
Natural Language Processing
Info 159/259 

Lecture 9: BERT, Prompting methods, RLHF (Feb 14, 2024) 

Many slides & instruction ideas borrowed from:  
David Bamman, Mohit Iyyer & Greg Durrett 



Logistics
• AP0 is due this Friday Feb 16 

• Exam 1 is next Wednesday Feb 21  

• Homework 3 will be out soon 

• Will be due Thursday Feb 22. 

• Quiz 4 will be out tomorrow (due next Sunday Feb 18) 

• Today: Large Language Models



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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Transformer-based model to predict masked 
word using bidirectional context + next sentence 
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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.
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This whole process defines 
one attention block.  The 
input is a sequence of 
(e.g. 100-dimensional) 
vectors; the output of each 
block is a sequence of 
(100-dimensional) vectors.
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The dog barked

This whole process defines one attention block.  
The input is a sequence of (e.g. 100-
dimensional) vectors; the output of each block is 
a sequence of (100-dimensional) vectors. 

Transformers can stack many such blocks; 
where the output from block b is the input to 
block b+1.



The dog barked

e1,1 e1,2 e1,3

Each token in the input starts out represented 
by token and position embeddings
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The value for time step j at layer i is the result 
of attention over all time steps in the previous 

layer i-1

The dog barked
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The dog barked
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The dog barked
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The dog barked
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The dog barked
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At the end of this process, we have one 
representation for each layer for each token
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WordPiece
• BERT uses WordPiece tokenization, which segments some morphological 

structure of tokens 

• Vocabulary size: 30,000

The The
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The dog bark
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[SEP][CLS]

0.1 0.7 -0.5 0.8

e1,2

2.5 -1.7 -0.9 -2.8

e1,3

-0.5 -1.1 -0.6 1.4

e1,4

0.6 -1.7 1.6 2.1

e1,5

1.1 -0.9 0.5 0.1

e1,6

#ed

-1.7 -0.6 -0.5 -1.6

e2,1

0.6 0.2 2 0.9

e2,2

0.5 1.9 -1.2 -0.2

e2,3

-0.6 -0.7 -1.4 -2.1

e2,4

-1.1 0 -1.6 -0.7

e2,5

1.9 0.6 -0.4 -0.3

e2,6

0.3 0.2 0.7 0

e3,1

-1.6 -0.6 -0.3 -0.4

e3,2

-1 -0.6 2.3 0.9

e3,3

-0.1 0.2 0.4 -0.6

e3,4

1.1 -1.5 0.3 0.4

e3,5

-0.4 -1.1 -0.6 -0.3

e3,6

• BERT also encodes each sentence by appending a special token to the 
beginning ([CLS]) and end ([SEP]) of each sequence. 

• This helps provides a single token that can be optimized to represent the 
entire sequence (e.g., for document classification)



The dog bark
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• We can represent the entire document with this one [CLS] vector 
• Why does this work? When we design our network so that a 

classification decision relies entirely on that one vector and allow all 
the parameters of the network to be updated, the parameters of the 
model are optimized to compress all the relevant information into that 
one vector so that it can predict well (and minimize the loss).
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• We can represent the entire document with this one [CLS] vector 
• Why does this work? When we design our network so that a 

classification decision relies entirely on that one vector and allow all 
the parameters of the network to be updated, the parameters of the 
model are optimized to compress all the relevant information into that 
one vector so that it can predict well (and minimize the loss).



BERT

• Learn the parameters of this model with two objectives: 

• Masked language modeling 
• Next sentence prediction



Masked LM

• Mask one word from the input and try to predict that word as the output 

• More powerful than an RNN LM (or even a BiRNN LM) since it can reason 
about context on both sides of the word being predicted. 

• A BiRNN models context on both sides, but each RNN only has access to 
information from one direction.
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The dog [MASKED]
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Next sentence prediction

• For a pair of sentences, predict from [CLS] representation whether 
they appeared sequentially in the training data: 

➕   [CLS] The dog bark #ed [SEP] He was hungry 

➖   [CLS] The dog bark #ed [SEP] Paris is in France



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!



BERT

https://github.com/google-research/bert



https://huggingface.co/transformers/pretrained_models.html



Evolution of the Paradigm
Fully Supervised (feature Engineering)

Architecture Engineering

Pretrain+Finetune: Objective Engineering

Before 2014

2014-2019

2019

…. ….



Pretrain + Fine-tune
• The LLM backbone gets trained with its objectives 

• The backbone gets fine-tuned for specific task in supervised manner 

•

Pretraining Fine-tuning



https://bertlang.unibocconi.it
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resolution



• Hewitt et al. 2019 

• Tenney et al. 2019 

• McCoy et al. 2019  

• Liu et al. 2019 

• Clark et al. 2019 

• Goldberg 2019 

• Michel et al. 2019

Pre-trained models for BERT, 
Transformer-XL, ALBERT, RoBERTa, 
DistilBERT, GPT-2, etc. for English, 
French, “Multilingual” 

https://huggingface.co 

Bertology Code

https://huggingface.co


• Even though BERT is mainly trained on 
a language modeling objective, it learns 
a lot about the structure of language — 
even without direct training data for 
specific linguistic tasks. 

• Probing experiments uncover what—-
and where (in what layers)—-pretrained 
BERT encodes this information.

Probing

Tenney et al. (2019), "BERT Rediscovers the Classical NLP Pipeline"



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



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

∏
i=1

P(xi ∣ x1, …, xi−1, xi+1, …, xn)
Masked LM 
(BERT)

P(x) =
n

∏
i=1

P(xi ∣ x1, …, xi−1)Left-to-right LM 
(GPT)
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BERT



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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• Self-attention for token i at layer j only 
attends to tokens 1 through i at layer j-1
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The dog barked
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The dog barked
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attends to tokens 1 through i at layer j-1



e3,1

The dog barked

e1,1 e1,2 e1,3

e2,3e2,2e2,1

-0.2 1 0.1 -0.8 -1.1 0.3 0.3 -1.7 0.7 -1.1 1.6 -0.3 -0.9 -0.7 0.2

-0.7 -1.3 0.4 -0.4 -0.7 1.2 -1.1 1.1 0.6 0.3 -0.1 -0.7 -0.1 0.9 -1.1

-0.2 0.3 2.1 1.2 0.6



e3,2

The dog barked

e1,1 e1,2 e1,3

e2,3e2,2e2,1

e3,1

-0.2 1 0.1 -0.8 -1.1 0.3 0.3 -1.7 0.7 -1.1 1.6 -0.3 -0.9 -0.7 0.2

-0.7 -1.3 0.4 -0.4 -0.7 1.2 -1.1 1.1 0.6 0.3 -0.1 -0.7 -0.1 0.9 -1.1

-0.2 0.3 2.1 1.2 0.6 -1.8 -0.2 -2.4 -0.2 -0.1



-0.2 1 0.1 -0.8 -1.1 0.3 0.3 -1.7 0.7 -1.1 1.6 -0.3 -0.9 -0.7 0.2

-0.7 -1.3 0.4 -0.4 -0.7 1.2 -1.1 1.1 0.6 0.3 -0.1 -0.7 -0.1 0.9 -1.1

-0.2 0.3 2.1 1.2 0.6 -1.8 -0.2 -2.4 -0.2 -0.1

e3,3

-0.9 -1.5 -0.7 0.9 0.2

The dog barked

e1,1 e1,2 e1,3

e2,3e2,2e2,1

e3,2e3,1



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 _____________



In Context Learning

• Provide the pattern;  LLM is expected to continue with it. 

• Use the off-the-shelf model: 

• No Gradient update and parameter change.  



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



Evolution of Paradigm
Fully Supervised (feature Engineering)

Architecture Engineering

Pretrain+Finetune: Objective Engineering

Pretrain, prompt, predict: Prompt Engineering

Before 2014

2014-2019

2019-2021

2021-…



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”



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

behavior.

Answered 
prompts



Concerns on LLMs
• Concerns on the current trend LLM expansions 

• Data and representation 

• Economic and environmental 

• Privacy 

• …. 

• Worldwide debates on regulations



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

and it’s often unclear what data these models are trained on. 

• 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?”



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: 

• (1) 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: 

• (2) 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



How many bonks …



How many rainbows …



More on LLMs



Logistics
• AP0 is due this Friday Feb 16 

• Exam 1 is next Wednesday Feb 21  

• Homework 3 will be out soon 

• Will be due Thursday Feb 22. 

• Quiz 4 will be out tomorrow (due this Sunday Feb 18) 

• Have a good long weekend & good luck in exam 1.


