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1. Transformer Encoder
2. Transtormer Decoder
3. Training a Transformer

4. Using a Transformer for
Concepts Covered Inference



A Running Example: Machine Translation

Task: Translate sentence from English to Spanish
Input: Where 1s the library?

Target: /Donde esta la biblioteca?
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The Transtormer Encoder
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1) Obtain Input Embeddings

Input: [Wherelislthehibrar
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2) Grab Positional Encodings
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3) Combine Embeddings + Positions

Input: [Wherelislthehibrar
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4) Generate Queries, Keys, and Values

Input: [Wherelislthehibrar Pecoder
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5) Get Contextualized Embeddings
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6) Obtain Representation of Input

Input: [Wherelislthehibrar

}

Output of encoder: Compact representation
of the input (English) sentence
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1. Transformer Encoder
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The Transtormer Decoder

Goal: Learn to predict next word 1n Spanish sentence De;fsfer
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1) Obtain Input Embeddings
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2) Grab Positional Encodings
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3) Combine Embeddings + Positions

Output: @Déndele stéIlaIbibliotec
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4) Generate Queries, Keys, and Values

Output: @Déndele stéIlaIbibliotec
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5) Get Contextualized Embeddings: Output Only

Output: @Déndelestéhalbibliotec
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Contextualized embedding: Meaning of
token 1n context of all other output tokens

Key difference from encoder: Masked
attention prevents earlier tokens from using
context provided by later ones

(e.g., esta can see Donde but Donde cannot
see esta during training)
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6) Get Contextualized Embeddings: With Input
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7) Obtain Representation of Output + Input

Input: [Wherelis::thehibrar

Output: éndelestéhalbibliotec

}

Output of decoder attention blocks:
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(Spanish) sentence and relevant parts of
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Data Sample for Training the Transformer

Inputs: <SOS> Where is the library <EOS> Pecoder
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Outputs: <SOS> Dénde esta la biblioteca S
(e Nom) )
Feed
Targets: Dénde est4 la biblioteca <EOS> =L O s =
argets: Donde esta la biblioteca , 'T e
L Add 8 Norm J Mult-Head
Feed Attention
Forward 7 ) Nx
Nx | —(CAdd & Norm ) Ad;:;::m
)| |k
LA ==
Encodng (O &~ Encoding
Input Output
Embedding Embedding
I I
Inputs Outputs

(shifted right)



1) Obtain Representation of Input + Output

Inputs: <SOS> Where 1s the library <EOS>

Outputs: <SOS> Dénde esta la biblioteca
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2) Map Representation to Word Probabilities

Inputs: <SOS> Where 1s the library <EOS>

Outputs: <SOS> Dénde esta la biblioteca

Representation of inputs + outputs:
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3) Compare Word Probabilities to Target
Inputs: <SOS> Where 1s the library <EOS>

Outputs: <SOS> Dénde esta la biblioteca
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Step 2 of Inference
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Step 4 of Inference
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Step 5 of Inference
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KV Caching During Inference

During each step of inference, we predict the next token using
context provided by all the previously generated tokens.

Therefore, we're continuously using the keys/values of earlier tokens.

To avoid recomputing the key and value matrices at each step of
inference, we cache these matrices and re-use them.

We'll explore KV caching

in Prob. 3 of Disc. 11.




More on Transtormers

Contributors: Sara Pohland



Additional Resources

1. Transformers

» Deep Learning Foundations and Concepts — Chapter 12.1

= Umar Jamil — Attention 1s all vou need (Transtformer) - Model explanation
(including math), Inference and Training



https://www.bishopbook.com/
https://www.bishopbook.com/
https://www.youtube.com/watch?v=bCz4OMemCcA
https://www.youtube.com/watch?v=bCz4OMemCcA
https://www.youtube.com/watch?v=bCz4OMemCcA
https://www.youtube.com/watch?v=bCz4OMemCcA
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