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Introduccién

Motivacion

e En las features manuales generalmente falta
informacion. Cuesta disefarlas y evaluarlas. Usan
recursos externos.

e Es posible aprender representaciones distribuidas
(representation learning) de la informacién.
Representar palabras, imagenes, sonidos, etc. con
vectores de dimension alta.

e Las redes neuronales artificiales permiten crear
representaciones distribuidas y utilizarlas para
resolver tareas.

Redes Neuronales Artificiales en PLN



Introduccién

Red feed-forward

Output Layer

Hidden Layers

Input Layer

(Imagen tomada del libro "Supervised Sequence Labelling with Recurrent Neural Networks"de Alex Graves.)
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Introduccién

NLP (almost) from scratch. (Collober, 2011)
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(Imagen tomada del articulo "Natural Language Processing (almost) from Scratch!(Collobert et al:, 2011))
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Introduccién

NLP (almost) from scratch. (Collober, 2011)

e En todas las tareas propuestas se superd o se estuvo
proximo al estado del arte.

Task | Benchmark | SENNMNA
Part of Speech (POS) ( Accuracy) 0724 % [T
Chunking (CHUNK) (F1) 04,29 %
Named Entity Recognition (NER)  (F1) 20.31 %
Parze Tree level O (PTO) (F1) 91.04 %
Semantic Role Labelling (SRL) (F1) TTO2 %

(Tabla tomada del articulo "Natural Language Processing (almost) from Scratch "(Collobert et al., 2011))
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Introduccién

NLP (almost) from scratch. (Collober, 2011)

@ No utiliza features manuales.

@ No utiliza recursos lingUistcos (ademas de los
conjuntos de entrenamiento).

@ Se obtienen representaciones distribuidas de las
palabras (tabla de /lookup).

e Las mismas representaciones son utilizadas en todas
las tareas.
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Palabras
Oraciones
Parrafos

Representaciones Distribuidas en PLN

Representaciones distribuidas de las palabras

e Las representaciones distribuidas pueden
interpretarse como puntos en un espacio vectorial de
dimension alta (Ej. 300).

e Las palabras relacionadas tienen representaciones

cercanas.
@ Algunas relaciones entre palabras preservan offsets
WOMAN QUEENS
/ AUNT
m UNCLE/ KInGs \
QUEEN \ QUEEN
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KING KING

(Imagen tomada del articulo "Linguistic Regularities in Continuous Space Word Representations"(Mikolov

et al., 2013
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Palabras
Oraciones
Parrafos

Representaciones Distribuidas en PLN

"Supervised Sequence Labelling with Recurrent Neural
Networks"de Alex Graves "Natural Language Processing
(almost) from Scratch"(Collobert et al., 2011) "Linguistic
Regularities in Continuous Space Word
Representations"(Mikolov et al., 2013)
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Representaciones distribuidas de las palabras

@ También ocurre con relaciones semanticas.

Country and Capital Vectors Projected by PCA
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(Imagen tomada del articulo "Distributed Representations of Words and Phrases and their
Compositionality"(Mikolov et al., 2013))
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Representaciones Distribuidas en PLN

Representar palabras con RNA

e Con modelos neuronales es posible construir buenas

representaciones.
e Ej. Skip-Gram y CBOW (Mikolov et al., 2013)
w(t+1). / \\\ wit+1)
cBoOw Skip-gram

(Imagen tomada del articulo .Efficient Estimation of Word Representations in Vector Space "(Mikolov et al.,
2013))
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Modelos de conteo

e También se pueden obtener representaciones
distribuidas contando. Por ejemplo, construyendo una
matriz palabra-contexto y factorizandola con SVD.
(LSA (Deerwester, 1990))

o Los representaciones basadas en redes neuronales
parecian dar mejores resultados que las de conteo.
(Baroni, 2014)
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Modelos de conteo

e Skip-gram (con negative sampling) converge a una
factorizacion de la matrix palabra-contexto cuyas
celdas son valores de Pointwise Mutual Information
(PMI) desplazados por una constante global que
depende de la cantidad de ejemplos negativos (Levy,
2014).

e Esto permiti6 mejorar los modelos de conteo
obteniendo resultados comparables a los de
prediccidon (Levy, 2015).
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Representacion de oraciones

e Es posible representar el significado de una oracién
con un vector?

e Utilizar las representaciones de las palabras para
construir un vector (de dimension fija) que represente
el significado de la oracion.

@ Diversas propuestas: redes convolutivas, redes
recurrentes, autoencoders recursivos, etc.
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Red Recurrente

Output Layer

Hidden Layer

Input Layer

(Imagen tomada del libro "Supervised Sequence Labelling with Recurrent Neural Networks"de Alex Graves.)
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Palabras
Oraciones
Parrafos

Representaciones Distribuidas en PLN

Red Recurrente (unfolded)

Output Layer

w3 w3

Hidden Layer
w2 w2

wl wl

Input Layer

(Imagen tomada del libro "Supervised Sequence Labelling with Recurrent Neural Networks"de Alex Graves.)

edes Neu les Artificiales en P!



Palabras
Oraciones
Parrafos

Representaciones Distribuidas en PLN

Recursive Autoencoder y Unfolding Recursive
Autoencoder

Recursive Autoencoder Unfolding Recursive Autoencoder
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(Imagen tomada del articulo "Dynamic Pooling and Unfolding Recursive Autoencoders for Paraphrase Detection

"(Socher et al., 2011))
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Representacion de parrafos

e Representaciéon usando un autoencoder recursivo.

food any find didn’t she . hungry was Mary
P s e e B L
-~ <« <— — < & <— e Decode
— —> — — —> — —> Encode
Mary  was hungry . she didn't  find any food
o
(Imagen tomada del articulo .A Hierarchical Neural Autoencoder for Paragraphs and Documents "(Li et al.,
2015))
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Representacion de parrafos

@ Representacién usando 2 niveles de RAEs.

food any find didn’t she . hungry was Mary

« <« < -« - — -
Decode-Sentence \/ T
Encode-Sentence ’ L
Encode-Word — —> —> —> —> e
° Mary  was hungry . she didn't  find any food
(Imagen tomada del articulo .A Hierarchical Neural Autoencoder for Paragraphs and Documents "(Li et al.,
2015))
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Representacion de parrafos

@ Representacién usando una jerarquia de
autoencoders recurrentes (with attention).

food any find didn’t she . hungry was Marry

“— o e 1 «— I <—

Decode-Sentence T‘/ /

Encode-5entence

Encode-Word > —> — — —

A T 1T T TTTh

° Mary  was hungry . she didn’t  find any food
(Imagen tomada del articulo .A Hierarchical Neural Autoencoder for Paragraphs and Documents "(Li et al.,
2015
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Modelos de Lenguaje con FFN

@ Modelos de lenguaje con redes feed forward (Bengio
et al., 2003).

i-th output = P(w, = i |context)

softmax

- [} eee )
7 ~

most| computation here

tanh

C(wy—n ] L[»v. 2) Clwr))
Gl . @ (G
Table _. Matrix ¢ .
fook-yp | T arcd parametees
in C across words
° index for wy_,, mdn for w;_

index for wy_y

(Imagen tomada del articulo .A Neural Probabilistic Language Model"(Bengio et al., 2003))
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Modelos de Lenguaje con RNN

Aplicaciones de RNA en PLN

e Modelos de lenguaje con redes recurrentes (Mikolov
et al., 2010).

INPUT (t) OUTPUT (t)

N CONTEXT (t)

o CONTEXT (t-1)

(Imagen tomada del articulo Recurrent neural network based language model"(Mikolov et al., 2010))
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Deteccidén de Parafrasis

@ Dynamic Pooling and Unfolding Recursive
Autoencoders for Paraphrase Detection (Socher et

al., 2011)

Recursive Autoencoder Dynamic Pooling and Classification

Paraphrase Softmax Classifier
Fixed-Sized Matrix
Dynamic Pooling Layer

T2 3D 4 Ll
The cats catch mice Cats eat mice 3
3
1234567 Variable-Sized Similarity Matrix

7@33®

o
(Imagen tomada del articulo "Dynamic Pooling and Unfolding Recursive Autoencoders for Paraphrase
Detection "(Socher et al., 2011))
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Analisis Sintactico

e Compositional Vector Grammars (Socher et al., 2013)
Usa word vectors para considerar informacion

semantica.

Discrete Syntactic — Continuous Semantic
Represe ntations in the Compositional Vector Grammar

(riding a bike,VP,@D)

(a bike,NP,@2

(riding,vV,@®) (a,Det,@®) (bike,NN,@®)

(Imagen tomada del articulo "Parsing with Compositional Vector Grammars"(Socher et al., 2013))
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Aplicaciones de RNA en PLN

Analisis Sintactico

NP 73 NP e

‘ Nis & Re
NNS 1< Np NKS ) N

spaghetti wi‘th D‘r/\w spaghetti  with  PRP

\ | meat
spoon

(b) Composumndl Vector Grammar
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(Imagen tomada del articulo "Parsing with Compositional Vector Grammars"(Socher et al., 2013))
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Analisis de Sentimiento

Vectores en nodos intermedios (Socher et al., 2013)

@ ©
This film
Q

does n't care

wit  any

cleverness other kind intelligent humor

(Imagen tomada del articulo Recursive Deep Models for Semantic Compositionality Over a Sentiment

Treebank"(Socher et al., 2013))
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Aplicaciones de RNA en PLN

Analisis de Sentimiento

©o P2 = 8(a,pi1)

X)) QO
not very good...
a b C

(Imagen tomada del articulo Recursive Deep Models for Semantic Compositionality Over a Sentiment

Treebank"(Socher et al., 2013))
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Analisis de Sentimiento

Global Belief Recursive Neural Networks (Paulus et al., 2014)

‘\m _s(w]® m\t.pi at | _ (e[ P
N PATAY H E ‘[ETB
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Android beats i0s Android  beats ios

(Imagen tomada del articulo "Global Belief Recursive Neural Networks"(Paulus et al., 2014))
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Analisis de Sentimiento

Classifier

Feature Sets

Twitter 2013 (F1)

SMS 2013 (FI)

SVM

stemming, word cluster, SentiWordNet
score, negation

SVM

POS, lexicon, negations, emoticons,
elongated words, scores, syntactic de-
pendency, PMI

SVM

punctuation, word n-grams, emoticons,
character n-grams, elongated words,
upper case, stopwords, phrase length,
negation, phrase position, large senti-
ment lexicons, microblogging features

GB-RNN

parser, unsupervised word vectors (en-
semble)

85.19 88.37
87.38 85.79
88.93 88.00
89.41 88.40

Table 1: Comparison to the best Semeval 2013 Task 2 systems, their feature sets and F1 results on
each dataset for predicting sentiment of phrases in context. The GB-RNN obtains state of the art
performance on both datasets.

(Imagen tomada del articulo "Global Belief Recursive Neural Networks"(Paulus et al., 2014))
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Aplicaciones de RNA en PLN

Analisis de Sentimiento

Method Fine-grained  Binary
RAE (Socher et al., 2013) 432 824
MV-RNN (Socher et al., 2013) 444 829
RNTN (Socher et al.. 2013) 457 854
DCNN (Blunsom et al., 2014) 485 868
Paragraph-Vee (Le and Mikolov, 2014) 487 878
CNN-non-static (Kim, 2014) 48.0 87.2

CCNN-multichannel (Kim, 2014) 474 88.1

DRNN (Irsoy and Cardie, 2014) 498 86.6
LST™M 464 (11) 849 (0.6)
Bidirectional LSTM 49.1 (L0)  87.5 (0.5)
2-layer LSTM 460 (13) 863 (0.6)
2-layer Bidirectional LSTM 485 (1.0)  87.2 (1.0)
Dependency Tree-LSTM 484.(0.4) 857 (0.4)
Constituency Tree-LSTM

~ randomly initialized vectors 439 (0.6) 820 (0.5)

~Glove vector

497 (04) 875 (0.8)

— Glove vectors, 510 (05) 880 (0.3)

Table 2: Test set accuracies on the Stanford Sen-
timent Treebank. For our experiments, we report
mean accuracies over 5 runs (standard deviations
in parentheses). Fine-grained: 5-class sentiment
classification. Binary: positive/negative senti-
ment classification.

(Tabla tomada del articulo Improved Semantic Representations From Tree-Structured Long Short-Term Memory

Networks"(Tai et al., 2015))
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Traduccidon Automatica

e Triangulo de Vauquois

interlingua

transf. sem

analisis Lo
generacion

transf. sintéctica

directa

(]
e interlingua = representaciones distribuidas ?
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Traduccidon Automatica

@ Se utiliza una red para obtener una representaciéon
de la oracién. (encoder)

@ A partir de la representacion se decodifica la oracion
en el lenguaje destino. (decoder)

o LSTMs (Sutskever et al. 2014), R2NN (Liu et al.,
2014), Redes Convolutivas (Cho et al., 2014), ...
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Traduccidon Automatica

<EOS>

(Imagen tomada del articulo "Sequence to Sequence Learning with Neural Networks"(Sutskever et al. 2014))
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Aplicaciones de RNA en PLN

Traduccidon Automatica

O lwas given a card by her in the garden

3 OMary admires John 10 O In the garden , she gave me a card
O She gave me a card in the garden
2 OMary is in love with John
5
1
0 c 0
OMary respects John
_4L ©John admires Mary
-5 O She was given a card by me in the garden
-2 ©OJohn is inlove with Mary
O Inthe garden , | gave hera card
-3 -10
-4
5 O John respects Mary - O I gave her a card in the garden
-20
B 6 -4 -2 [ 2 4 6 8 10 15 -10 5 [ 5 10 15 20

(Imagen tomada del articulo "Sequence to Sequence Learning with Neural Networks"(Sutskever et al. 2014))
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Aplicaciones de RNA en PLN

Reconocimiento del Habla

@ Se han utilizado redes recurrentes bidireccionales
(Graves et al., 2005).

QOutput Layer
Backward Layer
Forward Layer

Input Layer

o
(Imagen tomada del libro "Supervised Sequence Labelling with Recurrent Neural Networks"de Alex
Graves.)
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Reconocimiento del Habla

@ Las redes bidireccionales usan contexto pasado y
futuro para realizar predicciones.

ix n del d ow sil

at a window
o

(Imagen tomada del libro "Supervised Sequence Labelling with Recurrent Neural Networks"de Alex
Graves.)
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@ Se han utilizado redes recurrentes bidireccionales
profundas (Graves et al., 201 3).

(Imagen tomada del libro "Hybrid Speech Recognition with Deep Bidirectional LSTM"(Graves et al., 2013))
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Reconocimiento del Habla

e También redes convolutivas (Abdel-Hamid et al.,
2014).

Static, A, AA

Convolution layer
feature maps

max pooling
feature maps other fully
connected

hidden layers

Frequency
bands

\
Y Share same weights

(Imagen tomada de Gonvolutional Neural Networks for Speech Recognition"(Abdel-Hamid et al., 2014))
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Question Answering

@ Dynamic Memory Networks para PLN (Kumar et al.,
2015).

Semantic
Memory

Episodic Memory Answer

* Word
vectors

* Knowledge
Basis

Input Text Sequence Question

(Imagen tomada de .Ask Me Anything: Dynamic Memory Networks for Natural Language
Processing"(Kumar et al., 2015))

des Neuronales Artificiales en P



Modelos de Lenguaje
Deteccién de Paréafrasis
Andlisis Sintactico
Andlisis de Sentimiento
Traduccion Automatica
Reconocimiento del Habla
Question Answering

Aplicaciones de RNA en PLN

Question Answering

Semantic Memory EpisadicMemorye‘ N B . N . . B Answer module
Module Module 00 pos 00 00 00 _gos oo oo jym K|
1

(Glove vectors)

&

Question Module

(Imagen tomada de .Ask Me Anything: Dynamic Memory Networks for Natural Language Processing"(Kumar et al.,

2015))
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Question Answering

@ Dynamic Memory Networks para responder en textos
e imagenes (Kumar et al., 2015).

O Episodic Memory O Episodic Memory
Answer Answer
Attention | [Memory | [ Kitchen ‘Attention Palm
‘Mechanism Update Mechanism

Input Module Ouesiion Input Module [Cusson ]

John moved to the garden. Where is the What kind of

John gotthe appl there. opele? bockground?
John moved to the kitchen.
Sandra got the milk there.
John dropped the apple.
John moved to the office.
(a) Text Question-Answering (b) Visual Question-Answering

(Imagen tomada de "Dynamic Memory Networks for Visual and Textual Question Answering"(Xiong et al.,
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Preguntas?

e Preguntas?
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