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The Big Idea: Unsupervised Pretraining
Deep learning works best when we have a lot of data

Good news: there is plenty of data of text out there!

Bad news: most of it is unlabeled

1,000s of times more data without labels (i.e., valid English text in books, 
news, web) vs. labeled/paired data (e.g., English/French translations)

The big challenge: how can we use freely available and unlabeled
text data to help us apply deep learning methods to NLP?



What can we do with unlabeled data?

learned 
representation of 

language
[English] [Spanish]

How can we represent these… representations?

local non-contextual 
representations

global context-dependent 
representations

word embeddings pretrained language modelssentence embeddings



Start simple: how do we represent words?

dimensionality = number of possible words

index of this word

not great, not terrible…

The pixels mean 
something!

Not much (not a 
great metric space), 
but they mean 
something

This means basically 
nothing by itself

Maybe if we had a more meaningful representation of words, then learning 
downstream tasks would be much easier!

Meaningful = vectors corresponding to similar words should be close together



Some examples of good embeddings



How do we learn embeddings?
Basic idea: the meaning of a word is determined by what other words occur in close proximity to it

Put another way: the more interchangeable words are, the more similar they are

Example: Seattle hotel vs. Seattle motel

Examples & Images: Christopher Manning, CS224n

Basic principle: pick a representation for each word such that its neighbors 
are “close” under this representation



More formally…

Examples & Images: Christopher Manning, CS224n

Can we predict the neighbors of a word from its embedding value?

looks a bit like a logistic regression model



word2vec

Mikolov et al. “Linguistic Regularities in Continuous Space Word Representations.” 2013.

➢ Why two vectors? Makes optimization easier

➢ What to do at the end? Average them

➢ This then gives us a representation of words!



Making word2vec tractable

Mikolov et al. “Linguistic Regularities in Continuous Space Word Representations.” 2013.

Problem: the vocabulary might be huge denominator might be really costly to compute

Another idea: what if we instead have a binary classification problem (“is this the right word or not”)?

This is not enough! Why?

randomly chosen “negatives”



Making word2vec tractable: summary

Mikolov et al. “Linguistic Regularities in Continuous Space Word Representations.” 2013.



word2vec examples

Mikolov et al. “Linguistic Regularities in Continuous Space Word Representations.” 2013.

This is a little bit 
idealized, most 
relationships are not 
nearly this “nice”



word2vec examples

Mikolov et al. “Linguistic Regularities in Continuous Space Word Representations.” 2013.



word2vec examples

Mikolov et al. “Linguistic Regularities in Continuous Space Word Representations.” 2013.



Word2vec summary

Mikolov et al. “Linguistic Regularities in Continuous Space Word Representations.” 2013.

What do we do we with this?

➢ Use as word representation in place of one-hot vectors

➢ Much more meaningful for downstream applications

➢ Can train word embeddings on large unlabeled corpus, and then use it as 
input into a supervised model trained on a much smaller corpus

➢ Could think of it as a simple type of unsupervised pretraining


