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Contextualized word 
representations

• Big idea: transform the representation of a token in a sentence (e.g., 
from a static word embedding) to be sensitive to its local context in a 
sentence and trainable to be optimized for a specific NLP task.
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BERT

• Transformer-based model (Vaswani et al. 2017) to predict masked word 
using bidirectional context + next sentence prediction.


• Generates multiple layers of representations for each token sensitive to its 
context of use.



BERT

• Deep layers (12 for BERT base, 24 for BERT large)


• Large representation sizes (768 per layer)


• Pretrained on English Wikipedia (2.5B words) and BooksCorpus (800M 
words)



Yosemite has 
brown bears

Go pack go!

We saw a moose 
in Alaska

Da bears lost 
again!



P(xi ∣ x1, …, xi−1)

Language model
• Language models allow us to calculate the probability of the next word 

conditioned on some context (and different models make different 
assumptions about how much of that context is available).

• Even BERT can be used this way (by masking out the final word in a 
sequence)



• As we sample, the words 
we generate form the 
new context we 
condition on

Generating
context1 context2 generated 

word

START START The

START The dog

The dog walked

dog walked in



Unigram model
• the around, she They I blue talking “Don’t to and little come of


• on fallen used there. young people to Lázaro


• of the


• the of of never that ordered don't avoided to complaining. 


• words do had men flung killed gift the one of but thing seen I plate 
Bradley was by small Kingmaker.



Trigram Model
• “I’ll worry about it.”


• Avenue Great-Grandfather Edgeworth hasn’t gotten there.


• “If you know what. It was a photograph of seventeenth-century flourishin’ To their 
right hands to the fish who would not care at all. Looking at the clock, ticking away 
like electronic warnings about wonderfully SAT ON FIFTH


• Democratic Convention in rags soaked and my past life, I managed to wring your 
neck a boss won’t so David Pritchet giggled.


• He humped an argument but her bare He stood next to Larry, these days it will have 
no trouble Jay Grayer continued to peer around the Germans weren’t going to faint in 
the



https://www.microsoft.com/en-us/research/blog/using-deepspeed-and-megatron-to-train-megatron-turing-nlg-530b-the-
worlds-largest-and-most-powerful-generative-language-model/



https://twitter.com/quasimondo/status/1284509525500989445



Dialogue generation

Q: What is your favorite animal?

A: My favorite animal is a dog.


Q: Why?

A: Because dogs are loyal and friendly.


Q: What are two reasons that a dog might 
be in a bad mood?

A: Two reasons that a dog might be in a 
bad mood are if it is hungry or if it is hot.


Lacker (2020), "Giving GPT-3 a Turing Test” (https://lacker.io/ai/2020/07/06/giving-gpt-3-a-turing-test.html); Brown et al. 
(2020), “Language Models are Few-Shot Learners” (NeurIPS)

Q: How many bonks are in a quoit?

A: There are three bonks in a quoit.


Q: How many rainbows does it take to jump 
from Hawaii to seventeen?

A: It takes two rainbows to jump from Hawaii 
to seventeen.


https://lacker.io/ai/2020/07/06/giving-gpt-3-a-turing-test.html


• Language models can directly encode knowledge present in the 
training corpus.

The director of 2001: A Space Odyssey is _____________

LMs as knowledge bases



LMs as knowledge bases

Petroni et al. (2019), "Language Models as Knowledge Bases?” (ACL)

• Language models can directly encode knowledge present in the 
training corpus.



Radford et al. 2019, “Language Models are Unsupervised Multitask Learners” (GPT-2)



Liu et al. 2021

P(x) =
n

∏
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Thank you for inviting me to your party last week

Thank you [X] me to your party [Y] week [X] for inviting [Y] last [Z]

encoder decoder

T5
• Encoder-decoder model pre-trained on 750GB of English web text by 

masking tokens in the input and predicting sequences of them in the output.



GPT
• Transformer-based causal (left-to-right) language model:

P(x) =
n

∏
i=1

P(xi ∣ x1, …, xi−1)

Model Data

GPT-2 (Radford 
et al. 2019)

Context size: 1024 tokens

117M-1.5B parameters

WebText (45 million outbound links from Reddit 
with 3+ karma); 8 million documents (40GB)

GPT-3 (Brown et 
al. 2020)

Context size: 2048 tokens

125M-175B parameters

Common crawl + WebText + “two internet-based 
books corpora” + Wikipedia (400B tokens, 570GB)



The dog barked
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e2,2

The dog barked
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e2,3

The dog barked
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Everything is language modeling

The director of 2001: A Space Odyssey is _____________

The sentiment of “I really hate this movie” is ____________

The French translation of “cheese” is _____________



Brown et al. (2020, “Language Models are Few-Shot Learners” 
https://arxiv.org/pdf/2005.14165.pdf



Brown et al. (2020, “Language Models are Few-Shot Learners” 
https://arxiv.org/pdf/2005.14165.pdf



Brown et al. (2020, “Language Models are Few-Shot Learners” 
https://arxiv.org/pdf/2005.14165.pdf



Brown et al. (2020), “Language Models are Few-Shot Learners”



Brown et al. (2020), “Language Models are Few-Shot Learners”



Brown et al. (2020), “Language Models are Few-Shot Learners”



Textual entailmentCausal reasoning

Question answering
Word sense disambiguation

Brown et al. (2020), “Language Models are Few-Shot Learners”



Prompt engineering

• Manual prompt design: encoding domain knowledge into prompt 
templates that are likely to generate a response in the output space.



Liu et al. 2021



Prompt engineering
• Prompt mining: rather than manually writing prompts, learning high-

performing prompts from input/output pairs in training data (e.g., 
labeled classification/relation extraction examples).

Jiang et al. 2020, “How Can We Know What Language Models Know?”



Prompt engineering
• Prompt paraphrasing: automatically generate paraphrases of a 

manual prompt, and see which ones perform best on evaluation 
data.

Yuan et al. 2021, “BARTSCORE: Evaluating Generated Text as Text Generation”



Prompt engineering
• Prompt optimization: given training data in the form of input/output 

pairs, learn the prompts (and output labels) that maximize the 
probability of that training data.

Shin et al. 2020, “AUTOPROMPT: Eliciting Knowledge from Language Models with Automatically Generated Prompts”



Prompt augmentation
• Providing several examples in the prompt context to illustrate the intended 

behavior.

Answered 
prompts



Answer engineering

X: This movie was amazing.  Y: • positive


• great


• excellent


• fantastic


• amazing



Language models
• Remember that these are all still language models that let us calculate the 

probability of a term (or sequence) conditioned on some context.

P(x) =
n

∏
i=1

P(xi ∣ x1, …, xi−1)



Answer engineering
• For classification with a discrete output space, 


• E.g., classification with output space = {positive, negative, neutral} and input 
prompt “X: This movie was amazing.  Y:”

PGPT−3(wn = positive ∣ w1,…,n−1 = "X: This movie was amazing. Y:")

PGPT−3(wn = negative ∣ w1,…,n−1 = "X: This movie was amazing. Y:")

PGPT−3(wn = neutral ∣ w1,…,n−1 = "X: This movie was amazing. Y:"){argmax



Liu et al. 2021

Answer engineering

• Answer mapping: create a dictionary of allowable generations Z 
(e.g., great, fantastic, amazing, awesome, terrible, bad, horrible) and 
then map them to output labels (great→positive, fantastic→positive, 
terrible→negative, bad→negative, horrible→negative).



Liu et al. 2021

Answer engineering
• Answer paraphrasing: use a thesaurus to construct alternations of 

allowable generations (positive={great, amazing, awesome, good}) 
and calculate the probability of a class as the sum of the probability 
of all elements in the dictionary (Jiang et al. 2020)



Documentation debt
• As Bender et al. 2021 notes, “documentation allows for accountability” 

and it’s often unclear what data these models are trained on (e.g., 
mysterious books1 and books2 corpora).


• When known, training data encodes narrow perspectives — e.g., links 
shared on Reddit; filtering out pages containing words related to sex (as 
C4 does) filters pornography but also positive sex discussions.


• Biases in training data can lead to representational harms  
[Kurita et al. 2019; Hutchinson et al. 2020; Gehman et al. 2020]

Bender et al. 2021, “On the Dangers of Stochastic Parrots: Can Language Models Be Too Big?”



Toxic generation

• Language models like GPT-{1,2,3} 
trained on toxic data (e.g., banned 
subreddits like /r/The_Donald or /r/
WhiteRights) reproduce that toxicity 
in both prompted and unprompted 
generations

Sap et al. (2020), “RealToxicityPrompts: Evaluating Neural Toxic Degeneration in Language Models”



Privacy
• Large language models (e.g,. GPT-3, 

BERT) can memorize training data, which 
is recoverable from it.


• Potential violations of confidential data 
(e.g., GMail messages) and contextual 
integrity (data being published in a way 
that violates a user’s expectations of use).

Carlini et al. (2020), “Extracting Training Data from Large Language Models”



Aligning Language Models

Lacker (2020), "Giving GPT-3 a Turing Test” (https://lacker.io/ai/2020/07/06/giving-gpt-3-a-turing-test.html); Brown et al. 
(2020), “Language Models are Few-Shot Learners” (NeurIPS)

Q: How many bonks are in a quoit?

A: There are three bonks in a quoit.


Q: How many rainbows does it take to jump from Hawaii to seventeen?

A: It takes two rainbows to jump from Hawaii to seventeen.


• All of the models we’ve discussed so far (BERT, GPT-*) are optimized to 
predict the probabilities of words—-not to encourage (or discourage) any 
specific kind of behavior.

https://lacker.io/ai/2020/07/06/giving-gpt-3-a-turing-test.html


Instruct-GPT
• We can encourage specific behaviors by providing 

feedback to the model, in two forms:


• Given a prompt (“How many rainbows does it take 
to jump from Hawaii to seventeen?”), a human 
writes a preferred response (“A rainbow is not a 
unit of measurement.”).  13K prompts/labels.


• Fine-tune a pretrained model (e.g., GPT-3) on that 
supervised data to produce a supervised policy (a 
distribution over words to produce given a model 
state).

https://arxiv.org/pdf/2203.02155.pdf



Instruct-GPT
• We can encourage specific behaviors by 

providing feedback to the model, in two forms:


• Given a prompt and a set of model responses, a 
human ranks those responses from best to worst, 
defining a preference. 33K prompts + 4-9 
outputs per prompt.

• Train a reward model (using reinforcement 
learning) to score an output reflecting those 
learned ranks.

https://arxiv.org/pdf/2203.02155.pdf



ChatGPT



ChatGPT



• Final project involving 1 to 3 students involving natural language processing -- either 
focusing on core NLP methods or using NLP in support of an empirical research question. 


• Proposal (1000 words, excluding references):


• outline the work you’re going to undertake

• motivate its rationale as an interesting question worth asking

• assess its potential to contribute new knowledge by situating it within related 

literature in the scientific community. (cite 5 relevant sources)

• who is the team and what are each of your responsibilities (everyone gets the 

same grade)


• Feel free to come by my office hours and discuss your ideas!

259 project proposal 
due 3/5


