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Part I: Real-World Applications
of Transformer
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Application Domain

* Language
* Speech (or audio)
* Vision

* Time-series Data
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Application Domain

Language
* Text Classification (e.g., sentiment analysis, spam detection)
* Machine Translation
* Question Answering
* Text Summarization
* Text Generation
Speech (or audio)
* Speech Recognition
* Speaker Identification
* Audio Synthesis
* Vision
* |mage Classification
* Object Detection
* Image Captioning
* Time-series Data
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Transformer: One Architecture, Many Modalities

Universal input format
« All modalities (text, image, audio, code, ...) are first embedded into a
common shape: Input = (L X d) matrix

Flexible “Front-End”
* Text = Token Embedding
* Image = Patch Embedding
e Audio 2 Frame Embedding

Attention is the core mechanism:

* |t captures dependencies across input elements
Shared backbone, task-specific heads

e Classification

* Generation

* Segmentation
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Text Input: From Tokens to Embeddings

* Input: raw text

Inputs

| ate an apple
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Text Input: From Tokens to Embeddings

* Input: raw text
* Step 1: Tokenization
* Raw text is split into subword tokens

I ate an apple <eos>
Tokenizer (split into individual words)

| ate an apple
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Text Input: From Tokens to Embeddings

* Input: raw text
* Step 1: Tokenization
* Raw text is split into subword tokens
e Step 2: Token Embedding
* Each token is mapped to a learned vector
» After that, a sequence of shape (L X d) is produced

L L L L 1)
Embedding Layer
* +* t* +* 1 )
I ate an apple <eos>
L)
Tokenizer (split into individual words)
1)

| ate an apple
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Text Input: From Tokens to Embeddings

Input: raw text
Step 1: Tokenization
* Raw text is split into subword tokens
Step 2: Token Embedding
* Each token is mapped to a learned vector
» After that, a sequence of shape (L X d) is produced
Step 3: Positional Encoding
* Since attention is permutation-invariant, positional information is added
to token embedding

| ate an apple <eos>
apple ate an | <eos>
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Part ll: Transformer Architecture
for Classification
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High-level Architecture

Raw X d
Input
L
4 A
Input Processer
Encoder
\_ J
Predicted
Class
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Input Processing _ "
Input

Encoder
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Input Processing __ .
Input
L
X d
4 )
\put Processer L+1
Encoder
\§ J
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Input Processing __ "
Input
L
X d pe d
\
4 ) Procasse L+1 :> L+1
Encoder
\ ) | t pple <eos>
apple ate an | <eos>

AlI-EDGE Summer REU Program Practical Transformer Architectures



AN

Input Processing _ "

Input

X d pe d

[CLS] L+ [CLS] L+

v

Input Processer

=
= N
®
v

Final X d
Input

[CLS] L+
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Encoder: High-level Structure

Input Processer

Processed Block 1 :{> Block 2 1::> 1::> Block N Encoder
Input Output
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Encoder: Single Block

Norm 1

Multi-head
Attention

Input Processer @

Norm 2

FFN

®

o J
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Encoder: Single Block

Input
token sequence X d

/ \ [B, L+1, d] _

Norm 1

Multi-head
Attention

®

Norm 2

FFN

®

o J
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Encoder: Single Block

-

-

Multi-head
Attention

®

Norm 2

FFN

®

~

J
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Input
token sequence X d
[B, L+1, d]
L+1
Normed
token sequence X d
[B, L+1, d]

L+1
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Encoder: Single Block

Input
token sequence X d
/ \ [B, L+1,d]
L+1
Norm 1
— Normed

token sequence X d
[B, L+1, d]
L+1
Norm 2 | | | | | |

FFN

Contextualized
token sequence X d

[B, L+1,d]
L+1

J

-
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Encoder: Multi-head Attention

Normed
token sequence X d
[B, L+1, d]
4 I cLS] L+

Norm 1

®

Norm 2

FFN

®

= J

AlI-EDGE Summer REU Program Practical Transformer Architectures



AN s
Encoder: Multi-head Attention

Normed
token sequence X d
[B, L+1, d]

/ \ L+1
Norm 1 / g % \
C Attention Attention Attention Attention
tenti Head 1 Head 2 Head 3 Head 4

® A

U [d: L [d: L [d: [ |d:
Norm 2 L+1 L+1 L+1 L+1

FFN

®
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Encoder: Single Attention Head

Normed
token sequence X d
4 I [B, L+1, d]

N orm 1 CLS] L#1

Norm 2

FFN

®

- /
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Encoder: Single Attention Head

Normed

token sequence X d
4 I B, L+1, ]
Yorm ! 4/ o \
T Query Key Value
Attentiol Layer Layer Layer

H Q |d: 1 IS I O v Ja
L+1 L+1 L+1
Norm 2
FFN

®

- /
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Encoder: Single Attention Head

//"’

Norm 1

Norm 2

FFN

®

~

J

Normed
token sequence X d
[B, L+1,d]

Value
Layer

lﬂiii-

L+1

L+1
Query Key
Layer Layer

0o a4 [ IS
L+1 L+1

™ ¥
Y

L+1

L+1
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Encoder: Single Attention Head

Normed
token sequence X d
/ \ [B, L+1,d]
rorm 4/ o \>
f Query Key Value
LLOTL Layer Layer Layer

— i —c— [ ——] [ ——]

L+1 L+1 L+1

Norm 2 % Cf
g

FFN

Attention Attention
\ @ / Score L+1 :> Softmax '::> Probability L+1

L+1 L+1

AlI-EDGE Summer REU Program Practical Transformer Architectures



ANDEREE
Encoder: Single Attention Head

Normed
token sequence X d
4 I [B, L+1, d]

Norm 1 L+

1
f Query Key Value
LLOTL Layer Layer Layer

<o la [ IS v a4

L+1 L+1 L+1

Norm 2 % [f o1

FFN

T
T

Attention Attention
\ @ / Score L+1 :> :> Probability L+1 ':> DropOUt

L+1 L+1
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Encoder: Multi-head Attention (cont.)

Normed
token sequence X d
[B, L+1,d]

/ \ L+1
Norm 1 / g % N
C Attention Attention Attention Attention
[tenti Head 1 Head 2 Head 3 Head 4

® A

U [d [ [d: [ |di L |d1

Norm 2

L+1 L+1 L+1 L+1
— N % ‘f /

@ , [ Concatenation J
&

-

L+1
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Encoder: Multi-head Attention

Concatenated
token sequence
[B, L+1,d]

K \ L+1

Norm 1

®

Norm 2

FFN

®

= J
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Encoder: Multi-head Attention

Concatenated
token sequence
[B, L+1,d]

/ \ L+1
Norm 1 @

Output
At Projection

@ &

Norm 2

L+1

FFN

®
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Encoder: Multi-head Attention

Concatenated
token sequence
[B, L+1, d]

/ \ L+1
Norm 1 @

Output
anti Projection

Norm 2

FFN @

@ (o)
<

X d

L+1
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Encoder: Single Block (cont.)

Input
_<:| token sequence X d
/ \ [B, L+1, d]
L+1
Norm 1
Multi-head ]
Attention
Normed
% ; token sequence X d
-1, [B, L+1, d]
" L+1
FFN :
Contextualized
token sequence X d
[B, L+1, d]
L+1 Context-enhanced
\ j token sequence
@ [B, L+1, d]
- >@O=1
L+1
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Encoder: Single Block

Context-enhanced
token sequence X d
[B, L+1, d]

/ \ L+1

Norm 1

Multi-head
Attention

Norm 2

FFN

®

o J
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Encoder: Single Block

Context-enhanced
token sequence X d
[B, L+1, d]

K \ L+1

Norm 1 | !

Multi-head Normed
Attention token sequence X d

[B, L+1, d]
@

FFN

®

- J
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Encoder: Single Block

Context-enhanced
token sequence X d
[B, L+1, d]

K \ L+1

Norm 1 | !

Multi-head Normed
Attention token sequence X d

[B, L+1, d]
@

MLP-transformed
token sequence X d
[B, L+1, d]

®

J

-
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Encoder: FFN

Normed
token sequence X d
[B, L+1, d] ,
/ \ [CLS] L+

Norm 1
Multi-head
Attention

Norm 2

= J
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Encoder: FFN

Normed
token sequence X d
[B, L+1, d]

e D
Norm 1 @

. Dense 1
Multi-head

Attention @
@ Expanded

token sequence ds
[B! L+1a d2]

Norm 2

L+1

®

= J
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Encoder: FFN

Normed
token sequence X d
[B, L+1, d]
Norm 1 @
Dense 1
Multi-head
Attention @

@ Expanded
token sequence " :>[ Ct-?:ELtl_J ] :{> i,
[B, L+1, d] activation

L+1 L+1

Norm 2

®

= J
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Encoder: FFN

Normed
token sequence X d
[B, L+1, d]
4 I
Norm 1 @
Dense 1

Multi-head

Attention @

@ Expanded GELU
tok
e seence b D o | > .

L+1 L+1

@ Dense 2

J

Norm 2

<5

&

-

L+1

AlI-EDGE Summer REU Program Practical Transformer Architectures



Encoder: FFN

Normed
token sequence X d
[B, L+1, d]
4 I
Norm 1 @
Dense 1

Multi-head

Attention @

@ Expanded GELU
tok
e seence b D o | D> .

L+1 L+1

@ Dense 2
/
X d <:| Dropout <::I d

L+1 L+1
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Encoder: Single Block (cont.)
Context-enhanced

-<}:| token sequence X d

[B, L+1, d]

K \ L+1

Norm 1 | |

Multi-head Normed
Attention token sequence X d

[B, L+1, d]
@
Norm 2 @

FEN MLP-transformed
token sequence X d
[B, L+1, d]
J L+1 Context-enhanced
\ — j token sequence
| > Q :{> X d
L+1
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Encoder: Single Block (cont.)
Context-enhanced

-<}:| token sequence X d

[B, L+1, d]

K \ L+1

Norm 1 | |

Multi-head Normed
Attention token sequence X d

[B, L+1, d]
@
Norm 2 @

FEN MLP-transformed
token sequence X d
[B, L+1, d]
(4) L+1 Context-enhanced
\ — / token sequence
| > Q I:> X d
Last thing to do is to append a classifier! T+
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Lab Demo: Sequence classification
using a Transformer encoder
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Part lll: Adapting Transformers
for Vision Task
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Patch Embedding for Images
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Vision Transformer (ViT) Model Overview

Vision Transformer (ViT) Transformer Encoder
[ Lx é‘7 |
MLP
i [ wmp |
A
Transformer Encoder [ b ]
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[ Embedded ]
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Lab Demo: Vision Transformer (ViT)
on image patches
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