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Course Progress So Far
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• We’ve taken a long journey in neural architectures—from perceptrons and MLPs, 
through RNNs and LSTMs, and finally to Transformers (including modern variants).


• Today, we’ll learn


• Pre-training: The biggest breakthrough in NLP


• And how it is used in practice: fine-tuning and prompting
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Contextualized Word Embeddings
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Recap: word2vec
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• Goal: Vector representations for a word (so that the neural model can understand)


• Key idea: Use each word to predict other words in its context

Our goal is to find parameters that can maximize 

P(problems ∣ into) × P(turning ∣ into) × P(banking ∣ into) × P(crises ∣ into)



Berkeley CS 288 

Recap: word2vec

5

Our goal is to find parameters that can maximize 

P(problems ∣ into) × P(turning ∣ into) × P(banking ∣ into) × P(crises ∣ into) ×

P(turning ∣ banking) × P(into ∣ banking) × P(crises ∣ banking) × P(as ∣ banking)…

Key tricks: 
• We turn unlabeled text into supervised learning data


• We train a model on a prediction task, not for the sake of the 
prediction, but to learn high-quality representations (word 
embeddings) — recurring themes in pre-training 

• Goal: Vector representations for a word (so that the neural model can understand)


• Key idea: Use each word to predict other words in its context
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Limitation of Word2vec
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movie was terribly exciting !the

Contextualized word embeddings

f : (w1, w2, …, wn) ⟶ x1, …, xn ∈ ℝd

• Word2vec: One vector for each word type (a.k.a. static embeddings)


• Can we build a vector for each word conditioned on its context?
vcat =

0

BB@

�0.224
0.130
�0.290
0.276

1

CCA

<latexit sha1_base64="ZS11t+SATcIQYaaJ4VZuEjXjz0Y="></latexit><latexit sha1_base64="X7JObiHYNXwbsISLOmkjXbSsJws="></latexit><latexit sha1_base64="X7JObiHYNXwbsISLOmkjXbSsJws="></latexit><latexit sha1_base64="yUhkDlYwUUEoQ+3MeiaCkTTY5/M="></latexit>

v(play)

ELMo!

(Peters et al, 2018): Deep 

contextualized word representations
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Contextualized word embeddings

7http://jalammar.github.io/illustrated-bert/
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Contextualized word embeddings
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Which of the following  is expected to have the most similar vector to the first one?v(play)

(A) 

(C)

(B) is correct.

(B)

(D)

Sent #1: Chico Ruiz made a spectacular play on Alusik’s grounder {. . . }

Olivia De Havilland signed to do a Broadway play for Garson {. . . }

Kieffer was commended for his ability to hit in the clutch , as 
well as his all-round excellent play  {. . . }

{. . . }  they were actors who had been handed fat roles in a successful play {. . . }

Concepts play an important role in all aspects of cognition {. . . }
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Contextualized word embeddings

9(Peters et al, 2018): Deep contextualized word representations
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ELMo: Embeddings from Language Models (Feb 2018)
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The key idea of ELMo: Train two stacked LSTM-based language models on a large corpus

http://jalammar.github.io/illustrated-bert/

Recap: an LSTM-based language model:


−
n−1

∑
j=1

logPLM(wj+1 |w1⋯wj)
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ELMo: Embeddings from Language Models (Feb 2018)

11http://jalammar.github.io/illustrated-bert/

The key idea of ELMo: Train two stacked LSTM-based language models on a large corpus

ELMo uses a forward language model and a 
backward language model








Use the hidden states of the LSTMs for each token 
to compute a vector representation of each word

−
n−1

∑
j=1

logPforwardLM(wj+1 |w1⋯wj)

−
n

∑
j=0

logPbackwardLMP(wj |wj+1⋯wn)
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ELMo: Use case (1/2)

12http://jalammar.github.io/illustrated-bert/

Contextualized 
(Depending on the surrounding context, 
the content of the vectors is different)
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ELMo: Use case (2/2)
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terribly exciting !the movie was

Sentence encoding

element-wise mean/max element-wise mean/max

Example use: A BiLSTM model for sentiment classification

<latexit sha1_base64="QrkzmqFkEUi6y82IP3K6uqesVNw=">AAACG3icbVDLSgNBEJz1GeMr6tHLYBD0EnYlqOAlKIIHhQjGCMkaZiedOGT2wUyvGJb9Dy/+ihcPingSPPg3TpI9aGJBQ1HVTXeXF0mh0ba/ranpmdm5+dxCfnFpeWW1sLZ+rcNYcajxUIbqxmMapAighgIl3EQKmO9JqHu9k4FfvwelRRhcYT8C12fdQHQEZ2ikVmGvATtNhAdMEJQSnuynu0c0P5JOzy/C9DbJfKZ7adoqu61C0S7ZQ9BJ4mSkSDJUW4XPZjvksQ8Bcsm0bjh2hG7CFAouIc03Yw0R4z3WhYahAfNBu8nwt5RuG6VNO6EyFSAdqr8nEuZr3fc90+kzvNPj3kD8z2vE2Dl0ExFEMULAR4s6saQY0kFQtC0UcJR9QxhXwtxK+R1TjJugdN6E4Iy/PEmu90rOfsm+LBcrx1kcObJJtsgOccgBqZAzUiU1wskjeSav5M16sl6sd+tj1DplZTMb5A+srx8aKKIY</latexit>

[e(terribly); ELMotask4 ]
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terribly exciting !the movie was

Sentence encoding

element-wise mean/max element-wise mean/max
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[e(terribly); ELMotask4 ]

Run inference to get contextualized embeddings, plug them 
into the main model (e.g., LSTMs), then train a model for a 
specific downstream task

ELMo: Pre-training and the use

14

Pre-training (Only once, task-agnostic)

• Data: 10 epochs on 1B Word Benchmark

• Training time: 2 weeks on 3 NVIDIA GTX 1080 GPUs

terribly exciting !the movie was

Sentence encoding

element-wise mean/max element-wise mean/max
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Sentence encoding

element-wise mean/max element-wise mean/max
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terribly exciting !the movie was

Sentence encoding

element-wise mean/max element-wise mean/max
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Sentence encoding

element-wise mean/max element-wise mean/max
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[e(terribly); ELMotask4 ]

• Sentiment classification

• Topic classification

• POS tagging

• Machine translation

• Question answering

• …
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ELMo: Results

15(Peters et al, 2018): Deep contextualized word representations
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ELMo: Important notes
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• Early form of pre-training


• Pre-train once, on very large raw text data (task-agonistic)


• Re-use the resulting artifacts (contextualized embeddings) for individual 
downstream tasks


• Trained on language modeling, but not for the purpose of language modeling or text 
generation — only to get good representations


• Recall word2vec!


• Important: ELMo enhances embeddings only — the task architecture (e.g., LSTMs) 
remains unchanged.


• Major contrast with next-generation pre-training.
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Pre-training and Fine-tuning
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Word2vec, ELMo: Feature-based approach
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• ELMo is a feature-based approach which only produces word embeddings that can be 
used as input representations of existing neural models

• Can we do pre-training that allows re-using model weights?
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Pre-training in computer vision
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• “Pre-train” a model on a large dataset for task X, then “fine-tune” it on a dataset for task Y

• Key idea: X is somewhat related to Y, so a model that can do X will have some good neural 
representations for Y as well

• ImageNet pre-training is huge in computer vision: learning generic visual features for 
recognizing objects

Can we find some task X that can 
be useful for a wide range of 

downstream tasks Y?
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Fine-tuning approaches

20

• GPT / BERT (2018): Some of the first pre-trained LLMs with fine-tuning approaches

• Almost all model weights will be re-used, and only a small number of task-
specific will be added for downstream tasks

it was
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Pre-training for three types of architectures
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Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama
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Pre-training for three types of architectures
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Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama
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Pre-training for three types of architectures
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Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama



Feb 17 lecture starts from here



CS 288 Advanced Natural Language Processing
Course website: cal-cs288.github.io/sp26 

Ed: edstem.org/us/join/XvztdK 

• Class starts at 15:40!


• A3/Project team formation is released on Ed!


• Reminder to refresh the lecture slides (PDFs) on the lecture day


• Lecture plans: Complete pre-training, fine-tuning, & prompting

https://cal-cs288.github.io/sp26/
https://edstem.org/us/join/XvztdK
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Recap: Word2vec to ELMo
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movie was terribly exciting !the

Contextualized word embeddings

f : (w1, w2, …, wn) ⟶ x1, …, xn ∈ ℝd

• Word2vec: One vector for each word type (a.k.a. static embeddings)


• Can we build a vector for each word conditioned on its context?
vcat =

0

BB@

�0.224
0.130
�0.290
0.276

1

CCA
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v(play)

ELMo!

(Peters et al, 2018): Deep 

contextualized word representations
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terribly exciting !the movie was

Sentence encoding

element-wise mean/max element-wise mean/max
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[e(terribly); ELMotask4 ]

Run inference to get contextualized embeddings, plug them 
into the main model (e.g., LSTMs), then train a model for a 
specific downstream task

Recap: Contextualized word embeddings (ELMo)

27

Pre-training (Only once, task-agnostic)

• Data: 10 epochs on 1B Word Benchmark

• Training time: 2 weeks on 3 NVIDIA GTX 1080 GPUs

terribly exciting !the movie was

Sentence encoding

element-wise mean/max element-wise mean/max
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Sentence encoding
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• Sentiment classification

• Topic classification

• POS tagging

• Machine translation

• Question answering

• …
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Recap: Word2vec, ELMo: Feature-based approach

28

• Feature-based approach: only produces word embeddings that can be used as input 
representations of existing neural models

• Can we do pre-training that allows re-using model weights?
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Recap: Fine-tuning approaches

29

• GPT / BERT (2018): Some of the first pre-trained Transformers with fine-tuning approaches

• Almost all model weights will be re-used, and only a small number of task-
specific will be added for downstream tasks

it was
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Pre-training for three types of architectures
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Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama
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Pre-training for three types of architectures
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Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama
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BERT: Bidirectional Encoder Representations 
from Transformers
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“Fine-tuning is the process of taking the network learned by these pre-trained models, 
and further training the model, often via an added neural net classifier that takes the top 
layer of the network as input, to perform some downstream task.”

BERT: Bidirectional Encoder Representations from 
Transformers (October 2018)



Berkeley CS 288 

BERT: Bidirectional Encoder Representations from 
Transformers (October 2018)

34

• Based on a deep bidirectional, encoder-only Transformer 
• It follows a fine-tuning approach!

• The key: learn representations based on bidirectional contexts 

(Devlin et al, 2019): BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding

• Two new pre-training objectives:

• Masked language modeling (MLM) 
• Next sentence prediction (NSP) - Later work 

shows that NSP hurts performance though..

Example #1: we went to the river bank.
Example #2: I need to go to bank to make a deposit.
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Masked Language Modeling (MLM)

35

• Q: Why is language modeling limited for bidirectional contexts?

• Solution: Mask out k% of the input words, and then predict the masked words

the man went to [MASK] to buy a [MASK] of milk

store gallon k = 15% in practice

Example #1: we went to the river bank.
Example #2: I need to go to bank to make a deposit.
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Masked Language Modeling (MLM)

36

The [MASK] city Californiaof is

capital Sacramento

[MASK]

Transformer encoders (bidirectional)

Loss 
↓

Loss 
↓

1. Prepare raw text: “The capital city of California is Sacramento.”


2. Mask 15% of the tokens: "The [MASK] city of California is [MASK].”


3. Feed into the Transformers encoder and train with a masked language modeling objective.
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Intuition: What do we learn from MLM?

37Slide credit: John Hewitt, Stanford CS224N 

• I went to the ocean and saw fish, turtles, __________ and seals. 

- General semantics 


• I put ____ fork down on the table.

- Syntactic constraints


• The woman walked across the street checking for traffic over _____ shoulder.

- Co-reference, relations between different entities within the sentence


• Overall, the value I got from the two hours watching it was the sum total of the 
popcorn and the drink. The movie was ______.


- Sentiment

• UC Berkeley is located in ____________.


- Named entity recognition, Word knowledge
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MLM: 80-10-10 corruption

38

For the 15% predicted words, 

• 80% of the time, they replace it with [MASK] token

went to the store  went to the [MASK]⟶

• 10% of the time, they replace it with a random word in the vocabulary

went to the store  went to the running⟶

• 10% of the time, they keep it unchanged

went to the store  went to the store⟶

Why? Because [MASK] tokens are never seen during fine-tuning
(See Table 8 of the paper for an ablation study)
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Next Sentence Prediction (NSP)

39

• Motivation: many NLP downstream tasks require understanding the relationship 
between two sentences (natural language inference, paraphrase detection, QA)

• NSP is designed to reduce the gap between pre-training and fine-tuning

They sample two contiguous 
segments for 50% of the 
time and another random 
segment from the corpus for 
50% of the time

[CLS]: a special token 
always at the beginning

[SEP]: a special token used 
to separate two segments

(Later MLM work found it less useful and removed it, e.g., RoBERTa)
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BERT architecture (1/2)

40

• Vocabulary size: 30,000 wordpieces (Wu et al., 2016)

(Image: Stanford 
CS224N)

• Input embeddings:

Separate two segments
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BERT architecture (2/2)

41

• BERT-base: 12 layers, 768 hidden size, 12 attention heads, 
110M parameters

• BERT-large: 24 layers, 1024 hidden size, 16 attention heads, 
340M parameters
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BERT pre-training

42

• Training corpus: Wikipedia (2.5B) + 
BooksCorpus (0.8B)

• Max sequence size: 512 wordpiece 
tokens (roughly 256 and 256 for two 
non-contiguous sequences)

• Trained for 1M steps, batch size 
128k

• MLM and NSP are trained together

• [CLS] is pre-trained for NSP

• Other token representations are 

trained for MLM
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BERT fine-tuning

43

“Pre-train once, finetune many times.”
Type 1: Classification
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BERT fine-tuning

44

Type 2: Sequence tagging

“Pre-train once, finetune many times.”
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Example: Sentiment classification

45

We just need to introduce  parameters for 
classification tasks (C = # of classes, h = hidden size)!

C × h

All the parameters will be learned 
together (original BERT parameters 
+ new classifier parameters)

P(y = k) = softmaxk(Woh[CLS])

Wo ∈ ℝC×h
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Example: Named entity recognition (NER)

46

We just need to introduce  parameters for 
classification tasks (C = # of classes, h = hidden size)!

C × h

P(yi = k) = softmaxk(Wohi)

Wo ∈ ℝC×h
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Experimental results: GLUE

47
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Experimental results: SQuAD

48SQuAD = Stanford Question Answering dataset
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Ablation study: Pre-training tasks

49

• MLM >> left-to-right LMs

• NSP improves on some tasks

• Note: later work (Joshi et al., 
2020; Liu et al., 2019) argued 
that NSP is not useful
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Ablation study: Model sizes

50

The bigger, the better!

# layers
hidden  

size
# of 

heads
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Ablation study: Training efficiency

51

MLM takes slightly longer to 
converge because it only 
predicts 15% of tokens



Berkeley CS 288 

RoBERTa (Liu et al. 2019)

52(Liu et al., 2019): RoBERTa: A Robustly Optimized BERT Pretraining Approach

• BERT is still under-trained!

• Removed the next sentence prediction training - it adds more noise than benefits!

• Trained longer with 10x data & bigger batch sizes

• Pre-trained on 1,024 V100 GPUs for one day in 2019
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Limitation of pre-trained encoders

53

• If your task involves generating sequences, BERT and other pre-trained 
encoders don’t naturally lead to nice autoregressive (1-word-at-a-time) 
generation methods. 


• Might want to use a pre-trained decoder!

Slide credit: John Hewitt, Stanford CS224N 
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Pre-training for three types of architectures

54

Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama
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Pre-training for three types of architectures

55

Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama
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Quick quiz

56

Which paper first used the term “GPT”?

(A)  Radford et al. 2018. [GPT-1 paper, OpenAI]

(C) Brown et al., 2020. [GPT-3 paper, OpenAI]

(B)  Radford et al., 2019. [GPT-2 paper, OpenAI]

(D) Devlin et al. 2019. [BERT paper, Google]

(D) is correct.
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Generative Pre-Training (GPT) (June 2018)

57

• Use a Transformer decoder (unidirectional; left-to-right) instead of LSTMs

• Use language modeling as a pre-training objective

• Also called generative or causal language modeling 

• Trained on longer segments of text (512 BPE tokens), not just single sentences


(Radford et al, 2018): Improving Language Understanding by Generative Pre-Training



Berkeley CS 288 

Generative Pre-Training (GPT) (June 2018)

58

1. Prepare raw text: “The capital city of California is Sacramento.”


2. Feed into the Transformers decoder and train with a (generative) language modeling 
objective.

The capital city Californiaof

capital city Californiaof is

is

Sacramento

Sacramento

.

Transformer decoders (unidirectional)

Loss 
↓

Loss 
↓

Loss 
↓

Loss 
↓

Loss 
↓

Loss 
↓

Loss 
↓
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Generative Pre-Training (GPT) (June 2018)

59

• “Fine-tune” the entire set of model parameters on various downstream tasks

(Radford et al, 2018): Improving Language Understanding by Generative Pre-Training
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GPT: More details

60

• 12 layers, 768 hidden size, 12 attention heads, 110M 
parameters

• Training corpus: BooksCorpus (0.8B)

• Max sequence size: 512 wordpiece tokens

• Trained for 100 epochs, batch size 64

Same as BERT-base

Recall: BERT was trained 
on this + Wikipedia!

(Radford et al, 2018): Improving Language Understanding by Generative Pre-Training
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Experimental results: GLUE

61
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ELMo vs. GPT vs. BERT

62

Which of the following statements is INCORRECT?

(A)  BERT was trained on more data than ELMo

(C)  ELMo requires different model architectures for different tasks

(D) is incorrect.

(B)  BERT builds on Transformer encoder, and GPT builds on Transformer decoder

(D)  BERT was trained on data with longer contexts compared to GPT



Berkeley CS 288 

Causal (Generative) LMs vs. Masked LMs

63

• Causal LMs receive more training signals per forward pass than masked LMs. 


• Causal LMs can be used for text generation, whereas masked LMs cannot.


• Causal LMs learn from noisier signals, since each token is predicted using only preceding 
context. Therefore, with fine-tuning, masked LMs typically had better performance.→
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Pre-training for three types of architectures

64

Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama
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Pre-training for three types of architectures

65

Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama



Berkeley CS 288 

T5

66

• Encoder-only models (e.g., BERT) enjoy the benefits of bidirectionally but can’t generate text.

• Decoder-only models (e.g., GPT) can do generation but don’t benefit from bidirectionally for 

reading inputs.

• Encoder-decoder combines the best of both worlds!

(Raffel et al., 2020): Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer
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Pre-training for three types of architectures

67

Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-
Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama
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From GPT to GPT-2 to GPT-3
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From GPT to GPT-2 to GPT-3

69

• All decoder-only Transformer-based language models

• More parameters, larger training corpora

GPT-1 
117M

Trained on ~1B words

June 2018

GPT-2 
1.5B

Trained on ~14B words

February 2019

GPT-3 
175B

Trained on ~300B words

May 2020
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From fine-tuning to prompting

70

• Before GPT-2/3, fine-tuning was the default (e.g., BERT/T5/GPT-2)

• Fine-tuning separately for each task

• SST-2 has 67k examples, SQuAD has 88k (passage, answer, question) triples


• Fine-tuning is still extra work!

• Requires sufficient training data

• Requires computing the gradient and applying a parameter update — expensive for 

large models


• GPT-2 (February 2019) showed promise of zero-shot learning

• Not using any training data (so, actually not “learning”)

• Limited success; fine-tuning was still dominant


• GPT-3 (May 2020) showed promise of few-shot learning

• Using the k-shot training data but without actual gradient updates (so still, not actually 

“learning”)

• Started to be taken seriously
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Recap: Fine-tuning

71

Circulation 
revenue has 
increased.

Positive

    .

The company anticipated its 
operating profit to improve.

Positive

    .

Review Sentiment

Circulation 
revenue has 
increased.

Paying off the 
national debt 
will be extremely 
painful. 

Positive

Negative
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GPT-2: language models are zero-shot learners

72(Radford et al., 2019): Language Models are Unsupervised Multitask Learners

Review: The company 
anticipated its operating 
profit to improve. 
Sentiment: __________

Positive 

Negative

Olympia 
Seattle 
Redmond 

…

Question: What is the 
capital city of 
Washington? 
Answer: __________

    .     .

English: Hello 
French: _______

Bonjour 
Hola 
Ciao 

…

    .

Given textNotation:                       | Generation
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GPT-2: language models are zero-shot learners

73

Answer the 
following question. 
Q: What is the 
capital city of 
California? 
A: Sacramento

Translate this 
text. 
English: The 
weather is nice 
today. 
Korean: 오늘 날씨가 좋
네요.

Given textNotation:                       | Generation

Write a short story about a 
girl living in California. 

Title: The Orange Tree 

In a quiet neighborhood on the 
edge of Sacramento, twelve-
year-old Maya lived in a small 
yellow house with her 
grandmother. The backyard was 
wild and beautiful, with tall 
sunflowers, patches of mint, 
and an old orange tree that her 
grandfather had planted decades 
ago. (…)

How do I get to Sacramento City 
Hall from UC Berkeley by car? 

Instructions: Here are driving 
directions (approximately 1hr 
30min, ~85 miles) 
1. Get on I-80 E from Berkeley. 
2. Follow I-80 E toward 

Sacramento. 
3. Take exit 519B toward J 

Street. 
4. Turn left on 9th Street. 
5. Destination: 915 I Street, 

Sacramento, CA 95814

A.K.A. “Prompting”
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GPT-2: language models are zero-shot learners

74(Radford et al., 2019): Language Models are Unsupervised Multitask Learners

(Although, not to all…)
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GPT-3: language models are few-shot learners

75(Brown et al., 2020): Language Models are Few-Shot Learners

GPT-2 → GPT-3: 1.5B → 175B (# of parameters), ~14B → 300B (# of tokens)
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Finetuning vs. In-context learning

76

Circulation 
revenue has 
increased.

Positive

    .

The company anticipated its 
operating profit to improve.

Positive

    .

Review Sentiment

Circulation 
revenue has 
increased.

Paying off the 
national debt 
will be extremely 
painful. 

Positive

Negative

Review: Circulation revenue has increased. 
Sentiment: Positive 

Review: Paying off the national debt will 
be extremely painful. 
Sentiment: Negative 

Review: The company anticipated its 
operating profit to improve. 
Sentiment: __________
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Finetuning vs. In-context learning

77

Review: Circulation revenue has increased. 
Sentiment: Positive 

Review: Paying off the national debt will 
be extremely painful. 
Sentiment: Negative 

Review: The company anticipated its 
operating profit to improve. 
Sentiment: __________

Positive

    .

Circulation 
revenue has 
increased.

Positive

    .

The company anticipated its 
operating profit to improve.

Positive

    .

Review Sentiment

Circulation 
revenue has 
increased.

Paying off the 
national debt 
will be extremely 
painful. 

Positive

Negative

• This is just a forward pass, no 
gradient update at all!


• A form of (few-shot) prompting


• You only need to feed a small 
number of examples (e.g., 32)
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GPT-3’s in-context learning

78(Brown et al., 2020): Language Models are Few-Shot Learners
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GPT-3 performance on SuperGLUE

79(Brown et al., 2020): Language Models are Few-Shot Learners
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GPT-3 performance on TriviaQA

80(Brown et al., 2020): Language Models are Few-Shot Learners
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GPT-3’s in-context learning

81https://ai.stanford.edu/blog/in-context-learning/
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Extension: Chain-of-thought (CoT)

82(Wei et al., 2022): Chain-of-Thought Prompting Elicits Reasoning in Large Language Models

Labeled 
data

Question: Leah had 32 chocolates and her sister had 42. 
If they ate 35, how many pieces do they have left? 

Answer: 39 
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Extension: Chain-of-thought (CoT)

83

Labeled 
data

Question: Leah had 32 chocolates and her sister had 42. 
If they ate 35, how many pieces do they have left? 

Answer: Originally, Leah had 32 chocolates and her 
sister had 42. So in total they had 32 + 42 = 74. After 
eating 35, they had 74 - 35 = 39 pieces left in total. 
The answer is 39. 

(Wei et al., 2022): Chain-of-Thought Prompting Elicits Reasoning in Large Language Models
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Extension: Chain-of-thought (CoT)

84

Labeled 
data

Test input

Question: Leah had 32 chocolates and her sister had 42. 
If they ate 35, how many pieces do they have left? 

Answer: Originally, Leah had 32 chocolates and her 
sister had 42. So in total they had 32 + 42 = 74. After 
eating 35, they had 74 - 35 = 39 pieces left in total. 
The answer is 39. 

Question: Julie is reading a 120-page book. Yesterday, 
she was able to read 12 pages and today, she read twice 
as many pages as yesterday. How many pages are left? 

Answer:

Julie is reading a 120-page book. She read 12 pages 
yesterday and 24 pages today. So she read a total of 12 
+ 24 = 36 pages. She has 120 - 36 = 84 pages left. The 
answer is 84.

• You need to use CoT with in-context learning

• Training a model to do CoT = “Reasoning models” (will be covered in several weeks)

(Wei et al., 2022): Chain-of-Thought Prompting Elicits Reasoning in Large Language Models



Feb 19 lecture starts from here



CS 288 Advanced Natural Language Processing
Course website: cal-cs288.github.io/sp26 

Ed: edstem.org/us/join/XvztdK 

• Class starts at 15:40!


• Reminder to refresh the lecture slides (PDFs) on the lecture day


• Lecture plans:


• Complete pre-training, fine-tuning, & prompting (15min)


• Pre-training advanced (65min)

https://cal-cs288.github.io/sp26/
https://edstem.org/us/join/XvztdK
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Recap: From feature-based to fine-tuning 
to prompting
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• Produces word embeddings that can be used as input representations of existing 
neural models


• Case study: word2vec, Glove, ELMo

terribly exciting !the movie was

Sentence encoding

element-wise mean/max element-wise mean/max

<latexit sha1_base64="QrkzmqFkEUi6y82IP3K6uqesVNw=">AAACG3icbVDLSgNBEJz1GeMr6tHLYBD0EnYlqOAlKIIHhQjGCMkaZiedOGT2wUyvGJb9Dy/+ihcPingSPPg3TpI9aGJBQ1HVTXeXF0mh0ba/ranpmdm5+dxCfnFpeWW1sLZ+rcNYcajxUIbqxmMapAighgIl3EQKmO9JqHu9k4FfvwelRRhcYT8C12fdQHQEZ2ikVmGvATtNhAdMEJQSnuynu0c0P5JOzy/C9DbJfKZ7adoqu61C0S7ZQ9BJ4mSkSDJUW4XPZjvksQ8Bcsm0bjh2hG7CFAouIc03Yw0R4z3WhYahAfNBu8nwt5RuG6VNO6EyFSAdqr8nEuZr3fc90+kzvNPj3kD8z2vE2Dl0ExFEMULAR4s6saQY0kFQtC0UcJR9QxhXwtxK+R1TjJugdN6E4Iy/PEmu90rOfsm+LBcrx1kcObJJtsgOccgBqZAzUiU1wskjeSav5M16sl6sd+tj1DplZTMb5A+srx8aKKIY</latexit>

[e(terribly); ELMotask4 ]

Plug them into the main model (e.g., LSTMs), then 
train a model for a specific downstream task

Pre-training (Only once, task-agnostic)

Feature-based approach
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• The full model architecture & weights are re-used and refined on the labeled dataset, 
with only minimal task-specific parameters added (such as a single linear layer)


• Case study: BERT (110M & 340M), RoBERTa (110M & 340M), GPT-1/2 (110M to 1.5B), 
T5 (up to 11B)

We just need to introduce  parameters for 
classification tasks (C = # of classes, h = hidden size)!

C × h

Fine-tuning based approach
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• The pre-trained model (with same weights) is used as-is across tasks — simply by formatting the 
input appropriately, either zero-shot, or few-shot (in-context learning).


• Case study: GPT-2 (1.5B), GPT-3 (175B)

Review: The company 
anticipated its operating 
profit to improve. 
Sentiment: __________

Positive 

Negative

Olympia 
Seattle 
Redmond 

…

Question: What is the 
capital city of 
Washington? 
Answer: __________

    .     .

English: Hello 
French: _______

Bonjour 
Hola 
Ciao 

…

    .

Given textNotation:                       | Generation

Prompting-based approach
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Finetuning vs. In-context learning

91

Review: Circulation revenue has increased. 
Sentiment: Positive 

Review: Paying off the national debt will 
be extremely painful. 
Sentiment: Negative 

Review: The company anticipated its 
operating profit to improve. 
Sentiment: __________

Positive

    .

Circulation 
revenue has 
increased.

Positive

    .

The company anticipated its 
operating profit to improve.

Positive

    .

Review Sentiment

Circulation 
revenue has 
increased.

Paying off the 
national debt 
will be extremely 
painful. 

Positive

Negative
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GPT-3 performance on TriviaQA

92(Brown et al., 2020): Language Models are Few-Shot Learners
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GPT-3’s in-context learning

93https://ai.stanford.edu/blog/in-context-learning/
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Extension: Chain-of-thought (CoT)

94

Labeled 
data

Test input

Question: Leah had 32 chocolates and her sister had 42. 
If they ate 35, how many pieces do they have left? 

Answer: Originally, Leah had 32 chocolates and her 
sister had 42. So in total they had 32 + 42 = 74. After 
eating 35, they had 74 - 35 = 39 pieces left in total. 
The answer is 39. 

Question: Julie is reading a 120-page book. Yesterday, 
she was able to read 12 pages and today, she read twice 
as many pages as yesterday. How many pages are left? 

Answer:

Julie is reading a 120-page book. She read 12 pages 
yesterday and 24 pages today. So she read a total of 12 
+ 24 = 36 pages. She has 120 - 36 = 84 pages left. The 
answer is 84.

• You need to use CoT with in-context learning

• Training a model to do CoT = “Reasoning models” (will be covered in several weeks)

(Wei et al., 2022): Chain-of-Thought Prompting Elicits Reasoning in Large Language Models
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(New) Does in-context learning learn?

95

Positive

Review: Circulation revenue has increased. 
Sentiment: Positive 

Review: Paying off the national debt will 
be extremely painful. 
Sentiment: Negative 

Review: The company anticipated its 
operating profit to improve. 
Sentiment: __________

    .

Randomly 
labeled

Positive

Review: Circulation revenue has increased. 
Sentiment:  Neutral  

Review: Paying off the national debt will 
be extremely painful. 
Sentiment:  Positive  

Review: The company anticipated its 
operating profit to improve. 
Sentiment: __________

    .

(Min et al., 2022): Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?
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Does in-context learning learn?

96

No ICLRandom ICL w/ correct labels ICL w/ random labels

Recovers 95% of ICL accuracy

A
cc

ur
ac

y

GPT-2 GPT-2 
+Calibrate

MetaICL MetaICL 
+Calibrate

GPT-J GPT-J 
+Calibrate

FS-6.7B FS-6.7B 
+Calibrate

FS-13B FS-13B 
+Calibrate

GPT-3 GPT-3 
+Calibrate

(Min et al., 2022): Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?
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In-context learning: Hypothesis

97

Task 
format

1. Labeled data teaches format, not correspondence

Positive

Review: Circulation revenue has increased. 
Sentiment: Positive 

Review: Paying off the national debt will 
be extremely painful. 
Sentiment: Negative 

Review: The company anticipated its 
operating profit to improve. 
Sentiment: __________

    .

Input-Output 
correspondence
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Mr. and Mrs. Dursley, of number four, Privet 
Drive, were proud to say that they were perfectly 
normal, thank you very much. They were the last 
people you'd expect to be involved in anything 
strange or mysterious, because they just didn't 
hold with such nonsense. Mr. Dursley was the 
director of a firm called Grunnings, which made 

In-context learning: Hypothesis

98

2. Correspondence is learned from LM training data
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What happened to the NLP field
after GPT-3?
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Recap: Three major forms of pre-training

100

Architecture Pretraining objective Examples

Transformer Encoder Masked language models BERT, RoBERTa, ELECTRA

Transformers Encoder-Decoder Span Corruption T5, BART

Transformers Decoder
Autoregressive language 

models

(Causal language models)

GPT-2, GPT-3, Llama

However, almost all large models we see are 
decoder-only, autoregressive language models



Berkeley CS 288 

Open ended question:
Why did generative LMs win out?

101

https://www.yitay.net/blog/model-architecture-blogpost-encoders-prefixlm-denoising
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Why did generative LMs win out? (1/2)
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• Encoder-only models

• Designed for representation learning

• Not naturally generative

• Requires task-specific fine-tuning


• Became less useful because large models started to work very well with (zero-shot 
or few-shot) prompting, which requires generation


• Encoder-decoder models

• Support generation

• Benefit from bidirectional context on the encoder side

• Then, weren’t they scaled further (after T5/BART)?
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Why did generative LMs win out? (2/2)
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• Bidirectional attention is only 
important at smaller scale?

(Devlin et al. , 2018)

Training signals & “density” 
• Decoder-only gets signal for every single token in 

the sequence — 7x more “signals” per FLOP of 
compute compared to MLM with 15% of masked 
tokens 

Reduction of the “ablation tax” 
• Encoder-decoder: What’s the masking ratio? How 

to allocate params between encoder and decoder?

• Decoder: A stack of identical blocks. 

The KV cache and inference efficiency

• Scaling generative LMs is more 
practical.
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Paradigm shift: one model does it all
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Sentiment 
analysis

Question 
answering

Machine 
translation

Text 
summarization

Completion: Das Abendessen war großartig

Prompt: Translate the following sentence from 
English to German: “The dinner was great”

Large language 
models

Machine 
translation

NLP before 2020:
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Paradigm shift: one model does it all
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Sentiment 
analysis

Question 
answering

Machine 
translation

Large language 
models

Prompt: Given the following paragraph […], how 
would you phrase it in a few words?

Completion: Graffiti artist Banksy is 
believed to be behind […]

Text 
summarization

NLP before 2020:

•  “Foundation Model” (Bommasani et al., 2021)

•  Zero or very few human-annotated 
examples required

Text 
summarization
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This is how we use ChatGPT today
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Key LLM artifacts
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Year Model Size Status Developer

2020 GPT-3 175B Proprietary OpenAI

2021 MT-NLG 530B Proprietary Microsoft/Nvidia

2022 PaLM 540B Proprietary Google

2022 Chinchilla 70B Proprietary Google DeepMind

2022 BLOOM 176B Open-weight BigScience

2023 Llama 1 7B - 65B Open-weight Meta

2023 Pythia 70M - 12B Open-source EleutherAI

2023 GPT-4 ~1.8T (MoE) Proprietary OpenAI

2023 Llama 2 7B - 70B Open-weight Meta

2023 Mixtral 7B Open-weight Mistral AI

2024 OLMo 1B - 7B Open-source Ai2

2024 Liama 3 8B - 405B Open-weight Meta

2024 Wen 2.5 0.5B - 72B Open-weight Alibaba

2025 DeepSeek-V3 671B (MoE) Open-weight DeepSeek

*Excluding reasoning models (will be covered in a later lecture)
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Many LLMs became proprietary
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The Guardian. February 2019.
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Case study: Llama (Meta)
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• Smaller models trained on 1.4T, high-quality & publicly available data


• “LLaMA-13B outperforms GPT-3 (175B) on most benchmarks, and LLaMA-65B is 
competitive with the best models, Chinchilla-70B and PaLM-540B”

(Touvron et al., 2023): LLaMA: Open and Efficient Foundation Language Models
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Case study: Llama (Meta)
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Generation Release date # parameters Training data size       
(tokens)

Context length 
(tokens)

Llama 1 February 2023 6.7B to 65.2B 1T—1.4T 2,048

Llama 2 July 2023 6.7B to 69B 2T 4,096

Llama 3 
(3.1, 3.2, 3.3)

April 2024

(3.3: December 2024) 8B to 70B 15T+ 128,000

Llama 4 April 2025 109B to 2T (MoE) 40T+ 10,000,000 (?)

Arguably more widely used than Llama 4

Meta. 2024. "The Llama 3 Herd of Models"
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Quick quiz
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Which statement is incorrect?

(A)  Llama-3 8B is roughly comparable performance to GPT-3 175B.

(C) One of the best language model trained primarily by university in the US as of 2025 is 
trained with 8x larger data than GPT-3.

(D) is correct.

A, B: Llama-3 8B trained for 15-trillion tokens  GPT-3 175B trained for 0.3-trillion tokens

C: DCLM 7B trained for 3-trillion tokens (and is comparable to Llama-3 8B/GPT-3 175B, 
at least on the benchmarks they evaluated on).

≈

(B)  Llama-3 [2023] is trained with 50x larger data than GPT-3.

(D) None
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Remaining topics in the course
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02/19 (TODAY): Pre-training advanced topics

Science of scaling & data

“What it takes to reach Llama 3 Base” 

02/24 : Post-training

“What it takes to reach Llama 3 Instruct / early ChatGPT” 

02/26: Inference & Evaluation


03/03: Experimental design & Human annotation

“What it takes to do NLP research” 

03/05, 03/10: Architecture advanced topics

How to make LLM more factual? (Retrieval augmented generation)

Beyond basic Transformer architectures we learned (e.g., Mixture-of-experts)


Up next: Impact & Social implication, reasoning models, agents

“What it takes do reach 2026 models: DeepSeek, Qwen, GPT-OSS, GLM”



Questions?
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