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Learning objectives (Vision Transformer)

By the end of this week, you will be able to:
» Learn the concepts of Transformer Models

» Understand the Self-Attention Mechanisms (the basic building

block of Transformers)

» Understand an image classification using Vision Transformers



Content of this week (VIT)

- Part 1. Self-Attention Block
» Basic concept of Transformers
* Word Embedding

+ Self-Attention Mechanism

* Part 2: Vision Transformer
» Basic concept of Vision Transformers
* Architecture of a Vision Transformer

* Performance of Vision Transformer



Word Embedding

Given a word I/ (e.g. “intelligence”) we want W to be a real vector
of dimension d. Dimension d Is also called word embedding
dimension.

W:words —» R%

“intelligence” - (wy, w,, ..., wy) = (0.1,—0.8, ...,0.9)



Word Embedding

W, = "l love artificial intelligence”
W, ="l like computational intelligence”

We create a vocabulary V collecting all unique words.
V ={"I", “love”, “like”, “artificial”, “computational”, “intelligence”}

For this example, vocabulary size |V| = 6



Word Embedding: Word — Integer

7 (13 b (13 7 13

V _ {ulu, “IOVe , art|f|C|a| : Computathna| ; |nte”|genCe”, “Iike,,}

| - 0

love — 1

like — 2

artificial - 3
computational —» 4
intelligence —» 5



Word Embedding: Integer - Word

7 (13 b (13 7 13

V _ {ulu, “IOVe , art|f|C|a| : Computathna| ; |nte”|genCe”, “Iike,,}

0-
1 — love

2 — like

3 — artificial

4 — computational
5 — Intelligence




One-Hot Encoding

V — {“lﬂ, “Iove”, “Iike”,

COCOCCOO =

“love” =

COOOm= O

“‘computational” =

C=OOCO O

“artificial

“like” =

COO=mOCO

7 13 7 (13

, "computational”,

“artificial” =

“intelligence” =

- O OO0 O

COmmROCOCO

intelligence™}




Similarity between words?
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Obijective is to place similar words close to each other
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Similarity between words?
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those

t-SNE visualisation of words

Turian et al. (2010)

000 1
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executive analyst

trader



t-SNE visualisation

t-SNE decomposition

Example Source:
https://towardsdatascience.com/text-classification-in-python-dd95d264c802

__________________________________________________

All similar topics
are closer to
each other
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https://towardsdatascience.com/text-classification-in-python-dd95d264c802

Word Embedding: Objective

Given a word I/ (e.g. “intelligence”) we want to W a real vector of
dimension d

W:words —» R%

“intelligence” - (wy,wy, ...,wy) — (0.1,-0.8, ...,0.9)

14



Word Embedding o

One-Hot j }
Vector e
Hidden/
0 @ embedding e
layer °
10,
Qo

----------------------- @
- Document/ “intelligence” —— —— “other layers of a NN”

a text file

Mo 2
v (o)

Check online here: https://ronxin.github.io/wevi/ 15



Word Embedding

Check online here: https://ronxin.github.io/wevi/
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Word Embedding

“intelligence”=10 1 0 .. O

=[0.1,—0.8,...,0.9]
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https://projector.tensorflow.org/

*
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Word Embedding

“intelligence” -~

Input token

Embedding dimension d

Pl ~
~ 7

- 0.5 46 ... 097
01 -08 .. 0.7
0.6 08 .. 0.3

0.3 —-0.6 — 0.8

.05 05 .. 01-

Lookup Table
Embedding Weight Matrix

Add & Norm

Feed
Forward

Add & Norm

Multi-Head
Attention

Add & Norm

Aad o Masked
Multi-Head Multi-Head
Attention Attention
] J \ —)
Positional Positional
Encoding ®_<> E>_® Encoding
Input Output
Embedding Embedding

I

Outputs

(shifted right)

Vocabulary size
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Positional Encoding

Let’'s have a sentence “This is Computer Vision Class” of n =

And each word x; (e.g., “Computer”) is represented by an embedding vector of size for

example d = 10 (this could be very large number)
That is mathematically t-th word is represented as
x, € R4

Then the positional encoding will be presented as:

: : pos
p(pos, 2i) = sin (100002i/d)

: pos
p(pos,2i +1) = cos (100002i/d)

Forpos =0,1,..n andi =0,1, %

5 sequence length

Qutput
Probabilities
e ! N
Add & Norm
Feed
Forward
4 1 ™\ | Add & Norm ;
A r ~
dd & Norm Multi-Head
Feed Attention
Forward P N x
\
N Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
[} ) | O,
> J L —,
Posilional
£ “n
ng ®_(> C>—® Encoding
Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)



Positional Encoding of word: x, € R4

It assign a value relevant to the position of the word in the sentence

Ppos =

where

sin(w;) « Alternating

cos(w1)4.> function and

sin(w;) values

cos(w,) Do’

. p=|P
sin(wgq,2) 'y
[cos(Wq/2) ]

pOs Positional encoding
= 100002/4 matrix matrix

JUI
yat \Ill

Add & Norm

Feed
Forward
4 1 ™\ | Add & Norm K
7 T
e Multi-Head
Feed Attention

Forward 3 3 N x
\
Add & Norm

N x .
f—>| Add & Norm | Masked

Multi-Head Multi-Head
Attention Attention
A ) | O,

\k J . _J)
Positional Positional
Encoding ®_(> G>—® Encoding

Input Output
Embedding Embedding

Inputs Qutputs
(shifted right)
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Positional Encoding of word: x, € R4

It assign a value relevant to the position of the word in the sentence Output
Probabilities
e
( )
Feed
Forward
L 050
7 1 ~ | Add & Norm I::
L 0.25 w Multi-Head
“ | Feed Attention
P H ] Forward J D) Nx
% lilllll . I 0.00 \
: I. t l N Add & Norm
A ‘ I : ~>{_Add & Norm Masked
|I 025 Multi-Head Multi-Head
o o' 1 Attention Attention
w LN
ol | i L -0.50 q S Z — J
l.. I ' I ‘ \ J . J
| .
ll s ] | i I H Positional @‘—69 @ Positional
' I ‘.I ’ I -0.75 Encod ng ffr"(';;").g‘y]]g;
'H.h II I Input Output
inl I l LT Embedding Embedding
Inputs Qutputs

(shifted right)

Kazemnejad et al (2024). The impact of positional encoding on length generalization in transformers. NIPS 22



Positional Encoding of word: x, € R4

It assign a value relevant to the position of the word in the sentence

Position Embeddings

tokens
AN
__,-//
\
Py
v

sin(wq - t)

only Sinusoidal . |
function here because =4 O s pe
= 2k |

woard position

—— =0 B -
i=1 i=1
— =2 R —
i=3 =3
— =4 B

Kazemnejad et al (2024). The impact of positional encoding on length generalization in transformers.
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Forward PP N x
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A ) L
f J g ——,
Positional Positional
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NIPS 23



Self-Attention

Vaswani et al. Attention Is All You Need (NIPS 2017)



Self-Attention

|

MatMul |
f A
SoftMax

)
[ Mask (opt.)

. QK'
1 Attention (Q, K, V) = softmax

Scale \/dik

)
MatMul

t 1

Q KV

Vaswani et al. Attention Is All You Need (NIPS 2017) 25



Self-Attention

Let’s have a sentence “This is Computer Vision Class” of n = 5 sequence length

And each word x (e.g., “Computer”) is represented by an embedding vector of size
t for example d = 10 (this could be very large number)

Vet ) | . | Postonal ()

That is mathematically a word is presented as

" 4 Emlt?gcjlcthng
SoftMax e RY I
f Inputs
[ MaSkf(Opt-) And we have weight matrices
SC:“e Query Wy = d X di, Key Wk = d X d, Value d X d,
MatMul Then we perform a liner transformation of the input of x/ via Query, Key and Value
1 1 matrices to obtain Query, Key and Value vectors as:
Q K V
q11><dk _ xlxd X dedk ki1><dk _ 1><d X dedk and _ xilxd X

For all words i = 1, ..., Iinthe sentence.

Vaswani et al. Attention Is All You Need (NIPS 2017)



Self-Attention

We can pack the following Query, Key and Value vectors into a matrix forms:

1xd dxd 1xd dxd
q; k — 1><de ko k7% = 1><de k and — y1xd

i - i
4 For all words i = 1 ,nin the sentence.
MatMul |
) A
SoftMax Q = [ql q2 - qn] K= [k1 kz kn] V1 Vp - Un
4
[ Mask (opt)
1

Scale

)
MatMul

t 1

Q KV

X

Vaswani et al. Attention Is All You Need (NIPS 2017) 27



Self-Attention

Vaswani et al. Attention Is All You Need (NIPS 2017)

n is the number of tokens in a sentence

|

MatMul |

1

SoftMax

4

[ Mask (opt.)

1

Scale

)

MatMul

1
Q

1

K

A

V

Q:

Attention (Q, K, V) = softmax

d1,1
d1,2

CI1,dk

(k14
ki

_kl,dk

Q is a matrix of size n X d,

Qn, 1
Qn,z ]

Qn,dk

kni
kn,z

le,dk-

K is a matrix of size n X d,

QK"

Ja

Vv



Self-Attention s ern o

. . . alignment scores
Q is a matrix of size n X dj, J ;

d11 " 41,4, ki1 0 kg
1 qu qn,1 q2,1 QZ,dk ° k1,2 . kn,z
MatMul I Q = d12 . qn2 S : ; ' ;
f A . :d ) :d Qn,l Qn,dk -kl,dk kn,dk_
1, n,
SOﬁfMaX ‘ ‘ dot product
[ Mask (opt.) QK !
1 Attention (Q, K, V) = softmax Vv
Scale ./ d k
1
MatMul (k11 kpa ]
1 1 K = k%,z k?:L,Z
Q K V : '
_kl,dk kn,dk_

K is a matrix of size n X d,



Self-Attention

e;1 612 _ €1n]
Jao Ve 4,

o
N
=

€21 €22

<_
Q
=
<
(o)
==
&

Q is a matrix of size n X dj,

1 d11 " Qdna en1 En2 .. Enn
- I\/latl\/luIAI Q = CI1:,2 Ch:z,z] \/d_k \/dk \/d_k
A1,d, ° 9nd
Softfl\/lax ‘ e Scaling of alignment scores
[ Mask (opt.) QK !
1 Attention (Q, K, V) = softmax Vv
Scale A/ d k
)
MatMul [l 7
1 1~ K = k1,2 Kn2
Q K V : :
_kl,dk kn,dk_

K is a matrix of size n X d,
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Self-Attention

€11
Vs
€21 €22 B
Vi \Jdi
Q is a matrix of size n X dj e: o 2 .
1 911 " na o=
: n, d
MatMul I %2 . 2 dk Vi N
4 4 Q= : : :
SoftMax Qiae " Andi Apply Mask (optional)
)
[ Mask (opt) QK™
1 Attention (Q, K, V) = softmax Vv
Scale [ d K
1
MatMul (ki1 kpa ]
1 1 K= |f2 - FKng
Q K V : :
_kl,dk kn,dk_

K is a matrix of size n X d,
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Self-Attention sofemax((k 0 - 0)

5

er1 €22 0
softmax (\/d_k Jd, >
: : : e 2 e
Q is a matrix of size n X dj softmax (@ ne ﬂ)
d
t e Ja Vo d))
MatMul I Q = di2 . qn2
= ftfl\/l t q 1: PR qn: a SoftMax of Scaled dot product
oftMax : :
)
[ Mask (opt) QKT
1 Attention (Q, K, V) = softmax Vv
Scale d
¥ V Yk
MatMull (k11 k]
1 1 K = k%,z k1.1,2
Q K V '
_kl,dk kn,dk_

\/%_k is the scaling factor

K is a matrix of size n X d,



[ ] - 61,1 =
Self-Attention softmax(5 0 . 0)
Vaswani et al. Attention Is All You Need (NIPS 2017) e f e, » 2R U1,dv |
softmax <\/2d_1 \/dk 0) V21 - 424,
k : :
Q Is a matrix of size n X d;, €d, 1 .edk,z €d, d, Vn,1 Vn,dy
softmax ' e —
1 d11 " qna i <\/dk \/dk dy >
MatMul I Q = 912 . dn2
A . : ) :
1 d1d., ° 9nd resulting self-attention weights
SoftMax “k Gk
4
[ Mask (opt.) K i
) Attention (Q, K, V) = softmax Vv
Scale / d K
1
MatMul (k11 v kpa] Vg v VUrgy
1 T K= k1.,2 k’}'z V = V21 ™ (44,
Q K Vv . . o
| Ad n,d | Vn 1 vn’dv_

K is a matrix of size n X d;, V is a matrix of size n X d,,
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Self-Attention

Vaswani et al. Attention Is All You Need (NIPS 2017)

[d11 " A1d,]
Head1 = d2,1 aZ,dv
| o o
MatMul |
1 1 . . .
SoftMax resulting self-attention weights
1
[ Mask (opt) QKT
1 Attention (Q, K, V) = softmax Vv
Scale / d
k
)
MatMul Vi e Vg
1 T V = V21 424,
Q K V . : s :
(Va1 Va,a, |

Vis a matrix of size d X d,,
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Multi Head Self-Attention

Vaswani et al. Attention Is All You Need (NIPS 2017)

[ Concat ]

f

Scalei t?g;izfduct MultiHead(Q, K, V)
= Concat(Head,, Head,, :--, Head},) Woyut
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Qutput
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Attention Map

Attenti a Attenti {hover to focus, cli C ) - - ; -
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\\
; .\
\\
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™
L
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\_\\
N

okens (hover to focus, click to lock) |source — destination (source attention when none selected)  v|

Tokens (hover to focus, click to lock) | source — destination (source attention when none selected) v |
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A Mathematical Framework for Transformer Circuitshttps://transformer-circuits.pub/2021/framework/index.html
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How Query and Key might work

The query searches for "similar" key vectors, but because keys are shifted, it finds the next token.

out about the Potters. Mrs Potter was ... neighbours would say if the P:, arrived in

attention pattern moves information logit effect

1
out about the Pot . Mrs Potter was ... neighbours would say if the Potters arrived in

key query
out about the ers. Mrs Potter was ... neighbours would say if the ters arrived in

Mr and Mrs Dursley, of number .. with such nonsense. Mr| E;,Iey was the

attention pattern moves information logit effect

1
Mr and Mrs Dlley, of number ... with such nonsense. Mr Dursley was the
key query
Mr and Mrsilursley, of number ... with such nonsense. ursley was the

A Mathematical Framework for Transformer Circuitshttps://transformer-circuits.pub/2021/framework/index.html



Input string

Jane visited Africa in September

'.-mtﬂrlaa[loﬂ-‘paﬂﬁﬂg

L] ¥ ¥ L] L]

[se |[aass |[ 35 || 5w [ 55 ][ o |

MultiHead(Q,K, V) = Concat(head,, ...

Jhead, )W

wherehead, = Attention(QWZ, KW, vw))
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Transformer Visualisations &

Explainers (Online Resources)

Data
visualization
em

powers
users

to

» https://bbycroft.net/llm

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

» https://jalammar.qgithub.io/illustrated-transformer/

Data
visualization
em

powers
users

to

-
\
\

vﬁz;na—vglﬁtf

wpoans= 85,584
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https://bbycroft.net/llm
https://poloclub.github.io/transformer-explainer/
https://jalammar.github.io/illustrated-transformer/
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Convolutional Neural Nets

j o}

[Input - Convolution - RELU - POOLING - Fully Connected - Output]
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3x3 convolution layer and the

3x3 local relation layer

Hu et al. (2019). Local relation networks for image recognition. ICCV

channel #1

channel #2 m

channel #3

convolution

composability

1\

channel #1

a

local relation
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Convolutional Nets Vs Transformer

Ramachandran et al. Stand-alone self-attention in vision models. NIPS 2019

output

0
F_

learned weights

3 x 3 convolution.
The output is the inner product
between the local window and
the learned weights

softmax

output

values _D

— matrix multiplication
----- learned transform

Self-attention around image local region
The output is local self attention
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Standalone Self-attention in Vision Models

Ramachandran et al. Stand-alone self-attention in vision models. NIPS 2019

Image Conv Pool Conv FC CLS Image  Attention =~ MLP Attention =~ MLP Attention  MLP CLS
ResNet-26 ResNet-38 ResNet-50
FLOPS Params Acc. | FLOPS Params Acc. | FLOPS Params Acec.
(B) (M) (%) (B) (M) (%) (B) (M) (%)
Baseline 4.7 13.7 74.5 6.5 19.6 76.2 8.2 25.6 76.9
Conv-stem + Attention 4.5 10.3 75.8 5.7 14.1 771 7.0 18.0 77.4
Full Attention 4.7 10.3 74.8 6.0 14.1 76.9 7.2 18.0 77.6




Convolutional Nets Vs Transformers

100 L aNet ViT-H/14
Fractional MP ORN 89— —0
» er—*
5 DSN
D 59 MCDNNg—=e@—®
o o
o
)
G 80
g
I_
=
O
Y 70
LLl
[
60
50
2012 2014 2016 2018 2020 2022

Other models - Models with highest Percentage correct

Check Latest Models Here: https://paperswithcode.com/sota/image-classification-on-cifar-10

2024
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How Vision Transformer Models Works

Vision Transformer (ViT)

Class

Bird MLP
Ball |
Car Head \

Transformer Encoder ]

Hmmuiﬁﬁﬁﬁﬁéiﬁ@

* Extra learnable
[class] embedding Lmear Pr{:u ection {:}f Flattened Patches

SEE | T ] l
i

Dosovitskiy et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR 2017

Transformer Encoder

9l

[ Multi-Head
Attention

I -

Norm

Embedded
Patches
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Splitting an Image into Patches

Split the image into patches, each of size (H'XW’xD)

@Qrs»é\ & e

4
i

4{HEEEEEN
HFSEEEE
Bk Jl

28

28

MIST dataset




Linear mapping

Linear projection to D-dimensional vector
YxW + b

Flatten pixels of the patch Mapping dimension

ol

00 000

Linear
Mapping
h-dim

Flatten
array (n-

dim) kg
Patches =~




Positional Encoding

Inform the model where the patch’s position in the image is. In other word use sine and cosine
values for respective patch number

100 200 300 400 1 100
ﬂ A ' ( 075
‘-' .' H .
20 .: F:-I F|'|'|I |, I| _ 11 0.50
a0 ) M |I || i 025
’ "' ' 0.00
' i || || -0.25
50 il |l ~0.50
H ) [
o, :”;h’-" II'||' II"H |||'J| . I -0.75
.
sin ( — if 7 is even
— 10000de?nb_din1
Pij = S _
coS — if 4 is odd
\ IOOOOdETnb_di'n'f,
Linear
Mappmg - -
h-dim
Flatten
array (n-
dim)

Patches



Positional Encoding and Vectors

Inform the model where the patch’s position in the image is. In other word use sine and cosine
values for respective patch number

'
. 1 . S
sin ( z if 7 is even

plj = 10000 ¢emb-dim

CoS . if 5 is odd
\ 10000 demb_dim

v rl

Linear
Mapping
h-dim

Flatten
array (n-
dim) v 3
Patches ~




Add a Learnable Classification Token

Transformer Encoder

Linear
Mapping — -
h-dim T

Patches "

Flatten
the array == ,d
(n-dim)

——



Output vector of Transformer Encoder

Transformer Encoder

Linear
Mapping — -
h-dim T

Patches '

Flatten
the array == é
(n-dim)

—— 53



Same as ChatGPT Transformer

Transformer Encoder

o

A
MLP
Notm

Multi-Head
Attention
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Norm

Embedded
Patches




Same as ChatGPT Transformer

Transformer Encoder Multi Head Attention
A
Lk
@ ~— |
Linear
MLP T
4 - Concat
Norm Y
C—; Scaled Dot-Product "
) Attention
Multi-Head tl tl tl
Attention L r“j r'-'—]
Q ¢ , \ Linear Linear Linear
V K Q

Patches

[ Embedded ]




Same as ChatGPT Transformer

Transformer Encoder Multi Head Attention Self-attention
) A
L x t
1 MatMul
. . - E MLP ] L|rjear "‘ yy
] [ Norm ] y f
~ 1
i i i i i i i i -+ Scaled Dot-Product J MaSk"(ODt')
Attention <
h-dim g[l QD Q[l QD Q[l Q[l QD MAllltl'Head “l “l ﬁl Scale
Paches R )8 - i =l ttention /- I - Y -
v S By = LB 4 g A : Linear P Linear P Linear 4
Norm J r 1 1 MatMul
—_—
) V K Q T T
Embedded Q K V
Patches

. QK"
Attention (Q, K, V) = softmax \/d_
k
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VIT Performance

Dosovitskiy et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR 2017

90 -

ImageNet Topl Accuracy [%]
=

70 -

Check Latest Models Here: https://paperswithcode.com/sota/image-classification-on-cifar-10

oo
th

~J
th

a4

, ®

ResNet (BiT) ViT-L/32

i e VIiT-B/32 ViT-L/16

- ViT-B/16 ViT-H/14
ImagleNet Imagel\lTet—Z 1k J FT-éOOM

Pre-training dataset

Note that this
performance is only
achieved when ViT is
pre-trained on large
dataset (in this case
JFT-300M is a 300
million image dataset of
Google)
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https://paperswithcode.com/sota/image-classification-on-cifar-10

VIT on CIFAR-10 (without Pre-Training)

Dosovitskiy et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR 2017

—— Train Acc
704 val Acc Note that the
performance depends
60 on hyper paramgter
tuning models' size etc.
35
3
ks
4{) -
3.[} .
2{:}_ T T T T T T T T T
0 10 20 30 40 50 a0 70 80
Epochs

Source: https://github.com/ShivamRajSharma/Vision-Transformer?tab=readme-ov-file
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VIT Performance

* Worse than ResNet when trained just on ImageNet

* Performance improved when pre-trained on very large dataset
 Pretrained outperforms much bigger CNNs

* You need large GPUs (Computational Cost is very high)
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Coursework Brief (Part lll)

More details to be released this week (before Practical Session)

Implement Convolutional Neural Networks (specifically using VGG16) on
CIFAR-10 dataset and solve following three problems:

* For the training use early stopping and save the model that produce best
validation results. (you will need to use some of training data as validation
set) [Marks 10: 5+3+2]

* What would be the performance of VGG16 with or without batch
normalization to it. Show using a convergence graph [Marks 10: 5+5]

* Visualise the Convolutional Features / Filters. This could be done by using
imshow or similar methods. Show how filters features changes over
different layers over a test image. [Marks 20: 10+10]
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