Neural Networks Lecture 2 —
Extra Content

Data Science Toolbox Week 7



Discussion Assignment

Explain how a transformer works (in particular, what is attention?)
and compare/contrast with how a CNN and a Vision Transformer

process an image

The next slides is some extra material on transformers with some
suggested reading



Reading/resources:

»Go and watch the latter four videos of 3Blue1Brown’s videos on
transformers and LLMs (especially the video on attention) :
https://youtube.com/playlist?list=PLZHQObOWTQDNUG6R1_6700
0Dx_ZCJB-3pi&si=gY0OnycdjWu2kf80g

» https://poloclub.github.io/cnn-explainer/
» https://poloclub.github.io/transformer-explainer/

» For the curious, a free one hour course on coding attention in
PyTorch: https://learn.deeplearning.ai/courses/attention-in-
transformers-concepts-and-code-in-
pytorch/lesson/han2t/introduction
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Language specific problems

1. How do you adapt numerical methods of learning to text inputs?

2. How do you capture the interdependency of words within a
sentence in a single layer of a neural network?

3. Howdo you do this in parallel (instead of processing one token
at atime)?

4. How do you learn to represent the same word in different
contexts (e.g. river bank vs bank account)?



Attention is about 30% of what you need

Transformer Architecture:

1.

2.

4.

5.

Take an input sentence, split into tokens (words or parts of words)
and embed each of the tokens into vectors

Feed these embedding vectors into an attention block, which
updates embedding vectors based on how tokens relate to each
other

Feed these updated embeddings into a standard multilayer
perceptron which in some sense encodes information™

Feed this back into an attention block and repeat this process many
times (GPT3 has 96 blocks for example)

Your training task for each input is to predict the next token.

*How might LLMs store facts Attention Is All You Need (2017)



https://www.youtube.com/watch?v=9-Jl0dxWQs8
https://arxiv.org/abs/1706.03762

Word2Vec

Embeddings closest to E(tower)

E(tower)



https://www.youtube.com/watch?v=KJtZARuO3JY&t=0s

Word2Vec

E(woman) - E(man)

E(man)

E(woman)

Efficient Estimation of Word Representations in Vector

Space (2013)

» A pre-trained model that
turns words/tokens into high
dimensional embedding
vectors.

»Words with similar meanings
are embedded near to one
another.

» Directions in this space in
some sense represent
different semantics.

»Useful for NLP tasks on
words and short sentences
but unable to capture context
beyond aggregates.


https://arxiv.org/abs/1301.3781
https://arxiv.org/abs/1301.3781

»For each attention “Head” we learn three weight matrices:

1. The Query “Q” which ‘asks’ something about how certain tokens attend
to one another e.g. does this adjective refer to this noun

2. The Key “K” which is trained with the query to get the certain tokens to
‘attend’ to one another

3. The Value “V” kicks in once we match the Query with the relevant Key

and in essence ‘answers’ the question.
https://poloclub.github.io/transformer-explainer/
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Multi-headed attention

»Each attention “head” has specific queries on how words in a
sentence relate to one another.

» Obvious examples might relate adjectives to nouns, adverbs to
verbs, nouns to pronouns or something more abstract which
suggests what embedding updates should take place based on
what’s there.

»Each head has a distinct key and query matrices which produce
distinct attention patterns. These distinct value patterns which
produce distinct updates through the key matrix.

» Every update from each attention head gets added up to the
original embedding which flowed into the attention block.
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The last token and over-squashing:

» As you go through multiple blocks you hope all your vectors gain richer

and richer meanings to make you better and better at predicting next
tokens.

» At the very end you want to look at the vector of the last token of the
sentence and softmax it to get some likelihood (not a probability!) of
the next word in a sentence, you can calculate your loss here by
comparing with actual examples of text.

»In theory, with enough layers of attention and MLPs, the last token is all

you need to capture enough semantics about the whole sentence
proceeding.

»In practise, this can lead to an effect called over-squashing if your
context window is too large!



Transformer Overview

» Transformers involve a combination of embedding, attention and
a standard MLP.

»The way transformers are designed make them extremely efficient
to train in parallel which is ideal for training on Graphical
Processing Units (GPUs).

»They serve as the backbone for modern large language models,
but can be also be used for computer vision tasks (1) and time

series applications (2) and can be applied in other methods like
graph neural networks (3)

3. Graph Attention Networks



https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2010.11929
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