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Number of parameters is a bad proxy for model flexibility

How you use the parameters matters much more!

The Path to LLMs
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[CLS] MIT was [MASK]   i n  [MASK]

1861

Pretrain as a masked 
language model

Fine-tune part (or all) of the 
network for downstream tasks

[CLS] The movie was    great  !

founded

BERT Review



BERT Review

Results were remarkably strong



Why does this work?

BERT Review



[CLS] MIT was [MASK]   i n  [MASK]

1861

Pretrain as a masked 
language model

founded Predicting words in context requires
linguistic & world knowledge!

Such knowledge is implicitly captured 
within the Transformer’s parameters. 
(Distributional hypothesis)

BERT Review



Recall that a language model estimates the probability 
of any sequence of words x (e.g., a sentence).

= ?

BERT Review

Image is in the public domain.



Thus, BERT is NOT a language model.

Nowadays, “large language model” ≈ large Transformer 
pre-trained with a self-supervised objective

(next-word prediction)

BERT Review



So far, we’ve used the masked language modelling objective 
to pre-train Transformers for representation learning

These learned representations were highly effective for 
downstream tasks.

Yet, this pretrain-then-finetune paradigm still requires non-
trivial amounts of labelled data (e.g., hundreds of samples)

LLMs Review



LLMs Review



[Wei et al. ’22]

Emergent Abilities of LLMs



GPT-3
Few-shot “In-Context Learning” with LLMs

[Brown et al. ’20]

The GPT-3 
paper
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How can we fiddle with the context that we give to language

models to get them to do what we want?

Prompting



Input “demonstration data” as history
⇒ LM learns to infer what the task is from exemplars

N is typically 1-32

[Brown et al. ’20]

“In-Context Learning” with LMs



[Brown et al. ’20]

“In-Context Learning” with LMs

© Brown et al. All rights reserved. This content 
is excluded from our Creative Commons 
license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/



Task description 
optional if given 
exemplars

[Brown et al. ’20]

“In-Context Learning” with LMs

© Brown et al. All rights reserved. This content 
is excluded from our Creative Commons 
license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/



[Brown et al. ’20]

“In-Context Learning” with LMs

© Brown et al. All rights reserved. This content 
is excluded from our Creative Commons 
license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/



Training examples 
(two-shot)

Test example

LM

[Example from Zhao et al. ’21]“Positive”

“In-Context Learning” with LMs

© Zhao et al. All rights reserved. This content is 
excluded from our Creative Commons license. For 
more information, see 
https://ocw.mit.edu/help/faq-fair-use/
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What are possible issues 
with In-Context Learning?



Need to turn labels into 
natural language

LM

[Example from Zhao et al. ’21]“Positive”

“In-Context Learning” with LMs

© Zhao et al. All rights reserved. This content is 
excluded from our Creative Commons license. For 
more information, see 
https://ocw.mit.edu/help/faq-fair-use/



Need to turn labels into 
natural language

Extra text on top of 
input/outputs

LM

[Example from Zhao et al. ’21]“Positive”

“In-Context Learning” with LMs

© Zhao et al. All rights reserved. This content is 
excluded from our Creative Commons license. For 
more information, see 
https://ocw.mit.edu/help/faq-fair-use/



Need to turn labels into 
natural language

Extra text on top of 
input/outputs

Templates for turning 
demonstration data into context

LM

[Example from Zhao et al. ’21]“Positive”

“In-Context Learning” with LMs

© Zhao et al. All rights reserved. This content is 
excluded from our Creative Commons license. For 
more information, see 
https://ocw.mit.edu/help/faq-fair-use/



Performance increases as the 
number of demonstration 
examples increases, but it
saturates.

Still underperforms models 
finetuned on lots of training 
data.

[Brown et al. ’20]

“In-Context Learning” vs Finetuning

© Brown et al. All rights reserved. This content 
is excluded from our Creative Commons 
license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/



In-context learning 
capabilities improve with 
model size.

[Brown et al. ’20]

Performance as a function of LM size

© Brown et al. All rights reserved. This content 
is excluded from our Creative Commons 
license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/



Sensitive to ordering 
of examples?

In-Context Learning Issues

“We demonstrate that the order in which the samples are 

provided can make the difference between near state-of-the-

art and random guess performance: essentially some 

permutations are “fantastic” and some not. We analyse this 

phenomenon in detail, establishing that: it is present across 

model sizes (even for the largest current models).”

Lu et al., 2022

https://arxiv.org/pdf/2104.08786


In-Context Learning Issues

Zhang et al., 2022

Sensitive to Label 
Distribution?

Sensitive to Label 
Coverage?

Courtesy of Zhang, 
Feng, and Tan. Used 
under CC BY.

https://arxiv.org/pdf/2211.04486


In-Context Learning Issues

Min et al., 2022

Correctness of the In-
Context examples 
doesn’t really matter?

Courtesy of Min et al. Used under CC BY.

https://arxiv.org/abs/2202.12837


In-Context Learning Issues

Min et al., 2022

Correctness of the In-
Context examples 
doesn’t really matter?

Courtesy of Min et al. Used under CC BY.

https://arxiv.org/abs/2202.12837


What do we use as label tokens (“verbalizer”)?

In-Context Learning Issues



Translation

Summarization 

Entity Recognition 

Event Extraction 

Sentiment Analysis

...

Collect Data Train ModelTask

Few-shot Learning Impact



Translation

Summarization

Entity Recognition

...

Collect Data Prompt ModelTask

Event Extraction

Sentiment Analysis

Only a few examples are 
enough to get started!

Single model for 
all tasks!

Few-shot Learning Impact



LLMs still have difficulty with 
questions that require 
“reasoning”.

How do humans reason? 
With intermediate reasoning 
step!

[Wei et al. ’22]

Reasoning Capabilities

Courtesy of Wei, et al. Used under CC BY.
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[Wei et al. ’22]

Idea: feed language representations of 
reasoning steps as additional input.

These reasoning steps are manually 
written by humans.

Given text example, LM predicts the 
reasoning steps and then outputs the 
answer.

“Chain-of-Thought” Prompting

Courtesy of Wei et al. Used under CC BY.



“Chain-of-Thought” Prompting

Few-shot Prompting
(no Chain-of-Thought)

Courtesy of Wei et al. Used under CC BY.



[Wei et al. ’22]

“Chain-of-Thought” Prompting

Courtesy of Wei et al. Used under CC BY.



[Wei et al. ’22]

“Chain-of-Thought” Prompting

Courtesy of Wei et al. Used under CC BY.



[Wei et al. ’22]

“Chain-of-Thought” Prompting

Courtesy of Wei et al. Used under CC BY.



Massive improvements in 
performance

As before, benefits from 
CoT are more 
pronounced at larger 
model sizes

[Wei et al. ’22]

“Chain-of-Thought” Prompting

Courtesy of Wei et al. Used under CC BY.



[Kojima et al. ’22]

Zero-shot “Chain-of-Thought” Prompting

© Kojima et al. All rights reserved. This content is excluded from our Creative Commons 
license. For more information, see https://ocw.mit.edu/help/faq-fair-use/



[Kojima et al. ’22]

Zero-shot “Chain-of-Thought” Prompting

© Kojima et al. All rights reserved. This content is excluded from our Creative Commons 
license. For more information, see https://ocw.mit.edu/help/faq-fair-use/



Massive improvements 
in performance (again).

Sometimes even 
outperforms few-shot 
CoT!

[Kojima et al. ’22]

Zero-shot “Chain-of-Thought” Prompting

© Kojima et al. All rights reserved. This content is excluded from our Creative Commons 
license. For more information, see https://ocw.mit.edu/help/faq-fair-use/



[Kojima et al. ’22]

Zero-shot “Chain-of-Thought” Prompting

© Kojima et al. All rights reserved. This content is excluded from our Creative Commons 
license. For more information, see https://ocw.mit.edu/help/faq-fair-use/



[Kojima et al. ’22]

Zero-shot “Chain-of-Thought” Prompting

© Kojima et al. All rights reserved. This content is excluded from our Creative Commons 
license. For more information, see https://ocw.mit.edu/help/faq-fair-use/



[Yang et al. ’23]

Searching for magic optimal prompts



NLP research in 2009

© source unknown. All rights reserved. This 
content is excluded from our Creative Commons 
license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/



NLP research in 2009

© source unknown. All rights reserved. This 
content is excluded from our Creative Commons 
license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/



Prompt Engineering

© Google, Forbes, and Business Insider. All rights reserved. 
This content is excluded from our Creative Commons license. 
For more information, see 
https://ocw.mit.edu/help/faq-fair-use/
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[Example from Zhao et al. ’21]“Positive”

LM

Training examples 
(two-shot)

Test example

Review: Few-shot Learning via Prompting

© Zhao et al. All rights reserved. This content is 
excluded from our Creative Commons license. For 
more information, see 
https://ocw.mit.edu/help/faq-fair-use/



Motivation: Zero-shot Learning via Prompting

Created with InstructGPT.



Motivation: Zero-shot Learning via Prompting

Created with InstructGPT.



Motivation: Zero-shot Learning via Prompting

Created with InstructGPT.



Need Instructions in the Zero-shot Case

Created with InstructGPT.



Conditioning on instructions doesn’t always work!

Created with InstructGPT.



Conditioning on instructions doesn’t always work!

Created with InstructGPT.



From “InstructGPT”

Conditioning on instructions doesn’t always work!

Created with InstructGPT.



Instruction-following data:

• Task-based: transform existing NLP tasks

• Demonstration-based: collect human demonstrations

Instruction Tuning

Key idea:

• Finetune language models on “instruction following” data.

• ⇒ Hopefully, this will activate the “instruction-following mode”
of the language model.

• ⇒ and it will generalize to new tasks/instructions!



[Wei et al. ’22]

Emergent Abilities of LLMs



Why isn’t instruction-tuning enough?

“Explain LLMs to a 5 year -old.”

“Give me a l i s t  o f good Korean 
restaurants i n Boston.”

“Help me wr i te a PyTorch
implementation o f an RNN
language model.”

“When was MIT founded?”

Instruction prompts



Why isn’t instruction-tuning enough?

“Explain LLMs to a 5 year -old.”

“Give me a l i s t  o f good Korean 
restaurants i n Boston.”

“Help me wr i te a PyTorch
implementation o f an RNN
language model.”

“When was MIT founded?”

Instruction prompts Human-generated answers

“Large language models (LLMs) are l i k e … ”

“There are no good Korean restaurants in
Boston.”

“ import to rch ; …”

“MIT was founded i n 1861.”



Why isn’t instruction-tuning enough?

“Explain Transformers to me.”

Test time

“A transformer i s a passive component 
tha t t ransfers e l e c t r i c a l energy …”

“Where i s MIT located?” “MIT i s located Cambridge, MA.”
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Test time
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i n my in te rna l knowledge.”



Why isn’t instruction-tuning enough?

“Explain Transformers to me.”

Test time

“A transformer i s a passive component 
tha t t ransfers e l e c t r i c a l energy …”

“Where i s MIT located?” “MIT i s located Cambridge, MA.”

“Who won the 2028 World Cup?” “Argentina won i t . ”

“Can you give me ideas on how I
could cheat i n my midterm?”

“Sure, you could…”

“ I don’ t know, t h i s i s not 
i n my in te rna l knowledge.”



Why isn’t instruction-tuning enough?

“Explain Transformers to me.”

Test time

“A transformer i s a passive component 
tha t t ransfers e l e c t r i c a l energy …”

“Where i s MIT located?” “MIT i s located Cambridge, MA.”

“Who won the 2028 World Cup?” “Argentina won i t . ”

“Can you give me ideas on how I
could cheat i n my midterm?”

“Sure, you could…”

“ I don’ t know, t h i s i s not 
i n my in te rna l knowledge.”

“Sor ry, I cannot ass is t with 
tha t request. Cheating 
undermines your education…



Created with ChatGPT..



Larger models are 
sometimes less truthful!

(Why?)

[Lin et al. ’21; Hendrycks ’22]

Why isn’t instruction-tuning enough?



Pretrained LM

We don’t know what is in the model’s “internal knowledge”

We want to make sure the model’s response are not harmful or used for 
malicious purposes.

Need to align LM’s responses with human preferences.

“Helpful, honest, and harmless” [Bai et al. ’22]

Why isn’t instruction-tuning enough?



+RL

2020

Created with ChatGPT 4o.



Outline

20

Motivation

Rewards

RLHF

DPO

Remaining Issues/Ideas



Outline

21

Motivation

Rewards

RLHF

DPO

Remaining Issues/Ideas



Reward

• Imagine you’re interested in a particular task (e.g., summarization).
Original Article

© MIT; image by Alex Shipps/MIT CSAIL. All rights reserved. This content 
is excluded from our Creative Commons license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/



Reward

• There are infinite possible sentences (e.g., summaries) a LM could generate

• We can sample/generate a few

• Ideally, we’d love to further fine-tune our LM on good demonstration-based
instructions-tuned data

• we need to know what outputs are actually good

Created with ChatGPT.



Reward

• There are infinite possible sentences (e.g., summaries) a LM could generate

• We can sample/generate a few

• Ideally, we’d love to further fine-tune our LM on good demonstration-based
instructions-tuned data

• we need to know what outputs are actually good

• let’s get a human to annotate such!

Created with ChatGPT.



Reward

Let’s define our conditional LM to be parameterized as

And say we have an oracle (aka perfect) 
reward function that optimally assigned a 

scalar value, informing us of how good       is

We’d want to find the parameters      that cause our LM 
to maximize the expected reward.

current text so faroutput



Reward

Let’s define our conditional LM to be parameterized as

And say we have an oracle (aka perfect) 
reward function that optimally assigned a 

scalar value, informing us of how good       is

current text so faroutput

We want to learn an optimal “policy”, i.e., want to find the 
parameters      that cause our LM to maximize the expected reward.

“policy”



Reward

We can try to perform gradient ascent 

How can we estimate 
this expectation?

Our reward function 
isn’t differentiable

Slide inspired by Jesse Mu

Classical policy gradient methods in RL (e.g., REINFORCE) can 
help us optimize this [Williams, 1992]

https://jesse.mu/
https://link.springer.com/article/10.1007/BF00992696
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