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Vision Transformer Introduction

Mofjels >  ViT: Another transformer flavour
Outp uts Vision Trumsfornser (ViT) ; Tmlsklrn:rr Encoder)
) : > Vision Transformer Components are essential part of ViT
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Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of the: R T e T e o W R IRy
add position embeddings, and feed the resulting sequence of vectors to a standard Transformr YE;BESS_ —_— lz_ ———— _7_68_ ———— _3012_ —_—— Lz_ —_ _8251 d
encoder. In order to perform classification, we use the standard approach of adding an extra leamat ViT-Large 24 1024 4006 16 30T
‘;;I::::‘l‘c::l:ln 85?7‘), to the sequence. The illustration of the Transformer encoder was inspired \flT-Hugc 32 1280 5120 16 632M

Table 1: Details of Vision Transformer model variants.

2y = [Xoluss? x:,E: X:E§ 2 xi:VE] +Eps, E€ R(FLOXD, Ep. € RYVHICD (n
2's = MSA(LN(2¢-1)) + 2¢-1, L= ik @) > Four equations that explains the model architecture
= MLP(LN(z";)) + 2/, £=1...L (3) i .
y =LN@) @ > Model sizes based on different numbers of hyper-parameters
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Breaking the equations down - 1

r 20 =|[Xa, _v\:Ix"“I'Z X2E; -+ ; X2 r+rE,~ EcRIPOXD B e RINFIXDT ()
z'y = MSA(LN(2z¢-1)) + 2¢—1, €=1...L 2) Vision Transformer (VIT) + Transformer Encoder
Zi — .\fﬂ.;P(LN(Z’;])*Z'/, t=1...L (3)
y = LN(z}) 4)

Tramnfoerer Encoder

Patch embeddings:

> Embeddings are learnable representations, thus require grad m..n.. é 95 ﬂf]m é ﬂgé Hﬁ

i Linger Projection of Fattenod Pches

> Images are flattened to sequence of 2D patches in latent space lll

;—*IIIW!I&BE

> Hidden size D =768 is used as feature maps

> Each feature represent the encoded patched image Figure 1: Model overview., We split an image into fixed-size patches, linearly embed each of thent,
add position embeddings, and feed the resulting sequence of vectors to a standard Transformer

. encoder. In oedes o pecform classification, we use the standard approach of adding an extra leamable
> Input of X, the number of patches is N and expected output of Xp Vclassification token” to the sequence, The illustration of the Transformer encoder was inspired by
Vaswani et al, (2017).

> Stride and Kernel size in Conv2D can be used to achieve this

® Transformer receives a 1D sequence of token embeddings <
— 2 2,
XE RHXWXC N HW/P Xp € RNX(P C)
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Breaking the equations down - 1

( / o i =0 . ‘:

| 20 =|[Xus ]\( E; X2E;-+ : x)E| +Eposyt EeRPOXP E e RINHIXD (1
z'y = MSA(LN(z;- 1)) + Z¢—1, &=1...L 2) Vision Transfurmer (VIT) + Transformer Encoder
Zi — .\IILP(LP‘(Z ;])*z,, t=1...L (3) (s

y = LN(z{) @) m m

Class Tokens:

> They are learnable parameters, serves as image representation m s é@ﬂflﬁt\l Eﬁ ﬂf‘éﬁﬁ

Tramnfoerer Encoder

[+ i) ubeiig menu,mmummm l‘.t.-.h:s
> We prepend it on the image patches ... : &
ml—-lllﬁl ﬁﬂ
1L
Position embeddin gs: Figure 1: Model overview., We split an image into fixed-size patches, linearly embed each of thent,

add position embeddings, and feed the resulting sequence of vectors 1o a standard Transformer
encoder. anbnoper[omdn,suﬂmm we tse the standard approach of adding an extra leamable

€R (N+1)xD  “classification token” to the sequence, The illustration of the Transformer encoder was inspired by
Vaswani et al, (2017).

> Position embedding preserve the position information

Epos
> Itis also a learnable parameter used as an embedding

® Transformer receives a 1D sequence of token embeddings D
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Breaking the equations down - 2

20 = [Xausi XoB; X2E; -+ ; XVE| + Epoyy,  E€RIPYOXD B, e RIVFIXD ()
| 2’y = MSA(LN(2¢_1)) + 2¢1, £=1...L @
z¢ = MLP(LN(z'/)) + s, i=1...L 3)
y = LN(z] 4
— Transformer Encoder
Multi-Head Self Attention [ | o
> Each flattened feature is ejected into the Encoder #
) At
> Each token ejects three entities - Query Q, Key K, Value V A 1 Mo
¥ = Softmax(QK™)V - D
. .
> QKYV serves as the weight to learn image feature maps —_Anention o w o
. . e . g Multi-Head
> Increase of affinity through matrix multiplication ch I v T A‘}mﬂﬁn
> Scale along embedding dimension / latent space dimension * +
»  The mask is optional, could be absent in sentiment analysis Ny !
PNl Y Enbedded
— alC

»  The dimesionresultsinto (T, T)
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Breaking the equations down - 2

%0 = [Xogauss XE; X3E;- - ; XVE] + Bpoyy  E€RIPHOXD B e RINVFDXD ()
| 2’y = MSA(LN(2¢-1)) + Ze-1, £=1...L @
z¢ = MLP(LN(z';)) + 2's, E=1...L 3)
y = LN(z{ 4
— Transformer Encoder
® Residual Connection: # 0
> Skip connection solves the problem of vanishing gradient effect [ Mask (Opt) |
A 1
— T
¥ = Softmax(QK™)V - D
Layer Normalization: Attention matrix w
0 L[ Multi-Head
Q

.. . . . Altention
> Normalization along embedding dimension v

K
»  Standardization allows smoother gradient and better accuracy *+ +
~|

g 1
Enbedied

— Puatches
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Breaking the equations down — 3&4

20 = [xdm; xLE; X:E; ceng x:’E] 4 Epm‘ Ec R(;d.(.‘)xn. Epoa e RIN+LxD m
z'y = MSA(LN(2z¢-1)) + 2¢—1, €=1...L 2) Vision Transfurmer (VIT) + Transbormer Encoder
2¢e = MLP(LN('2)) + Z's, f—1...L 3) = .

|y =LN@]) @ | b oo 22

Multi-Layer Perceptron:

Tramdoerser Encoder

SRS PIPET

Lur.:' nu,mm ufmum: lwm J

> MLP maps input to output — forward direction

- oaE
>  We could have multiple hidden layer S m.._..lm. 'u
= 7 wae
»  GELU activation function is used in ViT | y
\ , ;
. . ' // Figure 1: Mode! overview.; We split an image into fixed-size patches, linearly embed each of them,
»  Dropout is also utilised e - add position embeddings, and feed the resulting sequence of vectors 1o a standard Transformer

encoder. In ceder to peeform classification, we use the standard approach of adding an extra leamable
classification token” 1o the sequence; The illustration of the Transformer encoder was inspired by
Vaswani et al, (2017).

Linear Layer:

> Maps input to class ® Transformer receives a 1D sequence of token embeddings €———
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