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Transtert et
apprentissage superviseé



Hiérarchie
de filtres

Va établir des liens entre des
pixels de plus en plus éloignés

Output
(object identity)

3rd hidden layer
(object parts)

2nd hidden layer
(corners and

contours)

1st hidden layer
(edges)

Visible layer
(input pixels)

(I. Goodfellow) deeplearningbook.org



« Finetuning »

Permet le transfert de 'apprentissage vers une tache similaire

Transfer Learning with CNNs

1. Train on Imagenet
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tiré de : cs231n
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2. Small Dataset (C classes)

Reinitialize
this and train

> Freeze these

—

Donahue et al, “DeCAF- A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014
Razavian et al, “CNN Features Off-the-Shelf: An
Astounding Baseline for Recognition”, CVPR Workshops

2014
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3. Bigger dataset

Train these

With bigger
dataset, train
more layers

> Freeze these

Lower learning rate
when finetuning;
1/10 of original LR

—

is good starting
point


http://cs231n.stanford.edu/

Apprentissage multitache

Y1 Y2 Y3
Couches non-
partagées | L1 L 1 .
Couches
partagées
Entrée x

* Doit y avoir un certain lien entre les taches



Word2vec



Représentation d’'un mot
par un vecteur

* Soit un dictionnaire de N mots. Chaque
mot peut €tre représenteé par un vecteur
«one-hot» de dimension N :

- Avion - (1,0,0, ..., 0)
~—  Ballon - (0,1,0, ..., 0)

- Zébre - (0,0,0, ..., 1)

* Dans cet espace, la distance Euclidienne
entre deux mots-vecteurs est toujours la
meme :

||«aviony - «ballony|| = ||(1,-1,0,...,0)|| = V2



Algorithme WordZ2vec

Méthode d’apprentissage non-supervisée
de représentations pour les mots

Chaque mot est représenté par un vecteur
dans un espace de valeurs réelles

Appris sur de larges corpus de textes

La représentation d’'un mot dépends du
contexte dans lequel il est utilisé.



Contexte du voisinage

* Vous obtenez beaucoup d’information sur
le sens d"un mot en regardant son
voisinage dans une phrase

government debt problems turning into banking crises as has happened in

saying that Europe needs unified banking regulation to replace the hodgepodge

® These words will represent banking 2

* Chercher un encodage (embedding) qui
permet de prédire un/des mots voisins



Entrainement par prédiction

* 'apprentissage des vecteurs se fera via
deux taches

* Tache 1: prédire le mot au centre d'un
contexte de +T

La nouvelle technologie ? permet les crypto-monnaies
< T=3 > < I'=3 >

* Tache 2 : prédire les mots voisins d'un
mot central, pour un contexte de +T

? ? ? blockchain ? ? ?

T=3 > < T=3 >
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Tache 1 : prédiction d’'un mot

CBOW (continuous bag-of-words)
(ne tient pas compte de 'ordre des mots) entrées 1-hot

INPUT PROJECTION OUTPUT
2 33 X1k
i} prédire le mot
manquant
] 1 _Output layer
w(t-1) E(le + Vg, +"‘+Vwc)T § (5) 8
HI 1
— X2k ol | t ‘.’
L W) I EE
V-dim
w(t+1)
] Xcx vrais
v mot au
centre

\ J

, e e 11
Réseau linéaire



Tache 1 : prédiction d’'un mot

CBOW (continuous bag-of-words)

(ne tient pas compte de 'ordre des mots)

entrées 1-hot

INPUT PROJECTION OUTPUT
i} prédire le mot perte
manquant ——
] 1 _Output layer
w(t-1) E(le + Vs, +"‘+Vwc)T 8 S 8 Oq
Ol ]l o H
e (1) QL
— O t . Q-‘
m pd o
L e w A7 o] B
=
V-dim
w(t+1)
N vrais
v mot au
centre
\ J
|

Réseau linéaire
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Tache 2 : prédire mots voisins

vrais
mots

—

Architecture skip-gram

INPUT PROJECTION  OUTPUT i g
o t (1)
Ve . w(t-2 m 0
prédire les mots ) | |
avoisinants Input layer —
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o o o ol |0 3
/ x t 0 Q_.
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L - imt g
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I Kl
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Arithmétique sur «embeddings»?

* Quelle est la réponse a cette énigme :

France — Paris + Italy =7

Rome!
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Algebre sur ces mots-vecteurs

France — Paris + Italy = Rome

\

Relationship x

Example 1

Example 2

Example 3

France - Paris

Italy: Rome

big - bigger
Miami - Florida
Einstein - scientist
Sarkozy - France
copper - Cu
Berlusconi - Silvio
Microsoft - Windows

Microsoft - Ballmer

Japan - sushi

small: larger

Baltimore: Maryland

Messi: midfielder
Berlusconi: Italy
zinc: Zn
Sarkozy: Nicolas
Google: Android
Google: Yahoo

Germany: bratwurst

Japan: Tokyo
cold: colder
Dallas: Texas
Mozart: violinist
Merkel: Germany
gold: Au
Putin: Medvedev
IBM: Linux
IBM: McNealy

France: tapas

Florida: Tallahassee
quick: quicker
Kona: Hawaii
Picasso: painter
Koizumi: Japan

uranium: plutonium
Obama: Barack
Apple: 1Phone

Apple: Jobs
USA: pizza
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Attention aux biais |

Homme — Programmeur + Femme = Ménagere

Source : « Five Things That Scare Me About Al », Rachel Thomas
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https://www.fast.ai/2019/01/29/five-scary-things/

Quelques liens

* Projet word2vec original, incluant les
représentations obtenues par Google

https://code.google.com/archive/p/word2vec/

Pre-trained word and phrase vectors

We are publishing pre-trained vectors trained on part of Google
News dataset (about 100 billion words). The model contains 300-
dimensional vectors for 3 million words and phrases. The phrases
were obtained using a simple data-driven approach described in
[2]. The archive is available here: GoogleNews-vectors-

negative300.bin.gz.

17


https://code.google.com/archive/p/word2vec/

Quelques liens

* Package Python «Gensim», incluant
'implémentation de word2vec

(et plusieurs autres algorithmes pour données

textuelles)
https://radimrehurek.com/gensim/models/word2vec.html

* Tutoriel sur 1'utilisation de «word embedings»
(incluant une discussion intéressante sur les biais
sociaux que peuvent contenir les représentations

apprises automatiquement)
https://github.com/fastai/word-embeddings-workshop
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https://radimrehurek.com/gensim/models/word2vec.html
https://github.com/fastai/word-embeddings-workshop

Auto-encodeur



Perte de reconstruction

* Supervisé : Typiquement, la perte est basée sur

l'erreur entre prédiction et la réponse désirée.
Exemple : Lquad (R(X), y) — (R(X) _y)z

* Non-supervisé : Un autoencodeur minimise une
perte basée sur la reconstruction de 'entrée x

auto-encodeur

A
( \

e ux
1Code déCOde

Nr
X f()C) h g(h) > X , Pour éviter des

lution
/2 \ / isr(:ir?té(r)esssantes
Perte : L =\g (f(x))- X‘ + régularisation




Taxonomie

«Undercomplete» «Overcomplete»

o Jeus — T~

X f(x) |[H| &) px° X f(x) |\ Al g(h) px
\

\

\/

taille x > taille 7 taille x < taille A
* Lencodeur doit trouver une e sera inutile sans
projection vers un espace de régularisation :
plus petite dimension h peut contenir une copie
de x
* sif, g sont linéaire:
proche de I’ACP ) L
(exactement '’ACP avec * exemple de régularisation :

f=U", g=U U'U=I) x bruité




Variéeté (manifold)

La plupart des données réelles vont résider dans

des sous-régions particulieres de l'espace de x

pixels tirés au
hasard uniforme

VS.
A I A
o e B |
ka- .-o.dgogt;
B e e e
|- cbed mnnnag.z_n
1 o o o o S G
Eﬁhlhhhﬁihhhhmﬂﬂ.ﬂdd

Compression de x possible car réseau n’a pas a
gérer les cas en dehors de la variété

dm
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Varieté (manifold)

* [déalement, I’encodeur trouvera les variations
pertinentes

— apprendre la « surface » de la

encourager un
type de variété particulier

23



Exemple de variété




Autoencodeur «denoising»

* Ajoute du bruit aléatoire a 'entrée x

bruit %r

x-*'é;i' J(x)

/

d

/

scodent

dec—"
g(h)

—»

perte

\

|

* Cherche quand méme a reconstruire x

L(x,g(f(x)))
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Autoencodeur «denoising»

* Apprend a déplacer des entrées
corrompues X vers le manifold

Devient moins sensible aux

@ variations de x perpendiculaires
2wl au manifold

Reste sensible aux déplacements
tangents au manifold

26



Autoencodeurs profonds

* En cas de difficulté pour apprendre un autoencodeur
profond, on procede par étape (couche par couche)

\/

g (h)

xpl i (X)

T T

—> Perte<




Autoencodeurs profonds

* En cas de difficulté pour apprendre un autoencodeur
profond, on procede par étape (couche par couche)

/
\

=

fz(x) 8> (h) >

\
/

—> Pertee——
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Vers les réseaux génératifs

_ Bruit
| aléatoire
—>

=

\

g,(h)

e

)

/
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Réseaux de neurones
adversariaux



Adaptation de domaine

Distribution cible Distribution source

I

I \J \J

I ,---_ e l.-" T

I ; Données ' Données
non-étiquetées etiquetees

1 : :

I

I

1

I

|

\J

Exemple ~ Classificateur = ==>  Prédiction -
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7?77 | Theend of the series.

This book was writlen to provoke those who
wanted Adams lo continue the trilogy but | loved
it. Aurthor setteled down on a bob fearing planet
where he has aquired the prestigous..

Bead more

Published on Mar 18 2002 by dan

277 | Mostly is
I think most of the reviews for this book
downplay it seriously. While the ending is kind of
disappointing, the book overall is wonderful.
Bead more

Published on Jan 22 2002 by A Big Adams Fan

‘2?7 | Please pretend this book was
never written.
I have long been a fan of the Hitchhikers series
as they are comic genius. The book Mastly
Harmiess, however, should never have come
about. It is frustration at its peak. Read more
Published on Jan 14 2002 by Paul Nomrod

7?77 | Kinda like horror movies. ..
~_in that the last one usually isn't all that
appealing. | liked  fine, with some of Adams’s
wit, but it was a bit disappointing. Read more
Published on Nov 4 2001 by Kristopher Vincent

de livres

277 | ATemible End to A Great Series
"The ending for this books was so bad that |
vowed never fo read another Douglas Adams
book. Adams was obviously sick and tired of the
series and used this book to kill it off with.

Read more

Published on Oct 17 2001 by David A Lessnau

Exemple

Adaptation de domaine

cri

=1 Aninsult to Douglas Adams’
memory
| agree entirely with "darkgenius™ comments,
This movie is a travesty of the book and the TV
series; a culesy version lotally lacking in the wit
and satire of the original. Read more
Pub

+1  DontPanic!
If you haven't listened to the BBC radio-play,
this isn't bad! Purists, no doubt, will dispute my
wverdict but the fact of the matter is THGTTG
(see titie) does have Douglas Adams’
Read more
Published on Mar 13 2011 by Sid Matheson

+1__ On Blu-ray, even better
Tve seen this movie on TV and wanted to add it
1o my collection. | couldn't find it locally so when
I'saw it on amazon and on Biu-ray, | picked it
up. Read more
Published on April 18 2008 by J. W Litle

An insult to Douglas Adams’
o
The fimmaker's reverence for Adams' legacy?
What kind of rubbish statement is that? As a
loyal fan of Douglas Adams for more than a
quarter of a century, | was appalied and
Read more
Published on Aug 22 2008 by Daniel Joliey

ues de films

32



« Domain Advesarial Neural Networks »

Idée : Favoriser 1'émergence de représentations qui sont
i) discriminantes pour la tache d'apprentissage principale sur le domaine source et
i1) non-discriminantes pour la détection du domaine.

LABEL CLASSIFICATION REPRESENTATION PCA  DOMAIN CLASSIFICATION HIDDEN NEURONS

4o
;-?*:\ D
+'e 8 "’(\
. g
-
~?(\. G
-

(a) Standard NN. For the “domain classification”, we use a non adversarial domain regressor on the hidden
neurons learned by the Standard NN. (This is equivalent to run Algorithm 1, without Lines 22 and 31)

fhix))

(b) DANN (Algorithm 1)

Figure 2: The inter-twinning moons toy problem. Examples from the source sample are rep-
resented as a “+"(label 1) and a “—"(label 0), while examples from the unlabeled
target sample are represented as black dots. See text for the figure discussion.

http://jmlr.org/papersiv17/15-239.html


http://jmlr.org/papers/v17/15-239.html

« Domain Advesarial Neural Networks »

. 1 m . m . m
Whin ;Zl:—log(f,','_s (x7)) +A max ﬁ;log(o(h(x,— )+ i;IOg(I—— o(h(x/)))]|.
sourr; loss adaptationvregularizer

where A > 0 weights the domain adaptation regularization term.

REPRESENTATION PCA  DOMAIN CLASSIFICATION HIDDEN NEURONS

e
;-rt.w\\ D
+'¢ B )’(\
: € =
F
~?(\. el
-

(a) Standard NN. For the “domain classification”, we use a non adversarial domain regressor on the hidden
neurons learned by the Standard NN. (This is equivalent to run Algorithm 1, without Lines 22 and 31)

ity
g 4 D
+

LABEL CLASSIFICATION

¥ .
li._‘ c .*'-
=

(b) DANN (Algorithm 1)

Figure 2: The inter-twinning moons toy problem. Examples from the source sample are rep-
resented as a “+"(label 1) and a “—"(label 0), while examples from the unlabeled
target sample are represented as black dots. See text for the figure discussion.

http://jmlr.org/papersiv17/15-239.html


http://jmlr.org/papers/v17/15-239.html

« Domain Advesarial Neural Networks »

GANIN, USTINOVA, AJAKAN, GERMAIN, LAROCHELLE, LAVIOLETTE, MARCHAND AND LEMPITSKY

a0 ¢ BEJ'
E> |:> E> E E> E> I I ¢ I ass label y

Illn[ pre« Ittul Gy( 0y
Bﬂf (](mnln l"lr].ﬁ.‘i]f‘ltl Gal:

].Il'l]HJ_}

feature (\tm(tm Gg(:0y)

I » B domain label d
L
{ 2

forwardprop  backprop (and produced -:lcrimtivcb}




« Domain Advesarial Neural Networks »

MNIST SYN NUMBERS SVHN SYN SIGNS

. ,E; 8 i w
TARGET ‘1 SI .k

1 8 WY

MNIST-M SVHN MNIST GTSRB
SOURCE MNIST SYN NUMBERS SVHN SYN SIGNS

METHOD

TARGET MNIST-M SVHN MNIST GTSRB
SOURCE ONLY .5225 .8674 .5490 .7900
SA (Fernando et al., 2013) .5690 .8644 .5932 .8165
DANN .76606 9109 .7385 .8865
TRAIN ON TARGET .9596 .9220 .9942 .9980




« Generative Adversarial Networks » (GAN)

Bruit

aléatoire
—>

ou reel)

Domaine
(généré
ou reel)

._>._>

Idée : Minimiser L( F(x)) - L (G(h))
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https:/ipytorch.orgl/tutorials/beginner/dcgan_faces_tutorial.html



https://pytorch.org/tutorials/beginner/dcgan_faces_tutorial.html
https://pytorch.org/tutorials/beginner/dcgan_faces_tutorial.html

Réseaux de neurones
récurrents

RNN : Recurent Neural Networks



Pourquol ?
* Traiter des données séquentielles
Image X vs. {x(l) X e x(T)}
— séries temporelles
* Souvent de longueur variable

* L'information pertinente n’est pas toujours
située au méme endroit

I went to Nepal in 2009
In 2009, I went to Nepal
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ldée générale

NG
hO=f (heD, x0) !
Jw
T t
* Relation f,, stationnaire : (0

W ne change pas selon ¢



KO
A

Variable cachée / fa

° Résumé sémantique de la séquence

x(f)

* En lien direct avec la tache :

— p. e. si on cherche des dates, des mots comme
vendredi vont influencer /2 plus que Lille

La rétropropagation des gradients fera le travail de
trouver la fonction f; favorisant cette
représentation

* La taille de / influencera la quantité
d’information pouvant y étre emmagasiné

— pourra difficilement résumer A la recherche du
temps perdu de M. Proust (4 215 pages)

42



Topologies RNN

one to many many to one
4 ) 4 )

\_ J \. J

Image Classification

captioning  de sentiment
(texte)

adapté de cs231n

many to many

-

~

Traduction,
Réponse aux
questions

many to many
( )

Classification
de trames
vidéos



Sequence-to-sequence

* Architecture many to many

contexte

* Généré une séquence a partir d'un résumé C

Résumé sémantique C

\

KD

1

%)

— Q)

1

x?

...*

\

\

K@

1

| x@

Encodeur
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Sequence-to-sequence

Décodeur
Ré&nnésémanﬁq%f(j oD 0@ | | o™

\ | | |
\

B |—| @ | = p@ . — e

| | 1
xV x@| | x® approche A : état /(¥ du
décodeur

Encodeur



Sequence-to-sequence

Résumé sémantique C

\

Décodeur

o) 0@ | | o™

KD

1

%)

— Q)

1

%2

...*

\

\

K@

1

| x@

| 1 |

N—

approche B : entrée

extra a chaque itération

Encodeur
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Sequence-to-sequence

Résumé sémantique C

\

Décodeur

o)

KD

1

%)

— Q)

1

x?

...*

\

\
K@

1

ey

|

0(”)

N—

| x@

Encodeur

approche C : les deux
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Retour sur les «<mysteres»
des réseaux de neurones



Approche classique: limiter la complexité du modele pour
éviter le sur-apprentissage

e ()

A Erreur de généralisation

WUG

>

Complexité du modele

Théorie statistique de I'apprentissage

Erreur de < Erreur Mesure de
généralisation empirique complexité

(avec grande probabilité)




Les réseaux de neurones tendent a mieux genéraliser avec un
grand nombre de couches cachées

* Street View Home Numbers SVHN

e |
=
e _
S
) —
o)
5. -
o
&
et -
|
o
% -
g i
B
92.0 | | ] ] ] | ]
3 4 5) 6 7 3 9 10 11
Layers

Goodfellow et al., Multi-digit Number Recognition from Street View Imagery
using Deep Convolutional Neural Networks, ICLR 2014.



Published as a conference paper at ICLR 2017

UNDERSTANDING DEEP LEARNING REQUIRES RE-
THINKING GENERALIZATION

Chiyuan Zhang* Samy Bengio Moritz Hardt
Massachusetts Institute of Technology Google Brain Google Brain
chiyuan@mit.edu bengio@google. com mrtz@google.com
Benjamin Recht’ Oriol Vinyals
University of California, Berkeley Google DeepMind
brecht@berkeley.edu vinyals@google.com

ABSTRACT

Despite their massive size, successful deep artificial neural networks can exhibit a
remarkably small difference between training and test performance. Conventional
wisdom attributes small generalization error either to properties of the model fam-
ily, or to the regularization techniques used during training.

Through extensive systematic experiments, we show how these traditional ap-
proaches fail to explain why large neural networks generalize well in practice.
Specifically, our experiments establish that state-of-the-art convolutional networks
for image classification trained with stochastic gradient methods easily fit a ran-
dom labeling of the training data. This phenomenon is qualitatively unaffected
by explicit regularization, and occurs even if we replace the true images by com-
pletely unstructured random noise. We corroborate these experimental findings
with a theoretical construction showing that simple depth two neural networks al-
ready have perfect finite sample expressivity as soon as the number of parameters
exceeds the number of data points as it usually does in practice.

We interpret our experimental findings by comparison with traditional models.

https://openreview.net/forum?id=Sy8gdB9xx


https://openreview.net/forum?id=Sy8gdB9xx

model # params

random crop  weight decay

train accuracy

test ac curacy

yes yes 99.90 81.22
yes no 99.82 79.66
Alexnet 1,387,786 o yes 100.0 7736
no no 100.0 76.07
(fitting random labels) no no 99 .82 0.86
no yes 100.0 5 KA Sy
MLP 3x512 1,735,178 o o 100.0 5739
(fitting random labels) no no 100.0 10.48
no yes 99.80 50.39
MLP 1x512 1,209,866 B e 100.0 50.51
(fitting random labels) no no 99.34 10.61




Reconciling modern machine learning practice
and the bias-variance trade-off

Mikhail Belkin®, Daniel Hsu®, Sivuan Ma®, and Soumik Mandal®

#The Ohio State University, Columbus, OH
YColumbia University, New York, NY

September 12, 2019

Abstract

Breakthroughs in machine learning are rapidly changing science and society, yet our fun-
damental understanding of this technology has lagged far behind. Indeed, one of the central
tenets of the field, the bias-variance trade-off, appears to be at odds with the observed behavior
of methods used in the modern machine learning practice. The bias-variance trade-off implies
that a model should balance under-fitting and over-fitting: rich enough to express underlying
structure in data, simple enough to avoid fitting spurious patterns. However, in the modern
practice, very rich models such as neural networks are trained to exactly fit (i.e., interpolate)
the data. Classically, such models would be considered over-fit, and yet they often obtain high
accuracy on test data. This apparent contradiction has raised questions about the mathematical
foundations of machine learning and their relevance to practitioners.

In this paper, we reconcile the classical understanding and the modern practice within a
unified performance curve. This “double descent” curve subsumes the textbook U-shaped bias-
variance trade-off curve by showing how increasing model capacity beyond the point of inter-
polation results in improved performance. We provide evidence for the existence and ubiquity
of double descent for a wide spectrum of models and datasets, and we posit a mechanism for
its emergence. This connection between the performance and the structure of machine learning
models delineates the limits of classical analyses, and has implications for both the theory and
practice of machine learning,.

https://arxiv.org/abs/1812.11118


https://arxiv.org/abs/1812.11118

- A
A under-fitting . over-fitting under-parameterized over-parameterized
. Test risk Test risk
vxﬂ ; 'ﬁ “classical” “modern”
‘3?: Q?: regime interpolating regime
~ : :
~ o Training risk ~ Training risk:
sweet spot__ + — __ Tesa . _interpolation threshold
- = > = - -
Capacity of H Capacity of H

(a) (b)

Figure 1: Curves for training risk (dashed line) and test risk (solid line). (a) The classical
U-shaped risk curve arising from the bias-variance trade-off. (b) The double descent risk curve,
which incorporates the U-shaped risk curve (i.e., the “classical” regime) together with the observed
behavior from using high capacity function classes (i.e., the “modern” interpolating regime), sep-
arated by the interpolation threshold. The predictors to the right of the interpolation threshold
have zero training risk.



Zero-one loss Squared loss

88 = 1709 - &
—4— RFF —4— RFF
Min. norm solution b, . Min. norm solution A, .
{original kernel) — (original kernel)
100
5 .
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Figure 2: Double descent risk curve for RFF model on MNIST. Test risks (log scale),
coefficient #5 norms (log scale), and training risks of the RFF model predictors h, v learned on a
subset of MNIST (n = 10, 10 classes). The interpolation threshold is achieved at N = 10%.



\ = = N=40 RelU features
\ —— N=4000 RelU features

Figure 3: Plot of two univariate functions fitted to 10 data points using Random ReLU features
d(x: (vy,v2)) := max(vyx + vy,0). The data points are shown in red circles. The fitted function
with N = 40 Random ReLU features is the blue dashed line; the coefficient vector’s norm (scaled
by VN ) is & 695. The fitted function with N = 4000 Random ReLU features is the black solid

line: the coeflicient vector’s norm is ~ 159.
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