Outline

e |ssueswith RNNs

e Comparison with Transformers
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Neural Machine Translation

m wie sind sie
How are you ﬁ
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Neural Machine Translation
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Neural Machine Translation
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No parallel computing!

®©) deeplearning.ai



Seq2Seq Architectures
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Seq2Seq Architectures
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Seq2Seq Architectures
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Seq2Seq Architectures
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Seq2Seq Architectures
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Seq2Seq Architectures
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RNNs vs Transformer: Encoder-Decoder
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RNNs vs Transformer: Encoder-Decoder
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RNNs vs Transformer: Encoder-Decoder
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RNNs vs Transformer: Multi-headed attention
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RNNs vs Transformer: Multi-headed attention
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RNNs vs Transformer: Multi-headed attention
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RNNs vs Transformer: Multi-headed attention

Attention Attention
B S S S
| Dense Dense Dense Dense Dense Dense |
A — R B

Queries Keys Values

®©) deeplearning.ai



RNNs vs Transformer: Multi-headed attention
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RNNSs vs Transformer: Positional Encoding
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RNNSs vs Transformer: Positional Encoding
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RNNSs vs Transformer: Positional Encoding
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Summary

e |n RNNSs parallel computing is difficult to implement

e Forlongsequencesin RNNs thereis loss of information

e In RNNSsthere is the problem of vanishing gradient

e [ransformers help with all of the above
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Outline

e Transformers applicationsin NLP
e Some Transformers

e |ntroductiontoT5
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Transformer NLP applications
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Transformer NLP applications
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Transformer NLP applications

[ ——

ﬂ Text

= summarization
Comple Auto-Complete

®©) deeplearning.ai



Transformer NLP applications
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Transformer NLP applications
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Transformer NLP applications
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Transformer NLP applications
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ad Text Translation DE
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Named entity
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answering (Q&A)
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Transformer NLP applications

— EN |1
ad Text Translation DE
== summarization =

Comple Auto-Complete Chat-bots 5

Named entity Other NLP tasks

recognition (NER) Sentiment Analysis
Market Intelligence
Text Classification
Character Recognition
Spell Checking
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State of the Art Transformers

Radford, A., et al. (2018) GPT-2: Generative Pre-training for
Open Al Transformer
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State of the Art Transformers

Radford, A., et al. (2018) GPT-2: Generative Pre-training for
Open Al Transformer
Devlin, J., et al. (2018) BERT:Bidirectional Encoder
Google Al Language Representations from Transformers
Colin,R,, et al. (2019) T5: Text-to-text transfer transformer
Google
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T5: Text-To-Text Transfer Transformer

TS5
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T5: Text-To-Text Transfer Transformer

Translation

Classification

TS5

Q&A
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T5: Text-To-Text Transfer Transformer

Translate English into German: “| am happy”

Translation

Classification

TS5

Q&A
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T5: Text-To-Text Transfer Transformer

Translate English into German: “l am happy” “Ich bin gltcklich”

Translation

Classification

TS5

Q&A
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T5: Text-To-Text Transfer Transformer

Translate English into German: “l am happy” “Ich bin gltcklich”

Translation

Cola sentence: “He bought fruits and.” Classification

TS5

Q&A
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T5: Text-To-Text Transfer Transformer

Translate English into German: “l am happy” “Ich bin gltcklich”

Translation

Unacceptable

Cola sentence: “He bought fruits and.” Classification

TS5

Q&A
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T5: Text-To-Text Transfer Transformer

Translate English into German: “| am happy” “Ich bin glicklich”

Translation

Unacceptable

Cola sentence: “He bought fruits and.” Classification

TS5

Q&A

Cola sentence: “He bought fruits and
vegetables.’
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T5: Text-To-Text Transfer Transformer

Translate English into German: “| am happy” “Ich bin gliicklich”

Translation

Unacceptable

Cola sentence: “He bought fruits and.” Classification

TS5

Q&A

Cola sentence: “He bought fruits and
vegetables.’

Acceptable

®©) deeplearning.ai



T5: Text-To-Text Transfer Transformer

Translate English into German: “l am happy" “Ich bin glicklich”

Translation

Unacceptable
Cola sentence: “He bought fruits and.” -

Classification

TS5

Q&A

Cola sentence: “He bought fruits and

Acceptable
vegetables.

Question: Which volcano in Tanzania is the
highest mountain in Africa?
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T5: Text-To-Text Transfer Transformer

Translate English into German: “l am happy” “Ich bin glicklich”

Translation

Unacceptable
Cola sentence: “He bought fruits and.” -

Classification

Cola sentence: “He bought fruits and T5

Acceptable
vegetables.

Q&A

Question: Which volcano in Tanzania is the
highest mountain in Africa?

Answer: Mount
Kilimanjaro
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T5: Text-To-Text Transfer Transformer

Summarization
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T5: Text-To-Text Transfer Transformer

 Regression
T5

Summarization
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T5: Text-To-Text Transfer Transformer
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T5: Text-To-Text Transfer Transformer
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T5: Text-To-Text Transfer Transformer
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T5: Text-To-Text Transfer Transformer

> .

Summarization

Summarize: "State authorities

dispatched emergency crews Tuesday to
survey the damage after an onslaught of
severe weather in mississippi...”
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T5: Text-To-Text Transfer Transformer

> s

Summarization

Summarize: “State authorities “Six people
dispatched emergency crews Tuesday to hospitalized
survey the damage after an onslaught of after astormin
severe weather in mississippi..." Attala county”
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T5 Demo

®©) deeplearning.ai



T5 Demo

@) deeplearning.ai



T5 Demo
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T5 Demo
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Summary

e Transformers are suitable for a wide range of NLP applications

e GPT-2,BERT and T5 are the cutting-edge Transformers

e T5isapowerful multi-task transformer
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Outline

¢ Introducing attention (Translation example)

e Mathematics behind Attention

K88
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Introducing attention - Translation example
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Introducing attention - Translation example

e A query (German
word) looks for similar | am happy
keys (English words).
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Introducing attention - Translation example

e A query (German
word) looks for similar | am happy
keys (English words).

Ich bin  glicklich
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Introducing attention - Translation example

e A query (German
word) looks for similar | am happy
keys (English words).

Ich bin gliicklich
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Introducing attention - Translation example

e A query (German
word) looks for similar
keys (English words).

| am happy

e Fach key has a
probability of being a
match for the query.

bin  gliicklich
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Introducing attention - Translation example

e A query (German
word) looks for similar
keys (English words).

| am happy

e Fach key has a
probability of being a Ich bin  gliicklich
match for the query.

0.1 = vec("happy”)

0.1 x vec(“am™)

0.8 = vec("1")
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Introducing attention - Translation example

e A query (German
word) looks for similar
keys (English words).

| am happy

e Fach key has a

probability of being a Ich bin gliicklich
match for the query. 0.1 x vec(*happy”)
e Return sum of the 0.1 X vec(*am”)
keys weighted by their _ —
probabilities. 0ol
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Introducing attention - Translation example

e A query (German
word) looks for similar
keys (English words).

| am happy

e Fach key has a

probability of being a Ich bin  gliicklich
match for the query. 0.1 x vec(*happy”)
e Return sum of the 0.1 X vec(*am”)
keys weighted by their _ —
probabilities. 0.8 x vec("I")
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Introducing attention - Translation example

| 0.8 x vec(“I") + 0.1 x vee("am”) + 0.1 x vec(“happy”)

| —
| am happy

e A query (German
word) looks for similar
keys (English words).

e Fach key has a
probability of being a
match for the query.

Ich bin gliicklich

0.1 = vec("happy”)

e Return sum of the
keys weighted by their
probabilities.

@) deeplearning.ai
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Introducing attention - Translation example
I 0.8 x vec("l") + 0.1 x vec(“am”) + 0.1 x vec("happy”)

ey
| am happy

e A query (German
word) looks for similar
keys (English words).

e Fach key has a
probability of being a
match for the query.

Ich bin gliicklich

0.1 % vec("happy")

e Return sum of the
keys weighted by their
probabilities.

®©) deeplearning.ai

0.1 x vec(“am™)

“-:"“- w "'.'["l:'[."IHJ



Queries, Keys and Values
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Queries, Keys and Values
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Queries, Keys and Values

| am happy
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Queries, Keys and Values

Input
Embedding

| am happy

@) deeplearning.ai



Queries, Keys and Values

Input
Embedding

| am happy

vec('l")
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Queries, Keys and Values

Linear —
> Input
Embedding Linear —
|  am happy
L— Linear —

vec('l")
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Queries, Keys and Values

Linear —
. Input
‘ Embedding Linear —
| am happy
‘— Linear —
vec('l")
vec(‘am”)
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Queries, Keys and Values

Linear =—
| : Input
Embeddin Linear =—
| =
l  am happy
— Linear —
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vec("happy”)
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Concept of attention
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Concept of attention
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Concept of attention
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Concept of attention
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Concept of attention
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Concept of attention
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Attention math

English
words g . [Lg, D] I l I .........
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Attention math
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Attention math

German R
words &
N,

/\Each query gi picks most similar key k;
1

> W4 = softmax(QK ') : [Lg, L] (similarity g, k; )
(Attention weights)
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Attention math

Z = WaV : |Lg,D| Query g;gets vjfrom the most similar k;
(Result)

words V:[L;{,D]:I l I __________ I I .

English

(n74]
- .
% i [ o—— 5“ E /T\Ea::h query q; picks most similar key k;
2 |words S -
uE_| S Wy= suftmax(QKT) : [Lg, Lk] (similarity @i, k;)
S H (Attention weights)
English

ing.ai
®©) deeplearning.ai

words g . [Lg, D]’ I I I .........




Attention formula
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Attention formula

VA
(Result)
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Attention formula

7 = attention (@, K, 1)
(Result)
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Attention formula

Z = attention (@, K, V) = softmax (@A ")V
(Result)
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Attention formula

Z =|attention (¢, /., | ') = softmax ( T) = Wa
(Result)

Queries * Values

softmax( )

SAS)

| am happy
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Attention formula

Z =|attention (¢, /., | ') = softmax ( T) = Wy
(Result)

. oy
Queries o | =  Values
softmax( ) i

| am happy
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Summary

e Dot-product Attention is essential for Transformer

e Theinputto Attention are queries, keys, and values

e A softmax function makes attention more focused on best keys

e GPUs and TPUs is advisable for matrix multiplications ,.@,

=
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Outline

e Ways of Attention

e QOverview of Causal Attention

e Math behind causal attention
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Three ways of attention
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Three ways of attention

» Encoder/decoder attention: One
sentence (decoder) looks at
another one (encoder)
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Three ways of attention

 Encoder/decoder attention: One Je [ lch Yo |
sentence (decoder) looks at
another one (encoder)
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Three ways of attention

 Encoder/decoder attention: One Je Ich Yo |
sentence (decoder) looks at
another one (encoder)
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Three ways of attention

 Encoder/decoder attention: One Je Ich Yo I

sentence (decoder) looks at
another one (encoder)

« Causal (self) attention: In one
sentence, words look at previous
words (used for generation)
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Three ways of attention
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sentence (decoder) looks at
another one (encoder)

 Causal (self) attention: In one e P |
sentence, words look at previous
words (used for generation)
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Three ways of attention
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another one (encoder) "Q\

 Causal (self) attention: In one b e |
sentence, words look at previous
words (used for generation)
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Three ways of attention

 Encoder/decoder attention: One Je ' Ich |Yo I

sentence (decoder) looks at

another one (encoder) /Q\

 Causal (self) attention: In one b pos |
sentence, words look at previous
words (used for generation)

» Bi-directional self attention: In
one sentence, words look at both
previous and future words
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Three ways of attention

A

 Encoder/decoder attention: One Je Ich Yo I
sentence (decoder) looks at

another one (encoder) /Q\

 Causal (self) attention: In one e e |
sentence, words look at previous
words (used for generation)

* Bi-directional self attention: In
one sentence, words look at both | am happy
previous and future words
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Three ways of attention

A

 Encoder/decoder attention: One Je ' Ich |Yo I
sentence (decoder) looks at

another one (encoder) "Q\

 Causal (self) attention: In one i i |
sentence, words look at previous
words (used for generation)

* Bi-directional self attention: In @

one sentence, words look at both | afn happy
previous and future words
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Causal attention

e Queries and keys are words from the same sentence

| am happy to be learning my new | skills
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Causal attention

e Queries and keys are words from the same sentence

e Queries should only be allowed to look at words before

S\

| am happy to be learning my new | skills
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Causal attention math
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Causal attention math
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Causal attention math

X
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Causal attention math

X
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Causal attention math
A +

4
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Causal attention math
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Causal attention math — Minus infinity -in practice, a

huge negative number
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Causal attention math — Minus infinity -in practice, a

huge negative number
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Causal attention math

W4 = softmax (QE’T+ ) (L, I}
0

0 0
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Causal attention math

Q: [La D]

» W 4 = softmax (QKT-I- ) : L, L]
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Causal attention math

/MJEFV q;picks most similar key k; but only whenj <4

— W4 = softmax (QKT+ ) . [L, L) (similarity i, ki mask out 7 > 1)
(Attention weights) H 0

0 0 0

00 0 0

ing.ai
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Causal attention math

Z =W,V :|L,D]
VLD (Result)

i ]
L™

-

merv q;picks most similar key k; but only whenj <4

— W4 = softmax (QKTJr ) : [L, L) (similarity i, ki mask out j > 1)
(Attention weights) H 0

00 0

00 0 0|
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Summary

e There are three main ways of Attention: Encoder/Decoder, Causal and

Bi-directional type

e Incausal attention, queries and keys come from the same sentence and

queries search among words before only
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Outline

e |[ntuition of Multi-Head Attention

e Scaled dot-product and concatenation

e Multi-Head Attention formula 0
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Multi-Head Attention
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Multi-Head Attention

e FEach head uses different linear
transformations to represent

words ] . ! —
Linear H Linear H Linear H

} ! A

l A i
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Multi-Head Attention

head n_heads
- I
4 4 A
I
|
e Each head uses different linear Scaled Dot-Product H heads
transformations to represent Attention
words _ . ) __
e Different heads can learn different Linear H Linear H Linear H
relationships between words 4 4 4
l + I
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Multi-Head Attention - Overview
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Multi-Head Attention - Overview

A

| 1

| JI II
Linear m Linear ﬂ Linear u
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Multi-Head Attention - Overview

4

“Scaled Dot-Product H heads
Atten:iun

| 1

| JI II
Linear m Linear ﬂ Linear u

@) deeplearning.ai



Multi-Head Attention - Overview

Concatenation |

'

“Scaled Dot-Product H heads
Atten:iun

| 1

| JI II
Linear m Linear ﬂ Linear u
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Multi-Head Attention - Overview

Linear

}

Concatenation

4

“Scaled Dot-Product H heads
Atten';iun

| 1

| JI II
Linear m Linear ﬂ Linear u
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Multi-Head Attention - Scaled dot product

Attention( (/.

Linear

}

Concatenation

[}

Query and key
dimension

Attention

‘Scaled Dot-Product ﬁ eads

[

Linear
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u Linear u
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Multi-Head Attention - Scaled dot product

Attention( (/.

Linear

}

Concatenation
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Query and key
dimension

Attention

‘Scaled Dot-Product ﬁ heads
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Multi-Head Attention - Concatenation

* Input(''. . )z [batch, length, d model]
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Multi-Head Attention - Concatenation

+ Input((). . ): [batch, length
512,1024
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Multi-Head Attention - Concatenation

*» Input(''. . )z [batch, length, d model]
« Linear layer: [batch, length, n_heads * d_head]

A

Linear u Linear u Linear H
A + 4
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Multi-Head Attention - Concatenation

* Inputi''. . )z [batch, length, d model]
» Linear layer: [batch, length, n_heads * d_head]

A

Linear u Linear u Linear H
A + 4
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Multi-Head Attention - Concatenation

* Input(''. . )z [batch, length, d model]
« Linearlayer: [batch, length, b_headg * d_head]
4,;16,...

A

I lI |I
Linear u Linear u Linear H
L + A
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Multi-Head Attention - Concatenation

* Input(''. . )z [batch, length, d model]
« Linear layer: [batch, length, h_headﬁ * gd_head

4,;16, 64,*123

A

I lI |I
Linear u Linear u Linear _u
L + A
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Multi-Head Attention - Concatenation

Input/*'. . )+ [batch, length, d model]
Linear layer: [batch, length, n_heads * d_head]
Transpose: [batch, n_heads, length, d_head]

A

II ll I|
Linear u Linear u Linear H
L + A
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Multi-Head Attention - Concatenation

*  |nput [batch, length, d model]

Linear layer: [batch, length, n_heads * d_head]
» Transpose: [batch, n_heads, length, d_head]

+ Apply attention treating n_heads like batch “Scaled Dot-Product H heads
Attention

[

. |
Linear u Linear u Linear H
A + '
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Multi-Head Attention - Concatenation

* Inputi''. . )z [batch, length, d model]

« Linear layer: [batch, length, n_heads * d_head] -
Concatenation

» Transpose: [batch, n_heads, length, d_head] 4
+ Apply attention treating n_heads like batch “Scaled Dot-Product ﬁ heads
* Resultshape: [batch, n_heads, length, d_head] Atten;mn

II ll I|
Linear u Linear u Linear H
L + A
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Multi-Head Attention - Concatenation

*» Input('’. . )z [batch, length, d model]

« Linearlayer: [batch, length, n_heads * d_head]
» Transpose: [batch, n_heads, length, d_head]

« Apply attention treating n_heads like batch

* Resultshape: [batch, n_heads, length, d_head]
» Transpose: [batch, length, n_heads * d_head]

Concatenation

. 4
Scaled Dnt—!’ruduct H heads
Attention
i
| t | -
Linear u Linear u Linear H
[} A A
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Multi-Head Attention - Concatenation

* Input/'’). . |+ [batch, length, d_model] Linear

» Linearlayer: [batch, length, n_heads * d_head] u :
Concatenation

» Transpose: [batch, n_heads, length, d_head] 4

« Apply attention treating n_heads like batch “Scaled Dot-Product ﬁ heads

* Resultshape: [batch, n_heads, length, d_head] Attenilnn

* Transpose: [batch, length, n_heads * d head] d : u d u ¢ : H

« Linear layer into: [batch size, length, d model] Lin:ar Lin:‘-ar mear
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Multi-Head Attention math
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Multi-Head Attention math

Embedding
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Multi-Head Attention math

i I !

I

Embedding

i h h

I
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Multi-Head Attention math

Embedding

WF. W.h W.h i h h
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Multi-Head Attention math

Embedding

WF. W.h W.h i h h

I
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Multi-Head Attention math

Embedding

WF. W.h W.h i h h

I
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Multi-Head Attention math

; H;[’J

Embedding

WF. W.h W.h i h h

I
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Multi-Head Attention Formula
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Multi-Head Attention Formula

MultiHead(Q, K, V') = Concat(hy, ..., hp)W"Y
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Multi-Head Attention Formula

MultiHead(Q, K, V) = Concat(h,. .., hy) W°

where h; = Attention(QWZ, KWX VIWY) 4
hn.:ﬂf] n l?mads
Attention Attention
W':? Hfi_ﬁ' W;‘F WE thf '[I,;[rrhl-"'
' )

[ | | | I |
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Multi-Head Attention Formula

MultiHead(Q, K, V) = Concat(hy, ..., hy) W' T}
where h; = Attention(QW2, KWK, VIWY) C"”“’“;"a“““

head n_heads
Each head h; is the attention function Attention Attention
of Query, Key and Value with trainable |y e|fy[wy el [wy
parameters (W2, WX w}Y) A A

I | | | I |
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Multi-Head Attention Formula

MultiHead(Q, K, V) = Concat(hy, ..., hy) W' H;ﬂ
where h; = Attention(QW2, KWK, VIWY) C"”“’“;"a“"'“

head n_heads
Each head h; is the attention function Attention Attention
of Query, Key and Value with trainable |y ef[wy el [wy
parameters (W2, WX w}Y) A A

[ | I | I |
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Summary

e Different heads can learn different relationship between words

e Scaled dot-product is adequate for Multi-Head Attention

e Multi-Headed models attend to information from different

representations at different positions \ . V 4
/ \
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Outline

e Qverview of Transformer decoder

e |mplementation (decoder and feed-forward block)

2
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Transformer decoder

Qutput Pr?hahilitiea
Softql:dax
Linear

A

/7 Add&Norm
Feed

Forward

— Add & Norm

Overview

Input
Embedding

Inptts
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Transformer decoder

Qutput Probabilities

Overview




Transformer decoder

Qutput Probabilities

Overview

e sentence gets embedded, add positional encoding
o (vectors representing {0,1,2,...,K})

N x

Positional @—@

Encoding

Inputs
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Transformer decoder

Qutput Probabilities

0 :
SoftMax e input: sentence or paragraph
4 o we predict the next word

Overview

Linear

1 e sentence gets embedded, add positional encoding
/T "Add & Norm A o (vectors representing {0,1,2,...,K})

Feed
Forward e multi-head attention looks at previous words
4

— Add & Norm
Nx Multi-Head
' Atteptinn '
& /
Positional @—@

Encoding In;ut

Embedding
1
Inputs
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Transformer decoder

Qutput Probabilities

Overview

50{1;14 ax e input: sentence or paragraph
LinL m o we predict the next word
4 e sentence gets embedded, add positional encoding
fgu. MdFia F:lﬂrm ™\ o (vectorsrepresenting {0,1,2,...,K})
an;fard e multi-head attention looks at previous words
N x B tﬂddﬂ%ﬁl urg*u e feed-forward layer with RelLU
i o that's where most parameters are!
4 3 }
NS /
Positional @—@
i A
Encoding g
Embedding
i
Inputs
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Transformer decoder

Qutput Probabilities

Overview

o .
SoftMax e input: sentence or paragraph
Linql = o we predict the next word
e
: e sentence gets embedded, add positional encoding
= Addéer*:lnrm A o (vectorsrepresenting {0,1,2,...,K})
an;.'ard e multi-head attention looks at previous words
N x B iﬂddﬂ%ﬂur? e feed-forward layer with ReLU
;ﬂ; t;i o that's where most parameters are!
\\ t 1 ! _// e residual connection with layer normalization
Positional @—@
: 4
Encoding T
Embedding
)
Inputs
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Transformer decoder

Overview
Qutput Probabilities
SoftL'I ax e input: sentence or paragraph
LinLa ; o we predict the next word
2 e sentence gets embedded, add positional encoding
(— HddFité f':;ﬂl'm_\ o (vectors representing {0,1,2,...,K})
an;fard e multi-head attention looks at previous words
N x B iﬂddﬂ%ﬂm? e feed-forward layer with RelLU
;ﬂ; t; ?1 o that's where most parameters are!
‘\__ *_ 4 ] -/ e residual connection with layer normalization
Positional 6 —-
Encoding Infut e repeat Ntimes
Embedding
1
Inputs
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Transformer decoder

Overview
Qutput Probabilities
Suftid S e input: sentence or paragraph
LinLa : o we predict the next word
2 e sentence gets embedded, add positional encoding
(== Addpiﬁ]mm ) o (vectors representing {0,1,2,...,K})
an;:ard e multi-head attention looks at previous words
N x i tﬂddﬂ%ﬁlurgl e feed-forward layer with ReLU
;ﬂ; ti?:-u o that's where most parameters are!
\L *_ B -/ e residual connection with layer normalization
Positional 6 —-
Encoding Infut e repeatNtimes
Embe;:ldlng e dense layer and softmax for output
Inputs
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Transformer decoder

Overview
Qutput Probabilities
Suftid i e input: sentence or paragraph
LinL n o we predict the next word
2 e sentence gets embedded, add positional encoding
(== AddFi‘éh:lmm ) o (vectors representing {0,1,2,...,K})
an;:ard e multi-head attention looks at previous words
N x I iﬂddﬁﬁurﬂ" e feed-forward layer with ReLU
;ﬂ; t;i o that's where most parameters are!
\L *_ B -/ e residual connection with layer normalization
Positional 6 —h
Encoding - ;ut e repeatNtimes
Embefdlng e dense layer and softmax for output
Inputs
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Transformer decoder

Qutput Probabilities

¢ .
SoftMax Explanation

Input
Embedding

Inptjts
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Transformer decoder

Qutput Probabilities

¢ .
SoftMax Explanation

Input
Embedding

Inptjts
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Transformer decoder

Qutput Probabilities

; :
ot Explanation
A
(— Add&Norm "\
1
N x .
\ 4 )
®_@ Input Embedding
Input 1
EmbE;idTnE <start> | am happy
Inputs
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Transformer decoder

Qutput Probabilities

5 :
SoftMax Explanation
=
- N
1
N x i
Positional Encoding
\ 4 4 +_,) )
Positional ) :
Encoding ®;(5ut it ol )
.T(
Embef olng <start> | am happy
Inputs
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Transformer decoder

Qutput Probabilities

1
Softfdax
4
= N
1
N x -

\ 4 4 4 .
Positional 6 —h
Encoding In; "

Embedding
1
Inputs

<start>

Explanation

Decoder Block

.T«

Positional Encoding
.T(
Input Embedding

.T(
I am  happy
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Transformer decoder

Qutput Probabilities

’ .
SoftMax Explanation
—— 0 O
/— N )
Decoder Block
‘r
5 )
Nx
Positional Encoding
\ A 4 +_,) )
Positional  (\)—) Input Embedding
Encoding 4
Input '
Embe;i ding <start> | am happy
Inputs
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The Transformer decoder

Decoder
Block

/- iiAdd &:.Nnrm ™\
Feed
Forward

Multi-Head
Atteptinn

¢ r J

|*—* Add & Norm

Positional input
embedding
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The Transformer decoder

Decoder
Block
r’f Add S:.Nnrm \
Feed
Forward

Multi-Head

Attention
4 A

\ W, [T LT CLT output Vector

Multi-Head Attention

|*—* Add & Norm

A 4 ) Positional input
embedding
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The Transformer decoder

Decoder
Block
r’f Add S:.Nnrm \
Feed
Forward

Multi-Head B Add & Norm

Attagtiun

0
o’ E[;EI D%D |:|;|:| Output Vector

Multi-Head Attention

|*—* Add & Norm

t {t 4 Positional input
embedding
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The Transformer decoder

Decoder
Block

g Add&iINnrmﬁ\w
Feed
‘ Bl LT Egj (LT

|*—* Add & Norm

Multi-Head > LayerNorm( +

Attention

I
" P E[FI:I D%D |:|j:| Output Vector

Multi-Head Attention

A s 4 Positional input
embedding
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The Transformer decoder

Decoder

Block
Feed

/"~ Add S:.Nnrm N Furward Forward Fu ard
reed IZI%ZI
Forward

|*—* Add & Norm

Multi-Head —> LayerNorm ( 5

Attention

\__—— / E[FI:I D%D |:|;|:| Output Vector

Multi-Head Attention

t {t ) Positional input
embedding
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The Transformer decoder

A
Add & Norm <« Decoder

A A Block

4
Feed Feed Feed
/" Add&Norm Forward Forward Forward
Fesd IZI%ZI
Forward K

— Add & Norm
N x |7

Multi-Head > LayerNorm ( + )

Attagtiun

]
e  / E[;EI D%D |:|;|:| Output Vector

Multi-Head Attention

t $ 4 Positional input
embedding
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The Transformer decoder

o Feed forward layer
Qutput Probabilities

4
SoftMax A [
i)
Hnger [T EEE
/7 Add&Norm t t
Feed Feed Forward Feed Forward
an::arcl (ReLu) (ReLu)
— Add & Norm A 0
N x Multi-Head
- +Atter?tinn : 4 }
\. / _
Positional @-@ Self Attention
i )
Encoding W " )
Embedding
1
Inputs
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Summary

e Transformer decoder mainly consists of three layers
e Decoder and feed-forward blocks are the core of this model code

e |talsoincludes a module to calculate the cross-entropy loss I|-||--|
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Outline

e QOverview of Transformer summarizer

e Technical details for data processing

e |nference with a Language Model
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Transformer for summarization

Qutput Pr?habilities
Sﬂftql:ﬂ ax
Linear

A

r/f—* Add&ﬂnrm\
Feed

anrard

— Add &'Nnrm
Nx Multi-Head
| *Attentinn '
Ny V4
Positional @—@

Encoding In;ut

Embedding
1
Inputs
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Transformer for summarization

Qutput Pr?habilitiea
Sﬂftyax
Linear Input

A

' Add&‘Nnrm‘\
Feed

Fnrurard

— Add &'Nnrm
Nx Multi-Head
1 +Attentinn '
o /
Positional @—@

Encoding In;ut

Embedding
1
Inputs
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Transformer for summarization

Qutput Pr?habilitiea
Sﬂﬁyax
Linear Input Output:

A

/" Add & Norm "\ Summary
Feed

anrard

— Add &'Nurm
Nx Multi-Head
] +Attentinn '
o /
Positional @—@

Encoding In;ut

Embedding
1
Inputs
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Technical details for data processing

Qutput Pr?habilitiea
Sﬂftrlax
Linfar
/" Add & Norm "\
Feed
Fnrurard

— Add &'Nnrm
N x Multi-Head
1 Attentlnn

}
- /
Positional @—O

Encoding
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Technical details for data processing

Qutput Pr?hahilitiea
SoftMax Model Input:

Linear

A
/" Add & Norm "\
Feed
anrard

— Add &'Nnrm
Nx Multi-Head
] +Attentinn '
o W
Positional @—@

Encoding In;ut

Embedding
1
Inputs
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Technical details for data processing

Qutput Pr?hahilitiea
SoftMax Model Input:

Linear

A

/> Add & Norm "\
Feed

anrard

—= Add &'Nnrm
N x Multi-Head

t\— , Attention [2,3,5,2,1,3,4,7,8,2,5,1,2,3,6,2,1,0,0]
4
Positional @—@

Encoding In;ut

Embedding
1
Inputs
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Technical details for data processing

Qutput Probabilities

. .
SoftMax Model Input:
Linfar
/T S ARTICLE TEXT <EOS> SUMMARY <EOS> <pad> ...
Feed
Forward . )
3 Tokenized version:
— Add & Norm
Nx Multi-Head
o +Atteqtinn+ [2,3,5,2,1,3,4,7,8,2,5,1,2,3,6,2,1,0,0]
N /
Positional 6 b _ )
Encoding s Loss weights: Os until the first <E0S> and then
Embedding 1 on the start of the summary.
Inptts
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Cost function

Qutput Prghabilitiea
Sﬂftri ax
Linear

A

' Add&‘Nnrm‘\
Feed

an;fard

— Add &'Nnrm
Nx Multi-Head
| +Attentinn '
o S
Positional @—@

Encoding - ; - '
Embedding ”

Inptts B
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Cost function

Qutput Pr?habilitiea
Sﬂftql:ﬂ ax
Linear

! 1
[ Add&ﬂnrm\ J=——
Feed m - -

Forward J ?
— Add&'hlnrm

N x Multi-Head
— Attention

| V. <

Positional @—@ E g

Encoding 3 "
Input

e )
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Cost function

Qutput Pr?habilitiea
Sﬂftql:ﬂax
Llnfar 1
/" Add & Norm —
Feed m n
Forward J

— Add & Norm )
Nx Multi-Head j :over summary

— Attention

@ —t+—1/ i :bach elements
Positional @—@ E?g

i 8
Encoding T
Embedding
®©) deeplearning.ai
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Cost function

Output Probabilites Cross entropy loss

Sﬂﬂyax =

Linfar ]_ mﬁ N N

= Add&ﬁnrm‘\ J — — — 2 2 yj‘ lﬂg yj'
Feed m - -

Fnrurard J t

— Add & Norm )
Nx Multi-Head j :over summary

— Attention

! 3y i :bach elements
Positional @—@ E?g
[

- x
Encoding T
Embedding
i
Inputs
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Inference with a Language Model
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Inference with a Language Model

Model input:
[Article] <EOS> [Summary] <EOS>
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Inference with a Language Model

Model input:
[Article] <EOS> [Summary] <EOS>

Inference:
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Inference with a Language Model

Model input:
[Article] <EOS> [Summary] <EOS>

Inference:
e Provide: [Article] <EOS>
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Inference with a Language Model

Model input:
[Article] <EOS> [Summary] <EOS>

Inference:
e Provide: [Article] <EOS>

e Generate summary word-by-word
o until the final <EOS>

@) deeplearning.ai



Inference with a Language Model

Model input:
[Article] <EOS> [Summary] <EOS>

Inference:
e Provide: [Article] <EOS>

e Generate summary word-by-word
o until the final <EOS>

e Pick the next word by random sampling
o each time you get a different summary!

ing.ai
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Summary

e For summarization, a weighted loss function is optimized

e Transformer Decoder summarizes predicting the next word using

e The transformer uses tokenized versions of the input

®©) deeplearning.ai




