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Word Embedding Vectors

e \Word2vec: original skip-gram!"

e GloVe: log bi-linear regression!?!

e FastText: subword information!!

e BERT: contextualized embeddings!*!

e Sentence embeddings
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Word2vec Skip-gram Model
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Word2vec-PLUS: sum target and context weights




Word2vec-PLUS Training Corpora

Scraped articles

Wikipedia text

Toronto Book Corpus
Gutenberg classic books
Classic books

59.0 GB
16.7 GB
4.6 GB
1.2 GB
20.3 MB




How do we evaluate embedding quality?

Analogy sets:

e Google Analogy Test Setl®! G

e SAT Questions!®!

e SemEval 2013l



Google Analogy Test Set ‘

e Common evaluation for word embeddings
o GloVe
o FastText
o Word2vec

e 19,544 questions in 14 categories

Athens : Greece :: Baghdad : Iraq (capital-country)

boy : girl :: brother : sister (family relationships)
acceptable : unacceptable :: aware : unaware (opposites)
bad : worse :: big : bigger (comparatives)
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Google Analogy Test Set ‘

e Cognitively simple questions
o ... but no multiple choice

e Method:

o Givena:b:c:d computed’ =c+b-a andfind

argmin__ _.dist_ (d’,s)

o Equivalent to argmax__ . sim__ (d’,s)



Google Analogy Test Set @
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SAT Questions

Stem: mason:stone
Choices: teacher:chalk
carpenter:wood

soldier:gun
photograph:camera
book:word
carpenter:wood

dist._ (d’, s)

Compute argming ., g ¢ p,gj



SAT Questions

SAT Analogy Scores SAT Analogy Scores
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SemEval 2013 Sentence Similarity

e Sentence pairs with human-given similarity scores

o E.g. “Awoman is cooking.” / “A woman is cooking something.” / score = 3

e Method:

o Sentence vector < sum of word vectors
o Find cosine similarity of sentence vectors in each pair

o Final score: correlation of embedding-given similarity scores with

human-given scores



SemkEval 2013 Sentence Similarity
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Analysis: advantage of summed embeddings
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Topical and typical similarity (Nalisnick et al.®)

Topical Typical
Contexts together Similar contexts
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Analysis: advantage of summed embeddings
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Analysis: advantage of summed embeddings
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Solving analogies requires knowledge of both
varieties of similarity

mason:stone
Choices:

Solution: carpenter:wood
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varieties of similarity
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Principal Component Removal (Arora et al.)

o v—uu'v
o where u is the first singular vector of the embedding matrix
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Conclusion

e Summing target and context vectors to produce embeddings in a word2vec
skip-gram model yields advantages in some analogy tasks

e Benefits in other NLP tasks and other embedding algorithms is an area of
future research

e Principle component removal may be a viable method to improve embedding
quality in some applications
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