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WIKIPEDIA L'ENCYCLOPEDIE LIBRE

Chiffrement par substitution

ZLNLSHGLD O'HQFBFORSHGLH OLEUH

Code de César

Cryptographie et modèles de langue



Décryptage par modélisation de la 
fréquence des lettres

LIVITCSWPIYVEWHEVSRIQMXLEYVEOIEWH
RXEXIPFEMVEWHKVSTYLXZIXLIKIIXPIJVSZE
YPERRGERIMWQLMGLMXQERIWGPSRIHMX
QEREKIETXMJTPRGEVEKEITREWHEXXLEXX
MZITWAWSQWXSWEXTVEPMRXRSJGSTVRI
EYVIEXCVMUIMWERGMIWXMJMGCSMWXS
JOMIQXLIVIQIVIXQSVSTWHKPEGARCSXRW

Hereupon Legrand arose, with a grave and 
stately air, and brought me the beetle from 
a glass case in which it was enclosed. It was 
a beautiful scarabaeus, and, at that time, 
unknown to naturalists—of course a great 
prize in a scientific point

+ fréquence des bigrams

+ fréquence des trigrams

Cryptographie et modèles de langue



Modélisent des séquences de mots ou caractères : 

Permettent d’évaluer la probabilité d’une phrase : 

• mot plus probable : 

P(the, cat, sat, on,the, mat) > P (the, cat, sat , on, the, yesterday)

• ordre plus probable

P(the, cat, sat, on,the, mat) > P(the sat, cat the on, mat)

Modèles de langue



Modèles de langue par chaine de Markov

Hypothèse Markovienne : la probabilité du prochain symbole 
ne dépend que des n précédents : 

Traditional	Language	Models

4/21/16Richard	Socher7

• Probability	is	usually	conditioned	on	window	of	n	
previous	words

• An	incorrect	but	necessary	Markov	assumption!

• To	estimate	probabilities,	compute	for	unigrams	and	
bigrams	(conditioning	on	one/two	previous	word(s):

Traditional	Language	Models

4/21/16Richard	Socher7

• Probability	is	usually	conditioned	on	window	of	n	
previous	words

• An	incorrect	but	necessary	Markov	assumption!

• To	estimate	probabilities,	compute	for	unigrams	and	
bigrams	(conditioning	on	one/two	previous	word(s):

Modèles de langue



Modèles de langue par chaines de Markov

Zerogram :               , |V| est la taille du vocabulaire

Unigram : probabilité des symboles

Bigram : probabilité des symboles étant donné le symbole 
précédent : 

Traditional	Language	Models

4/21/16Richard	Socher7

• Probability	is	usually	conditioned	on	window	of	n	
previous	words

• An	incorrect	but	necessary	Markov	assumption!

• To	estimate	probabilities,	compute	for	unigrams	and	
bigrams	(conditioning	on	one/two	previous	word(s):

Trigram : probabilité des symboles étant donné les 2 
symboles précédents : 

Traditional	Language	Models
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• Probability	is	usually	conditioned	on	window	of	n	
previous	words

• An	incorrect	but	necessary	Markov	assumption!

• To	estimate	probabilities,	compute	for	unigrams	and	
bigrams	(conditioning	on	one/two	previous	word(s):
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|V |



Modèles de langue par chaines de Markov

Entrainement par comptage sur de très grands corpus de 
texte électronique : 

Consommation mémoire et CPU importante

The ClueWeb09 Dataset : 1,040,809,705 de pages web

Probabilities are computed by streaming in suf-
fix lexicographic order: wn appears before w

n
n�1,

which in turn appears before w
n
n�2. In this way,

p(wn) is computed before it is needed to compute
p(wn|wn�1), and so on. This is implemented by
jointly iterating through N streams, one for each
length of n-gram. The relevant pseudo probability
u(wn|wn�1

1 ) and backoff b(wn�1
1 ) appear in the

input records (Equation 1).

3.5 Joining

The last task is to unite b(wn
1 ) computed in §3.3

with p(wn|wn�1
1 ) computed in §3.4 for storage in

the model. We note that interpolation (Equation 2)
used the different backoff b(wn�1

1 ) and so b(wn
1 )

is not immediately available. However, the back-
off values were saved in suffix order (§3.3) and in-
terpolation produces probabilities in suffix order.
During the same streaming pass as interpolation,
we merge the two streams.5 Suffix order is also
convenient because the popular reverse trie data
structure can be built in the same pass.6

4 Sorting

Much work has been done on efficient disk-based
merge sort. Particularly important is arity, the
number of blocks that are merged at once. Low
arity leads to more passes while high arity in-
curs more disk seeks. Abello and Vitter (1999)
modeled these costs and derived an optimal strat-
egy: use fixed-size read buffers (one for each
block being merged) and set arity to the number of
buffers that fit in RAM. The optimal buffer size is
hardware-dependent; we use 64 MB by default. To
overcome the operating system limit on file han-
dles, multiple blocks are stored in the same file.

To further reduce the costs of merge sort, we
implemented pipelining (Dementiev et al., 2008).
If there is enough RAM, input is lazily merged
and streamed to the algorithm. Output is cut into
blocks, sorted in the next step’s desired order, and
then written to disk. These optimizations elim-
inate up to two copies to disk if enough RAM
is available. Input, the algorithm, block sorting,
and output are all threads on a chain of producer-
consumer queues. Therefore, computation and
disk operations happen simultaneously.

5Backoffs only exist if the n-gram is the context of some
n+ 1-gram, so merging skips n-grams that are not contexts.

6With quantization (Whittaker and Raj, 2001), the quan-
tizer is trained in a first pass and applied in a second pass.

0

10

20

30

40

50

0 200 400 600 800 1000

R
A

M
(G

B
)

Tokens (millions)

SRI
SRI compact

IRST
This work
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Figure 5: CPU usage (system plus user).

Each n-gram record is an array of n vocabu-
lary identifiers (4 bytes each) and an 8-byte count
or probability and backoff. At peak, records are
stored twice on disk because lazy merge sort is
not easily amenable to overwriting the input file.
Additional costs are the secondary backoff file (4
bytes per backoff) and the vocabulary in plaintext.

5 Experiments

Experiments use ClueWeb09.7 After spam filter-
ing (Cormack et al., 2011), removing markup, se-
lecting English, splitting sentences (Koehn, 2005),
deduplicating, tokenizing (Koehn et al., 2007),
and truecasing, 126 billion tokens remained.

7http://lemurproject.org/clueweb09/
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or probability and backoff. At peak, records are
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Heafield et al., Scalable Modified Kneser-Ney Language Model Estimation, 2013 



Modèles de langue

Cross-Entropie

Traditional	Language	Models

4/21/16Richard	Socher7

• Probability	is	usually	conditioned	on	window	of	n	
previous	words

• An	incorrect	but	necessary	Markov	assumption!

• To	estimate	probabilities,	compute	for	unigrams	and	
bigrams	(conditioning	on	one/two	previous	word(s):

H(w1, ..., wN ) = � 1

N
log2 P (w1, ..., wN )

Mesures de qualité

Perplexité : 2H(w1,...,wN )

= combien de bit faut-il pour encoder la séquence de 
mot avec le modèle

= combien de mots sont possibles après un contexte 
donné



Modèles de langue

Lissage (smoothing)

Si une seule des probabilités est nulle, tous la séquence 
est nulle : 

P(je bois un tesgüino avec mes amis) = 0

P (w1, ..., wN ) =
NY

I=1

P (wi|wi�(n�1), ..., wi�1)

Il faut s’assurer que P(wi| contexte) ne soit jamais nulle, 
quel que soit le contexte et wi



Modèles de langue

Lissage (smoothing) : une solution possible

Interpolation : 

N-Gram Models: Interpolated Back-O↵

By recursively interpolating the n-gram probabilities with the

(n � 1)-gram probabilities we can smooth our language model and

ensure all words have non-zero probability in a given context.

A simple approach is linear interpolation:

pI (wn|wn�2,wn�1) = �3p(wn|wn�2,wn�1) +

�2p(wn|wn�1) +

�1p(wn).

where �3 + �2 + �1 = 1.

A number of more advanced smoothing and interpolation schemes

have been proposed, with Kneser-Ney being the most common.
4

4
An empirical study of smoothing techniques for language modeling.

Stanley Chen and Joshua Goodman. Harvard University, 1998.

research. microsoft. com/ en-us/ um/ people/ joshuago/ tr-10-98. pdf

De multiples méthodes ont été proposées : 

An empirical study of smoothing techniques for language
modeling. Stanley Chen and Joshua Goodman, 1998.



Modèles de langue neuronaux

Les précurseurs : 

Recurrent neural network based language model

Tomáš Mikolov
1,2

, Martin Karafiát
1
, Lukáš Burget

1
, Jan “Honza” Černocký

1
, Sanjeev Khudanpur

2

1Speech@FIT, Brno University of Technology, Czech Republic
2 Department of Electrical and Computer Engineering, Johns Hopkins University, USA

{imikolov,karafiat,burget,cernocky}@fit.vutbr.cz, khudanpur@jhu.edu

Abstract

A new recurrent neural network based language model (RNN
LM) with applications to speech recognition is presented. Re-
sults indicate that it is possible to obtain around 50% reduction
of perplexity by using mixture of several RNN LMs, compared
to a state of the art backoff language model. Speech recognition
experiments show around 18% reduction of word error rate on
the Wall Street Journal task when comparing models trained on
the same amount of data, and around 5% on the much harder
NIST RT05 task, even when the backoff model is trained on
much more data than the RNN LM. We provide ample empiri-
cal evidence to suggest that connectionist language models are
superior to standard n-gram techniques, except their high com-
putational (training) complexity.
Index Terms: language modeling, recurrent neural networks,
speech recognition

1. Introduction

Sequential data prediction is considered by many as a key prob-
lem in machine learning and artificial intelligence (see for ex-
ample [1]). The goal of statistical language modeling is to
predict the next word in textual data given context; thus we
are dealing with sequential data prediction problem when con-
structing language models. Still, many attempts to obtain such
statistical models involve approaches that are very specific for
language domain - for example, assumption that natural lan-
guage sentences can be described by parse trees, or that we
need to consider morphology of words, syntax and semantics.
Even the most widely used and general models, based on n-
gram statistics, assume that language consists of sequences of
atomic symbols - words - that form sentences, and where the
end of sentence symbol plays important and very special role.

It is questionable if there has been any significant progress
in language modeling over simple n-gram models (see for ex-
ample [2] for review of advanced techniques). If we would mea-
sure this progress by ability of models to better predict sequen-
tial data, the answer would be that considerable improvement
has been achieved - namely by introduction of cache models
and class-based models. While many other techniques have
been proposed, their effect is almost always similar to cache
models (that describe long context information) or class-based
models (that improve parameter estimation for short contexts by
sharing parameters between similar words).

If we would measure success of advanced language model-
ing techniques by their application in practice, we would have
to be much more skeptical. Language models for real-world
speech recognition or machine translation systems are built on
huge amounts of data, and popular belief says that more data
is all we need. Models coming from research tend to be com-

INPUT(t) OUTPUT(t)

CONTEXT(t)

CONTEXT(t-1)

Figure 1: Simple recurrent neural network.

plex and often work well only for systems based on very limited
amounts of training data. In fact, most of the proposed advanced
language modeling techniques provide only tiny improvements
over simple baselines, and are rarely used in practice.

2. Model description

We have decided to investigate recurrent neural networks for
modeling sequential data. Using artificial neural networks in
statistical language modeling has been already proposed by
Bengio [3], who used feedforward neural networks with fixed-
length context. This approach was exceptionally successful
and further investigation by Goodman [2] shows that this sin-
gle model performs better than mixture of several other models
based on other techniques, including class-based model. Later,
Schwenk [4] has shown that neural network based models pro-
vide significant improvements in speech recognition for several
tasks against good baseline systems.

A major deficiency of Bengio’s approach is that a feedfor-
ward network has to use fixed length context that needs to be
specified ad hoc before training. Usually this means that neural
networks see only five to ten preceding words when predicting
the next one. It is well known that humans can exploit longer
context with great success. Also, cache models provide comple-
mentary information to neural network models, so it is natural
to think about a model that would encode temporal information
implicitly for contexts with arbitrary lengths.

Recurrent neural networks do not use limited size of con-
text. By using recurrent connections, information can cycle in-

Copyright © 2010 ISCA 26 -30 September 2010, Makuhari, Chiba, Japan

INTERSPEECH 2010

1045

Bengio et al, a Neural probabilistic
language model, 2003

Limite : le contexte est fixe

Mikolov et al, Recurrent neural network 
based language model, 2010



La régression logistique peut être vue comme 
un réseau de neurones très simple : 

00/00/2015

12

p(x) =
1

1 + e�(b+Wx)

b

Réseaux de neurones



• Famille de réseaux de neurones permettant le 
traitement de séquences

• Les réseaux récurrents permettent de faire des 
prédictions pour chaque élément de la séquence 
d’entrée (time step)

• Les paramètres sont partagés entre les éléments  
à chaque time step

00/00/2015
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Réseaux de neurones récurrents



Les réseaux récurrents incluent des connexions 
entres les neurones des couches cachées et/ou 
entre les neurones de sortie et les neurones des 
couches cachées

00/00/2015
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Réseaux de neurones récurrents



On peut « dérouler » un neurone récurrent selon le 
temps : à chaque pas de temps i , le même neurone 
est utilisé pour faire une prédiction en prenant en 
compte l’entrée courante Xi et la sa sortie au pas 
précédent i-1

00/00/2015
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Réseaux de neurones récurrents
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Recurrent	Neural	Network	language	model

4/21/16Richard	Socher10

Given	list	of	word	vectors:

At	a	single	time	step:

xt ht

ßà

Réseaux de neurones récurrents
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Ces réseaux ont longtemps été difficiles à entrainer : 
plus le nombre de pas de temps augmente, plus il est 
difficile d’entrainer les neurones éloignées du pas de 
temps courant. C’est le problème du vanishing gradient
(Bengio1994)

Un autre problème de ces réseaux est l’explosion 
numérique du gradient : dépassement des capacité 
numériques, saturation des neurones.

Réseaux de neurones récurrents



Pour résoudre le problème du vanishing gradient, un 
mécanisme de mémoires et de portes a été introduit 
dans la cellule récurrente : le modèle LSTM (long 
short-term memory) [Hochreiter1997]

00/00/2015
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Réseau  
récurrent

LSTM

Réseaux de neurones récurrents
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Réseaux de neurones récurrents : LSTM
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Réseaux de neurones récurrents : LSTM

Détails des calculs : 
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Ce mécanisme, dont les paramètres sont appris, permet 
au réseau de choisir la longueur des dépendances 
utilisées pour faire les prédictions

Grace à ce mécanisme et à une méthode 
d’entrainement (CTC) [Graves2006], ces modèles ont 
pu être utilisés avec succès sur des applications réelles.

Réseaux de neurones récurrents : LSTM



Afin de modéliser les dépendances  dans une 
séquence, les réseaux récurrent peuvent  être 
utilisés dans les deux directions (voire 4 dans le 
cas d’une image) : 

00/00/2015
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Réseaux de neurones récurrents :  BiLSTM
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LSTM GRU

Une version simplifiée des LSTM a été proposée avec 
des performances similaires : GRU [Cho2014]

Réseaux de neurones récurrents : GRU



Modèles de langue neuronaux

Karpathy, The Unreasonable Effectiveness of Recurrent Neural Networks, 2015

Modèle de caractères : 



Modèles de langue neuronaux

Leonard, Language modeling a billion words, 2016.

Modèle de mots: 



Modèles de langue neuronaux

Leonard, Language modeling a billion words, 2016.

Modèle de mots: 
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« How cold is it outside »

Signal acoustique

Modèles de langue : applications

Reconnaissance de la parole



Analyse syntaxique : 

00/00/2015
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SyntaxNet: Neural 
Models of Syntax.

Modèles de langue : applications
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Modèles de langue : applications

Traduction automatique

Wu et al., Google’s Neural Machine Translation System: Bridging the Gapbetween
Human and Machine Translation, 2016
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Modèles de langue : applications

Recherche d’information : question answering
Stanford Question Answering Dataset (SQuAD)

SQuAD2.0 combines the 100,000 questions in 
SQuAD1.1 with over 50,000 new, unanswerable
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Modèles de langue : applications

Recherche d’information : question answering

Wu et al., Bidirectional Attention Flow for Machine Comprehension, ICLR 2017
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Modèles de langue : applications

Reconnaissance d’écriture
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Modèles de langue : applications

Reconnaissance d’écriture


