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Lecture 14: 
Large Language Models
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Last time: Self-Supervised Learning 
Pretext then Transfer
Step 1: Pretrain a 
network on a pretext 
task that doesn’t 
require supervision

Step 2: Transfer 
encoder to 
downstream tasks via 
linear classifiers, 
KNN, finetuning

Downstream tasks:
Image classification,
object detection,
semantic segmentation
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Recap: Self-Supervised

Get labels for free! 

● What we want are good representations, which we can use for 
downstream tasks. 

● The more data, the better → but labeled data is expensive and limited

● So people started using unlabeled data, which let them scale, which 
improved representations.
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Identify different textures
Identify different colors
Identify which pixels are parts of an object
Understand parts of objects which make up the whole
Understand the context of the object/animal in the image
Understand lighting conditions
Understand objects close up/far away
Have common-sense reasoning skills
Learn which features are associated with which dog

Skills needed to 
classify dogs

Recap: Self-Supervised
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Identify different textures
Identify different colors
Identify which pixels are parts of an object
Understand parts of objects which make up the whole
Understand the context of the object/animal in the image
Understand lighting conditions
Understand objects close up/far away
Have common-sense reasoning skills
Learn which features are associated with which dog

General visual 
modelling skills
(Can be learned with 
Self Supervised)

Specific (Supervised)

Recap: Self-Supervised
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Knowledge of words/letters
Knowledge of grammar
Meanings of words
Understanding context of words
Keeping track of entities over time
Understanding expressions/idioms
Understanding tone
Learning which features are associated with each genre

Skills needed to 
classify book 
genres

Self-Supervised for Language
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Knowledge of words/letters
Knowledge of grammar
Meanings of words
Understanding context of words
Keeping track of entities over time
Understanding expressions/idioms
Understanding tone
Learning which features are associated with each genre

Self-Supervised for Language

General language 
modelling skills
(Can be learned with 
Self Supervised)

Specific (Supervised)
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Knowledge of words/letters
Knowledge of grammar
Meanings of words
Understanding context of words
Keeping track of entities over time
Understanding expressions/idioms
Understanding tone
Learning which features are associated with each genre

Self-Supervised for Language

General language 
modelling skills
(Can be learned with 
Self Supervised)

Specific (Supervised)

Want: model with general understanding of language (Language model!)
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LLMs
Building LLMs: Pre-training objectives + architectures

- Encoder only
- Decoder only
- Encoder Decoder

Improving Models without Finetuning

Improving Models with Finetuning
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LLMs
Building LLMs: Pre-training objectives + architectures

- Encoder only
- Decoder only
- Encoder Decoder

Improving Models without Finetuning

Improving Models with Finetuning
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Pretext… then Transfer!

Last time
Pre-training tasks
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Pretext… then Transfer!

Last time
Pre-training tasks

https://docs.google.com/file/d/1Gf5z33_8ASpaVcfSwv3XffxvGo_pKqy_/preview
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Last time
Pre-training tasks

rotation in-painting colorization

1. Solving the pretext tasks allow the model to learn good features.

2. We can automatically generate labels for the pretext tasks.

Source: Google AI blog postGidaris et al. 2018 Pathak et al., 2016

Not too easy, 
not too hard!

https://ai.googleblog.com/2018/06/self-supervised-tracking-via-video.html
https://arxiv.org/abs/1803.07728
https://arxiv.org/pdf/1604.07379.pdf
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Last time
Pre-training tasks

rotation in-painting

colorization

Source: Google AI blog post

Gidaris et al. 2018 Pathak et al., 2016

Common recipe in vision:

1. Take original data

2. Remove/obscure information

3. Ask model to get back to the 
original instance

https://ai.googleblog.com/2018/06/self-supervised-tracking-via-video.html
https://arxiv.org/abs/1803.07728
https://arxiv.org/pdf/1604.07379.pdf
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Last time
Pre-training tasks

rotation in-painting

What to use as pre-training task for language?

colorization
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It’s cold today! Don’t forget to wear a jacket. 

The Space Needle is a popular tourist attraction in Seattle.

I missed the bus. 

I had 3 pencils and lost one so now I have 2 pencils. 

Pre-training task for language

16
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It’s cold today! Don’t forget to wear a _____________. 

The _____________ is a popular tourist attraction in Seattle.

I missed ___ bus. 

I had 3 pencils and lost one so now I have ______ pencils. 

Pre-training task for language

17
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It’s cold today! Don’t forget to wear a jacket. 

The Space Needle is a popular tourist attraction in Seattle.

I missed the bus. 

I had 3 pencils and lost one so now I have 2 pencils. 

Pre-training task for language

18
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It’s cold today! Don’t forget to wear a jacket. 

The Space Needle is a popular tourist attraction in Seattle.

I missed the bus. 

I had 3 pencils and lost one so now I have 2 pencils. 

Pre-training task for language

19

Common Sense

Factual knowledge

Grammar

Math/ Reasoning
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What is a Language Model?

A model that can calculate the probability of a sequence of text.

It can calculate the probability distribution of the next word, given the words that 
came before it.

The    students    opened      their 

…

LM
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What is a Language Model?
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What is a Language Model?
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What is an LLM?

A Large Language Model!

The term is relatively new (~2020), but the models themselves have been 
around for a while before that, so we’re going to refer to them as LLMs.
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LLMs
Encoder Only: 

I love cake

I love 

I love cake me gusta 

24

understand

generate

understand + generate

Decoder Only: 

Encoder-Decoder:



Ranjay Krishna, Amita Kamath Lecture 14 - May 14, 2026

LLMs

I love cake

I love 

I love cake me gusta 

25

Encoder Only: 

Decoder Only: 

Encoder-Decoder: 
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Remember: Pre-train and then fine-tune

Step 1: Pretrain a 
network on a pretext 
task that doesn’t 
require supervision

Step 2: Transfer 
encoder to 
downstream tasks via 
linear classifiers, 
KNN, finetuning

Downstream tasks:
Image classification,
object detection,
semantic segmentation
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ELMo (Embeddings from Language Models)

RNN

This      wall       needs    another of       paint

wall    needs    another    coat coat        of

Predict word based on 
previous words

Predict word based on 
following words

27

Pre-training task
This wall needs another coat of paint

Peters et al. Deep contextualized word representations. 2018.
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RNN

This      wall       needs    another
of       paint

coat coat
“coat” 

representation

28

ELMo (Embeddings from Language Models)

This wall needs another coat of paint

Peters et al. Deep contextualized word representations. 2018.

Pre-training task
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“coat” 
representation

29

Task-Specific Model

ELMo (Embeddings from Language Models)
Application to downstream tasks
This wall needs another coat of paint

Output

Fine-tune

Peters et al. Deep contextualized word representations. 2018.

Task:  Part-of-Speech Tagging
Output:  “Noun” 
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Vision: Pre-train and then fine-tune

Step 1: Pretrain a 
network on a pretext 
task that doesn’t 
require supervision

Step 2: Transfer 
encoder to 
downstream tasks via 
linear classifiers, 
KNN, finetuning

Downstream tasks:
Image classification,
object detection,
semantic segmentation
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Language: Pre-train and then fine-tune

Step 1: Pretrain a 
network on a pretext 
task that doesn’t 
require supervision

Step 2: Transfer 
encoder to 
downstream tasks via 
linear classifiers, 
KNN, finetuning

Downstream tasks:
Sentiment 
classification, NLI, 
…

This      wall       needs    another of       paint

wall    needs    another    coat coat       of

“coat” 
represen

tation

Task Specific 
Model

Output

Fine-tune
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It’s cold today! Don’t forget to wear a coat. 

This wall needs another coat of paint

  0.286 
  0.792 
−0.177 
−0.107 
  0.109 
−0.542 
  0.349 
  0.271

coat =

ELMo vs GloVe

32

GloVe embeddings use the same vector for every instance of a word, 
no matter the context.

ELMo embeddings are contextualized.
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ELMo Results

33
Source: Peters et al. Deep contextualized word representations. 2018.

https://arxiv.org/abs/1802.05365
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ELMo

34

Used RNNs… what about transformers? February 2018
ELMo

June 2017
Transformer
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ELMo

35

Used RNNs… what about transformers?

Let’s combine:

(1) ELMo approach of gathering general knowledge about world

(2) Powerful multi-purpose architecture that is the transformer

February 2018
ELMo

June 2017
Transformer

October 2018
BERT

May 2019
ERNIE

May 2019
GROVER

July 2020
BIG BIRD…
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Recall: Transformer encoder block

x2x1x0 x3

Multi-head self-attention

+

Layer norm

Layer norm

MLP

+

y1 y2y0 y3

z0,2z0,1z0,0 z2,2...

c0,2c0,1c0,0 c2,2...

Tr
an

sf
or

m
er

 e
nc

od
er

... x N

Transformer Encoder Block:

Inputs: Set of vectors x
Outputs: Set of vectors y

Self-attention is the only
interaction between vectors.

Layer norm and MLP operate
independently per vector.

Highly scalable, highly
parallelizable, but high memory 
usage.

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Positional encoding
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Encoder Only: BERT (Bidirectional Encoder Representations from Transformers)
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Input: Text sequence
Output: Feature Vector (contextualized embedding)

Outputs:
context vectors: y (shape: Dv)

Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.
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Encoder Only: BERT
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Input: Text sequence
Output: Feature Vector

Outputs:
context vectors: y (shape: Dv)

Cake

Love

I

Outputs:
context vectors: y (shape: Dv)

Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.
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ELMo (Embeddings from Language Models)

RNN

This      wall       needs    another of       paint

wall    needs    another    ____ ____         of

39

“coat”
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Encoder Only: BERT

40

Input: Text sequence
Output: Feature Vector

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Cake

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

What information do 
the y vectors contain?

Just copying the input!

Because they can see 
the whole input, unlike 
sequential RNNs.

Pre-training task        
too easy!!

Outputs:
context vectors: y (shape: Dv)

LoveI Cake

Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.
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Encoder Only: BERT

41

Input: Text sequence
Output: Feature Vector

mul(→) + add (↑)
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I Love Cake

Randomly select 15% of 
tokens. 

80% – [MASK]
10% – random token
10% – keep same

[MASK]

Outputs:
context vectors: y (shape: Dv)

Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.
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Encoder Only: BERT

42

Input: Text sequence
Output: Feature Vector

CakeI [MASK]

CakeI love

Transformer

Randomly select 15% of tokens. 
80% – [MASK]
10% – random token
10% – keep same

1. Masked Language Modeling

Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.
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Encoder Only: BERT

43

Input: Text sequence
Output: Feature Vector

Cake [SEP]I [MASK][CLS] goodIt’s so [SEP]

Cake [SEP]I love[CLS] goodIt’s so [SEP]

Transformer

Randomly select 15% of tokens. 
80% – [MASK]
10% – random token
10% – keep same

Does sentence 2 follow sentence 1?

1. Masked Language Modeling
2. Next Sentence Prediction

Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.
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Encoder Only: BERT

44

Input: Text sequence
Output: Feature Vector

Cake [SEP]I [MASK][CLS] goodIt’s so [SEP]

Cake [SEP]I love[CLS] goodIt’s so [SEP]

Transformer

Randomly select 15% of tokens. 
80% – [MASK]
10% – random token
10% – keep same

Does sentence 2 follow sentence 1?

1. Masked Language Modeling → reconstruction
2. Next Sentence Prediction → classification

Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.

Note: “reconstruction” is 
classification over the vocabulary, 
the same way NSP “classification” 
is classification over 2 classes.
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Encoder Only: BERT

45

Application to downstream tasks

Image Source: Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.

https://arxiv.org/abs/1810.04805
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Encoder Only: BERT

46

Application to downstream tasks

Image Source: Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.

https://arxiv.org/abs/1810.04805
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ELMO: Two step process

Step 1: Pretrain a 
network on a pretext 
task that doesn’t 
require supervision

Step 2: Transfer 
encoder to 
downstream tasks via 
linear classifiers, 
KNN, finetuning

Downstream tasks:
Sentiment 
classification, NLI, 
…

This      wall       needs    another of       paint

wall    needs    another    coat coat       of

“coat” 
represen

tation

Task Specific 
Model

Output

Fine-tune
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BERT: Two step process

Step 1: Pretrain a 
network on a pretext 
task that doesn’t 
require supervision

Step 2: Transfer 
encoder to 
downstream tasks via 
linear classifiers, 
KNN, finetuning

Downstream tasks:
Sentiment 
classification, NLI, 
…

Image Source: Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.

https://arxiv.org/abs/1810.04805
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BERT Results

49
Image Source: Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.

https://arxiv.org/abs/1810.04805
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BERT Results

50
Image Source: Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. 2018.

Model researchers:

Dataset researchers:

https://arxiv.org/abs/1810.04805
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Encoder Only: 

Decoder Only: 

Encoder-Decoder: 

LLMs

I love cake

I love 

I love cake me gusta 

51

ELMO: Bi-directional next word prediction 
BERT: Masked language modeling, Next Sentence Prediction 
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Encoder Only: 

Decoder Only: 

Encoder-Decoder: 

LLMs

I love cake

I love 

I love cake me gusta 

52

ELMO: Bi-directional next word prediction
BERT: Masked language modeling, Next Sentence Prediction 
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Decoder Only: GPT

53

We learned about Masked Language Models, but we don’t use them today → why?

They can be used for NLP tasks (primarily classification), but they’re not very good at 
generating sentences: they’re best at filling in blanks when they have bidirectional context.

And BERT did beat GPT. A lot 
of researchers bought into 
bidirectional models. 

RoBERTa (2019)
ALBERT (2019)
ELECTRA (2020)
…

But, it turns out that with 
enough scaling…

Uni-directional models win.

GPT-3 (2020)
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Decoder Only: GPT

Input: Text sequence
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Brown et al. Language Models are 
Few-Shot Learners. 2020.
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Input: Text sequence
Output: Completed text sequence
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Cake

I

[Start]

Love
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Decoder Only: GPT

Brown et al. Language Models are 
Few-Shot Learners. 2020.



Ranjay Krishna, Amita Kamath Lecture 14 - May 14, 2026

Input: Text sequence
Output: Completed text sequence
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Cake

Cons: Need to process
entire sentence in order to get 
loss from one word - not very 
much signal for the amount of 
processing

I

[Start]

Love
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Decoder Only: GPT

Brown et al. Language Models are 
Few-Shot Learners. 2020.
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Input: Text sequence
Output: Completed text sequence
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Cons: Need to process
entire sentence in order to get 
loss from one word - not very 
much signal for the amount of 
processing

Solution: predict each word 
given previous words so far

I

[Start]

Love

57

Decoder Only: GPT

Brown et al. Language Models are 
Few-Shot Learners. 2020.
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Input: Text sequence
Output: Completed text sequence
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I Love Cake

Cons: Need to process 
entire sentence in order to get 
loss from one word - not very 
much signal for the amount of 
processing

I

[Start]

Love
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Decoder Only: GPT

Brown et al. Language Models are 
Few-Shot Learners. 2020.

Solution: predict each word 
given previous words so far
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Input: Text sequence
Output: Completed text sequence
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I Love Cake

What’s wrong with this?

I

[Start]

Love
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Decoder Only: GPT

Brown et al. Language Models are 
Few-Shot Learners. 2020.
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Input: Text sequence
Output: Completed text sequence
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I Love Cake

What’s wrong with this?

It can see the answer!

I

[Start]

Love

60

Decoder Only: GPT

Brown et al. Language Models are 
Few-Shot Learners. 2020.
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Input: Text sequence
Output: Completed text sequence
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What’s wrong with this?

It can see the answer!

Solution: zero out values from 
future words

I

[Start]

Love

61

Decoder Only: GPT

Brown et al. Language Models are 
Few-Shot Learners. 2020.
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Input: Text sequence
Output: Completed text sequence
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I Love Cake

What’s wrong with this?

It can see the answer!

Solution: zero out values from 
future words 

→ “causal masking” I

[Start]

Love
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Decoder Only: GPT
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Brown et al. Language Models are 
Few-Shot Learners. 2020.
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Input: Text sequence
Output: Completed text sequence
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Love

63

Decoder Only: GPT

To pre-train: predict next 
words from previous 
words for large text 
corpus 
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Brown et al. Language Models are 
Few-Shot Learners. 2020.

“auto-regressive”



Ranjay Krishna, Amita Kamath Lecture 14 - May 14, 2026

Encoder Only: 

Decoder Only: 

Encoder-Decoder: 

LLMs

I love cake

I love 

I love cake me gusta 

64

ELMO: Bi-directional next word prediction
BERT: Masked language modeling, Next Sentence Prediction 

GPT: next token prediction (auto-regressive)
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Encoder Only: 

Decoder Only: 

Encoder-Decoder: 

LLMs

I love cake

I love 

I love cake me gusta 

65

ELMO: Bi-directional next word prediction
BERT: Masked language modeling, Next Sentence Prediction 

GPT: next token prediction (auto-regressive)
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Encoder-Decoder: Generate text based on previously generated 
text…
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Encoder-Decoder: Generate text based on previously generated 
text… and the meaning of a separate sequence 

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Cake

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Cake

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

I Love Cake

a2,0

a1,0

a0,0

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

67

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2



Ranjay Krishna, Amita Kamath Lecture 14 - May 14, 2026

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Cake

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

a2,0

a1,0

a0,0

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

68

Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 
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Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 
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Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 
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Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 
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Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 
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T5

Raffel et al., 2019

https://arxiv.org/pdf/1910.10683
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Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 

Raffel et al., 2019

https://arxiv.org/pdf/1910.10683
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Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 

Image Source: Raffel et al. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer. 2019

“We include the language modeling objective due 
to its historic use as a pre-training objective…”
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LLMs

I love cake

I love 

I love cake me gusta 

75

T5: Masked language modeling
      (span corruption)

ELMO: Bi-directional next word prediction 
BERT: Masked language modeling, Next Sentence Prediction 

GPT: next token prediction 

Encoder Only: 

Decoder Only: 

Encoder-Decoder: 
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Image Source: Raffel et al. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer. 2019

“our text-to-text framework 
allows us to directly apply the 
same model, objective, 
training procedure, and 
decoding process to every 
task we consider.”

T5: The Real Takeaway

Made its way into how we use models today: 
treat everything like a text-to-text task!
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The old dynamic

Step 1: Pretrain a 
network on a pretext 
task that doesn’t 
require supervision

Step 2: Transfer 
encoder to 
downstream tasks via 
linear classifiers, 
KNN, finetuning

“I hated the 
movie” 0

“cake”“I love ___”



Ranjay Krishna, Amita Kamath Lecture 14 - May 14, 202678

The new dynamic

Step 1: Pretrain a 
network on a pretext 
task that doesn’t 
require supervision

Step 2: Use the 
model out of the box 
in a creative way!

“cake”

“The movie 
review ‘I hated 
the movie’ is 
____”

“negative”

“I love ___”
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Enabled scaling

No task-specific architectures, or even task-specific losses.

Just train on everything as a next-token prediction task.

And if you train big enough models on big enough data, they get really good.
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LLMs
Building LLMs: Pre-training objectives + architectures

- Encoder only
- Decoder only
- Encoder Decoder

Improving Models without Finetuning

Improving Models with Finetuning
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Image Source: Language Models are Few-Shot Learners, Brown et al

81

Improving models…

Oct 2019: T5: Treat everything like a text-to-text task!

May 2020: GPT-3: We did that with a decoder model, trained on a TON of data, 
and it worked REALLY well.

https://arxiv.org/abs/2005.14165
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Image Source: Language Models are Few-Shot Learners, Brown et al

If you scale enough…

Improving models… without finetuning.

https://arxiv.org/abs/2005.14165
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French

The

for

word

is

cheese

Zero-shot, Few-shot

Pre-train Finetune Predict

Usual method:

Pre-train Predict

Zero-shot:

Few-shot:

Pre-train See a few 
examples Predict
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Image Source: Language Models are Few-Shot Learners, Brown et al

“In-Context Learning”

https://arxiv.org/abs/2005.14165


Ranjay Krishna, Amita Kamath Lecture 14 - May 14, 202685

In-Context Learning

Image Source: Language Models are Few-Shot Learners, Brown et al

No training. No gradients.

https://arxiv.org/abs/2005.14165
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In-Context Learning
With enough examples, you don’t even need the prompt.

Image Source: Language Models are Few-Shot Learners, Brown et al

86

https://arxiv.org/abs/2005.14165
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Benefits of scaling
1. Big models learn from examples better. 

Image Source: Language Models are Few-Shot Learners, Brown et al

87

https://arxiv.org/abs/2005.14165
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Benefits of scaling
2. Big models that see a few examples can even beat (smaller) finetuned models! 

Image Source: Language Models are Few-Shot Learners, Brown et al

88

“Data Contamination”

https://arxiv.org/abs/2005.14165
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GPT Results

Image Source: Language Models are Few-Shot Learners, Brown et al

https://arxiv.org/abs/2005.14165
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GPT Results

All GPT was trained to do was predict the next token, 
how is it so good???
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Scale!
(in model size)
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BERT (Large)
340 million parameters

GPT - 3
175 billion parameters
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Scale!
(in data size)
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BERT
3.3 Billion tokens1

- All of english wikipedia
- 11,000 Books

GPT - 3
~300 billion tokens

- Common Crawl (Much 
of the internet)

1https://aclanthology.org/W19-4828.pdf
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Image source: Kaplan et al. Scaling Laws for Neural Language Models. 2020.

https://arxiv.org/pdf/2001.08361.pdf
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The Bitter Lesson

Rich Sutton

March 13, 2019

The biggest lesson that can be read from 70 years of AI research is that general methods that leverage 
computation are ultimately the most effective, and by a large margin. The ultimate reason for this is Moore's law, 
or rather its generalization of continued exponentially falling cost per unit of computation. Most AI research has 
been conducted as if the computation available to the agent were constant (in which case leveraging human 
knowledge would be one of the only ways to improve performance) but, over a slightly longer time than a typical 
research project, massively more computation inevitably becomes available. Seeking an improvement that 
makes a difference in the shorter term, researchers seek to leverage their human knowledge of the domain, but 
the only thing that matters in the long run is the leveraging of computation. These two need not run counter to 
each other, but in practice they tend to. Time spent on one is time not spent on the other. There are 
psychological commitments to investment in one approach or the other. And the human-knowledge approach 
tends to complicate methods in ways that make them less suited to taking advantage of general methods 
leveraging computation.  There were many examples of AI researchers' belated learning of this bitter lesson, and 
it is instructive to review some of the most prominent.

http://www.incompleteideas.net/IncIdeas/BitterLesson.html
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11 tasks2022

2023 Google: “Maybe you just didn’t scale enough”

6 of 11 tasks: U-shaped scaling

“Inverse scaling can become U-shaped”, Wei et al., 2023
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Improving Models without Finetuning

1. Scaling data/model size → in-context learning “for free” 

“emergent behavior” 

96

2. Chain-of-Thought
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Chain-of-Thought prompting
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Image Source: Wei et al. Chain of Thought Prompting Elicits Reasoning in Large Language Models. 2022.

https://arxiv.org/abs/2201.11903
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Chain-of-Thought prompting
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Image Source: Wei et al. Chain of Thought Prompting Elicits Reasoning in Large Language Models. 2022.

https://arxiv.org/abs/2201.11903
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Chain-of-Thought prompting
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Image Source: Wei et al. Chain of Thought Prompting Elicits Reasoning in Large Language Models. 2022.

https://arxiv.org/abs/2201.11903
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Chain-of-Thought prompting: Works for…

Math problems
(GSM8K)

Symbolic 
Reasoning

Physical 
Reasoning

100
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Chain-of-Thought results

Image Source: Wei et al. Chain of Thought Prompting Elicits Reasoning in Large Language Models. 2022.
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https://arxiv.org/abs/2201.11903
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Quality of In-Context Learning examples

Min et al., 2022

https://arxiv.org/pdf/2202.12837


Ranjay Krishna, Amita Kamath Lecture 14 - May 14, 2026103

Quality of In-Context Learning examples doesn’t matter much!

Min et al., 2022

Same for 
Chain-of-Thought
(Madaan et al., 2022)

Never stop asking questions!!

https://arxiv.org/pdf/2202.12837
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If quality doesn’t matter much, can we drop examples?

Image Source: Kojima et al. Large Language Models are Zero-Shot Reasoners. 2022.
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https://arxiv.org/pdf/2205.11916.pdf
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“Let’s think step by step.”

Kojima et al. Large Language Models are Zero-Shot Reasoners. 2022.

Loses by a small amount 
to few-shot CoT

But REALLY wins over 
zero-shot non-CoT

https://arxiv.org/pdf/2205.11916.pdf
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Note: Explicit Chain-of-Thought is usually not required today

Models today are already fine-tuned on CoT traces, so they often do CoT 
on their own.

However, few-shot examples are still useful
→ CoT elicits a behavior, while few-shot provides useful information.
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Improving Models without Finetuning

1. Scaling data/model size → in-context learning “for free” 

“emergent behavior” 

107

2. Chain-of-Thought

3. Self-consistency
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Self Consistency

Image Source: Xie et al. Self-Consistency Improves Chain of Thought Reasoning in Language Models. 2022.

https://arxiv.org/abs/2203.11171
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Self Consistency

Xie et al. Self-Consistency Improves Chain of Thought Reasoning in Language Models. 2022.

https://arxiv.org/abs/2203.11171
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LLMs
Building LLMs: Pre-training objectives + architectures

- Encoder only
- Decoder only
- Encoder Decoder

Improving Models without Finetuning

Improving Models with Finetuning
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Where are we?
May 2020: GPT-3

“Help me write an email…”✓

How do we make language models useful to people? 
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Instruction Tuning: Turning GPT into ChatGPT
May 2020: GPT-3

April, September 2021: Instruction Tuning

March 2022: InstructGPT

November 2022: ChatGPT



Ranjay Krishna, Amita Kamath Lecture 14 - May 14, 2026113

Instruction Tuning

“Finetuned Language Models are Zero-Shot Learners”, Wei et al., 2021
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Instruction Tuning

“Cross-Task Generalization via Natural Language Crowdsourcing Instructions”, Mishra et al., 2021
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Instruction Tuning

Great results…

Main takeaway: Teach your models to follow instructions! 

One last finetuning step to actually get ChatGPT: 

Reinforcement Learning from Human Feedback

Lectures 18 and 19! 
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Summary Slide

Encoder Only: Capture the meaning of an entire sequence

Decoder Only: Generate text based on previously generated text

Encoder-Decoder: Generate text based on previously generated text and the 
meaning of a separate sequence 

I love cake

I love 

I love cake me gusta T5: Masked language modeling    
      (span corruption)

ELMO: Bi-directional next word prediction 
BERT: Masked language modeling, Next Sentence Prediction 

GPT: next token prediction (autoregressive)
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Summary 

Improving models without finetuning

Scaling → in-context learning Chain-of-Thought Self-Consistency
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Summary 

Improving models with finetuning

Instruction tuning
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https://twitter.com/alirahimi0


