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Self-attention
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Can be either input or a hidden layer




Self-attention
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Find the relevant vectors in a sequence



Self-attention
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Self-attention
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Self-attention Extract information based
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Self-attention parallel

Can be either input or a hidden layer
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Self-attention
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Self-attention
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Self-attention
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Self-attention

Parameters
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Multi-head Self-attention Different types of relevance
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Multi-head Self-attention Different types of relevance
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Multi-head Self-attention Different types of relevance
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Positional Encoding

No position information in

self-attention.

Each position has a unique
positional vector e*

hand-crafted

learned from data

qi ki Ui
L1
|
e! + a

Each column represents a
positional vector e’

H
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https://arxiv.org/abs/
2003.09229

(a) Sinusoidal

N/ “ I

Position

Feature dimension

(c) FLOATER

Table 1. Comparing position representation methods

Feature dimension

Methods Inductive Data-Driven Parameter Efficient
Sinusoidal (Vaswani et al., 2017) v X v
Embedding (Devlin et al., 2018) X v X
Relative (Shaw et al_., 2018) X v v
This paper v v v

(b) Position embedding
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Position
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(d) RNN
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Many applications ...

Transformer BERT

https://arxiv.org/abs/1706.03762 https://arxiv.org/abs/1810.04805

Widely used in Natural Langue Processing (NLP)!
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https://arxiv.org/abs/1910.12977

Self-attention for Speech

Attention in a range

Speech is a very long g ~
vector sequence. 10ms b* b3 p4

4 o)
If input sequence is length L /)q/\
-

L A’

Attention
Matrix L Truncated Self-attention
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Self-attention for Image

An image can also be This is a vector.
considered as a vector set.

/

3

10 /

Source of image: https://www.researchgate.net/figure/Color-image-representation-and-
RGB-matrix_figl5 282798184
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Self-attention v.s. CNN
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CNN: self-attention that can
only attends in a receptive field

» CNN is simplified self-attention.

Self-attention: CNN with
learnable receptive field

» Self-attention is the complex
version of CNN.
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Self-attention v.s. CNN

( Multi-Head Self-Attention Layer )
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On the Relationship between Self-Attention and
Convolutional Layel‘S https://arxiv.org/abs/1911.03584
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Self-attention v.s. CNN

Good for more data

Self-attention

/

1Good for less data 4 -

CNN

N

|
=

o
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ViT-L/16 - ViT-B/32 ResNet50x1 (BiT)
ViT-L/32 ViT-b/32 -#ResNetl52x2 (BiT)

Linear 5-shot ImageNet Topl [%]
fd
S

10M ©30M 100M  300M
Number of JFT pre-training samples

An Image is Worth 16x16 Words: Transformers for Image
Recognition at Scale https://arxiv.org/pdf/2010.11929.pdf
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Self-attention Recurrent Neural Network (RNN)
v, ANN
1

memory — RNN - = RNN —| |~ RNN —| I~ RNN

hard to
consider

lllllll

parallel :

Self-attention

t
easy to
consider

Transformers are RNNs: Fast Autoregressive Transformers with Linear
Attention https://arxiv.org/abs/2006.16236 29



To Learn More ...

LRA Score

Long Range Arena: A
Benchmark for Efficient

Transformers
https://arxiv.org/abs/2011.04006

Efficient Transformers: A Survey
https://arxiv.org/abs/2009.06732
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Linformer
(Wang et al, 20206)

. Big Bird
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Performer

Linear Transformer

O Li nformerg-_-::
( Reformer Sinkhorn ®
Local Attention
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Low Rank /
Kernels

Linear
Transformer
Matharopoukos ot al, 2020

Performer
(Croramanska et al, 2020)
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e

Set Transformer
(Loe ot al, 2019)

Transformer
(Rae ot &, 2008)
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Ry ot al, 20204
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Sparse Transformer

Image Transformer
Parmat ot al, 2018)
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{Ho w8 . 2019
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Sequence-to-sequence (Seq2seq)

Input a sequence, output a sequence

The output length is determined by model.

| Speech How are you
w wﬂm* Recognition N 9 Q
- N
T
. &= % > _ machine learning
® e Machine
Q — _ Translation - ~ e
N N’

machine learning

I L 2 %= 2]
Jbvale g - o
] Translation

Language without text

32



Seq2seq for Chatbot

“Hello! How are you today?”
A

v

input seqg2seq response

(lHi”

[PERSON 1:] Hi
PERSON 2:] Hello ! How are you today ?
[PERSON I:] I am good thank you . how are you.

[PERSON 2:] Great, thanks ! My children and I were just about to watch Game of Thrones.

. . [PERSON 1:] Nice ! How old are your children?
Traini ng [PERSON 2:] I have four that range in age from 10 to 21. You?
d ata: [PERSON 1:] I do not have children at the moment.
) [PERSON 2:] That just means you get to keep all the popcorn for yourself.

[PERSON 1:] And Cheetos at the moment!
[PERSON 2:] Good choice. Do you watch Game of Thrones?
[PERSON 1:] No, I do not have much time for TV.
[PERSON 2:] [ usually spend my time painting: but, [ love the show.

33



Most Natural Language Processing applications ...

4 )
Question Context Answer
What is a major !mpqrtz_:mce . ...Southern California is a major major economic
of Southern California in relation  economic center for the state st
to California and the US? of California and the US....
What is the translation Most of the planet is Der Grofdteil der
from English to German? ocean water. Erde ist Meerwasser
Q What is the Harry Potter star Daniel Harry Potter star
A : summary? Radcliffe gains access to a Daniel Radcliffe gets
nswe I ng reported £320 million fortune... £320M fortune...
( QA) Hypothesis: Product and geography Premise: Conceptually cream
are what make cream skimming skimming has two basic Entailment
work. Entailment, neutral, dimensions — product and geography.
or contradiction?
A stirring, funny and finally
Is this sentence transporting re-imagining of positive
positive or negative? Beauty and the Beast and

__(sentiment analysis) PERS BRI . d eca N LP

QA can be done by seq2seq

question, context Seq2seq answer

https://arxiv.org/abs/1806.08730
https://arxiv.org/abs/1909.03329

34



Deep Learning for Human Language Processing

One slide for this course

D P
o

Source webpage: https://speech.ee.ntu.edu.tw/~hylee/dlhlp/2020-spring.html
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Seq2seq for Syntactic Parsing

Is it a sequence?

Model ‘ th
Output
‘ t

ADJV

“.11‘1?' ) (i) () L) rowe )
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Seq2seq for Syntactic Parsing

-
(S (NP deep learning ) (VP s
(ADJV very powerful )
VP
NP } ADJV

i

deep [Iearning] very [powerful]

]
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Seq2seq for Syntactic Parsing

-
(S (NP deep learning )

(VP

(ADJV very powerful

IS

) )

Grammar as a Foreign Language

Geoffrey Hinton
Google
gecffhintonkgoogle.com

Oriol Vinyals® Lukasz Kaiser®
Google Google
vinvals@google.com lukaszkaliser@google.com
Terry Koo Slav Petrov Ilya Sutskever
Google Google Google
terrvkoolgoogle.com slavi@goocgle.com ilyasu@google.com

https://arxiv.org
/abs/1412.7449

[deep] [Iearning] [ very ] [powerful ]]




Seqg2seq for c.f. Multi-class Classification
Multi-label Classification

An object can belong
to multiple classes.

Class 1 Class 1 Class 3 Class 10
Class 3 Class 9
Class 17

— Seg2seq — - O
Class9 Class7 Class13

https://arxiv.org/abs/1909.03434
https://arxiv.org/abs/1707.05495
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Seq2seq for
Object Detection

https://arxiv.org/abs/2005.12872

Add & Norm

)

FFN

{

Add & Norm

{

Multi-Head Self-Attention

Image features

Class Bounding Box

A A
FFN FFN
Decoder
D
> Add & Norm
FFN
> Add & Norm
Multi-Head Attention

Spatial positional

encoding

> Add & Norm

§

Multi-Head Self-Attention

@ O0m m

Object queries
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Seq2seq

output sequence

|

q

Encoder Decoder

I

Input sequence

!

L 4
L 4
Y
Y

T 1 1

A B C =EQ5=

s —>» [—» x

Sequence to Sequence Learning with
Neural Networks

https://arxiv.org/abs/1409.3215

Gutput

https://arxiv.org/abs/1706.03762

Probabilities
t
|  Softmax )
t
|  Linear |}
-~
| Add & Norm ]«N
Feed
Forward
e 1 D | Add & Norm Je=
> Add & Norm ) Multi-Head
Feed Attention
Forward D ) N x
;k
N | Add & Norm Je=
Add & Norm | Nasicad
Multi-Head Multi-Head
Attention Attention
A_ %t ) A J )
S — = N &,
Positional @-@ Positional
: > i+ :
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right) l
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Encoder

/;

.

Encoder

N

J

]

output sequence

|

r

\\>Inputsequence<//

Decoder

N
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Encoder

You can use RNN or CNN.

e B
Encoder
&: )
xl xZ x3 x4

’

..

Transformer’s Encoder

-

1

\

Add & Norm

Feed
Forward

A

\

Add & Norm

Multi-Head
Attention

—t

.

Positional
Encoding

Oa

Input
Embedding

I

Inputs
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norm

residual a+b

(e A

Xp| MM t
: y o norm
X
Layer Norm
norm https://arxiv.org/
abs/1607.06450 +
x17) 4
| | e
. | ¢~ standard

\_XK_ ) deviation a/

Self-attention ]

f 1 I
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| use the same network
architecture as
transformer encoder.

f

s i ™\
Add & Norm

Feed "‘ .
h 2 h 3 h 4 Forward %

.
Y %
\_ %

.
.

‘ Nx Add & Norm .

.

.

* .
\J

~ Multi-Head N, %

Attention .

T
Encoder 1= A ) Residual

.
.0‘

) Positional @_(_? + Layer
‘ A 4 EﬂCOdIng nOrm

Input

Embedding
x3 x* I

Inputs



To learn more.......

* On Layer Normalization in the
Transformer Architecture

 https://arxiv.org/abs/2002.047
45

* PowerNorm: Rethinking Batch
Normalization in Transformers

* https://arxiv.org/abs/2003.078
45

X1+1

T

Layer Norm

T

addition

N

X1+1

addition

FFN

Layer Norm

—

addition

:

FFN

Layer Norm

addition

Multi-Head
Attention

N

Multi-Head
Attention

T

Layer Norm
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How to generate: Decoder

Encoder

J

]

Input sequence

I

/output sequence\

r

\

Decoder
L z




Decoder

— Autoregressive (AT)

.

Encoder

J

]

Input sequence

I

/output sequence\

r

\

Decoder
L z




Autoregressive distribution

| 0.0
(Speech Recognition as example) ( ap:o - —
I? a 0.0 > SizeV
max:: saw 0.1 (common

arennane A e | characters)
ngf | softmax
(§ ) & )

Encoder — Decoder
. J . J

[ 111 [
H )

(I saw a saw) .
START (special token)



Autoregressive

Encoder

A O
ey

(1 saw a saw)

max :

Saw d Saw

max ‘:

max i  max

I

r N
Decoder
& v
[ I [ [
®
® - -
START | saw a



ignore the input from the encoder here ©

I saw a saw

maxi maxi maxi max:

- N
Decoder
& T : )
-
L
® v
START | saw a

Output

Probabilities

1

| Softmax |

|  Linear )

@ 2)
| Add & Norm o=
Feed

Forward

|

| Add & Norm Je=

Multi-Head
Attention

) N
—

LAdd & Norm Je=

Masked
Multi-Head
Attention

S

\ —

Q‘)‘@ Positional
4 Encoding

Output
Embedding

I

Qutputs

. (shiftea right)
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Output
Probabilities
{

| Softmax |

| Linear |}

-,

r
| Add & Norm

Feed
Forward

Multi-Head
Attention

Ay

r i ~
~>»| Add & Norm |
Feed
Forward
A
Nx ~>| Add & Norm |
Multi-Head
Attention
it
\\_ J
Positional &
Encoding
Input
Embedding
Encoder |

Inputs

\. )

@_® Positional
¥ Encoding

Qutput
Embedding

f Decoder

Qutputs
(shiftea right)
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Self-attention =% Masked Self-attention

“$ * ]
“ * -
“ .0 ]
O.. “ . [ ]
15,83 * u
. .. .0 [ ]
* o * ] "
. o (L)
. ,’0. es s
s . 4, " n
* . [ ]
* . L4
L 4 “ [ ]
'l.‘ R ~,._“
L) ! L 4
ast et a, .
. * . L4
Y . * LY “ - 4
. ‘e
. . SN
* * “ LAY |
», o 3 o,
>0 ** n
L . *
LN * * n
. y .
. .. *
* IS * u
. * * [ ]
. & * -
O. 0‘ =
Y
.. * u
0.0 u
rsdl

w

R —

Y
Can be either input or a hidden layer




Self-attention =% Masked Self-attention

Why masked? Consider how does decoder work
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Autoregressive

Max
NN E R RN
r N r : _ 2
Encoder | — _ Decoder
& ) . J
T 111 | ————
«[M % M o ,- ,. beeen Decoder

(| saw a saw)

L)
START |

L Nam d

Output
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AutOI’egl’eSSive We do not know the correct
output length.

Never stop!
I saw a Saw which ......
max? max? max? max? max?
& P (' )
Encoder — Decoder
. J \_ e
T 111 1 1 1 1 1
A s -
| | ® o

(1 saw a saw)
START | saw a saw



distribution

Adding “Stop Token” caw o0 1)
| 0.8
a 0.0 > SizeV
which 0.1 (common
arennane [ o I J characters)
P [ enpD 0.0 |
ngf | softmax
4 T, r ™
Encoder — Decoder
% v

A O i
ey

(1 saw a saw)
START



Autoregressive
g Stop at here!

I saw a saw END
Max A maxg maxg maxg max?
D1 % o T T T
r N r N
Encoder — Decoder
& J & J
T 111 [ I | [ [
T ] ¢ B -

(1 saw a saw)
START | saw a saw



Decoder
— Non-autoregressive (NAT)

.

Encoder

J

]

Input sequence

I

/output sequence\

r

\

Decoder
L z




AT v.s. NAT

W, W, W3  END W, "2 END W,
I | | | I I | |
& ) ( )
AT Decoder NAT Decoder
& 4 \_ y,
] I I I ] I I I
START W;, w, Wy START START START START

» How to decide the output length for NAT decoder?
* Another predictor for output length
 Output a very long sequence, ignore tokens after END

» Advantage: parallel, more stable generation (e.g., TTS)
» NAT is usually worse than AT (why? Multi-modality)



Encoder-Decoder

/
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Encoder
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J

]

\Input sequence

output sequence\

e B
Decoder
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Transformer

Output
Probabilities

t

| Softmax |

(

Linear

J

4

-
| Add & Norm Je=

Feed
Forward

Cross
attention

7

r

\
~>{ Add & Norm |

| Add & Norm Je=

Multi-Head

Feed
Forward N x
K3
Add & Norm Je=,
Nx T
~| Add &.Norm ) Masked

Multi-Head Multi-Head

Attention Attention
, S, T, , VI, 7 )

S J . pr—
Positional D & Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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Cross Attention

Listen, attend and spell: A neural
network for large vocabulary
conversational speech recognition

https://ieeexplore.ieee.org/document/7472621

<space>
m

u
C
h
<space>
w
0

(This is not transformer.)
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Cross Attention

Source of image:

https://arxiv.org/abs/2005.08081

F '
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-
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Transformer

Encoder

Transformer
Encoder

Transformer -
Encoder
k|

o = I
i | |
[ernmdﬁ Layetlr ‘{B“Decodef Layﬁl 6" Decoder Layerl
L I8
[ 1
[?Enmdet Layel} - ?adls"mm Layet] 5 Decoder Layer]
XN T
[drEnmder Layer} ";.\‘ i[drnmer L.ayer] 4" Decoder L.ayer]
Wb ¥ s
31 B
[sn La)er} 2 %mnmmw] 3 Decoder Layer !
L 1 £ ]/
[sznmdet Layerj ﬂz‘*‘m Layer] 2 Decoder Laye[] [Z?Enmdet Layer /
L T 1
[1"‘Enmde{La:.er} ‘Jl1"Demde[Law] 1"DecnﬂetLayEf:| [1"‘EmmerLa;erI 1% Decoder Layer
“

L

(a) Granularity Consistent Attention

(b) Granularity Parallel Attention

(c) Fine-Grained Attention

(d) Full Matching Attention

) 1

(e) Adaptive Matching Attention




Training

-

r

Encoder

.

output sequence\

e B
Decoder

& )

]

\Input sequence

/

68



a 0 Ground
| 1 truth o
ow | o | distribution
E a 01 |
Qrrnnnuns - I 0.7
. ’ saw 0.1 > SizeV
minimize cross entropy :

; am 0.1 (common
arennane A o I ) characters)
ngf { softmax
(' 7 /' )
Encoder — Decoder
\_ Wy, \_ )
TT 11 i

A

Label: | saw a saw <BOS>



Teacher Forcing: using the ground truth as input.

I saw a saw <EOQS>
s O Q
e ®
minimize cross entropy ‘ H ‘ H H
ke L L
(i ) & )
Encoder — Decoder
. J g J
111 [ I H H [
' . »
L et

Label: |1 saw a saw <BOS> | saw a Saw
70



Tips

Encoder

output sequence

|

r

]

Input sequence

Decoder

~\




Optimizing Evaluation Metrics?

---------------------------------------------------
*

saw a  saw <EOS> saw a saw <EOS3
. @
- 8 ® S .
A A A ‘ ‘ ’~........f .........................................
: BLEU score?
v v v 4 4 SO

[ Decoder ] [ Decoder ]

How to do the optimization?

When you don’t know how to optimize, just use
reinforcement learning (RL)! https://arxiv.org/abs/1511.06732



Output

Probabilities
. |
Concluding Remarks: o)
Transformer e )
([ Add & Norm ]‘\\
Feed
Forward
—
- N | | (Add & Norm Je=y
el ] Multi-Head
Feed Attention
Forward N x
[ Add & Norm Je=
Nx X
—>{Add & Norm } Masked
Multi-Head Multi-Head
Attention Attention
A g —r
o 9 & e—
Positional Positional
Encoding D ¢ Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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Questions?
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