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TRANSFORMERS

• This is ChatGPT
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ARCHITECTURE



ENCODER STACKS



DECODER STACKS



TRANSFORMERS

Offset + Masking 

=

Next word prediction 

based only on previous 

words



DECODER STACKS



Layer Normalization

Residual Connection

TRANSFORMERS



Layer Normalization

Residual Connection

TRANSFORMERS



Recap:

• Stacks of encoders and decoders

• Encoder --> two sub-layers 
⚬ Self-Attention
⚬ Feed Forward

￭ Residual connection around 
each

￭ Followed by Layer 
Normalization 

• Decoder -> same sub-layers 
￭ + mask 
￭ + offset output embeddings



Still haven’t covered:

• I/O Embeddings
• Positional Encoding
• Output (Linear --> Softmax)

These are (mostly) more classic ideas, but 
we will come back...



FOR NOW, LET’S ZOOM OUT



TRANSFORMER

• Encoder

⚬ Focused on understanding the input

• Decoder

⚬ Uses understanding from encoder

⚬ Generates one word at a time (mask)



ENCODER-DECODER = BART

• Transformer Type

⚬ Sequence to sequence

• Model-like

⚬ BART/T5-like

• Focus

⚬ Generative tasks that require 

an input

⚬ e.g., translation, summarization 



BART

• Bidirectional AutoRegressive 

Transformer (BART) 

• Encoder-decoder (seq2seq) model 

⚬ Bidirectional (BERT-like) encoder 

⚬ Autoregressive (GPT-like) 

decoder



TRANSFORMERS

• BART-style



ENCODER = BERT

• Transformer Type

⚬ Auto-encoding 

• Model-like

⚬ BERT-like

• Focus

⚬ Understanding of the input

⚬ e.g., question answering, 

sentiment analysis 



BERT

• Bidirectional Encoder 

Representations from 

Transformers (BERT) 

• Bidirectional (BERT-like) encoder 



TRANSFORMERS

• BERT-style



• Transformer Type

⚬ Auto-regressive

• Model-like

⚬ GPT-like

• Focus

⚬ Generative tasks

⚬ e.g., chat bot

DECODER = GPT



GPT

• Generative Pre-Trained 

Transformer (GPT) 

• Autoregressive (GPT-like) decoder

• 12 Decoder blocks



TRANSFORMERS

• GPT-Style



ATTENTION



ATTENTION



ATTENTION





BUT WE HAVE MORE THAN 1 
WORD...



SCALED DOT-PRODUCT 
ATTENTION

In practice, we compute the attention function on a set of 

queries simultaneously, packed together into a matrix Q.  

(The keys and values are also packed together into matrices 

K and V)







MATRIX FORM



ATTENTION



“MULTI-HEAD” 
ATTENTION
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ATTENTION



CODING ATTENTION!

Presented by
Chris Alexiuk, LLM Wizard 🪄





LET’S ZOOM OUT AGAIN FOR 
A SECOND



SELF-ATTENTION

• Applying Transformer to 

machine translation



SELF-ATTENTION



SELF-ATTENTION



SELF-ATTENTION



SELF-ATTENTION
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STACKS OF ENCODERS & 
DECODERS 



WITHIN EACH ENCODER & 
DECODER

• Self-Attention

⚬ Helps encoder look at 

other words in input 

sentence as it encodes 

a specific word

• Encoder-Decoder 

Attention

⚬ Helps decoder focus on 

relevant parts of input 

sentence



“MULTI-HEAD” 
ATTENTION



ATTENTION HEADS



ATTENTION HEADS

• Many blocks (12)

• Many attention heads



LET’S RETURN...



Still haven’t covered:

• I/O Embeddings
• Positional Encoding
• Output (Linear --> Softmax)

These are (mostly) more classic ideas, but 
we will come back...



KEY VOCABULARY

Tokenization

• Chop words

Embeddings

• Words --> numbers

(Positional) Encoding

• Words within sentence



KEY VOCABULARY

Tokenization

• Chop words

Embeddings

• Words --> numbers

(Positional) Encoding

• Words within sentence



TOKENIZATION

• Chopping text into pieces (tokens)

• Words, usually subwords



KEY VOCABULARY

Tokenization

• Chop words

Embeddings

• Words --> numbers

(Positional) Encoding

• Words within sentence



EMBEDDINGS

https://txt.cohere.com/text-embeddings/



QUIZ!

https://txt.cohere.com/sentence-word-embeddings/



QUIZ!

https://txt.cohere.com/sentence-word-embeddings/



https://txt.cohere.com/sentence-word-embeddings/



WORD2VEC



KEY VOCABULARY

Tokenization

• Chop words

Embeddings

• Words --> numbers

(Positional) Encoding

• Words within sentence



(POSITIONAL) ENCODING



(POSITIONAL) ENCODING

• Order of the words (tokens)

• Add meaningful vector to each token embedding



(POSITIONAL) ENCODING

• Order of the words (tokens)

• Add meaningful vector to each token embedding



KEY VOCABULARY

Tokenization

• Chop words

Embeddings

• Words --> numbers

(Positional) Encoding

• Words within sentence



THE TRANSFORMER
A BRIEF INTRODUCTION



TRANSFORMERS

• This is ChatGPT
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POS. ENCODING

Impart information about 

where each token is in the 

sequence

WITHOUT recurrence or 

convolutions



SETTING UP 
EMBEDDINGS, 
POSITIONAL 
ENCODING

Presented by
Chris Alexiuk, LLM Wizard 🪄



TRANSFORMER



ADD & NORM

The basic idea is that it 

makes training the model a 

bit easier, and allows the 

model to generalize a bit 

better.



Layer Normalization

Residual Connection

TRANSFORMERS



FEED FORWARD



FEED FORWARD



ADD & LAYER NORM, 
RESIDUAL 

CONNECTION, AND 
FEED FORWARD NN

Presented by
Chris Alexiuk, LLM Wizard 🪄



LINEAR PROJECTION



GPT-STYLE EXAMPLE





COMBINING IT ALL 
TOGETHER!

Presented by
Chris Alexiuk, LLM Wizard 🪄



TRAINING



BART

• Bidirectional AutoRegressive 

Transformer (BART) 

• Encoder-decoder (seq2seq) model 

⚬ Bidirectional (BERT-like) encoder 

⚬ Autoregressive (GPT-like) 

decoder



TRAINING (FROM THE PAPER!)

• 5.1 Training Data and Batching

• 5.2 Hardware and Schedule (NVIDIA P100)

• 5.3 Optimizer (Adam)

• 5.4 Regularization

⚬ Residual Dropout 

⚬ Label Smoothing



TRAINING FOR TRANSLATION

• Set up BilingualDataset from PyTorch

• Build Tokenizer

• Training Loop

⚬ Configure hardware

⚬ Create directory for saving model weights based on config.

⚬ Get data loaders, tokenizers, and model. Move model to device.

⚬ Initialize Adam optimizer 

⚬ Set up initial training parameters

⚬ Define cross-entropy loss function 



TRAINING THE BRAIN!
Presented by

Chris Alexiuk, LLM Wizard 🪄
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EMBEDDING



POS. ENCODING



ADD & NORM



FEED FORWARD



ATTENTION



STEP-BY-STEP
• Tokens

• Embeddings

• Positional encoding

• Encoder

⚬ Multi-Head Attention

⚬ Add + Norm

⚬ Feed Forward

⚬ Add + Norm

⚬ To Decoder...

• Decoder

⚬ Masked Muti-Head Attention

⚬ Add + Norm

⚬ Multi-Head Attention

⚬ Add + Norm

⚬ Feed Forward

⚬ Add + Norm

• Linear Projection

• Softmax



WITHIN ATTENTION
• Tokens

• Embeddings

• Query, Keys, Values

⚬ Assemble matrices



ATTENTION



“MULTI-HEAD” 
ATTENTION



ATTENTION HEADS



TO DEC BLOCKS
To next block...



STACKS OF ENCODERS & 
DECODERS 



CONCLUSIONS
• Transformer = sequence transduction engine based entirely on attention

⚬ No convolution, recurrence!

⚬ BART (enc-dec), BERT (enc), and GPT (dec)

⚬ Only decoders are generative!

⚬ Multiple blocks --> each decoder block takes same encoder output

• Multi-headed attention allows us to focus on different pieces of the puzzle



TRANSFORMERS

• This is (not just)

ChatGPT


