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Word embeddings

Country and Capital Vectors Projected by PCA
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Word embeddings

= Relaciones semanticas

v(queen) =~ v(king) — v(man) + v(woman)
v(Rome) =~ v(Paris) — v(France) + v(Italy)
v(niece) ~ v(nephew) — v(brother) + v(sister)
v(Cu) = v(Zn) — v(zinc) + v(copper)

= Relaciones sintacticas

v(biggest) = v(smallest) — v(small) + v(big)
v(thinking) =~ v(read) — v(reading) + v(think)
v(mice) =~ v(dollars) — v(dollar) + v(mouse)

word2vec

CBOW [Contmuous bag of words]
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GloVe

Xij tabulate the number of times word j occurs in the context of word i.
Xi = Y Xix
Pij = P(jli) = X;;/X;

w € R? are word vectors probe word
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Jeffrey Pennington, Richard Socher & Christopher D. Manning:
“GloVe: Global Vectors for Word Representation”.
EMNLP2014




GloVe

Se convierte en un problema de factorizacion de matrices

(igual que en los sistemas de recomendacion):

Normandy Dark night Detective Bob

Love in Venice

Jeffrey Pennington, Richard Socher & Christopher D. Manning:
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“GloVe: Global Vectors for Word Representation”.
EMNLP2014

Limitaciones

= Palabras fuera del vocabulario [OOV]
= Antonimia
= Polisemia

= Sesgo (dependiendo del conjunto de entrenamiento)

v(nurse) ~ v(doctor) — v(father) + v(mother)
v(Leroy) ~ v(Brad) — v(happy) + v(angry)




sense2vec
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Andrew Trask, Phil Michalak & John Liu.

“sense2vec - A Fast and Accurate Method

for Word Sense Disambiguation in Neural Word Embeddings.”
CORR abs/1511.06388 (2015).

Mas alla de las palabras...

= Subword embeddings
= Sentence embeddings: Distributed memory [DM]

= Concept embeddings: RDF2Vec
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Mas alla de las palabras...

= Gaussian embeddings: Word2Gauss

(distribuciones de probabilidad en lugar de vectores)

= Hyperbolic embeddings, a.k.a. Poincaré embeddings

(para relaciones jerarquicas)

Aplicaciones

Clasificacion de documentos
FastText
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Aplicaciones

Clasificacion de documentos
Sentiment classification

Aplicaciones

Deteccion de anomalias
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Aplicaciones

Word sense disambiguation [WSD]
p.€j. sense2vec POS tags
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