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Apprentissage de représentations

Données 
brutes

Mise en forme

Variables 
continues, discrète (ordonnées, catégorielles)

Classification régression,... 
Apprentissage !

Choix des mots, linguistique,
POS-tagging...
Filtrage des signaux...
Règles métiers, a priori

Arbre de décision, Ridge
regression, SVM, ...
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Apprentissage de représentations

Données 
brutes

Mise en forme
Apprentissage !

Deep learning (par exemple)
Apprentissage des filtres, traitement du texte à partir des
caractères...
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Zone grise

Données 
brutes

Mise en forme Classification régression,... 
Apprentissage !

Apprentissage d'une représentation sémantique/latente

z

◦ Se passer de tous les pré-traitements...
Pas très réaliste, pas toujours souhaitable

◦ Apprendre une représentation sémantique des éléments

◦ Etirer progressivement la zone verte vers la droite...
La représentation apprise répond-elle directement à la tâche?
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Zone grise

Données 
brutes

Mise en forme

Apprentissage d'une représentation 
     => directement optimisée pour la tâche considérée

z ~~ y 

◦ Se passer de tous les pré-traitements...
Pas très réaliste, pas toujours souhaitable

◦ Apprendre une représentation sémantique des éléments
◦ Etirer progressivement la zone verte vers la droite...
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Définition de la représentation

◦ But: obtenir une représentation vectorielle des éléments du
problème

- Textes, mots, utilisateurs... xi ∈ X → zi ∈ Rd

- Métrique(s) + opérateur(s) sur les zi ⇒ réponse à la tâche

◦ Critère:
- Capacité de reconstruction: zi ∈ Rd → xi ∈ X
- Proximité/Séparation: (pour certains couple) ‖zi − zj‖2
- Lié à une tâche: ‖f (zi )− yi‖2

◦ Contraintes: structuration de l’espace de représentation
- Positions/formes des zi
- Parcimonie des représentations
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Positionnement de l’exposé

Domaine applicatif
Le texte, la recommandation... Et les données hétérogènes.

1 [Texte] Pré-traitement des données / analyse sémantique
latente

2 [Reco] Factorisation matricielle
3 [Hétérogénéité] Techniques de projections hétérogènes...
4 [Raisonnement] ... et opérateurs multiples dans les espaces

latents
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1 Introduction

2 Représentations du texte

3 Recommandation (par filtrage collaboratif)

4 Manipulation et comparaison des données hétérogènes

5 Raisonnement dans les espaces latents
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Modèles graphiques & clustering thématique

document = ensemble de mots
Probabilistic Latent Semantic
Analysis

◦ Représentations des
documents: zi = p(z |di )
◦ Représentations des mots :
wj = p(wj |z)

Hofmann, SIGIR 1999
Probabilistic latent semantic indexing

Latent Dirichlet Allocation

◦ Ajout d’une contrainte de
parcimonie

Blei, Ng, Jordan, JMLR 2003
Latent dirichlet allocation
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PLSA/LDA

◦ Critère de reconstruction
- Modèle génératif ⇒ maximum de vraisemblance

◦ Faible dimension / la représentation est une fin en soit

Est-ce de l’apprentissage de représentation?
Apprentissage... OK

... de représentation - c’est moins sûr!
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Sémantique locale: word2vec

the cat sat on the mat

sat
Projection

w(t)

w(t-2) w(t-1) w(t+1) w(t+2)

Skip-gram

the cat sat on the mat

Sliding window (size = 5)

SUM

w(t)

w(t-2) w(t-1) w(t+1) w(t+2)

sat

CBOW

Sliding window (size = 5)

Skip-Gram: apprentissage simple (par negative sampling)

◦ Aspect local
◦ Critère prédictif : prédire l’information manquante

Mikolov, Sutskever, Chen, Corrado, Dean, NIPS 2013
Distributed representations of words and phrases and their compositionality
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Explications détaillées

◦ Critères sur les mots w et les contextes C :

Idée SG: argmax
θ

∏
C

∏
w∈C

p(C |w ; θ)

◦ Soit p(D = 1|wi ,wj ; θ) la proba que wi et
wj co-occurent dans le corpus:

Espace vectoriel

C

argmax
θ

∏
i ,j∈C

p(D = 1|wi ,wj ; θ) +
∏

i ,j∈C̄

p(D = 0|wi ,wj ; θ)

︸ ︷︷ ︸
Negative Sampling

Goldberg, Levy, arXiv 2014
word2vec Explained: Deriving Mikolov et al.’s Negative-Sampling
Word-Embedding Method

Hammer, NN 2002
Generalized Relevance Learning Vector Quantization
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Skip-gram & negative sampling

argmax
θ

∏
i ,j∈C

p(D = 1|wi ,wj ; θ) +
∏

i ,j∈C̄

p(D = 0|wi ,wj ; θ)

︸ ︷︷ ︸
Negative Sampling

◦ Modélisation par fct logistique: p(D = 1|wi ,wj) = 1
1+exp(−zizj )

◦ Passage au log:

Z ? = argmax
Z

 ∑
i ,j∈C

log σ(zi · zj) +
∑

i ,j∈C̄

log σ(−zi · zj)


σ : fct sigmoide, C : Set of Cooccurences, C̄ : Set of Non-Cooc
◦ Optimisation par descente de gradient stochastique efficace
◦ Trick sur la probabilité de tirage des mots fréquents:
p(wi ) = 1−

√
t

freq(wi ) , t = 10−5
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W2V: Résultats
◦ Dimension plus grande (vs PLSA/LDA & autres approches

NN)
◦ Exploitation possible de la représentation
◦ Fonctionne sur les grands corpus... Et sur les petits!

Model Redmond Havel ninjutsu graffiti capitulate
(training time)
Collobert (50d) conyers plauen reiki cheesecake abdicate
(2 months) lubbock dzerzhinsky kohona gossip accede

keene osterreich karate dioramas rearm
Turian (200d) McCarthy Jewell - gunfire -
(few weeks) Alston Arzu - emotion -

Cousins Ovitz - impunity -
Mnih (100d) Podhurst Pontiff - anaesthetics Mavericks
(7 days) Harlang Pinochet - monkeys planning

Agarwal Rodionov - Jews hesitated
Skip-Phrase Redmond Wash. Vaclav Havel ninja spray paint capitulation
(1000d, 1 day) Redmond Washington president Vaclav Havel martial arts grafitti capitulated

Microsoft Velvet Revolution swordsmanship taggers capitulating

Table 6: Examples of the closest tokens given various well known models and the Skip-gram model
trained on phrases using over 30 billion training words. An empty cell means that the word was not
in the vocabulary.

To give more insight into the difference of the quality of the learned vectors, we provide empirical
comparison by showing the nearest neighbours of infrequent words in Table 6. These examples show
that the big Skip-gram model trained on a large corpus visibly outperforms all the other models in
the quality of the learned representations. This can be attributed in part to the fact that this model
has been trained on about 30 billion words, which is about two to three orders of magnitude more
data than the typical size used in the prior work. Interestingly, although the training set is much
larger, the training time of the Skip-gram model is just a fraction of the time complexity required by
the previous model architectures.

7 Conclusion

This work has several key contributions. We show how to train distributed representations of words
and phrases with the Skip-gram model and demonstrate that these representations exhibit linear
structure that makes precise analogical reasoning possible. The techniques introduced in this paper
can be used also for training the continuous bag-of-words model introduced in [8].

We successfully trained models on several orders of magnitude more data than the previously pub-
lished models, thanks to the computationally efficient model architecture. This results in a great
improvement in the quality of the learned word and phrase representations, especially for the rare
entities. We also found that the subsampling of the frequent words results in both faster training
and significantly better representations of uncommon words. Another contribution of our paper is
the Negative sampling algorithm, which is an extremely simple training method that learns accurate
representations especially for frequent words.

The choice of the training algorithm and the hyper-parameter selection is a task specific decision,
as we found that different problems have different optimal hyperparameter configurations. In our
experiments, the most crucial decisions that affect the performance are the choice of the model
architecture, the size of the vectors, the subsampling rate, and the size of the training window.

A very interesting result of this work is that the word vectors can be somewhat meaningfully com-
bined using just simple vector addition. Another approach for learning representations of phrases
presented in this paper is to simply represent the phrases with a single token. Combination of these
two approaches gives a powerful yet simple way how to represent longer pieces of text, while hav-
ing minimal computational complexity. Our work can thus be seen as complementary to the existing
approach that attempts to represent phrases using recursive matrix-vector operations [16].

We made the code for training the word and phrase vectors based on the techniques described in this
paper available as an open-source project4.

4code.google.com/p/word2vec

8
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W2V: Exploitation de l’espace latent

a est à b ce que c est à ??? ⇔ zb − za + zc

Propriété syntaxique (1):

zwoman − zman ≈ zqueen − zking
zkings − zking ≈ zqueens − zkings

Requête:
zwoman − zman + zking = zreq
Plus proche voisin:
argmini ‖zreq − zi‖ = queen

⇒ Mise en place d’un test quantitatif de référence.
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W2V: Exploitation de l’espace latent

a est à b ce que c est à ??? ⇔ zb − za + zc

Propriété syntaxique (2):

Requête:
zeasy − zeasiest + zluckiest = zreq
Plus proche voisin:
argmini ‖zreq − zi‖ = lucky
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W2V: Exploitation de l’espace latent

a est à b ce que c est à ??? ⇔ zb − za + zc

Propriété sémantique (1)
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W2V: Exploitation de l’espace latent

a est à b ce que c est à ??? ⇔ zb − za + zc

Propriété sémantique (2)

NEG-15 with 10−5 subsampling HS with 10−5 subsampling
Vasco de Gama Lingsugur Italian explorer
Lake Baikal Great Rift Valley Aral Sea
Alan Bean Rebbeca Naomi moonwalker
Ionian Sea Ruegen Ionian Islands
chess master chess grandmaster Garry Kasparov

Table 4: Examples of the closest entities to the given short phrases, using two different models.

Czech + currency Vietnam + capital German + airlines Russian + river French + actress
koruna Hanoi airline Lufthansa Moscow Juliette Binoche

Check crown Ho Chi Minh City carrier Lufthansa Volga River Vanessa Paradis
Polish zolty Viet Nam flag carrier Lufthansa upriver Charlotte Gainsbourg
CTK Vietnamese Lufthansa Russia Cecile De

Table 5: Vector compositionality using element-wise addition. Four closest tokens to the sum of two
vectors are shown, using the best Skip-gram model.

To maximize the accuracy on the phrase analogy task, we increased the amount of the training data
by using a dataset with about 33 billion words. We used the hierarchical softmax, dimensionality
of 1000, and the entire sentence for the context. This resulted in a model that reached an accuracy
of 72%. We achieved lower accuracy 66% when we reduced the size of the training dataset to 6B
words, which suggests that the large amount of the training data is crucial.

To gain further insight into how different the representations learned by different models are, we did
inspect manually the nearest neighbours of infrequent phrases using various models. In Table 4, we
show a sample of such comparison. Consistently with the previous results, it seems that the best
representations of phrases are learned by a model with the hierarchical softmax and subsampling.

5 Additive Compositionality

We demonstrated that the word and phrase representations learned by the Skip-gram model exhibit
a linear structure that makes it possible to perform precise analogical reasoning using simple vector
arithmetics. Interestingly, we found that the Skip-gram representations exhibit another kind of linear
structure that makes it possible to meaningfully combine words by an element-wise addition of their
vector representations. This phenomenon is illustrated in Table 5.

The additive property of the vectors can be explained by inspecting the training objective. The word
vectors are in a linear relationship with the inputs to the softmax nonlinearity. As the word vectors
are trained to predict the surrounding words in the sentence, the vectors can be seen as representing
the distribution of the context in which a word appears. These values are related logarithmically
to the probabilities computed by the output layer, so the sum of two word vectors is related to the
product of the two context distributions. The product works here as the AND function: words that
are assigned high probabilities by both word vectors will have high probability, and the other words
will have low probability. Thus, if “Volga River” appears frequently in the same sentence together
with the words “Russian” and “river”, the sum of these two word vectors will result in such a feature
vector that is close to the vector of “Volga River”.

6 Comparison to Published Word Representations

Many authors who previously worked on the neural network based representations of words have
published their resulting models for further use and comparison: amongst the most well known au-
thors are Collobert and Weston [2], Turian et al. [17], and Mnih and Hinton [10]. We downloaded
their word vectors from the web3. Mikolov et al. [8] have already evaluated these word representa-
tions on the word analogy task, where the Skip-gram models achieved the best performance with a
huge margin.

3http://metaoptimize.com/projects/wordreprs/
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Pourquoi ça marche?

◦ Prédire au lieu de compter? Pas sûr...
◦ Extraction locale de la sémantique ! ⇒ Glove

- X ∈ RV×V word co-occurrence matrix
- Xij frequency of word i co-occurring with word j
- Xi =

∑
k Xik total number of occurrences of word i in corpus

- Pij = P(j |i) = Xij
Xi

a.k.a. probability of word j occurring within
the context of word i

- w ∈ Rd a word embedding of dimension d
- w̃ ∈ Rd a context word embedding of dimension d

Baroni, Dinu & Kruszewski, ACL 2014
Don’t count, predict! A systematic comparison of context-counting vs.
context-predicting semantic vectors

Pennington, Socher & Manning, EMNLP 2014
Glove: Global Vectors for Word Representation
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Conclusion

Les techniques récentes apportent:

◦ Légèreté
◦ Implémentation efficace [critère discutable]
◦ Représentation exploitable

- un pas vers la représentation des connaissances
· test quantitatif standard

- la correction automatique
- la traduction...
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Intro Texte Recommandation Hétérogène Raisonnement

1 Introduction

2 Représentations du texte

3 Recommandation (par filtrage collaboratif)

4 Manipulation et comparaison des données hétérogènes

5 Raisonnement dans les espaces latents
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Collaborative filtering & factorisation matricielle
Collaborative filtering : réseau bipartie utilisateurs/produits

[cadre netflix ]

Koren, SIGKDD 2008
Factorization meets the neighborhood: a multifaceted collaborative filtering
mode
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Formalisation
◦ Apprendre des profils utilisateurs/items: zu, zi
◦ Critère de reconstruction des notes r :

Z ?u ,Z ?i = argmin
Zu ,Zi

∑
(u,i ,r)

‖ru,i − zu · zi‖2

◦ Contraintes
- Rang (= dimension de l’espace latent)
- Non-négativité (reconstruction purement additive)
- Parcimonie

◦ Implémentations nombreuses et efficaces
Hoyer, JMLR 2004
Non-negative matrix factorization with sparseness constraints
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Régularité/rupture
◦ Régularité de la forme bilinéaire:

r̂ui = zizj =
∑

k
zikzjk

R

Zi

Zu
zu

z i

k dim

k 
di

m

◦ Non-négativité + parcimonie
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Régularité/rupture
◦ Régularité de la forme bilinéaire:

r̂ui = zizj =
∑

k
zikzjk

◦ Non-négativité + parcimonie

R

Zi

Zu
zu

z i

k dim

k 
di

m 0
0
0

0
0
0

0
1
0

0
0
1

0 0
0
0

0
0

1
0

1
0

Non matching => rate = 0

Inactive dimension => rate = 0

Matching => rate 
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Résultats: Amazon/Ratebeer
Prédiction optimale:

r̃ui = φ0︸︷︷︸
biais gén.

+ φ1(u)︸ ︷︷ ︸
biais u

+ φ2(i)︸ ︷︷ ︸
biais i

+φ3(u, i)︸ ︷︷ ︸
NMF

Evaluation: 1
N

∑
(u,i ,r)

‖rui − r̃ui‖2

Perf MSE φ0 φ1(u) φ2(i) φ3(u, i)
RB_U50_I200 0,67575 0,65325 0,20913 0,19776
RB_U500_I2k 0,56850 0,52563 0,25089 0,22377
RB_U5k_I20k 0,67744 0,58782 0,30791 0,28466
RB_U30k_I110k 0,70296 0,60644 0,34876 0,33157
A_U2k_I1k 1,53155 1,30432 1,27850 1,21357
A_U20k_I12k 1,47107 1,28584 1,23608 1,21267
A_U210k_I120k 1,50721 1,44538 1,32229 1,29709
A_U2M_I1M 1,60510 1,63127 1,49281 1,48153

Poussevin, Guigue, Gallinari, CORIA 2015
Extraction d’un vocabulaire de surprise par combinaison de recommandation et
d’analyse de sentiments
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Exploitation temporelle

Est-on capable de coder la dynamique de l’utilisateur dans l’espace
latent?

◦ Analyse par fenêtre
◦ Modélisation des tendances dans les biais
◦ Système de recommandation à niveau
d’expérience

L. Baltrunas et al., CARS, 2009
Towards time dependant recommendation based on implicit feedback.

Y. Koren, SIGKDD, 2009
Collaborative filtering with temporal dynamics.

J. McAuley, Leskovec WWW, 2013,
From amateurs to connoisseurs: modeling the evolution of user expertise through
online reviews
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Prédiction des déplacements dans l’espace latent
Trace utilisateur: user = séquence d’item
Plus de notion de temps, seulement d’ordre

◦ θu = {i0, . . . , it , . . . , iT} :
utilisateur = séquence d’items

◦ zi ∈ Rd : profil items = position

◦ Dédoublement des items:
entrée z′ / sortie z

◦ Apprentissage ≈ negative sampling + gradient

Z ? = argmin
Z ,Z ′

∑
u

∑
it∈θu ,j /∈θu

(||z′it − zj || − ||z′it+1 − zit ||)

E. Guàrdia-Sebaoun, Guigue, Gallinari 2014, MARAMI, Recommandation
Dynamique dans les Graphes Géographiques

S. Chen et al., 2012, ACM SIGKDD,
Playlist prediction via metric embedding.
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Personnaliser la dynamique

1 Word2Vec sur les traces
d’utilisateurs ⇒ Zi

2 Regression linéaire pour
chaque utilisateur

Deux tâches: ◦ Prédiction de l’item suivant
◦ Amélioration de la prédiction de note

Dire à un utilisateur:
Je pense que tu va aller voir ça... Mais c’est une mauvaise idée, tu
ferais mieux d’aller de ce coté là.

Guàrdia-Sebaoun, Guigue, Gallinari, RecSys 2015,
Latent Trajectory Modeling: A Light and Efficient Way to Introduce Time in
Recommender Systems
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Personnalisation de la prédiction next item

User

z

bu

i Item

bu

ϕu

ϕu
◦ θu = {i0, . . . , it , . . . , iT} : utilisateur
◦ zi ∈ Rd :item
◦ bu ∈ Rd : profil utilisateur =

direction dans l’espace latent
◦ Ac ∈ Rd×d : profil communauté =

métrique de l’espace latent
◦ φu(zi ): prédicteur personnalisé pour

le prochain item de la trace de u.

(1) Modèle TRANS : φu = zi + bu

(2) Modèle COMM : φu = Ac .zi + bu

Guàrdia-Sebaoun, Guigue, Gallinari, RecSys 2015,
Latent Trajectory Modeling: A Light and Efficient Way to Introduce Time in
Recommender Systems
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Mélange des représentations latentes
pour la prédiction de notes

◦ Initialisation Profils enrichis:

γu =
[
γ̄u
bu

]
∈ R2d , γi =

[
Acuzi
γ̄i

]
∈ R2d

noir = rnd init.+ opti .
rouge = constant

◦ Critère Moindres carrés:

γ̄? = argmin
γ̄

∑
u∈U

∑
(i ,r)∈θu

[µ+ µu + µi + 〈γu, γi〉 − r ]2 + λΩ (γ̄)

◦ Inférence r̂u,i = µ+ µu + µi + 〈γu, γi〉
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Résultats : des films et des bières
Cinq datasets, deux catégories:
◦ Bières : BeerAdvocate, Ratebeer.
◦ Cinéma : MovieLens-10m, Flixster, Amazon-Movies.

Dataset # items # users # ratings
BeerAdvocate 66051 33387 1586259
RateBeer 110419 40213 2924127
MovieLens 10000 72000 10000000
Flixster 49000 1000000 8200000
Movies 253059 889176 7911684

Prédiction d’items :
◦ Divers essais (Rang moyen, précision@K).
◦ Rappel@k = bon compromis.

Prédiction de notes :
◦ Erreur quadratique moyenne (MSE)
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Résultats : des films et des bières
Prédiction du prochain item:
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Résultats : des films et des bières

Table: Résultats en prédiction de notes, exprimés en MSE pour les
modèles MF, TSVD, EXP, TRANS et COMM.

Dataset MF TSVD EXP TRANS COMM
BeerAdvocate 0.4 0.381 0.367 0.361 0.360
RateBeer 0.331 0.301 0.297 0.279 0.279
MovieLens 0.691 0.681 0.684 0.663 0.660
Flixster 0.912 0.867 0.827 0.816 0.811
Movies 1.377 1.211 1.05 0.913 0.913
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Conclusion

Recommandation =
◦ apprentissage de représentations...
◦ ... sur des données hétérogènes (mais que des utilisateurs et

des items)
◦ ... dédiées à 1 tâche

NMF =
◦ Algo efficace, plein d’implémentations disponibles
◦ Algo flexible
◦ Nombreux domaines applicatifs

Perspective:
◦ Multiplier les tâches et les types de données
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1 Introduction

2 Représentations du texte

3 Recommandation (par filtrage collaboratif)

4 Manipulation et comparaison des données hétérogènes

5 Raisonnement dans les espaces latents
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Toujours le même domaine applicatif...

Utiliser le texte dans les systèmes de recommandation...
[Approches content based ]

... mais conserver le cadre du filtrage collaboratif
Et répondre au démarrage à froid!

Exploitation des revues d’utilisateurs :

◦ Segmentation thématique
des textes
◦ Apprentissage de différents
aspects

Ganu et al., WebDB 2009
Beyond the Stars: Improving Rating
Predictions using Review Text
Content

◦ LDA = profils textuels zu, zi

◦ Filtrage collaboratif =
profils z′u, z′i
◦ Alignement z/z′

McAuley & Leskovec, RecSys 2013
Hidden factors and hidden topics:
understanding rating dimensions with
review text
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Approche unifiée : factorisation tensorielle

Représentation naturelle d’une revue
◦ Utilisateur, Item, Texte ⇒ note

Item

U
se
r

Tex
ts

I

U

T

◦ Représentation simpliste
- les cases codent des notes ou des
présences

◦ Parcimonie
◦ Choix d’une technique de
factorisation

⇒ Pas de résultats concluants
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Usage de word2vec

Le texte comme socle pour un espace unifié
Contextual Skip-Gram

Concepts

Unified vector space: 
User

Item

Rating

Words

+ sentences, documents...

Dias, Guigue, Gallinari, CORIA 2016
Recommandation et analyse de sentiments dans un espace latent textuel
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Exploitation des représentations

Navigation par plus proches voisins:

Autour d’une bière:

Bière n◦12 Bière n◦34 Bière n◦227 Bière n◦254
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Exploitation des représentations

Navigation par plus proches voisins:

Autour d’une note:

1 star 2 star 3 star 5 star
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Exploitation des représentations
Navigation par plus proches voisins:
Estimer une note:
quelles notes u a-t-il données à des produits proches de i?
quelles notes les utilisateurs proches de u ont-ils données à i?

r̂ui = µu +
∑

v∈N αuv (rvi − µv )∑
v∈N αuv︸ ︷︷ ︸

user-user

, r̂ui = µi +
∑

j∈N αij(ruj − µj)∑
j∈N αij︸ ︷︷ ︸

item-item

Dataset Moyenne Fact. Mat HFT* CSG-kNN k*
util. prod.

Ratebeer 0.701 0.306 0.301 0.336 0.286 23
Beeradv. 0.521 0.371 0.366 0.382 0.357 29
Movies 1.678 1.118 1.119 1.39 1.304 33
Music 1.261 0.957 0.969 - 1.201 26
Yelp 1.890 1.49 - 1.591 1.407 27
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Démarrage à froid

◦ Espace = appris comme précédemment
◦ Nouvel utilisateur = 50% des textes (seuls) pour la projection

Dataset Moy. Nouvel Utilisateur Nouveau Produit

Moy. Prod. CSG-kNN Moy. Util. CSG-kNN

Ratebeer 0.701 0.341 0.333 0.599 0.371
Beeradv. 0.518 0.397 0.386 0.490 0.419
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Explication de la recommandation
Vérité terrain
Note: 5.0
Commentaire: "Old school. traditional mom n’pop quality and perfection.
The best fish and chips you ll ever enjoy and equally superb fried shrimp.
A great out of the way non corporate vestige of Americana. You will love
it."
Prédiction:
Note: 4.70
Avis complet: "Good fish sandwich"
Choix de n phrases: "The staff is extremely friendly. On top of being
extremely large portions it was incredibly affordable. Most of girls are
good one is very slow one is amazing. The fish was very good but the
Reuben was to die for. Both dishes were massive and could very easily be
shared between two people."

Figure: Exemple de prédiction de note et d’avis sur le corpus Yelp

Quid de l’évaluation?... ROUGE...
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Approches par RNN
Karpathy ⇒ Générer du texte = Utiliser des RNN

This beer is fantastic
z

h t

h t-1

z

t

t+1
~

W1 W2

Neurones exotiques / gestion de
la mémoire:
◦ GRU
◦ LSTM

http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Inférence beam search:
maximiser la probabilité de la
séquence.

Andrej Karpathy blog, 2015
The Unreasonable Effectiveness of Recurrent Neural Networks
Lipton, Vikram, McAuley, arXiv, 2016
Generative Concatenative Nets Jointly Learn to Write and Classify Reviews
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Approches par RNN

Andrej Karpathy blog, 2015
The Unreasonable Effectiveness of Recurrent Neural Networks
Lipton, Vikram, McAuley, arXiv, 2016
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RNN & modélisation du contexte

(a)

(b)

(c)

Figure 3: (a) Standard generative RNN; (b) encoder-
decoder RNN; (c) concatenated input RNN.

3.2 Generative Concatenative RNNs

Our goal is to generate text in a supervised fashion, condi-
tioned on an auxiliary input xaux. This has been done at
the word-level with encoder-decoder models (Figure 3b), in
which the auxiliary input is encoded and passed as the ini-
tial state to a decoder, which then must preserve this input
signal across many sequence steps (Sutskever et al., 2014;
Karpathy and Fei-Fei, 2014). Such models have success-
fully produced (short) image captions, but seem impracti-
cal for generating full reviews at the character level because
signal from xaux must survive for hundreds of sequence
steps.

We take inspiration from an analogy to human text gen-
eration. Consider that given a topic and told to speak at
length, a human might be apt to meander and ramble. But
given a subject to stare at, it is far easier to remain focused.
The value of re-iterating high-level material is borne out in
one study, Surber and Schroeder (2007), which showed that
repetitive subject headings in textbooks resulted in faster
learning, less rereading and more accurate answers to high-
level questions.

Thus we propose the generative concatenative network, a
simple architecture in which input xaux is concatenated
with the character representation x

(t)
char. Given this new

input x0(t) = [x
(t)
char; xaux] we can train the model pre-

cisely as with the standard generative RNN (Figure 3c). At
training time, xaux is a feature of the training set. At pre-
diction time, we fix some xaux, concatenating it with each
character sampled from ŷ(t). One might reasonably note
that this replicated input information is redundant. How-
ever, since it is fixed over the course of the review, we see
no reason to require the model to transmit this signal across
hundreds of time steps. By replicating xaux at each input,
we free the model to focus on learning the complex interac-
tion between the auxiliary input and language, rather than
memorizing the input.

3.3 Weight Transplantation

Models with even modestly sized auxiliary input represen-
tations are considerably harder to train than a typical un-
supervised character model. To overcome this problem, we
first train a character model to convergence. Then we trans-
plant these weights into a concatenated input model, initial-
izing the extra weights (between the input layer and the first
hidden layer) to zero. Zero initialization is not problem-
atic here because symmetry in the hidden layers is already
broken. Thus we guarantee that the model will achieve a
strictly lower loss than a character model, saving (days of)
repeated training. This scheme bears some resemblance to
the pre-training common in the computer vision commu-
nity (Yosinski et al., 2014). Here, instead of new output
weights, we train new input weights.

3.4 Running the Model in Reverse

Many common document classification models, like tf-idf
logistic regression, maximize the likelihood of the train-
ing labels given the text. Given our generative model,
we can produce a predictor by reversing the order of in-
ference, that is, by maximizing the likelihood of the text,
given a classification. The relationship between these
two tasks (P (xaux|Review) and P (Review|xaux)) follows
from Bayes’ rule. That is, our model predicts the con-
ditional probability P (Review|xaux) of an entire review
given some xaux (such as a star rating). The normalizing
term can be disregarded in determining the most probable
rating and when the classes are balanced, as they are in our
test cases, the prior also vanishes from the decision rule
leaving P (xaux|Review) / P (Review|xaux).

In the specific case of author identification, we are solving
the problem

argmax
u2users

P (Review|u) · P (u)

= argmax
u

 
TY

t=1

P (yt|u, y1, ..., yt�1)

!
· P (u)

= argmax
u

 
TX

t=1

log(P (yt|u, y1, ..., yt�1))

!
+ log (P (u))

◦ Concatenation: input +
contexte
◦ Inférence = test
(combinatoire) des contextes
+ max de vraisemblance

Démo: http://deepx.ucsd.edu/

Lipton, Vikram, McAuley, arXiv, 2016
Gen. Concatenative Nets Jointly
Learn to Write and Classify Reviews

Figure 5: Most likely star rating as each letter is encoun-
tered. The GCN learns to tilt positive by the ‘c’ in ‘excel-
lent’ and that the ‘f’ in ‘awful’ reveals negative sentiment.

4.5 Learning Nonlinear Dynamics of Negation

By qualitatively evaluating the beliefs of the network about
the sentiment (rating) corresponding to various phrases, we
can easily show many clear cases where the GCN is able to
model the nonlinear dynamics in text. To demonstrate this
capacity, we plot the likelihoods of the review conditioned
on each setting of the rating for the phrases “this beer is
great”, “this beer is not great”, “this beer is bad”, and “this
beer is not bad” Figure 6.

5 Related Work

The prospect of capturing meaning in character-level text
has long captivated neural network researchers. In the
seminal work, “Finding Structure in Time”, Elman (1990)
speculated, “one can ask whether the notion ‘word’ (or
something which maps on to this concept) could emerge
as a consequence of learning the sequential structure of let-
ter sequences that form words and sentences (but in which
word boundaries are not marked).” In this work, an ‘El-
man RNN’ was trained with 5 input nodes, 5 output nodes,
and a single hidden layer of 20 nodes, each of which had
a corresponding context unit to predict the next character
in a sequence. At each step, the network received a binary
encoding (not one-hot) of a character and tried to predict
the next character’s binary encoding. Elman plots the error

Predicting User from Review
Accuracy AUC Recall@10%

GCN-Character .9190 .9979 .9700
TF-IDF n-gram .9133 .9979 .9756

Predicting Item from Review
Accuracy AUC Recall@10%

GCN-Character .1280 .9620 .4370
TF-IDF n-gram .2427 .9672 .5974

Table 2: Information retrieval performance for predicting
the author of a review and item described.

Predicted
F/V Lager Stout Porter IPA

True

F/V 910 28 7 14 41
Lager 50 927 3 3 17
Stout 16 1 801 180 2
Porter 22 3 111 856 8
IPA 19 12 4 12 953

(a) GCN

Predicted
F/V Lager Stout Porter IPA

True

F/V 923 36 9 10 22
Lager 16 976 0 1 7
Stout 9 4 920 65 2
Porter 11 6 90 887 6
IPA 18 13 1 2 966

(b) ngram tf-idf.

Table 3: Beer category classification confusion matrices.

of the net character by character, showing that it is typi-
cally high at the onset of words, but decreasing as it be-
comes clear what each word is. While these nets do not
possess the size or capabilities of large modern LSTM net-
works trained on GPUs, this work lays the foundation for
much of our research. Subsequently, in 2011, Sutskever
et al. (2011) introduced the model of text generation on
which we build. In that paper, the authors generate text
resembling Wikipedia articles and New York Times arti-
cles. They sanity check the model by showing that it can
perform a debagging task in which it unscrambles bag-of-
words representations of sentences by determining which
unscrambling has the highest likelihood. Also relevant to
our work is Zhang and LeCun (2015), which trains a strictly
discriminative model of text at the character level using
convolutional neural networks (LeCun et al., 1989, 1998).
Demonstrating success on both English and Chinese lan-
guage datasets, their models achieve high accuracy on a
number of classification tasks. Dai and Le (2015) train a
character level LSTM to perform document classification,
using LSTM RNNs pretrained as either language models
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RNN & modélisation du contexte

(a)

(b)

(c)

Figure 3: (a) Standard generative RNN; (b) encoder-
decoder RNN; (c) concatenated input RNN.

3.2 Generative Concatenative RNNs

Our goal is to generate text in a supervised fashion, condi-
tioned on an auxiliary input xaux. This has been done at
the word-level with encoder-decoder models (Figure 3b), in
which the auxiliary input is encoded and passed as the ini-
tial state to a decoder, which then must preserve this input
signal across many sequence steps (Sutskever et al., 2014;
Karpathy and Fei-Fei, 2014). Such models have success-
fully produced (short) image captions, but seem impracti-
cal for generating full reviews at the character level because
signal from xaux must survive for hundreds of sequence
steps.

We take inspiration from an analogy to human text gen-
eration. Consider that given a topic and told to speak at
length, a human might be apt to meander and ramble. But
given a subject to stare at, it is far easier to remain focused.
The value of re-iterating high-level material is borne out in
one study, Surber and Schroeder (2007), which showed that
repetitive subject headings in textbooks resulted in faster
learning, less rereading and more accurate answers to high-
level questions.

Thus we propose the generative concatenative network, a
simple architecture in which input xaux is concatenated
with the character representation x

(t)
char. Given this new

input x0(t) = [x
(t)
char; xaux] we can train the model pre-

cisely as with the standard generative RNN (Figure 3c). At
training time, xaux is a feature of the training set. At pre-
diction time, we fix some xaux, concatenating it with each
character sampled from ŷ(t). One might reasonably note
that this replicated input information is redundant. How-
ever, since it is fixed over the course of the review, we see
no reason to require the model to transmit this signal across
hundreds of time steps. By replicating xaux at each input,
we free the model to focus on learning the complex interac-
tion between the auxiliary input and language, rather than
memorizing the input.

3.3 Weight Transplantation

Models with even modestly sized auxiliary input represen-
tations are considerably harder to train than a typical un-
supervised character model. To overcome this problem, we
first train a character model to convergence. Then we trans-
plant these weights into a concatenated input model, initial-
izing the extra weights (between the input layer and the first
hidden layer) to zero. Zero initialization is not problem-
atic here because symmetry in the hidden layers is already
broken. Thus we guarantee that the model will achieve a
strictly lower loss than a character model, saving (days of)
repeated training. This scheme bears some resemblance to
the pre-training common in the computer vision commu-
nity (Yosinski et al., 2014). Here, instead of new output
weights, we train new input weights.

3.4 Running the Model in Reverse

Many common document classification models, like tf-idf
logistic regression, maximize the likelihood of the train-
ing labels given the text. Given our generative model,
we can produce a predictor by reversing the order of in-
ference, that is, by maximizing the likelihood of the text,
given a classification. The relationship between these
two tasks (P (xaux|Review) and P (Review|xaux)) follows
from Bayes’ rule. That is, our model predicts the con-
ditional probability P (Review|xaux) of an entire review
given some xaux (such as a star rating). The normalizing
term can be disregarded in determining the most probable
rating and when the classes are balanced, as they are in our
test cases, the prior also vanishes from the decision rule
leaving P (xaux|Review) / P (Review|xaux).

In the specific case of author identification, we are solving
the problem

argmax
u2users

P (Review|u) · P (u)

= argmax
u

 
TY

t=1

P (yt|u, y1, ..., yt�1)

!
· P (u)

= argmax
u

 
TX

t=1

log(P (yt|u, y1, ..., yt�1))

!
+ log (P (u))

◦ Concatenation: input +
contexte
◦ Inférence = test
(combinatoire) des contextes
+ max de vraisemblance

Démo: http://deepx.ucsd.edu/

Lipton, Vikram, McAuley, arXiv, 2016
Gen. Concatenative Nets Jointly
Learn to Write and Classify Reviews

Figure 5: Most likely star rating as each letter is encoun-
tered. The GCN learns to tilt positive by the ‘c’ in ‘excel-
lent’ and that the ‘f’ in ‘awful’ reveals negative sentiment.

4.5 Learning Nonlinear Dynamics of Negation

By qualitatively evaluating the beliefs of the network about
the sentiment (rating) corresponding to various phrases, we
can easily show many clear cases where the GCN is able to
model the nonlinear dynamics in text. To demonstrate this
capacity, we plot the likelihoods of the review conditioned
on each setting of the rating for the phrases “this beer is
great”, “this beer is not great”, “this beer is bad”, and “this
beer is not bad” Figure 6.

5 Related Work

The prospect of capturing meaning in character-level text
has long captivated neural network researchers. In the
seminal work, “Finding Structure in Time”, Elman (1990)
speculated, “one can ask whether the notion ‘word’ (or
something which maps on to this concept) could emerge
as a consequence of learning the sequential structure of let-
ter sequences that form words and sentences (but in which
word boundaries are not marked).” In this work, an ‘El-
man RNN’ was trained with 5 input nodes, 5 output nodes,
and a single hidden layer of 20 nodes, each of which had
a corresponding context unit to predict the next character
in a sequence. At each step, the network received a binary
encoding (not one-hot) of a character and tried to predict
the next character’s binary encoding. Elman plots the error

Predicting User from Review
Accuracy AUC Recall@10%

GCN-Character .9190 .9979 .9700
TF-IDF n-gram .9133 .9979 .9756

Predicting Item from Review
Accuracy AUC Recall@10%

GCN-Character .1280 .9620 .4370
TF-IDF n-gram .2427 .9672 .5974

Table 2: Information retrieval performance for predicting
the author of a review and item described.

Predicted
F/V Lager Stout Porter IPA

True

F/V 910 28 7 14 41
Lager 50 927 3 3 17
Stout 16 1 801 180 2
Porter 22 3 111 856 8
IPA 19 12 4 12 953

(a) GCN

Predicted
F/V Lager Stout Porter IPA

True

F/V 923 36 9 10 22
Lager 16 976 0 1 7
Stout 9 4 920 65 2
Porter 11 6 90 887 6
IPA 18 13 1 2 966

(b) ngram tf-idf.

Table 3: Beer category classification confusion matrices.

of the net character by character, showing that it is typi-
cally high at the onset of words, but decreasing as it be-
comes clear what each word is. While these nets do not
possess the size or capabilities of large modern LSTM net-
works trained on GPUs, this work lays the foundation for
much of our research. Subsequently, in 2011, Sutskever
et al. (2011) introduced the model of text generation on
which we build. In that paper, the authors generate text
resembling Wikipedia articles and New York Times arti-
cles. They sanity check the model by showing that it can
perform a debagging task in which it unscrambles bag-of-
words representations of sentences by determining which
unscrambling has the highest likelihood. Also relevant to
our work is Zhang and LeCun (2015), which trains a strictly
discriminative model of text at the character level using
convolutional neural networks (LeCun et al., 1989, 1998).
Demonstrating success on both English and Chinese lan-
guage datasets, their models achieve high accuracy on a
number of classification tasks. Dai and Le (2015) train a
character level LSTM to perform document classification,
using LSTM RNNs pretrained as either language models
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Figure 3: (a) Standard generative RNN; (b) encoder-
decoder RNN; (c) concatenated input RNN.

3.2 Generative Concatenative RNNs

Our goal is to generate text in a supervised fashion, condi-
tioned on an auxiliary input xaux. This has been done at
the word-level with encoder-decoder models (Figure 3b), in
which the auxiliary input is encoded and passed as the ini-
tial state to a decoder, which then must preserve this input
signal across many sequence steps (Sutskever et al., 2014;
Karpathy and Fei-Fei, 2014). Such models have success-
fully produced (short) image captions, but seem impracti-
cal for generating full reviews at the character level because
signal from xaux must survive for hundreds of sequence
steps.

We take inspiration from an analogy to human text gen-
eration. Consider that given a topic and told to speak at
length, a human might be apt to meander and ramble. But
given a subject to stare at, it is far easier to remain focused.
The value of re-iterating high-level material is borne out in
one study, Surber and Schroeder (2007), which showed that
repetitive subject headings in textbooks resulted in faster
learning, less rereading and more accurate answers to high-
level questions.

Thus we propose the generative concatenative network, a
simple architecture in which input xaux is concatenated
with the character representation x

(t)
char. Given this new

input x0(t) = [x
(t)
char; xaux] we can train the model pre-

cisely as with the standard generative RNN (Figure 3c). At
training time, xaux is a feature of the training set. At pre-
diction time, we fix some xaux, concatenating it with each
character sampled from ŷ(t). One might reasonably note
that this replicated input information is redundant. How-
ever, since it is fixed over the course of the review, we see
no reason to require the model to transmit this signal across
hundreds of time steps. By replicating xaux at each input,
we free the model to focus on learning the complex interac-
tion between the auxiliary input and language, rather than
memorizing the input.

3.3 Weight Transplantation

Models with even modestly sized auxiliary input represen-
tations are considerably harder to train than a typical un-
supervised character model. To overcome this problem, we
first train a character model to convergence. Then we trans-
plant these weights into a concatenated input model, initial-
izing the extra weights (between the input layer and the first
hidden layer) to zero. Zero initialization is not problem-
atic here because symmetry in the hidden layers is already
broken. Thus we guarantee that the model will achieve a
strictly lower loss than a character model, saving (days of)
repeated training. This scheme bears some resemblance to
the pre-training common in the computer vision commu-
nity (Yosinski et al., 2014). Here, instead of new output
weights, we train new input weights.

3.4 Running the Model in Reverse

Many common document classification models, like tf-idf
logistic regression, maximize the likelihood of the train-
ing labels given the text. Given our generative model,
we can produce a predictor by reversing the order of in-
ference, that is, by maximizing the likelihood of the text,
given a classification. The relationship between these
two tasks (P (xaux|Review) and P (Review|xaux)) follows
from Bayes’ rule. That is, our model predicts the con-
ditional probability P (Review|xaux) of an entire review
given some xaux (such as a star rating). The normalizing
term can be disregarded in determining the most probable
rating and when the classes are balanced, as they are in our
test cases, the prior also vanishes from the decision rule
leaving P (xaux|Review) / P (Review|xaux).

In the specific case of author identification, we are solving
the problem

argmax
u2users

P (Review|u) · P (u)

= argmax
u

 
TY
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P (yt|u, y1, ..., yt�1)
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· P (u)
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+ log (P (u))

◦ Concatenation: input +
contexte
◦ Inférence = test
(combinatoire) des contextes
+ max de vraisemblance
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Test Set Perplexity

Mean Median
Unsupervised Language Model 4.23 2.22
Rating 2.94 2.07
Item 4.48 2.17
User 2.26 2.03
User-Item 2.25 1.98

Table 1: Perplexity on test set data for unsupervised RNN
language model as well as GCNs with rating, category,
user, item, user and item info.

able, and item information conferred little additional power
to predict the review. In fact, item information ID proved
less useful than rating information for explaining the con-
tent of reviews. This struck us as surprising, because in-
tuitively, the item gives a decent indication of the rating
and fully specifies the beer category. It also suggests which
proper nouns are likely to occur in the review. In contrast,
we suspected that user information would be more diffi-
cult to use but were surprised that our model could capture
user’s writing patterns extremely accurately. For nearly
1000 users, the model can generate reviews that clearly
capture each author’s writing style despite forging unique
reviews (Figure 1).

4.3 Predicting Sentiment and Category One
Character at a Time

In addition to running the GCN to generate output, we take
example sentences from unseen reviews and plot the rat-
ing which gives the sentence maximum likelihood as each
character is encountered (Figure 5). We can also plot the
network’s perception of item category, using each cate-
gory’s prior and the review’s likelihood to infer posterior
probabilities after reading each character. These visual-
izations demonstrate that by the “d” in “Budweiser”, our
model recognizes a “lager”. Similarly, reading the “f” in
“awful”, the network seems to comprehend that the beer is
“awful” and not “awesome” (Figure 5).

To verify that the argmax over many settings of the rating
is reasonable, we plot the log likelihood after the final char-
acter is processed, given by a range of fine-grained values
for the rating (1.0, 1.1, etc.). These plots show that the
log likelihood tends to be smooth, peaking at an extreme
for sentences with unambiguous sentiment, e.g., “Mind-
blowing experience”, and peaking in the middle when sen-
timent is ambiguous , e.g., “not the best, not the worst.” We
also find that the model understands nonlinear dynamics of
negation and can handle simple spelling mistakes.

Figure 4: Probability of each category as each character in
the review is encountered. The GCN learns Budweiser is a
lager and that stouts and porters are heavy.

4.4 Classification Results

While our motivation is to produce a character-level gen-
erative model, running in reverse-fashion as a classifier
proved an effective way to objectively gauge what the
model knows. To investigate this capability more thor-
oughly, we compared it to a word-level tf-idf n-gram multi-
nomial logistic regression (LR) model, using the top 10,000
n-grams. For the task of author identification, the GCN
equals the performance of the ngram tf-idf model (Table 2).
However, classifying items proved more difficult. On the
task of category prediction, the GCN achieves a classifica-
tion accuracy of 89.9% while LR achieves 93.4% (Table 3).
Both models make the majority of their mistakes confus-
ing Russian Imperial Stouts for American Porters, which
is not surprising because stouts are a sub-type of porter. If
we collapse these two into one category, the RNN achieves
94.7% accuracy while LR achieves 96.5%. While the re-
verse model does not in this case eclipse a state of the art
classifier, it was trained at the character level and was not
optimized to minimize classification error or with attention
to generalization error. In this light, the results appear to
warrant a deeper exploration of this capability. We also ran
the model in reverse to classify results as positive (� 4.0
stars) or negative ( 2.0 stars), achieving AUC of .88 on a
balanced test set with 1000 examples (Table 4).
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3.2 Generative Concatenative RNNs

Our goal is to generate text in a supervised fashion, condi-
tioned on an auxiliary input xaux. This has been done at
the word-level with encoder-decoder models (Figure 3b), in
which the auxiliary input is encoded and passed as the ini-
tial state to a decoder, which then must preserve this input
signal across many sequence steps (Sutskever et al., 2014;
Karpathy and Fei-Fei, 2014). Such models have success-
fully produced (short) image captions, but seem impracti-
cal for generating full reviews at the character level because
signal from xaux must survive for hundreds of sequence
steps.

We take inspiration from an analogy to human text gen-
eration. Consider that given a topic and told to speak at
length, a human might be apt to meander and ramble. But
given a subject to stare at, it is far easier to remain focused.
The value of re-iterating high-level material is borne out in
one study, Surber and Schroeder (2007), which showed that
repetitive subject headings in textbooks resulted in faster
learning, less rereading and more accurate answers to high-
level questions.

Thus we propose the generative concatenative network, a
simple architecture in which input xaux is concatenated
with the character representation x

(t)
char. Given this new

input x0(t) = [x
(t)
char; xaux] we can train the model pre-

cisely as with the standard generative RNN (Figure 3c). At
training time, xaux is a feature of the training set. At pre-
diction time, we fix some xaux, concatenating it with each
character sampled from ŷ(t). One might reasonably note
that this replicated input information is redundant. How-
ever, since it is fixed over the course of the review, we see
no reason to require the model to transmit this signal across
hundreds of time steps. By replicating xaux at each input,
we free the model to focus on learning the complex interac-
tion between the auxiliary input and language, rather than
memorizing the input.

3.3 Weight Transplantation

Models with even modestly sized auxiliary input represen-
tations are considerably harder to train than a typical un-
supervised character model. To overcome this problem, we
first train a character model to convergence. Then we trans-
plant these weights into a concatenated input model, initial-
izing the extra weights (between the input layer and the first
hidden layer) to zero. Zero initialization is not problem-
atic here because symmetry in the hidden layers is already
broken. Thus we guarantee that the model will achieve a
strictly lower loss than a character model, saving (days of)
repeated training. This scheme bears some resemblance to
the pre-training common in the computer vision commu-
nity (Yosinski et al., 2014). Here, instead of new output
weights, we train new input weights.

3.4 Running the Model in Reverse

Many common document classification models, like tf-idf
logistic regression, maximize the likelihood of the train-
ing labels given the text. Given our generative model,
we can produce a predictor by reversing the order of in-
ference, that is, by maximizing the likelihood of the text,
given a classification. The relationship between these
two tasks (P (xaux|Review) and P (Review|xaux)) follows
from Bayes’ rule. That is, our model predicts the con-
ditional probability P (Review|xaux) of an entire review
given some xaux (such as a star rating). The normalizing
term can be disregarded in determining the most probable
rating and when the classes are balanced, as they are in our
test cases, the prior also vanishes from the decision rule
leaving P (xaux|Review) / P (Review|xaux).

In the specific case of author identification, we are solving
the problem

argmax
u2users

P (Review|u) · P (u)

= argmax
u

 
TY

t=1

P (yt|u, y1, ..., yt�1)

!
· P (u)

= argmax
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t=1

log(P (yt|u, y1, ..., yt�1))
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+ log (P (u))

◦ Concatenation: input +
contexte
◦ Inférence = test
(combinatoire) des contextes
+ max de vraisemblance
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Table 1: Perplexity on test set data for unsupervised RNN
language model as well as GCNs with rating, category,
user, item, user and item info.

able, and item information conferred little additional power
to predict the review. In fact, item information ID proved
less useful than rating information for explaining the con-
tent of reviews. This struck us as surprising, because in-
tuitively, the item gives a decent indication of the rating
and fully specifies the beer category. It also suggests which
proper nouns are likely to occur in the review. In contrast,
we suspected that user information would be more diffi-
cult to use but were surprised that our model could capture
user’s writing patterns extremely accurately. For nearly
1000 users, the model can generate reviews that clearly
capture each author’s writing style despite forging unique
reviews (Figure 1).

4.3 Predicting Sentiment and Category One
Character at a Time

In addition to running the GCN to generate output, we take
example sentences from unseen reviews and plot the rat-
ing which gives the sentence maximum likelihood as each
character is encountered (Figure 5). We can also plot the
network’s perception of item category, using each cate-
gory’s prior and the review’s likelihood to infer posterior
probabilities after reading each character. These visual-
izations demonstrate that by the “d” in “Budweiser”, our
model recognizes a “lager”. Similarly, reading the “f” in
“awful”, the network seems to comprehend that the beer is
“awful” and not “awesome” (Figure 5).

To verify that the argmax over many settings of the rating
is reasonable, we plot the log likelihood after the final char-
acter is processed, given by a range of fine-grained values
for the rating (1.0, 1.1, etc.). These plots show that the
log likelihood tends to be smooth, peaking at an extreme
for sentences with unambiguous sentiment, e.g., “Mind-
blowing experience”, and peaking in the middle when sen-
timent is ambiguous , e.g., “not the best, not the worst.” We
also find that the model understands nonlinear dynamics of
negation and can handle simple spelling mistakes.

Figure 4: Probability of each category as each character in
the review is encountered. The GCN learns Budweiser is a
lager and that stouts and porters are heavy.

4.4 Classification Results

While our motivation is to produce a character-level gen-
erative model, running in reverse-fashion as a classifier
proved an effective way to objectively gauge what the
model knows. To investigate this capability more thor-
oughly, we compared it to a word-level tf-idf n-gram multi-
nomial logistic regression (LR) model, using the top 10,000
n-grams. For the task of author identification, the GCN
equals the performance of the ngram tf-idf model (Table 2).
However, classifying items proved more difficult. On the
task of category prediction, the GCN achieves a classifica-
tion accuracy of 89.9% while LR achieves 93.4% (Table 3).
Both models make the majority of their mistakes confus-
ing Russian Imperial Stouts for American Porters, which
is not surprising because stouts are a sub-type of porter. If
we collapse these two into one category, the RNN achieves
94.7% accuracy while LR achieves 96.5%. While the re-
verse model does not in this case eclipse a state of the art
classifier, it was trained at the character level and was not
optimized to minimize classification error or with attention
to generalization error. In this light, the results appear to
warrant a deeper exploration of this capability. We also ran
the model in reverse to classify results as positive (� 4.0
stars) or negative ( 2.0 stars), achieving AUC of .88 on a
balanced test set with 1000 examples (Table 4).
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3.2 Generative Concatenative RNNs

Our goal is to generate text in a supervised fashion, condi-
tioned on an auxiliary input xaux. This has been done at
the word-level with encoder-decoder models (Figure 3b), in
which the auxiliary input is encoded and passed as the ini-
tial state to a decoder, which then must preserve this input
signal across many sequence steps (Sutskever et al., 2014;
Karpathy and Fei-Fei, 2014). Such models have success-
fully produced (short) image captions, but seem impracti-
cal for generating full reviews at the character level because
signal from xaux must survive for hundreds of sequence
steps.

We take inspiration from an analogy to human text gen-
eration. Consider that given a topic and told to speak at
length, a human might be apt to meander and ramble. But
given a subject to stare at, it is far easier to remain focused.
The value of re-iterating high-level material is borne out in
one study, Surber and Schroeder (2007), which showed that
repetitive subject headings in textbooks resulted in faster
learning, less rereading and more accurate answers to high-
level questions.

Thus we propose the generative concatenative network, a
simple architecture in which input xaux is concatenated
with the character representation x

(t)
char. Given this new

input x0(t) = [x
(t)
char; xaux] we can train the model pre-

cisely as with the standard generative RNN (Figure 3c). At
training time, xaux is a feature of the training set. At pre-
diction time, we fix some xaux, concatenating it with each
character sampled from ŷ(t). One might reasonably note
that this replicated input information is redundant. How-
ever, since it is fixed over the course of the review, we see
no reason to require the model to transmit this signal across
hundreds of time steps. By replicating xaux at each input,
we free the model to focus on learning the complex interac-
tion between the auxiliary input and language, rather than
memorizing the input.

3.3 Weight Transplantation

Models with even modestly sized auxiliary input represen-
tations are considerably harder to train than a typical un-
supervised character model. To overcome this problem, we
first train a character model to convergence. Then we trans-
plant these weights into a concatenated input model, initial-
izing the extra weights (between the input layer and the first
hidden layer) to zero. Zero initialization is not problem-
atic here because symmetry in the hidden layers is already
broken. Thus we guarantee that the model will achieve a
strictly lower loss than a character model, saving (days of)
repeated training. This scheme bears some resemblance to
the pre-training common in the computer vision commu-
nity (Yosinski et al., 2014). Here, instead of new output
weights, we train new input weights.

3.4 Running the Model in Reverse

Many common document classification models, like tf-idf
logistic regression, maximize the likelihood of the train-
ing labels given the text. Given our generative model,
we can produce a predictor by reversing the order of in-
ference, that is, by maximizing the likelihood of the text,
given a classification. The relationship between these
two tasks (P (xaux|Review) and P (Review|xaux)) follows
from Bayes’ rule. That is, our model predicts the con-
ditional probability P (Review|xaux) of an entire review
given some xaux (such as a star rating). The normalizing
term can be disregarded in determining the most probable
rating and when the classes are balanced, as they are in our
test cases, the prior also vanishes from the decision rule
leaving P (xaux|Review) / P (Review|xaux).

In the specific case of author identification, we are solving
the problem

argmax
u2users

P (Review|u) · P (u)

= argmax
u
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◦ Inférence = test
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+ max de vraisemblance

Démo: http://deepx.ucsd.edu/

Lipton, Vikram, McAuley, arXiv, 2016
Gen. Concatenative Nets Jointly
Learn to Write and Classify Reviews

Perspective:
◦ Authorship
◦ ⇒ Réduire la combinatoire...
◦ ... Ou traiter des contextes
continus
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Formulation Générale du problème

≈ GLVQ / semi-supervisé / données manquantes
◦ Description des données = ensemble de contraintes
◦ Hypothèse : espace des représentations homogène
localement
◦ Optimisation possible pour différentes tâches
◦ Classif. dans les graphes/ supervisée / non-supervisée /
semi-supervisée

L(f ,Z ) =
∑
i∈S`

∆(f (zi ), yi )︸ ︷︷ ︸
Cost wrt labels

+λ
∑

i ,j/wi,j 6=0
wi ,j‖zi − zj‖2

︸ ︷︷ ︸
Link/cooc = constraints

Jacob, Denoyer, Gallinari, WSDM 2014
Learning Latent Representations of Nodes for Classifying in Heterogeneous
Social Networks
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Résultats sur DBLP

◦ Contenu des articles,
◦ Co-auteurs
◦ Citations

(a) Centroid of di↵erent authors and papers
labels (unlabeled nodes)

(b) All nodes

Figure 5: PCA on the DBLP corpus computed over the latent representation of the testing nodes projection
when using 10% nodes for training.

sets are introduced and linearly combined in a loss func-
tion. All these extensions consider that the di↵erent types
of nodes share the same set of categories. In our model, the
latent space formulation allows to bypass this limitation.

Some authors have proposed extensions of the collective
classification methods [19]. In a series of papers, Kong, Yu
and colleagues [14, 13] make use of the notion of meta-path
for extending the Iterative Classification technique to het-
erogeneous networks both for mono-label and multi-label
classification. A meta-path is a path in an heterogeneous
graph that links two nodes through an heterogeneous path.
For instance in a bibliographic network, the meta-path “Pa-

per
cite�1

�! Author
cite�! Paper” connects two papers with the

same author. All the possible non-redundant meta-paths
shorter than a chosen length are used. Their algorithm first
extracts a certain number of relevant meta paths and con-
siders the nodes linked by such paths as neighbors. Then it
applies the ICA algorithm to the corresponding graph. Only
one type of nodes is considered for a classification task since
relevant meta path may di↵er from one type to another.
In their experiments, they consider meta paths joining two
nodes of the same type. Heuristics for limiting the number
of meta paths are used. This is equivalent to defining a pro-
jection graph for each class based on these meta paths and
then doing collective classification. These methods consider
both the relational structure and node characteristics, and
make use of the latter to initialize the node class probabili-
ties. Here again the proposed method relies on heuristics for
defining the paths, and does not directly exploit inter-node
types dependencies.

To our knowledge, the only existing model addressing di-
rectly heterogeneous network classification with di↵erent la-
bel sets per node type is [2]. The algorithm is based on a
random walk method, where, in addition to simple jumps
to neighboring nodes which could be of any type, 2-hop
jumps between nodes of the same type are allowed. Nodes
of the same type can then be connected by a path of size
2 where the intermediate node is of a di↵erent type. La-
bels propagate among nodes of the same type. Paths join-
ing nodes of the same type and longer than 2 are ignored.
However the propagation mechanism allows the di↵usion of
labels on longer paths with a decreasing influence when the

path length increases. This algorithm makes use of node
characteristics in order to initialize node class distributions.
Although the exact correspondence with our algorithm is
di�cult to analyze, this method intuitively corresponds to
a random walk on an extended graph where connections
corresponding to two hops between nodes of the same type
define the connection graph. Compared to this approach,
our model is able to consider the correlations between the
labels of connected nodes of di↵erent types through the la-
tent space projection which is not the case in their model. It
also learns directly a discriminant function instead of prop-
agating initial label distributions modulated by node class
authority.

6. CONCLUSION
We have proposed a new model able to label nodes of het-

erogeneous networks where the nodes are of di↵erent types,
each type corresponding to a particular set of possible cat-
egories. Our method is able to use the correlation between
the labels of two connected nodes of di↵erent types, and thus
to use the complex structure of the graph for labeling. Our
algorithm is based on the idea of computing a latent repre-
sentation of nodes in a space that is common to all the possi-
ble types of nodes, and to assume that two connected nodes
tend to have close latent representations. The labels are
then deduced from these representations. Our experiments
on three datasets show that the proposed model outperforms
classical approaches, and qualitative analysis show that the
proposed method e↵ectively captures the inter-dependencies
between the labels of di↵erent types of nodes. Di↵erent ex-
tensions of this model are currently being investigated: the
first one is to deal with multi-relational heterogeneous net-
works – i.e. heterogeneous networks where two nodes can be
connected with more than one relation – and dynamic het-
erogeneous networks. We are also working on an extension
which allows one to learn sparse representation of nodes in
the graph.
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Applicable à d’autres domaines applicatifs
Diffusion de l’information dans les réseaux sociaux
Qui sont les influenceurs?

Ceux qui émettent l’information en premier dans une cascade

Apprentissage de représentation = simplification d’un problème difficile
+ robustesse
Apprentissage de représentation pour la diffusion d’information. . . 159

◦ Point chaud + diffusion de
la chaleur

Bourigault, Lagnier, Lamprier, Denoyer, Gallinari, WSDM 2014
Learning social network embeddings for predicting information diffusion

Vincent Guigue GDR ISIS - Apprentissage de représentations 39/48



Intro Texte Recommandation Hétérogène Raisonnement

Applicable à d’autres domaines applicatifs
Diffusion de l’information dans les réseaux sociaux
Qui sont les influenceurs?

Ceux qui émettent l’information en premier dans une cascade

Apprentissage de représentation = simplification d’un problème difficile
+ robustesse
Apprentissage de représentation pour la diffusion d’information. . . 159

Apprentissage de représentation pour la diffusion d’information. . . 167

Figure 2. Les utilisateurs du jeu de données Digg représentés en 2D. Les points
gris représentent les utilisateurs, et les groupes de symboles identiques montrent
quatre cascades de l’ensemble de test.

Enfin, il est à noter que notre modèle CDK produit une prédiction de la
diffusion bien plus rapidement que les modèles graphiques expérimentés ici. À
titre d’exemple, CDK a mis environ 15 minutes à inférer tous les scores sur
les cascades du corpus Digg, alors que le modèle IC met lui plus d’une journée
pour traiter le même volume de données3.

La figure 2 illustre l’espace de représentation défini par notre modèle CDK.
Elle correspond à une image de la projection des utilisateurs de Digg dans un
espace à deux dimensions, où les utilisateurs infectés par quelques cascades
choisies aléatoirement dans l’ensemble de test sont mis en évidence par des
couleurs spécifiques. On note que notre modèle a tendance à former des groupes
d’utilisateurs participant aux même cascades. Cela permet d’envisager d’autres
utilisations de notre approche, puisque l’espace de représentation peut servir de
base à diverses applications (identification des leaders d’opinion, maximisation
d’influence, détection de communautés d’influence, etc...).

3. Les expérimentations reportées ici ont été effectuées sur un ordinateur Intel Core
i7 CPU 950@3.07GHz avec 12 gigas de mémoire RAM.

Bourigault, Lagnier, Lamprier, Denoyer, Gallinari, WSDM 2014
Learning social network embeddings for predicting information diffusion
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Diffusion (suite)

Légèreté + robustesse...
⇒ Complexification du modèle + nouvelles dimensions

◦ Représentation
latente des
utilisateurs

◦ Receveur vs Emetteur
◦ Aspect thématique

Bourigault, Lamprier, Gallinari, ECML 2016
Learning Distributed Representations of Users for Source Detection in Online
Social Networks
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Gestion de données hétérogènes

Espaces latents / apprentissage de représentation:
◦ adapté à la plupart des problématiques...

- apprentissage supervisé classique,
- semi-supervisé,
- dans les graphes / réseaux sociaux ⇒ dépasser l’hypothèse
petit monde

- découverte de lien, influence...
◦ ... + de nouvelles perspectives applicatives
◦ un moyen élégant et léger

Perspectives:
Bonne gestion des données hétérogènes...

... Mais avec une métrique unique
⇒ vers le multi-relationnel
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1 Introduction

2 Représentations du texte

3 Recommandation (par filtrage collaboratif)

4 Manipulation et comparaison des données hétérogènes

5 Raisonnement dans les espaces latents
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Raisonner = cadre multi-relationnel
Multi-tâches + pondération des types de liens :

L(Z ) =
∑
i ,k

∆k(fk(zi ), yk
i )

︸ ︷︷ ︸
Costs wrt labels

+λ
∑

i ,j/wi,j 6=0
wi ,j‖zi − zj‖2

︸ ︷︷ ︸
Link/cooc = constraints

Structuration des tâches / contraintes

L(Z ) =
∑
i ,j,k

∆k(fk(zi , zj), yi )

Jacob, Denoyer, Gallinari, WSDM 2014
Learning Latent Representations of Nodes for Classifying in Heterogeneous
Social Networks
Dos Santos, Piwowarsky, Gallinari, ECML 2016
Multilabel classification on heterogeneous graphs with gaussian embeddings
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Raisonner, pour nous c’est...

Transformer la recommandation en un problème d’opération simple
dans les espaces latents

◦ Quel opérateur?
◦ Comment apprendre ensemble les opérateurs et les
représentations

Cadre MovieLens
Utilisateur, Film

Age CSP Sexe Genre

◦ z ∈ Rd

◦ fage(zu) ≈ zage ,
frate(zu, zi ) ≈ zrate ...
◦ Apprendre z et fk

Sileo, Guigue, CAp 2016
Apprentissage relationnel pour la recommandation et la prédiction de données
manquantes
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Quelques conclusions préliminaires
◦ Echec des modèles additifs

- La parcimonie n’a plus de signification...
◦ Bonne performance des modèles multiplicatifs

◦ Réduire d d’un facteur 10
◦ Trop de paramètre dans f

Reasoning With Neural Tensor Networks for Knowledge Base Completion
Richard Socher⇤, Danqi Chen⇤, Christopher D. Manning, Andrew Y. Ng

Computer Science Department, Stanford University
richard@socher.org, {danqi,manning}@stanford.edu, ang@cs.stanford.edu

Introduction

• A common problem in knowledge representation and related fields is reasoning
over a large joint knowledge graph, represented as triples of a relation between
two entities.

• We introduce a model that can accurately predict additional true facts
using only an existing database.

• We assess the model by considering the problem of predicting additional true re-
lations between entities given a partial knowledge base. Our model outperforms
previous models and can classify unseen relationships in WordNet and FreeBase
with an accuracy of 86.2% and 90.0%, respectively.

Francesco 
Guicciardini 

historian male 

Italy Florence 

Francesco 
Patrizi 

Matteo 
Rosselli 

profession gender 

place of birth 

nationality 

location nationality 

nationality 

gender 

How can we infer that Francesco Guicciardini is an Italian male person?

Neural Models for Reasoning over Relations

Overview

• Each relation is described by a neural network and pairs of entities are given as
input to the model. Each entity has a vector representation, which can be con-
structed by its word vectors.

• The model returns a high score if they are in that relationship and a low one
otherwise. This allows any fact, whether implicitly or explicitly mentioned in the
database to be answered with a certainty score.

Reasoning about Relations Knowledge Base 

Relation: has part 

tail 
leg 
…. 

cat 
dog 
…. 

Relation: type of 

cat 
limb 
…. 

tiger 
leg 
…. 

tiger 
… 

Bengal tiger 
…. 

Relation: instance of 

Does a Bengal tiger have a tail? 
 ( Bengal   tiger,  has part,     tail) 

Confidence for Triplet 

 R 
Neural 
Tensor 

Network 

e1 e2 

Word Vector Space 

eye 

tail 

leg 

dog 

cat 

tiger 

Bengal 

India 

Neural Tensor Networks

The Neural Tensor Network (NTN) replaces a standard linear neural network layer
with a bilinear tensor layer that directly relates the two entity vectors across multiple
dimensions. The model computes a score of how likely it is that two entities are in
a certain relationship by the following NTN-based function:

g(e1, R, e2) = uT
Rf

✓
eT

1 W
[1:k]
R e2 + VR


e1

e2

�
+ bR

◆
,

where f = tanh is a standard nonlinearity applied element-wise, W
[1:k]
R 2 Rd⇥d⇥k

is a tensor and the bilinear tensor product eT
1 W

[1:k]
R e2 results in a vector h 2 Rk.

The other parameters for relation R are the standard form of a neural network:
VR 2 Rk⇥2d and U 2 Rk, bR 2 Rk.

Linear            Slices of       Standard            Bias
 Layer         Tensor Layer          Layer

UT  f(  e1
T  W[1:2]  e2    +   V            + b )

e1

e2

     f         +                   +

Neural Tensor Layer

Training objective: T
(i)
c = (e

(i)
1 , R(i), ec) is a triplet with a random entity corrupted

from a correct triplet T (i) = (e
(i)
1 , R(i), e

(i)
2 ),

J(⌦) =

NX

i=1

CX

c=1

max
⇣
0, 1 � g

⇣
T (i)

⌘
+ g

⇣
T (i)

c

⌘⌘
+ �k⌦k2

2,

We use minibatched L-BFGS for training.

Entity Representations Revisited

We propose two further improvements:

• We represent each entity as the average of its word vectors, allowing the sharing
of statistical strength between the words describing each entity.

• We can initialize the word vectors with pre-trained unsupervised word vectors,
which in general capture some distributional syntactic and semantic information.

Experiments

Datasets

Dataset #R. # Ent. # Train # Dev # Test
Wordnet 11 38,696 112,581 2,609 10,544
Freebase 13 75,043 316,232 5,908 23,733

Relation Triplets Classification
We randomly switch entities from correct testing triplets resulting in an equal num-
ber of positive and negative examples. We predict the relation (e1, R, e2) holds if
g(e1, R, e2) � TR (we use the development set to find TR).

Model WordNet Freebase
Distance Model [1] 68.3 61.0
Hadamard Model [2] 80.0 68.8
Single Layer Model 76.0 85.3
Bilinear Model [3] 84.1 87.7
Neural Tensor Network 86.2 90.0

Comparison of accuracy of di↵erent relations:

70 75 80 85 90 95 100

has instance

type of

member meronym

member holonym

part of

has part

subordinate instance of

domain region

synset domain topic

similar to

domain topic

WordNet

Accuracy (%)
70 75 80 85 90 95 100

gender (2)

nationality (188)

profession (455)

institution (727)

cause of death (170)

religion (107)

ethnicity (211)

FreeBase

Accuracy (%)

The influence of entity representations (EV: training on entity vectors. WV: training on

randomly initialized word vectors. WV-init: training on word vectors initialized with unsupervised

semantic word vectors [4]):
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Examples of of relationship predictions by our Neural Tensor Network on WordNet:

Entity e1 Relationship R Sorted list of entities likely to be in this relationship
tube type of structure; anatomical structure; device; body; body part; organ
creator type of individual; adult; worker; man; communicator; instrumentalist
dubrovnik subordinate instance of city; town; city district; port; river; region; island
armed
forces

domain region military operation; naval forces; military o�cier; military court

boldness has instance audaciousness; aggro; abductor; interloper; confession;
hispid similar to rough; haired; divided; hard; free; chromatic; covered;
people type of group; agency; social group; organisation; alphabet; race

Conclusion

We introduced Neural Tensor Networks. Unlike previous models for predicting re-
lationships using entities in knowledge bases, our model allows a direct interaction
of entity vectors via a tensor. The model obtains the highest accuracy in terms
of predicting unseen relationships between entities through reasoning inside a given
knowledge base. We further show that by representing entities through their con-
stituent words and initializing these word representations using unsupervised large
corpora, performance of all models improves substantially.
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Résultats en recommandation

g(z1,R, z2) = fθ( s(z1 ⊗ z2)︸ ︷︷ ︸
Echantillonnage

) + W (z1 · z2)︸ ︷︷ ︸
Reco classique

param. K = nb de blocs
Sileo, Guigue, CAp 2016
Apprentissage relationnel pour la recommandation et la prédiction de données
manquantes
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Résultats en classification de sentiments

Modèle:

◦ Critère de reconstruction
◦ Mot =

- Représentation z
- Matrice de transf. M

Résultats:

Recursive Deep Models for Semantic Compositionality
Over a Sentiment Treebank

Richard Socher, Alex Perelygin, Jean Y. Wu, Jason Chuang,
Christopher D. Manning, Andrew Y. Ng and Christopher Potts

Stanford University, Stanford, CA 94305, USA
richard@socher.org,{aperelyg,jcchuang,ang}@cs.stanford.edu

{jeaneis,manning,cgpotts}@stanford.edu

Abstract

Semantic word spaces have been very use-
ful but cannot express the meaning of longer
phrases in a principled way. Further progress
towards understanding compositionality in
tasks such as sentiment detection requires
richer supervised training and evaluation re-
sources and more powerful models of com-
position. To remedy this, we introduce a
Sentiment Treebank. It includes fine grained
sentiment labels for 215,154 phrases in the
parse trees of 11,855 sentences and presents
new challenges for sentiment composition-
ality. To address them, we introduce the
Recursive Neural Tensor Network. When
trained on the new treebank, this model out-
performs all previous methods on several met-
rics. It pushes the state of the art in single
sentence positive/negative classification from
80% up to 85.4%. The accuracy of predicting
fine-grained sentiment labels for all phrases
reaches 80.7%, an improvement of 9.7% over
bag of features baselines. Lastly, it is the only
model that can accurately capture the effects
of negation and its scope at various tree levels
for both positive and negative phrases.

1 Introduction

Semantic vector spaces for single words have been
widely used as features (Turney and Pantel, 2010).
Because they cannot capture the meaning of longer
phrases properly, compositionality in semantic vec-
tor spaces has recently received a lot of attention
(Mitchell and Lapata, 2010; Socher et al., 2010;
Zanzotto et al., 2010; Yessenalina and Cardie, 2011;
Socher et al., 2012; Grefenstette et al., 2013). How-
ever, progress is held back by the current lack of
large and labeled compositionality resources and
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Figure 1: Example of the Recursive Neural Tensor Net-
work accurately predicting 5 sentiment classes, very neg-
ative to very positive (– –, –, 0, +, + +), at every node of a
parse tree and capturing the negation and its scope in this
sentence.

models to accurately capture the underlying phe-
nomena presented in such data. To address this need,
we introduce the Stanford Sentiment Treebank and
a powerful Recursive Neural Tensor Network that
can accurately predict the compositional semantic
effects present in this new corpus.

The Stanford Sentiment Treebank is the first cor-
pus with fully labeled parse trees that allows for a
complete analysis of the compositional effects of
sentiment in language. The corpus is based on
the dataset introduced by Pang and Lee (2005) and
consists of 11,855 single sentences extracted from
movie reviews. It was parsed with the Stanford
parser (Klein and Manning, 2003) and includes a
total of 215,154 unique phrases from those parse
trees, each annotated by 3 human judges. This new
dataset allows us to analyze the intricacies of senti-
ment and to capture complex linguistic phenomena.
Fig. 1 shows one of the many examples with clear
compositional structure. The granularity and size of

Socher et al., EMNLP 2013
Recursive Deep Models for Semantic Compositionality Over a Sentiment
Treebank
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Conclusion

Le chatbot de demain:

◦ Stocker des connaissances de manière légère
◦ Robuste au bruit
◦ Inférer les données manquante
◦ Répondre au question...
◦ ... tout en prenant en compte le profil de l’utilisateur

- sur le plan thématique, de l’opinion...

Construire un profil utilisateur universel
◦ Transparent, réversible
◦ Manipulable par l’utilisateur

Vincent Guigue GDR ISIS - Apprentissage de représentations 48/48


	Introduction
	Représentations du texte
	Recommandation (par filtrage collaboratif)
	Manipulation et comparaison des données hétérogènes
	Raisonnement dans les espaces latents

