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How do we represent our data?

Image Naive: Vector Better: Patches Token Embeddings
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. vector
[] .
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How do we represent our data?

Image Token Embeddings
a = D-dimensional _xlT -
vector X = : e RV*D
T
AN T

N =16 embeddings x, € RP — nth token embedding

Token Embeddings

Text
o
. . —x —
The ducks were —> D-dimensional X — : e RNXD
: : vector -
swimming near —Xy —|
the bank. N =10 embeddings x, € RP — nth token embedding



What do we lose 1n this representation?

i 8 —> What are we looking at here?

[bank] —> What type of bank are we talking about?

[ Context is important — in both image and text processing. ]




How do we capture context?

x, € RP —nth token embedding
UV, _ (W) Tx € RPv — context provided by nth token

k> W@ e RP*XDv ig g learned weight matrix

N

y, =X, + z a,;V; —nth token embedding with context

1=1 \ . .
a,; € R are learned attention weight

a,; Indicates the relevance of token i € {1, ..., N} to token n € {1, ..., N}

y., 1s a token plus a weighted average of the context of other tokens



How do we capture context?

nth token embedding with context:
N N

Xn + z AniV; = Xp + Z ani(w(v))Txn

i=1 1=1

Yn
Ve

nth token context provided
embedding by ith token

learned attention weight learned context
(relevance of token i to token n) matrix

How do we learn appropriate attention weights?
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Capturing Similarity via Inner Product

Token Keys feature 2

k;
For a weight matrix W) € RP*Pk, t k
: 1
we can define the key vector of the K
3

nth token embedding as

feature 1

k,= (W N)Tx € RPx
k,

For a weight matrix W(@) € RP*Pk, k- ke

we can define the query vector of .
the nth token embedding as Similarity between q, and k;: z,; = Tk;

Zn,l > Zn,z > Zn,3 > Zn,6 > Zn,4 > Zn,S

*Assume vectors have unit norm.

= (W) Tx,_ € RPx



Capturing Similarity via Inner Product

Token Keys

K =

_—kI -

—ky —.

=X W) e RN*Dx

k,= (W) Tx e RPx

Token Queries

Q=

_—qI -

—qy —

= X W@ g RNXDx

7, = (WD) x, € R

Token Similarities

ZZQKTE]RNXN

Similarity between g, and k;:

Zni = (Q KT)ni= q;l;ki




Transforming Similarity into Probability

nth token embedding with context:
N N

Yn =X, T z AniV; = Xy T Z ani(w(v))Txn
We want the attention weights to satisfy a,; = 0 and Y-, a,; = 1.

This 1s not guaranteed using the inner product for similarity, but we

can define o _ corvax  [7] € RV —

attention matrix

__» relevance of token i
exp(z,,;) to token n




Ensuring Unit Variance Distributions

To ensure the variance of these attention scores stay close to one, we
will actually scale the inner product terms by the square root of the
key/query dimension, D;, before taking the softmax:

a = SoftMax g

VD
a,; = exp (ﬂ zN:exp o
nt —
JDT) = (JDT)

We’ll discuss this

scaling in Problem 2 on
the Disc. 10 worksheet.




The Self Attention Layer

4 N N
Attention[K,Q,V] = aV = z A Vi
. =1 J
V=XW® e RN*Dy — value (context) matrix
KT
a = | SoftMax, .y NG e RV*N  _ attention matrix
Dy
K = X W) € RNXD, — key matrix

= X W@ e RNXDx — query matrix



Self Attention Layer

The

AniVj

[K,Q,V] = aV=§N:

Attention

=1
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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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