon	Mechanical	Turk	
Goal 

Classifica(on+
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Les	performances	sur	les	compétition		

•  Résultats	en	classification	
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The ImageNet Challenge Story … strong supervision 
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Object	recognition	

•  [Krizhevsky,	Sutskever	and	Hinton	(2012)]	 148	

Y LeCun
MA Ranzato

Object Recognition [Krizhevsky, Sutskever, Hinton 2012]
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Object	retrieval.	ConvNet-Based	Google+	Photo	Tagger	

149	

Y LeCun
MA Ranzato

ConvNet-Based Google+ Photo Tagger

Searched my personal collection for “bird”

Samy
Bengio
???
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Game	playing	with	Reinforcement	Learning	

•  E.g.	AlphaGo	
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ARTICLE RESEARCH

sampled state-action pairs (s, a), using stochastic gradient ascent to 
maximize the likelihood of the human move a selected in state s

∆σ
σ

∝
∂ ( | )
∂

σp a slog

We trained a 13-layer policy network, which we call the SL policy 
network, from 30 million positions from the KGS Go Server. The net-
work predicted expert moves on a held out test set with an accuracy of 
57.0% using all input features, and 55.7% using only raw board posi-
tion and move history as inputs, compared to the state-of-the-art from 
other research groups of 44.4% at date of submission24 (full results in 
Extended Data Table 3). Small improvements in accuracy led to large 
improvements in playing strength (Fig. 2a); larger networks achieve 
better accuracy but are slower to evaluate during search. We also 
trained a faster but less accurate rollout policy pπ(a|s), using a linear 
softmax of small pattern features (see Extended Data Table 4) with 
weights π; this achieved an accuracy of 24.2%, using just 2 µs to select 
an action, rather than 3 ms for the policy network.

Reinforcement learning of policy networks
The second stage of the training pipeline aims at improving the policy 
network by policy gradient reinforcement learning (RL)25,26. The RL 
policy network pρ is identical in structure to the SL policy network, 

and its weights ρ are initialized to the same values, ρ =  σ. We play 
games between the current policy network pρ and a randomly selected 
previous iteration of the policy network. Randomizing from a pool 
of opponents in this way stabilizes training by preventing overfitting 
to the current policy. We use a reward function r(s) that is zero for all 
non-terminal time steps t <  T. The outcome zt =  ±  r(sT) is the termi-
nal reward at the end of the game from the perspective of the current 
player at time step t: + 1 for winning and − 1 for losing. Weights are 
then updated at each time step t by stochastic gradient ascent in the 
direction that maximizes expected outcome25

∆ρ
ρ

∝
∂ ( | )

∂
ρp a s

z
log t t

t

We evaluated the performance of the RL policy network in game  
play, sampling each move ∼ (⋅| )ρa p st t  from its output probability  
distribution over actions. When played head-to-head, the RL policy 
network won more than 80% of games against the SL policy network. 
We also tested against the strongest open-source Go program, Pachi14, 
a sophisticated Monte Carlo search program, ranked at 2 amateur dan 
on KGS, that executes 100,000 simulations per move. Using no search 
at all, the RL policy network won 85% of games against Pachi. In com-
parison, the previous state-of-the-art, based only on supervised 

Figure 1 | Neural network training pipeline and architecture. a, A fast 
rollout policy pπ and supervised learning (SL) policy network pσ are 
trained to predict human expert moves in a data set of positions.  
A reinforcement learning (RL) policy network pρ is initialized to the SL 
policy network, and is then improved by policy gradient learning to 
maximize the outcome (that is, winning more games) against previous 
versions of the policy network. A new data set is generated by playing 
games of self-play with the RL policy network. Finally, a value network vθ 
is trained by regression to predict the expected outcome (that is, whether 

the current player wins) in positions from the self-play data set.  
b, Schematic representation of the neural network architecture used in 
AlphaGo. The policy network takes a representation of the board position 
s as its input, passes it through many convolutional layers with parameters 
σ (SL policy network) or ρ (RL policy network), and outputs a probability 
distribution ( | )σp a s  or ( | )ρp a s  over legal moves a, represented by a 
probability map over the board. The value network similarly uses many 
convolutional layers with parameters θ, but outputs a scalar value vθ(s′) 
that predicts the expected outcome in position s′.
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Figure 2 | Strength and accuracy of policy and value networks.  
a, Plot showing the playing strength of policy networks as a function 
of their training accuracy. Policy networks with 128, 192, 256 and 384 
convolutional filters per layer were evaluated periodically during training; 
the plot shows the winning rate of AlphaGo using that policy network 
against the match version of AlphaGo. b, Comparison of evaluation 
accuracy between the value network and rollouts with different policies. 

Positions and outcomes were sampled from human expert games. Each 
position was evaluated by a single forward pass of the value network vθ, 
or by the mean outcome of 100 rollouts, played out using either uniform 
random rollouts, the fast rollout policy pπ, the SL policy network pσ or 
the RL policy network pρ. The mean squared error between the predicted 
value and the actual game outcome is plotted against the stage of the game 
(how many moves had been played in the given position).
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Training Deep Convolutional Neural Networks to Play Go
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Abstract
Mastering the game of Go has remained a long-
standing challenge to the field of AI. Modern
computer Go programs rely on processing mil-
lions of possible future positions to play well,
but intuitively a stronger and more ‘humanlike’
way to play the game would be to rely on pattern
recognition rather than brute force computation.
Following this sentiment, we train deep convo-
lutional neural networks to play Go by training
them to predict the moves made by expert Go
players. To solve this problem we introduce a
number of novel techniques, including a method
of tying weights in the network to ‘hard code’
symmetries that are expected to exist in the target
function, and demonstrate in an ablation study
they considerably improve performance. Our fi-
nal networks are able to achieve move prediction
accuracies of 41.1% and 44.4% on two different
Go datasets, surpassing previous state of the art
on this task by significant margins. Additionally,
while previous move prediction systems have not
yielded strong Go playing programs, we show
that the networks trained in this work acquired
high levels of skill. Our convolutional neural net-
works can consistently defeat the well known Go
program GNU Go and win some games against
state of the art Go playing program Fuego while
using a fraction of the play time.

1. Introduction
Go is an ancient, deeply strategic board game that is notable
for being one of the few board games where human experts
are still comfortably ahead of computer programs in terms
of skill. Predicting the moves made by expert players is

⇤Work completed at the University of Edinburgh

Proceedings of the 32nd International Conference on Machine
Learning, Lille, France, 2015. JMLR: W&CP volume 37. Copy-
right 2015 by the author(s).

an interesting and challenging machine learning task, and
has immediate applications to computer Go. In this section
we provide a brief overview of Go, previous work, and the
motivation for our deep learning based approach.

1.1. The Game of Go

Figure 1. Capturing pieces in Go. Here white’s stones in the upper
left are connected to each other through adjacency so they form a
single group (left panel). When black places a stone on the indi-
cated grid point (middle panel) that group is surrounded, meaning
there are no longer any empty grid points adjacent to it, so the
entire group is removed from the board (right panel).

Figure 2. Example of positions from a game of Go after 50 moves
have passed (left) and after 200 moves have passed (right). In the
right panel it can be seen that white is gaining control of territory
in the center and top of the board, while black is gaining influence
over the left and right edges.

We give a very brief introduction to the rules of Go. We de-
fer to (Bozulich, 1992) or (Müller, 2002) for a more com-
prehensive account of the rules. Go has a number of differ-
ent rulesets that subtly differ as to when moves are illegal
and how the game is scored, here we focus on generalities

4 8 6  |  N A T U R E  |  V O L  5 2 9  |  2 8  J A N U A R Y  2 0 1 6
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learning of convolutional networks, won 11% of games against Pachi23 
and 12% against a slightly weaker program, Fuego24.

Reinforcement learning of value networks
The final stage of the training pipeline focuses on position evaluation, 
estimating a value function vp(s) that predicts the outcome from posi-
tion s of games played by using policy p for both players28–30

E( )= | = ∼…v s z s s a p[ , ]p
t t t T

Ideally, we would like to know the optimal value function under 
perfect play v*(s); in practice, we instead estimate the value function 

ρv p  for our strongest policy, using the RL policy network pρ. We approx-
imate the value function using a value network vθ(s) with weights θ, 

⁎( )≈ ( )≈ ( )θ ρv s v s v sp . This neural network has a similar architecture  
to the policy network, but outputs a single prediction instead of a prob-
ability distribution. We train the weights of the value network by regres-
sion on state-outcome pairs (s, z), using stochastic gradient descent to 
minimize the mean squared error (MSE) between the predicted value 
vθ(s), and the corresponding outcome z

∆θ
θ

∝
∂ ( )
∂
( − ( ))θ

θ
v s z v s

The naive approach of predicting game outcomes from data con-
sisting of complete games leads to overfitting. The problem is that 
successive positions are strongly correlated, differing by just one stone, 
but the regression target is shared for the entire game. When trained 
on the KGS data set in this way, the value network memorized the 
game outcomes rather than generalizing to new positions, achieving a 
minimum MSE of 0.37 on the test set, compared to 0.19 on the training 
set. To mitigate this problem, we generated a new self-play data set 
consisting of 30 million distinct positions, each sampled from a sepa-
rate game. Each game was played between the RL policy network and 
itself until the game terminated. Training on this data set led to MSEs 
of 0.226 and 0.234 on the training and test set respectively, indicating 
minimal overfitting. Figure 2b shows the position evaluation accuracy 
of the value network, compared to Monte Carlo rollouts using the fast 
rollout policy pπ; the value function was consistently more accurate. 
A single evaluation of vθ(s) also approached the accuracy of Monte 
Carlo rollouts using the RL policy network pρ, but using 15,000 times 
less computation.

Searching with policy and value networks
AlphaGo combines the policy and value networks in an MCTS algo-
rithm (Fig. 3) that selects actions by lookahead search. Each edge  

(s, a) of the search tree stores an action value Q(s, a), visit count N(s, a), 
and prior probability P(s, a). The tree is traversed by simulation (that 
is, descending the tree in complete games without backup), starting 
from the root state. At each time step t of each simulation, an action at 
is selected from state st

= ( ( )+ ( ))a Q s a u s aargmax , ,t
a

t t

so as to maximize action value plus a bonus

( )∝
( )
+ ( )

u s a P s a
N s a

, ,
1 ,

that is proportional to the prior probability but decays with  
repeated visits to encourage exploration. When the traversal reaches a 
leaf node sL at step L, the leaf node may be expanded. The leaf position 
sL is processed just once by the SL policy network pσ. The output prob-
abilities are stored as prior probabilities P for each legal action a,  
( )= ( | )σP s a p a s,  . The leaf node is evaluated in two very different ways: 

first, by the value network vθ(sL); and second, by the outcome zL of a 
random rollout played out until terminal step T using the fast rollout 
policy pπ; these evaluations are combined, using a mixing parameter 
λ, into a leaf evaluation V(sL)

λ λ( )= ( − ) ( )+θV s v s z1L L L

At the end of simulation, the action values and visit counts of all 
traversed edges are updated. Each edge accumulates the visit count and 
mean evaluation of all simulations passing through that edge

∑

∑

( )= ( )

( )=
( )

( ) ( )

=

=
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s a i V s
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L
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1
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where sL
i  is the leaf node from the ith simulation, and 1(s, a, i) indicates 

whether an edge (s, a) was traversed during the ith simulation. Once 
the search is complete, the algorithm chooses the most visited move 
from the root position.

It is worth noting that the SL policy network pσ performed better in 
AlphaGo than the stronger RL policy network pρ, presumably because 
humans select a diverse beam of promising moves, whereas RL opti-
mizes for the single best move. However, the value function 
( )≈ ( )θ ρv s v sp  derived from the stronger RL policy network performed 

Figure 3 | Monte Carlo tree search in AlphaGo. a, Each simulation 
traverses the tree by selecting the edge with maximum action value Q, 
plus a bonus u(P) that depends on a stored prior probability P for that 
edge. b, The leaf node may be expanded; the new node is processed once 
by the policy network pσ and the output probabilities are stored as prior 
probabilities P for each action. c, At the end of a simulation, the leaf node 

is evaluated in two ways: using the value network vθ; and by running 
a rollout to the end of the game with the fast rollout policy pπ, then 
computing the winner with function r. d, Action values Q are updated to 
track the mean value of all evaluations r(·) and vθ(·) in the subtree below 
that action.
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Comment	faciliter		

la	retro-propagation	de	gradient	?	

Montpellier	SupAgro	(2022)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		 151	



/	171	

La	rétro-propagation	classique	ne	marche	pas	avec	un	grand	nombre	de	
couches	(trop	dilué)	

1.  Nouvelles	fonctions	d’activation	

2.  Le	«	drop	out	»	

3.  L’utilisation	de	GPU	

Des	«	astuces	»	

272 PARTIE 3 : L’induction par optimisation d’un critère inductif

Nom Graphe Équation Dérivée

Rampe f(x) = x f Õ(x) = 1

Heaviside f(x) =
I

0 si x < 0
1 si x Ø 0

f Õ(x) =
I

0 si x ”= 0
? si x = 0

Logistique ou
sigmoïde f(x) = 1

1 + e≠x
f Õ(x) = f(x)

!
1 ≠ f(x)

"

Tangente
hyperbolique

f(x) = tanh(x)

= 2
1 + e≠2x

≠ 1
f Õ(x) = 1 ≠ f2(x)

Arc Tangente
f(x) = tan≠1(x) f Õ(x) = 1

x2 + 1

Unité ReLU f(x) =
I

0 si x < 0
x si x Ø 0

f Õ(x) =
I

0 si x ”= 0
1 si x = 0

Unité
Exponentielle
Linéaire

f(x) =

I
– (e

x ≠ 1) si x < 0

x si x Ø 0
f

Õ
(x) =

I
f(x) + – si x < 0

1 si x Ø 0

Tab. 9.2: Table de quelques fonctions d’activation usuelles.
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Figure 9: Schéma descriptif du dropout

2.1.3.6 Batch Normalization

La batch normalization est une technique proposée par Ioffe et Szegedy [41] accélérant
la convergence des modèles profonds.

L’idée est de normaliser les entrées de chaque couche. Les auteurs de [41] montrent que
l’application de cette normalisation accélère la phase d’apprentissage du réseau.

Elle est appliquée sur un batch B = (x1, ..., xm), comme ceci :

— La moyenne du batch est calculée, µB  
1
m

P
m

i=1 xi

— La variance du batch est calculée, �2
B  

1
m

P
m

i=1(xi � µB)
2

— Une normalisation est faite sur chaque entrée, x̂i  
xi�µBq
�
2

B+✏
avec ✏ > 0.

— À cause de la normalisation, x̂i 2 [0, 1], ce qui n’est pas toujours désiré. Afin
de garder l’intensité des valeurs (celle d’avant la normalisation), deux paramètres
sont rajoutés : yi  �x̂i + � = BN�,�(xi) avec � et � des paramètres initialisés
aléatoirement, appris pendant la phase d’entrainement.

L’algorithme de normalisation par batch d’un réseau est présenté sur l’algorithme 3.

2.1.3.7 Régularisation

Afin d’éviter le surapprentissage, un terme de régularisation est souvent ajouté à la
fonction de perte. Lors du surapprentissage, l’erreur sur l’ensemble d’entrainement diminue
alors que l’erreur sur l’ensemble de validation augmente ; en d’autre terme, le modèle se
spécialise sur l’ensemble d’entrainement, on peut dire qu’il le mémorise.

Pour un réseau paramétré par ✓, un terme �||✓||2
p

est souvent ajouté à la fonction de perte

24
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Nouvelles	techniques	d’optimisation	

•  Très	grande	activité	de	recherche	
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Un	«	bolide	»		délicat	à	piloter	

Requiert		

1.  beaucoup	de	données	(en	général)	

•  Des	millions	d’images	

•  Des	dizaines	de	milliers	de	documents	

2.  du	savoir-faire		(des	data	scientists)	

•  Nombreuses	«	astuces	»	d’ingénierie	

•  Utilisation	de	réseaux	déjà	appris	(transfert)	
•  L’état	de	l’art	progresse	très	vite	

3.  des	machines	adaptées	

•  Puissance	calcul	:	clusters	et/ou	cartes	graphiques	
•  Mémoire	centrale	importante	(≥	128	Go)	
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Enseigné	dans		

certaines	écoles		

et	universités	



/	171	

Il	faut	énormément	d’exemples	étiquetés	

Comment	faire	?	...		
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L’		«	augmentation	»	de	données	

Génération	de	nouveaux	exemples		
à	partir	des	exemples	étiquetés	disponibles	

1.  	Transformation	de	données	

–  Bruitage	/	floutage	/	modification	de	contraste	/	changement	de	
luminosité	/	autres	effets	spéciaux	

–  Rotation	/	dilatation	/	translation	
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L’		«	augmentation	»	de	données	

2.  	Génération	par	réseaux	GANs	(Generative	Adversarial	Networks)	
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Attention	:	Pas	évident	du	tout	à	utiliser	!	
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L’	auto-encodage	

•  Une	vieille	idée:	l’auto-association	
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Représentation	interne	:	l’embedding	
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L’	auto-encodage	

•  Une	vieille	idée:	l’auto-association	
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Un	apprentissage	supervisé	...	
...	sans	étiquette	!	
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L’auto-apprentissage	(self-supervised	learning)	

•  Une	forme	d’apprentissage	non	supervisée	(pas	d’étiquette	nécessaire)	mais	qui	
permet	un	apprentissage	supervisé	!	

–  Exemple	:	entraîner	un	réseau	pour	qu’il	prédise	la	position	relative		
de	deux	sous-images	

	On	espère	ainsi	apprendre	au	réseau	des	connaissances	relationnelles		
	sur	ce	qui	constitue	une	image	
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Randomly Sample Patch
Sample Second Patch

CNN CNN

Classifier

8 possible locations

Recap: relative positioning
Train network to predict relative position of two regions in the same image

Unsupervised visual representation learning by context prediction, 
Carl Doersch, Abhinav Gupta, Alexei A. Efros, ICCV 2015 
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L’auto-apprentissage	(self-supervised	learning)	

Dans	des	séquences	

•  Est-ce	une	séquence	valide	?	
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Sequential Verification

• Is this a valid sequence?

Sun and Giles, 2001; Sun et al., 2001; Cleermans 1993; Reber 1989
Arrow of Time - Pickup et al., 2014

Slide credit: Ishan Misra

Sequential Verification

• Is this a valid sequence?

Sun and Giles, 2001; Sun et al., 2001; Cleermans 1993; Reber 1989
Arrow of Time - Pickup et al., 2014

Slide credit: Ishan Misra
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L’auto-apprentissage	(self-supervised	learning)	

Dans	des	séquences	
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Temporally Incorrect order Slide credit: Ishan Misra
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L’auto-apprentissage	(self-supervised	learning)	
...	

163	Montpellier	SupAgro	(2022)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		
co

nc
at

en
at

io
n

Input Tuple

fc8

Correct/Incorrect
Tuple

cla
ss

ific
at

io
n

Cross Entropy Loss

Slide credit: Ishan Misra



/	171	

L’auto-apprentissage	(self-supervised	learning)	
...	
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What does the network learn?

Given a start and an end, can this point lie in between?

Images

Shuffle and Learn – I. Misra, L. Zitnick, M. Hebert – ECCV 2016 Slide credit: Ishan Misra
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Plan	

1.  	Pourquoi	toute	cette	excitation	?	

2.  Grands	types	d’apprentissage	

3.  	Apprentissage	prédictif	par	réseaux	de	neurones	

4.  	Quelles	garanties	?	

5.  	Le	no-free-lunch	theorem	

6.  	Les	réseaux	de	neurones	profonds		

7.  	Ce	que	l’on	sait	faire	et	les	défis	à	relever	
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Les	comportements	étranges	

Sait-on	pourquoi	ça	marche	...	Quand	ça	marche	
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Quelque	chose	de	troublant	

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

“Understanding	deep	learning	requires	rethinking	generalization”	
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Quelque	chose	de	troublant	

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

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

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

•  Images:	32x32	pixels	in	3	color	channels	
168	Montpellier	SupAgro	(2022)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		

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

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

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

in [1]

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

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

1.

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

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

2
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Quelque	chose	de	troublant	

Experiments	

1.  	Original	dataset	without	modification	

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

trouble!!	



/	171	

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	classification	tasks?	
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Ce	que	l’on	sait	faire.		

Sait-on	d’ailleurs	vraiment	le	faire	?		

Ce	qui	interroge.		

Ce	qui	reste	à	faire.	
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Un	peu	de	recul	:	

Que	sait-on	faire	

et	où	sont	les	limites	?	
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Ce	que	l’on	sait	faire	

Quoique	!?		
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Adversarial	learning	
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Learning Securely 
Because it is easy to fool, machine learning  
must be taught how to handle adversarial inputs.

the University of California, Berkeley, 
who has crafted audio files that sound 
like white noise to humans, but like 
commands to speech recognition al-
gorithms. “We need to think of the at-
tacks as early as possible.”

Attacking the Black Box
Adversarial machine learning has been 
studied for more than a decade in a few 

OV ER  THE PAS T five years, 
machine learning has blos-
somed from a promising 
but immature technology 
into one that can achieve 

close to human-level performance on a 
wide array of tasks. In the near future, 
it is likely to be incorporated into an in-
creasing number of technologies that 
directly impact society, from self-driv-
ing cars to virtual assistants to facial- 
recognition software.

Yet machine learning also offers 
brand-new opportunities for hack-
ers. Malicious inputs specially crafted 
by an adversary can “poison” a ma-
chine learning algorithm during its 
training period, or dupe it after it has 
been trained. While the creators of a 
machine learning algorithm usually 
benchmark its average performance 
carefully, it is unusual for them to con-
sider how it performs against adversar-
ial inputs, security researchers say.

The emerging field of adversarial 
machine learning is exploring these 
vulnerabilities. In the past few years, 
researchers have figured out, for exam-
ple, how to make tiny, imperceptible 
changes to an image to fool vision pro-
cessing systems into interpreting an 
image humans see as a school bus as 
an ostrich instead. Such deceptions of-
ten can be carried out with virtually no 
knowledge about the inner workings 

of the machine learning algorithm un-
der attack.

Machine learning can be easy to 
fool, computer scientists warn. “We 
don’t want to wait until machine 
learning algorithms are being used 
on billions of devices, and then wait 
for people to mount attacks,” said 
Nicholas Carlini, a graduate student 
in adversarial machine learning at 

Science  |  DOI:10.1145/2994577 Erica Klarreich

School bus + tiny adversarial perturbation = “ostrich”

 Dog  +  tiny adversarial perturbation  =  “ostrich”

Adversarial input can fool a machine-learning algorithm into misperceiving images. 
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Explanations	and	deep	neural	networks	

Optical	illusions:	how	to	explain	them?	
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[Selvaraju	et	al.	(2017)	«	Grad-CAM:	Visual	explanations	from	deep	networks	via	gradient-based	localization	»]	

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

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

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

Boxer: 0.40 Tiger Cat: 0.18

(a) Original image
Airliner: 0.9999

(b) Adversarial image
Boxer: 1.1e-20

(c) Grad-CAM “Dog”

Tiger Cat: 6.5e-17

(d) Grad-CAM “Cat”

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

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

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

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

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

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

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

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

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

k
, now become,

↵c

k
=

global average poolingz }| {
1

Z

X

i

X

j

� @yc

@Ak

ij

| {z }
Negative gradients

(5)

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

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

factual explanations as shown in Fig. 6.

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

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

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

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

4https://github.com/karpathy/neuraltalk2

!!??	
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Machine	translation	

•  Still	far	from	perfect,	but	…	
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Machine translation

From	Hofstädter	(2018)	



/	171	

Annotation	d’images	

•  Example	
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Automated	image-captioning	

•  Not	always	so	good!	

181	

Montpellier	SupAgro	(2022)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		



/	171	

Exemple	en	médecine	

22	March	2019	
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Exemple en médecine

Et sans doute des enjeux financiers 
qui motiveraient ce type d’attaques

Exemple en médecine

Et sans doute des enjeux financiers 
qui motiveraient ce type d’attaques
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Voiture	dans	une	piscine	

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

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

because#the#context#is#wrong?

[Léon	Bottou	(ICML-2015,	invited	talk)	«	Two	big	challenges	in	Machine	Learning	»]	
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L’IA	comprend-t-elle	?	

https://www.youtube.com/watch?v=QPSgM13hTK8&t=117	
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WATSON	et	le	jeu	Jeopardy!		(2011)	

Jeopardy!			In	the	category	U.S.	cities:	

–  “Its	largest	airport	was	named	for	a	World	War	II	
hero;	its	second	largest,	for	a	World	War	battle.”	

Ø  		What	is	Toronto?	
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New-York!!	
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Conclusions	
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On	a	vu	...	

•  Des	grands	types	d’apprentissage	

•  Le	problème	de	l’apprentissage	supervisé	

•  La	nécessité	d’un	biais	et	la	notion	de	critère	inductif	

•  Comment	mesurer	la	valeur	d’une	hypothèse	apprise	

•  Le	cas	des	réseaux	de	neurones	
–  Structure	

–  Algorithme	d’apprentissage	

–  Les	RNs	profonds	:	très	puissants,	encore	mal	compris	
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Directions	de	recherche	

•  XAI	(Explainable	AI)	

–  Avoir	des	systèmes	interprétables	

–  Intégrer	du	raisonnement	

•  Apprentissage	de	relations	de	causalité	

•  Sources	de	données	multiples	et	hétérogènes	

•  Apprendre	à	partir	de	très	peu	d’exemples	

•  Environnement	non	stationnaire	

–  Changements	de	l’environnement	

–  Transfert	entre	tâches	

•  Faire	coopérer	des	systèmes	d’apprentissage	
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		Beaucoup	d’opportunités	

	

Mais	pas	de	magie	
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Suppléments	
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Counterfactuals	

•  If	James	Dean	had	taken	the	train	the	day	of	his	car	accident,		
he	would	not	have	died	

•  If	you	could	increase	your	savings	by	5000€	each	year,	you	
would	get	this	loan	
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Counterfactuals	

•  If	James	Dean	had	taken	the	train	the	day	of	his	car	accident,		
he	would	not	have	died	

•  If	you	could	increase	your	savings	by	5000€	each	year,	you	
would	get	this	loan	

work, we focus solely on a specific family of explainability

methods—counterfactual explanations—and identify barri-
ers to their widespread deployment and use in industry.

Counterfactual Explainability: A Tiny Primer
Explainability research in ML either aims to develop in-
herently interpretable models [25] or to explain complex
models. Examples of interpretable models include linear
models, rule sets, shallow decision trees; examples of com-
plex models include random forests and neural networks.
Methods explaining complex models either take a holistic
approach (global explanations) or explain individual pre-
dictions (local explanations). Global explanations generally
approximate a complex model with an interpretable model;
local explanations generally do not approximate the model.

Counterfactual explanations (CFEs) are an emerging tech-
nique of local explainability. They explain a prediction by
calculating a change (usually minimal) in a datapoint that
would cause the underlying ML model to classify it in a
desired class. For example, if an individual were denied a
loan request, a CFE might tell them that if they could in-
crease their savings by $5000, then their request would be
approved. CFEs do not necessarily approximate the ML
model and are therefore fidelitous to it. Unlike other ex-
plainability methods, CFEs aim to provide a precise and
actionable recommendation to achieve a desired outcome.

CFE in the context of ML was introduced by Wachter et
al. [35] in 2017. (CFEs have existed in philosophy [20]
and psychology [4] from decades.) A burgeoning ML lit-
erature addresses different parts of the CFEs’ desider-
ata, yet several challenges remain to be addressed be-
fore CFEs are widely adopted in industry. Counterfactual
explainability is defined variously in the ML literature [33,
17]. Some works [19, 16] differentiate between contrastive

and counterfactual explanations–largely based on the pres-
ence of and assumptions about the causal relations be-
tween features–while others do not [35, 6]. Yet, all CFEs–
contrastive and counterfactual alike–share a high-level goal
of communicating to stakeholders the underlying behavior
of an ML model. Our present paper is largely agnostic to
the detailed definition of CFEs; indeed, the obstacles we
identify hold broadly, and interfere with industry deployment
of even the “weaker” notions of CFEs. Our goal is to surface
challenges and directions for HCI and AI/ML researchers.

Desiderata of Counterfactual Explainability

Figure 1: Two possible paths for a datapoint (shown in blue),
originally classified in the negative class, to cross the decision
boundary. The end points of both the paths (shown in red and
green) are valid counterfactuals for the original point. Figure
adapted from Verma et al. [33].

In this section, we list the desirable properties of CFEs as
pointed out by recent surveys [33, 17]. These are, largely,
the focus of the AI/ML sub-community focused on CFEs;
their enumeration here enables discussion of some chal-
lenges we identify in the subsequent section.

Local	explanation	for	a	
given	prediction	

Two	possible	counterfactuals:	CF1	is	closest	to	x	than	CF2	
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Counterfactuals	

•  Oh	yes.	But	what	is	the	difference	with	adversarial	examples?!	

work, we focus solely on a specific family of explainability

methods—counterfactual explanations—and identify barri-
ers to their widespread deployment and use in industry.

Counterfactual Explainability: A Tiny Primer
Explainability research in ML either aims to develop in-
herently interpretable models [25] or to explain complex
models. Examples of interpretable models include linear
models, rule sets, shallow decision trees; examples of com-
plex models include random forests and neural networks.
Methods explaining complex models either take a holistic
approach (global explanations) or explain individual pre-
dictions (local explanations). Global explanations generally
approximate a complex model with an interpretable model;
local explanations generally do not approximate the model.

Counterfactual explanations (CFEs) are an emerging tech-
nique of local explainability. They explain a prediction by
calculating a change (usually minimal) in a datapoint that
would cause the underlying ML model to classify it in a
desired class. For example, if an individual were denied a
loan request, a CFE might tell them that if they could in-
crease their savings by $5000, then their request would be
approved. CFEs do not necessarily approximate the ML
model and are therefore fidelitous to it. Unlike other ex-
plainability methods, CFEs aim to provide a precise and
actionable recommendation to achieve a desired outcome.

CFE in the context of ML was introduced by Wachter et
al. [35] in 2017. (CFEs have existed in philosophy [20]
and psychology [4] from decades.) A burgeoning ML lit-
erature addresses different parts of the CFEs’ desider-
ata, yet several challenges remain to be addressed be-
fore CFEs are widely adopted in industry. Counterfactual
explainability is defined variously in the ML literature [33,
17]. Some works [19, 16] differentiate between contrastive

and counterfactual explanations–largely based on the pres-
ence of and assumptions about the causal relations be-
tween features–while others do not [35, 6]. Yet, all CFEs–
contrastive and counterfactual alike–share a high-level goal
of communicating to stakeholders the underlying behavior
of an ML model. Our present paper is largely agnostic to
the detailed definition of CFEs; indeed, the obstacles we
identify hold broadly, and interfere with industry deployment
of even the “weaker” notions of CFEs. Our goal is to surface
challenges and directions for HCI and AI/ML researchers.

Desiderata of Counterfactual Explainability

Figure 1: Two possible paths for a datapoint (shown in blue),
originally classified in the negative class, to cross the decision
boundary. The end points of both the paths (shown in red and
green) are valid counterfactuals for the original point. Figure
adapted from Verma et al. [33].

In this section, we list the desirable properties of CFEs as
pointed out by recent surveys [33, 17]. These are, largely,
the focus of the AI/ML sub-community focused on CFEs;
their enumeration here enables discussion of some chal-
lenges we identify in the subsequent section.

“toilet	paper”	This	is	not		
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Counterfactuals	

•  Oh	yes.	But	what	is	the	difference	with	adversarial	examples?!	

work, we focus solely on a specific family of explainability

methods—counterfactual explanations—and identify barri-
ers to their widespread deployment and use in industry.

Counterfactual Explainability: A Tiny Primer
Explainability research in ML either aims to develop in-
herently interpretable models [25] or to explain complex
models. Examples of interpretable models include linear
models, rule sets, shallow decision trees; examples of com-
plex models include random forests and neural networks.
Methods explaining complex models either take a holistic
approach (global explanations) or explain individual pre-
dictions (local explanations). Global explanations generally
approximate a complex model with an interpretable model;
local explanations generally do not approximate the model.

Counterfactual explanations (CFEs) are an emerging tech-
nique of local explainability. They explain a prediction by
calculating a change (usually minimal) in a datapoint that
would cause the underlying ML model to classify it in a
desired class. For example, if an individual were denied a
loan request, a CFE might tell them that if they could in-
crease their savings by $5000, then their request would be
approved. CFEs do not necessarily approximate the ML
model and are therefore fidelitous to it. Unlike other ex-
plainability methods, CFEs aim to provide a precise and
actionable recommendation to achieve a desired outcome.

CFE in the context of ML was introduced by Wachter et
al. [35] in 2017. (CFEs have existed in philosophy [20]
and psychology [4] from decades.) A burgeoning ML lit-
erature addresses different parts of the CFEs’ desider-
ata, yet several challenges remain to be addressed be-
fore CFEs are widely adopted in industry. Counterfactual
explainability is defined variously in the ML literature [33,
17]. Some works [19, 16] differentiate between contrastive

and counterfactual explanations–largely based on the pres-
ence of and assumptions about the causal relations be-
tween features–while others do not [35, 6]. Yet, all CFEs–
contrastive and counterfactual alike–share a high-level goal
of communicating to stakeholders the underlying behavior
of an ML model. Our present paper is largely agnostic to
the detailed definition of CFEs; indeed, the obstacles we
identify hold broadly, and interfere with industry deployment
of even the “weaker” notions of CFEs. Our goal is to surface
challenges and directions for HCI and AI/ML researchers.

Desiderata of Counterfactual Explainability

Figure 1: Two possible paths for a datapoint (shown in blue),
originally classified in the negative class, to cross the decision
boundary. The end points of both the paths (shown in red and
green) are valid counterfactuals for the original point. Figure
adapted from Verma et al. [33].

In this section, we list the desirable properties of CFEs as
pointed out by recent surveys [33, 17]. These are, largely,
the focus of the AI/ML sub-community focused on CFEs;
their enumeration here enables discussion of some chal-
lenges we identify in the subsequent section.
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Counterfactuals	

•  Oh	yes.	But	what	is	the	difference	with	adversarial	examples?!	

work, we focus solely on a specific family of explainability

methods—counterfactual explanations—and identify barri-
ers to their widespread deployment and use in industry.

Counterfactual Explainability: A Tiny Primer
Explainability research in ML either aims to develop in-
herently interpretable models [25] or to explain complex
models. Examples of interpretable models include linear
models, rule sets, shallow decision trees; examples of com-
plex models include random forests and neural networks.
Methods explaining complex models either take a holistic
approach (global explanations) or explain individual pre-
dictions (local explanations). Global explanations generally
approximate a complex model with an interpretable model;
local explanations generally do not approximate the model.

Counterfactual explanations (CFEs) are an emerging tech-
nique of local explainability. They explain a prediction by
calculating a change (usually minimal) in a datapoint that
would cause the underlying ML model to classify it in a
desired class. For example, if an individual were denied a
loan request, a CFE might tell them that if they could in-
crease their savings by $5000, then their request would be
approved. CFEs do not necessarily approximate the ML
model and are therefore fidelitous to it. Unlike other ex-
plainability methods, CFEs aim to provide a precise and
actionable recommendation to achieve a desired outcome.

CFE in the context of ML was introduced by Wachter et
al. [35] in 2017. (CFEs have existed in philosophy [20]
and psychology [4] from decades.) A burgeoning ML lit-
erature addresses different parts of the CFEs’ desider-
ata, yet several challenges remain to be addressed be-
fore CFEs are widely adopted in industry. Counterfactual
explainability is defined variously in the ML literature [33,
17]. Some works [19, 16] differentiate between contrastive

and counterfactual explanations–largely based on the pres-
ence of and assumptions about the causal relations be-
tween features–while others do not [35, 6]. Yet, all CFEs–
contrastive and counterfactual alike–share a high-level goal
of communicating to stakeholders the underlying behavior
of an ML model. Our present paper is largely agnostic to
the detailed definition of CFEs; indeed, the obstacles we
identify hold broadly, and interfere with industry deployment
of even the “weaker” notions of CFEs. Our goal is to surface
challenges and directions for HCI and AI/ML researchers.

Desiderata of Counterfactual Explainability

Figure 1: Two possible paths for a datapoint (shown in blue),
originally classified in the negative class, to cross the decision
boundary. The end points of both the paths (shown in red and
green) are valid counterfactuals for the original point. Figure
adapted from Verma et al. [33].

In this section, we list the desirable properties of CFEs as
pointed out by recent surveys [33, 17]. These are, largely,
the focus of the AI/ML sub-community focused on CFEs;
their enumeration here enables discussion of some chal-
lenges we identify in the subsequent section.
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What	is	a	good	level	of	communication?	

“No	computation	can	get	around	the	semantic	problem”	

K.	Browne	&	B.	Swift	(2020).	“Semantics	and	explanation:	why	counterfactual	explanations	produce	
adversarial	examples	in	deep	neural	networks”.	arXiv	preprint	arXiv:2012.10076.	
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Le	paradigme	actuel	

•  Induire	nécessite	d’avoir	des	biais	

•  La	théorie		
–  Est	entièrement	focaliée	sur	le	taux	d’erreur	

–  Présuppose	un	environnement	stationnaire	et	des	entrées/requêtes	(i.i.d.)	

–  Exige	un	nombre	de	données	d’apprentissage	assez	grand	par	rapport	à	
la	capacité	de	H		

•  Nous	ne	comprenons	pas	bien	les	réseaux	de	neurones	profonds	

•  Corrélations			≠			structures,		sémantique,		causalité	

	
197	Montpellier	SupAgro	(2022)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		



/	171	

Limites	

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

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

•  	Requiert	beaucoup	d’exemples	

–  Nous	sommes	beaucoup	plus	efficaces	

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

•  	Pas	adapté	à	la	recherche	de	causalités	

•  	Pas	intégré	avec	un	raisonnement	

Ces	machines	apprenantes	ne	sont	pas	des	machines	pensantes	
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Mes	paris	pour	l’avenir	
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Mes	paris	sur	les	directions	à	venir	

1.  Apprendre	à	partir	de	très	peu	d’exemples	

2.  Apprendre	à	partir	de	multiples	sources	de	données	hétérogènes	

3.  Apprendre	par	analogie	et	par	transfert	

4.  Apprendre	pour	construire	des	théories	?	(causalité	et	explications)	

5.  L’intégration	de	multiples	systèmes	apprenants	

6.  Des	systèmes	capables	d’enseigner			
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