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• Première application industrielle à grande
échelle du machine learning

• Problème de classification

• Succès du modèle Naïve Bayes

Spam filtering
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”At one point, The Naive Bayes was the most 
widely used learner there”



Approche Bayesienne

Probabilités d’une hypothèse :  mise à jour d’une
probabilité a priori à partir des données
observées

Basée sur le calcul des probabilités : 



Approche Bayesienne

Posterior : 

Likelihood Posterior

P (✓|X) =
P (X|✓)P (✓)

P (X)
=

likelihood x prior

evidence

P (✓ = ✓1) = 2/3 P (✓ = ✓2) = 1/3



Approche Bayesienne

Règle de décision Bayesienne : 

Si P(⍵1 | X) > P(⍵2 | X) décider ⍵1 sinon ⍵2



MODÈLES PROBABILISTES

Modélisation des évènements, mesures, attributs, 
classes avec des densités de probabilités
Evénement, mesure, attribut, classe = variable aléatoire

v.a. discrète : couleur, 
présence d’un mot, classe

v.a. continue : densité 
de pixel, taille

MODÈLES PROBABILISTES



Distribution des événements discrets à valeur dans (0,1)

Distribution de Bernouilli

MODÈLES PROBABILISTES



• Distribution du nombre de succès obtenus lors 
de la répétition indépendante de plusieurs 
expériences binomiales identiques

• Distribution d’une somme de v.a de Bernouilli

Distribution  Binomiale

MODÈLES PROBABILISTES



Généralisation de la loi Binomiale pour n répétitions 
d’une expérience à m résultats possibles 

Distribution  Multinomiale

MODÈLES PROBABILISTES



Distributions discrètes : résumé

MODÈLES PROBABILISTES

BinomialeBernouilli Multinomiale



• Modélise les phénomènes naturels issus de 
plusieurs événements aléatoires.

• bonne représentation des données due au 
théorème centrale limite

• distribution la plus utilisée

Distributions continues : Gaussienne

MODÈLES PROBABILISTES



Gaussienne en dimension 2 :

MODÈLES PROBABILISTES



Distribution gaussienne :

Données : 

Estimation par maximum de vraisemblance :

Estimation : maximum de vraisemblance

MODÈLES PROBABILISTES



Probabilité jointe : occurrence simultanée de deux
événements P(X,Y)

Pour un problème de classification :
X est une v.a. représentant un attribut observable
Y est une v.a. représentant la classe

Probabilité jointe



Probabilité jointe : occurrence simultanée d’un mot 
dans un document et de la classe de ce document

mot “adresse” 
présent

mot “adresse” 
absent

changement d’adresse 0,60 0,02

réclamation 0,03 0,35

P(“adresse” présent, changement d’adresse) = 0.6

Probabilité jointe : P(X,Y)



P(“adresse” présent) = 0.63

Probabilité marginale : P(X) et P(Y)

mot “adresse” 
présent

mot “adresse” 
absent

changement d’adresse 0,60 0,02

réclamation 0,03 0,35



RÈGLE DE BAYES

Thomas Bayes (1702-1761)

• P(Y|X) : probabilité de la classe en ayant observé la valeur 
de l’attribut X (posterior)

• P(Y) : probabilité de la classe avant toute observation 
(prior) 

Probabilité conditionnelle



P(changement d’adresse| “adresse” présent) = 0.6/0.63

Probabilité conditionnelle

mot “adresse” 
présent

mot “adresse” 
absent

changement d’adresse 0,60 0,02

réclamation 0,03 0,35

P (X,Y ) = P (X|Y )P (Y ) = P (Y |X)P (X)



Transformation de la règle de Bayes en classifieur

• P(Y|X) : probabilité que X soit de la classe Y (posterior)
• P(X|Y) : probabilité du mot X dans la classe Y
• P(Y) : probabilité a priori de la classe 
• P(X) : normalisation des probabilités des mots

La classe prédite est  argmaxi P(Yi|X)

Naive Bayes



Lorsque X est multidimensionnel (toujours !), NB devient :

Il faut estimer P(X1,...,Xn|Y) : jamais assez de données.
Hypothèse d’indépendance :

Règle de 
la chaine

Hypothèse 
d’indépendance

Naive Bayes



Pour  calculer les probabilités à posteriori P(Y|X), il faut :

• Calculer les probabilités à priori P(Y)
• Calculer les P(X|Y) :

Mot « adresse » présent

Changement d’adresse #nb présent / # changt adresse

réclamation #nb présent / # réclamation

Note : le calcul de P(X) n’est pas nécessaire 

Naive Bayes



Limites du Naive Bayes :

• Hypothèse d’indépendance : en classification de 
texte, cela signifie que les mots d’un document sont 
indépendants les uns des autres ! 

• Problème de l’estimation des événements rares, par 
exemple les mots apparaissant zéro ou une fois (voir 
Zipf law)

• Modèle génératif : l’objectif est de maximiser la 
vraisemblance des données, pas de minimiser l’erreur 
de classification

Naive Bayes



Objectif : maximiser la classification à partir des 
probabilités conditionnelles (pas jointes comme 
Naive Bayes)

Régression logistique

�(x) :  représentation vectorielle des mots

:  vecteurs de poids appris

log
P (Y = 1|X)

P (Y = 0|X = �!w T�(x)

�!w



Régression logistique

P (Y = 1|X) =
1

1 + exp(��!w T�(x))

Fonction logistique

1

1 + e�t

• Combinaison d’une régression et d’une fonction
logistique

• Optimisation par maximum de vraisemblance
• Pas de solution analytique : optimisation par descente

de gradient



Embedding de documents

Embedding de phrase

Simple moyenne des 
vecteurs de mots la phrase 
ou du document



Embedding de documents

Embedding de phrase

Simple moyenne des 
vecteurs de mots la phrase 
ou du document



Embedding de documents

Distributed Representations of 
Sentences and Documents

Quoc Le & Tomas Mikolov

ICML 2014
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Distributed Representations of Sentences and Documents
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Abstract
Many machine learning algorithms require the
input to be represented as a fixed-length feature
vector. When it comes to texts, one of the most
common fixed-length features is bag-of-words.
Despite their popularity, bag-of-words features
have two major weaknesses: they lose the order-
ing of the words and they also ignore semantics
of the words. For example, “powerful,” “strong”
and “Paris” are equally distant. In this paper, we
proposeParagraphVector, an unsupervised algo-
rithm that learns fixed-length feature representa-
tions from variable-length pieces of texts, such as
sentences, paragraphs, and documents. Our algo-
rithm represents each document by a dense vec-
tor which is trained to predict words in the doc-
ument. Its construction gives our algorithm the
potential to overcome the weaknesses of bag-of-
words models. Empirical results show that Para-
graph Vectors outperform bag-of-words models
as well as other techniques for text representa-
tions. Finally, we achieve new state-of-the-art re-
sults on several text classification and sentiment
analysis tasks.

1. Introduction
Text classification and clustering play an important role
in many applications, e.g, document retrieval, web search,
spam filtering. At the heart of these applications is ma-
chine learning algorithms such as logistic regression or K-
means. These algorithms typically require the text input to
be represented as a fixed-length vector. Perhaps the most
common fixed-length vector representation for texts is the
bag-of-words or bag-of-n-grams (Harris, 1954) due to its
simplicity, efficiency and often surprising accuracy.

However, the bag-of-words (BOW) has many disadvan-

Proceedings of the 31
st International Conference on Machine

Learning, Beijing, China, 2014. JMLR: W&CP volume 32. Copy-
right 2014 by the author(s).

tages. The word order is lost, and thus different sentences
can have exactly the same representation, as long as the
same words are used. Even though bag-of-n-grams con-
siders the word order in short context, it suffers from data
sparsity and high dimensionality. Bag-of-words and bag-
of-n-grams have very little sense about the semantics of the
words or more formally the distances between the words.
This means that words “powerful,” “strong” and “Paris” are
equally distant despite the fact that semantically, “power-
ful” should be closer to “strong” than “Paris.”

In this paper, we propose Paragraph Vector, an unsuper-
vised framework that learns continuous distributed vector
representations for pieces of texts. The texts can be of
variable-length, ranging from sentences to documents. The
name Paragraph Vector is to emphasize the fact that the
method can be applied to variable-length pieces of texts,
anything from a phrase or sentence to a large document.

In our model, the vector representation is trained to be use-
ful for predicting words in a paragraph. More precisely, we
concatenate the paragraph vector with several word vec-
tors from a paragraph and predict the following word in the
given context. Both word vectors and paragraph vectors are
trained by the stochastic gradient descent and backpropaga-
tion (Rumelhart et al., 1986). While paragraph vectors are
unique among paragraphs, the word vectors are shared. At
prediction time, the paragraph vectors are inferred by fix-
ing the word vectors and training the new paragraph vector
until convergence.

Our technique is inspired by the recent work in learn-
ing vector representations of words using neural net-
works (Bengio et al., 2006; Collobert & Weston, 2008;
Mnih & Hinton, 2008; Turian et al., 2010; Mikolov et al.,
2013a;c). In their formulation, each word is represented by
a vector which is concatenated or averaged with other word
vectors in a context, and the resulting vector is used to pre-
dict other words in the context. For example, the neural
network language model proposed in (Bengio et al., 2006)
uses the concatenation of several previous word vectors to
form the input of a neural network, and tries to predict the
next word. The outcome is that after the model is trained,
the word vectors are mapped into a vector space such that



Embedding de documents

doc2vec

• Ajout d’une représentation du paragraphe (topic)

• Nécessité d’apprendre cette représentation sur les 
nouveaux documents (test time)

Distributed Representations of Sentences and Documents

example, “powerful” and “strong” are close to each other,
whereas “powerful” and “Paris” are more distant. The dif-
ference between word vectors also carry meaning. For ex-
ample, the word vectors can be used to answer analogy
questions using simple vector algebra: “King” - “man” +
“woman” = “Queen” (Mikolov et al., 2013d). It is also pos-
sible to learn a linear matrix to translate words and phrases
between languages (Mikolov et al., 2013b).

These properties make word vectors attractive for many
natural language processing tasks such as language mod-
eling (Bengio et al., 2006; Mikolov, 2012), natural lan-
guage understanding (Collobert & Weston, 2008; Zhila
et al., 2013), statistical machine translation (Mikolov et al.,
2013b; Zou et al., 2013), image understanding (Frome
et al., 2013) and relational extraction (Socher et al., 2013a).

2.2. Paragraph Vector: A distributed memory model

Our approach for learning paragraph vectors is inspired by
the methods for learning the word vectors. The inspiration
is that the word vectors are asked to contribute to a predic-
tion task about the next word in the sentence. So despite
the fact that the word vectors are initialized randomly, they
can eventually capture semantics as an indirect result of the
prediction task. We will use this idea in our paragraph vec-
tors in a similar manner. The paragraph vectors are also
asked to contribute to the prediction task of the next word
given many contexts sampled from the paragraph.

In our Paragraph Vector framework (see Figure 2), every
paragraph is mapped to a unique vector, represented by a
column in matrix D and every word is also mapped to a
unique vector, represented by a column in matrix W . The
paragraph vector and word vectors are averaged or concate-
nated to predict the next word in a context. In the experi-
ments, we use concatenation as the method to combine the
vectors.

More formally, the only change in this model compared
to the word vector framework is in equation 1, where h is
constructed fromW andD.

The paragraph token can be thought of as another word. It
acts as a memory that remembers what is missing from the
current context – or the topic of the paragraph. For this
reason, we often call this model the Distributed Memory
Model of Paragraph Vectors (PV-DM).

The contexts are fixed-length and sampled from a sliding
window over the paragraph. The paragraph vector is shared
across all contexts generated from the same paragraph but
not across paragraphs. The word vector matrix W , how-
ever, is shared across paragraphs. I.e., the vector for “pow-
erful” is the same for all paragraphs.

The paragraph vectors and word vectors are trained using

stochastic gradient descent and the gradient is obtained via
backpropagation. At every step of stochastic gradient de-
scent, one can sample a fixed-length context from a random
paragraph, compute the error gradient from the network in
Figure 2 and use the gradient to update the parameters in
our model.

At prediction time, one needs to perform an inference step
to compute the paragraph vector for a new paragraph. This
is also obtained by gradient descent. In this step, the pa-
rameters for the rest of the model, the word vectorsW and
the softmax weights, are fixed.

Suppose that there are N paragraphs in the corpus, M
words in the vocabulary, and we want to learn paragraph
vectors such that each paragraph is mapped to p dimen-
sions and each word is mapped to q dimensions, then the
model has the total of N × p + M × q parameters (ex-
cluding the softmax parameters). Even though the number
of parameters can be large when N is large, the updates
during training are typically sparse and thus efficient.

Figure 2. A framework for learning paragraph vector. This frame-
work is similar to the framework presented in Figure 1; the only
change is the additional paragraph token that is mapped to a vec-
tor via matrix D. In this model, the concatenation or average of
this vector with a context of three words is used to predict the
fourth word. The paragraph vector represents the missing infor-
mation from the current context and can act as a memory of the
topic of the paragraph.

After being trained, the paragraph vectors can be used as
features for the paragraph (e.g., in lieu of or in addition
to bag-of-words). We can feed these features directly to
conventional machine learning techniques such as logistic
regression, support vector machines or K-means.

In summary, the algorithm itself has two key stages: 1)
training to get word vectors W , softmax weights U, b and
paragraph vectors D on already seen paragraphs; and 2)
“the inference stage” to get paragraph vectors D for new
paragraphs (never seen before) by adding more columns
in D and gradient descending on D while holdingW,U, b
fixed. We useD to make a prediction about some particular
labels using a standard classifier, e.g., logistic regression.

Distributed Representations of Sentences and Documents

Advantages of paragraph vectors: An important ad-
vantage of paragraph vectors is that they are learned from
unlabeled data and thus can work well for tasks that do not
have enough labeled data.

Paragraph vectors also address some of the key weaknesses
of bag-of-words models. First, they inherit an important
property of the word vectors: the semantics of the words. In
this space, “powerful” is closer to “strong” than to “Paris.”
The second advantage of the paragraph vectors is that they
take into consideration the word order, at least in a small
context, in the same way that an n-gram model with a large
n would do. This is important, because the n-gram model
preserves a lot of information of the paragraph, including
the word order. That said, our model is perhaps better than
a bag-of-n-grams model because a bag of n-grams model
would create a very high-dimensional representation that
tends to generalize poorly.

2.3. Paragraph Vector without word ordering:
Distributed bag of words

The above method considers the concatenation of the para-
graph vector with the word vectors to predict the next word
in a text window. Another way is to ignore the context
words in the input, but force the model to predict words
randomly sampled from the paragraph in the output. In re-
ality, what this means is that at each iteration of stochastic
gradient descent, we sample a text window, then sample
a random word from the text window and form a classifi-
cation task given the Paragraph Vector. This technique is
shown in Figure 3. We name this version the Distributed
Bag of Words version of Paragraph Vector (PV-DBOW), as
opposed to Distributed Memory version of Paragraph Vec-
tor (PV-DM) in previous section.

Figure 3. Distributed Bag of Words version of paragraph vectors.
In this version, the paragraph vector is trained to predict the words
in a small window.

In addition to being conceptually simple, this model re-
quires to store less data. We only need to store the softmax
weights as opposed to both softmax weights and word vec-
tors in the previous model. This model is also similar to the

Skip-gram model in word vectors (Mikolov et al., 2013c).

In our experiments, each paragraph vector is a combina-
tion of two vectors: one learned by the standard paragraph
vector with distributed memory (PV-DM) and one learned
by the paragraph vector with distributed bag of words (PV-
DBOW). PV-DM alone usually works well for most tasks
(with state-of-art performances), but its combination with
PV-DBOW is usually more consistent across many tasks
that we try and therefore strongly recommended.

3. Experiments
We perform experiments to better understand the behavior
of the paragraph vectors. To achieve this, we benchmark
Paragraph Vector on two text understanding problems that
require fixed-length vector representations of paragraphs:
sentiment analysis and information retrieval.

For sentiment analysis, we use two datasets: Stanford sen-
timent treebank dataset (Socher et al., 2013b) and IMDB
dataset (Maas et al., 2011). Documents in these datasets
differ significantly in lengths: every example in Socher et
al. (Socher et al., 2013b)’s dataset is a single sentence while
every example in Maas et al. (Maas et al., 2011)’s dataset
consists of several sentences.

We also test our method on an information retrieval task,
where the goal is to decide if a document should be re-
trieved given a query.

3.1. Sentiment Analysis with the Stanford Sentiment
Treebank Dataset

Dataset: This dataset was first proposed by (Pang & Lee,
2005) and subsequently extended by (Socher et al., 2013b)
as a benchmark for sentiment analysis. It has 11855 sen-
tences taken from the movie review site Rotten Tomatoes.

The dataset consists of three sets: 8544 sentences for train-
ing, 2210 sentences for test and 1101 sentences for valida-
tion (or development).

Every sentence in the dataset has a label which goes from
very negative to very positive in the scale from 0.0 to 1.0.
The labels are generated by human annotators using Ama-
zon Mechanical Turk.

The dataset comes with detailed labels for sentences,
and subphrases in the same scale. To achieve this,
Socher et al. (Socher et al., 2013b) used the Stanford
Parser (Klein & Manning, 2003) to parse each sentence
to subphrases. The subphrases were then labeled by hu-
man annotators in the same way as the sentences were
labeled. In total, there are 239,232 labeled phrases
in the dataset. The dataset can be downloaded at:
http://nlp.Stanford.edu/sentiment/

Distributed Bag of Words version of 
Paragraph Vector (PV-DBOW) Distributed Memory version of 

Paragraph Vector (PV-DM) 
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Classification avec embedding + CNN



Classification avec embedding + CNN

wait 
for 
the 

video 
and 
do 
n't 

rent 
it 

n x k representation of 
sentence with static and 

non-static channels 

Convolutional layer with 
multiple filter widths and 

feature maps 

Max-over-time 
pooling 

Fully connected layer 
with dropout and  
softmax output 

Figure 1: Model architecture with two channels for an example sentence.

necessary) is represented as

x1:n = x1 � x2 � . . .� xn, (1)

where � is the concatenation operator. In gen-
eral, let xi:i+j refer to the concatenation of words
xi,xi+1, . . . ,xi+j . A convolution operation in-
volves a filter w 2 Rhk, which is applied to a
window of h words to produce a new feature. For
example, a feature ci is generated from a window
of words xi:i+h�1 by

ci = f(w · xi:i+h�1 + b). (2)

Here b 2 R is a bias term and f is a non-linear
function such as the hyperbolic tangent. This filter
is applied to each possible window of words in the
sentence {x1:h,x2:h+1, . . . ,xn�h+1:n} to produce
a feature map

c = [c1, c2, . . . , cn�h+1], (3)

with c 2 Rn�h+1. We then apply a max-over-
time pooling operation (Collobert et al., 2011)
over the feature map and take the maximum value
ĉ = max{c} as the feature corresponding to this
particular filter. The idea is to capture the most im-
portant feature—one with the highest value—for
each feature map. This pooling scheme naturally
deals with variable sentence lengths.

We have described the process by which one
feature is extracted from one filter. The model
uses multiple filters (with varying window sizes)
to obtain multiple features. These features form
the penultimate layer and are passed to a fully con-
nected softmax layer whose output is the probabil-
ity distribution over labels.

In one of the model variants, we experiment
with having two ‘channels’ of word vectors—one

that is kept static throughout training and one that
is fine-tuned via backpropagation (section 3.2).2

In the multichannel architecture, illustrated in fig-
ure 1, each filter is applied to both channels and
the results are added to calculate ci in equation
(2). The model is otherwise equivalent to the sin-
gle channel architecture.

2.1 Regularization

For regularization we employ dropout on the
penultimate layer with a constraint on l2-norms of
the weight vectors (Hinton et al., 2012). Dropout
prevents co-adaptation of hidden units by ran-
domly dropping out—i.e., setting to zero—a pro-
portion p of the hidden units during foward-
backpropagation. That is, given the penultimate
layer z = [ĉ1, . . . , ĉm] (note that here we have m
filters), instead of using

y = w · z+ b (4)

for output unit y in forward propagation, dropout
uses

y = w · (z � r) + b, (5)

where � is the element-wise multiplication opera-
tor and r 2 Rm is a ‘masking’ vector of Bernoulli
random variables with probability p of being 1.
Gradients are backpropagated only through the
unmasked units. At test time, the learned weight
vectors are scaled by p such that ŵ = pw, and
ŵ is used (without dropout) to score unseen sen-
tences. We additionally constrain l2-norms of the
weight vectors by rescaling w to have ||w||2 = s
whenever ||w||2 > s after a gradient descent step.

2We employ language from computer vision where a color
image has red, green, and blue channels.

Prise en compte de contextes de taille variable par 
des filtres de convolution de différentes tailles



• Les réseaux à convolutions sont adaptés aux 
données disposées sur une grille 1D (séquence) ou 
2D (image).

• La convolution (2D) calcule la valeur d’une feature
par le produit d’un filtre de convolution (kernel) et du 
signal d’entrée (input)

00/00/2015
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RÉSEAUX À CONVOLUTION 

Réseaux à convolution



• Calcul d’une convolution : produit terme à terme 
du filtre de convolution par les valeurs de l’input 
(image ou sortie d’une convolution précédente)

• Pour garder la taille d’entrée identique, on peut 
ajouter une bordure (padding)

00/00/2015
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RÉSEAUX À CONVOLUTION 

1 0 1
0 1 0
1 0 1

FeaturesFiltre de convolution



• Les features sont organisées par couche 
(features maps)

• Le nombre de feature maps est un paramètre du 
réseau

00/00/2015
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RÉSEAUX À CONVOLUTION 

Embedding

Séquence
des mots

Texte Feature maps

Nombre de 
feature maps
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L’entrée étant en 3 dimensions (plusieurs features
maps en sortie de la couche précédente), les valeurs 
des convolutions sont sommées par couche d’entrée 
pour obtenir la valeur sur la feature map de sortie 
correspondante

Le bias est ajouté à la somme des valeurs des 
convolutions des couches d’entrée

Dans le cas du texte, la convolution se déplace 
uniquement dans 1 dimension (convolution 1D)

00/00/2015
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Avantages des réseaux à convolutions
• Parsimonie : le kernel est plus petit que l’input donc 

moins de paramètres qu’une couche dense et moins 
de calculs à effectuer

• Partage de paramètres : les paramètres du kernel sont 
identiques pour toutes les positions sur l’image (moins 
de paramètres à stocker)

• Invariance en translation : due au partage de 
paramètres

00/00/2015
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Classification avec embedding + CNN

• Variante de Collobert et al. (2011)

• Embedding word2vec CBOW 300

• Padding des phrases à la même taille

• Multiples filtres (100), de multiple taille (3, 4, 5)

• Adaptation ou pas des filtres 


