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Overview

- Transformers (continued)
- Contextual Word Embedding
- Pre-training technique

- ELMo, BERT, GPT
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Modeling Natural Language

Left-to-right language models:

p(a turtle swims in the ocean) = p(a) p(turtle | a) p(swims | a turtle) p(in         
| a turtle swims) p(the | a turtle swims in) p(ocean | a turtle swims in the)
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  10-4                   10-6

    10-11                                                                                     10-13
p(a turtle swims in the ocean) > p(a dog swims in the ocean)

e.g. p(dog) > p(turtle)
Language Models: Assign a probability to any sequence of tokens.



Transformer encoder-decoder (from class slides)
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Transformer encoder-decoder (from class slides)
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The Transformer Architecture: Embedding Layer
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[from Alammar, The Illustrated GPT-2, https://jalammar.github.io/illustrated-gpt2/]



The Transformer Architecture: Attention Layer
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⇒ Integrates information from previous tokens
⇒ Can perform operations like lookup or copy

[from Alammar, The Illustrated GPT-2, https://jalammar.github.io/illustrated-gpt2/]



The Transformer Architecture: Attention Layer
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⇒ Don’t attend to future tokens

[from Alammar, The Illustrated GPT-2, https://jalammar.github.io/illustrated-gpt2/]



The Transformer Architecture: Masked Self-Attention 
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The Transformer Architecture: Multi-Head Cross-Attention
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The Transformer Architecture: Feed-forward Layer
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⇒ Store knowledge as a dictionary between embeddings. “given the current 
context, what facts or associations should be added to this representation.”



The Transformer Architecture: Residual Connections & Layer Norms
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The Transformer Architecture: Prediction
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1. Finally, compare the final embedding against all token embeddings



The Transformer Architecture: Prediction
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1. Finally, compare the final embedding against all token embeddings
2. Obtain scores over next token candidates and convert to probabilities



The Transformer Architecture: Variants

Motivation: quadratic computation as a function of sequence length.
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The Transformer Architecture: Variants 
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The Transformer Variants: Sparse Attention
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The Transformer Variants: Flash Attention
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PLACEHOLDER
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Training a LLM: Data
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800GB of open-source data

[from Gao et al., The Pile: An 800GB Dataset of Diverse Text for Language Modeling]



Pretraining data- what one does with these data?
In the case of Llama 3.1:

“To train the best language model, the curation of a large, high-quality training dataset is paramount.” 

• PII and safety filtering 

• Text extraction and cleaning from raw HTML pages 

• De-duplication: URL, document, line-level, … 

• Heuristic filtering: 

• Remove lines that consist of repeated content (e.g., n-gram coverage ratio) 

• Dirty word counting 

• KL divergence of token-distribution compared “high-quality corpus” 

• Model-based quality classifier: important and new trend! 

• Code, reasoning, and multilingual data
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Training a LLM: Optimization

22

Now we can compute the LLM s̓ guess for p(next token | previous tokens) 
How can we improve the model?

Check the probability of the correct token and move the model parameters a tiny bit to make the correct token more likely 
(stochastic gradient descent)

How do we know which parameters need to change?  ⇒ Can compute the gradient of 
each parameter.

Always consider a batch of 103-106 of predictions and average gradients.  ⇒ Parameters move to produce the best effect 
overall.

🔁 Repeat millions of times. 
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Training a LLM: Optimization
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Now we can compute the LLM s̓ guess for p(next token | previous tokens)

How can we improve the model?

Check the probability of the correct token and move the model parameters a tiny bit to make the correct token more likely 
(stochastic gradient descent)

How do we know which parameters need to change?     ⇒ Compute the gradient of each parameter.

Always consider a batch of 103-106 of predictions and average gradients.  ⇒ Parameters move to produce the best effect 
overall.

🔁 Repeat millions of times. ⟶ Pre-Training!



Contextual Word Embedding
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ELMo
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BERT (Devlin et al., 2019)

- Bidirectional Encoder Representations from Transformers
- Key idea: Use a transformer to leverage bidirectional context
- Two objectives/loss optimization

- Masked language modeling (MLM)
- Next sentence prediction (NSP)

- Impact: one of the first works in NLP showing strong performance using a 
pre-trained transformer
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BERT Pre-training

We first pre-train the model on a lot of 
data to learn basic language abilities.
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[from Alammar, The Illustrated BERT, http://jalammar.github.io/illustrated-bert/]



BERT Pre-training
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Masked Language Modeling (MLM)

Learn to recover a masked 
word using the context
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[from Alammar, The Illustrated BERT, http://jalammar.github.io/illustrated-bert/]



MLM- The 80-10-10 Strategy
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Next Sentence Prediction (NSP)

Later works showed that this doesnʼt 
always help (Liu et al., 2019)! 
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[from Alammar, The Illustrated BERT, http://jalammar.github.io/illustrated-bert/]



How to use BERT? Fine-tuning

"Pretrain once, 
fine-tune many times."  
—  A single task head is 
added on top of the 
frozen-then-updated 
BERT encoder.
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GPT (Radford et al., 2018)

- Generative Pre-training
- Similar to BERT, GPT also uses transformers, but the key difference is that we 

process text in an unidirectional fashion (left-to-right)
- One objectives/loss optimization

- Language modeling or next token prediction
- Impact: the most impressive generative language model at the time
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Next token prediction

We teach the model to 
predict tokens through 
the probability outputs
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Minimize the negative 
loglikelihood of the next token



Next token prediction
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Text Generation

39[from Alammar, The Illustrated GPT-2, https://jalammar.github.io/illustrated-gpt2/]

1. Sample a  token from ~ p(next token | previous tokens)
2. Append the token to the input
3. Run the new input through the transformer

… and so on…



How to use GPT-2? Fine-tuning
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To summarize: how is the pretrained model used 
downstream?
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Scaling Up

[adapted from https://huggingface.co/course/chapter1/4]



GPT-3 (preview for next class)

What s̓ new? More parameters and more data. 

43



How to use GPT3? In-context learning

Fine-tuning is too expensive to such large models. 
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How to use GPT3? In-context learning

More examples = better performance
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Questions?
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