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Sophisticated Input

* Input is a vector

D —P[ Model }—b Scalar or Class

* Input is a set of vectors

D — [ Model } - Scalars or Classes

(may change length)



this is a cat

Vector Set as Input D

One-hot Encoding Word Embedding
A
apple=[1 0 0 0 O.... :
bag =[0 1 0 0 0...] Ao bbit
run OOO
cat =[0 0 1 0 O...... : jump cat
dog =[0 0 O 1 O.... : o lree

@ flower

elephant =[0 0 0 0 1 ... :




What is the output?

e Each vector has a label.

D — [ Model }—» &
S J |\ J
Y Y
N N
* The whole sequence has a label.
D — [ Model } —_— ()
* Model decides the number of labels itself.  seqg2seq
D —>[ Model } —
X Y 1\ v J
Y
N Translation N’



Sequence Labeling

Is it possible to consider the context?

Fully- FC can consider the neighbor
i connected How to consider the whole sequence?

a window covers the whole sequence?
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| you need.

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



Self-attention

Aw¥wY¥., AN, SVAAR, oo YrgA
] ] ] . ]
- * .O ... ¢ ] * .0 “ * ™ ’0 “‘ “ 0‘ ™
. - “, * - L . * i 3 .
u * o * = - * * ‘0 n " . " u
= *e IS a, * L * ", “‘ * u * . © * .
[ Q‘ . .'0. [ ] " IR 3 .Q [ * g 2 ’0 [
[ ] L 4 L} ] * ‘& [ ] P4 [ ]
. * 'Y .’ ... ] * ** ‘e ] s “ * Q‘ n
= *e M e LR 3 0,0 et «* . =
«
. *e NEN L3 . S vs®n % O J
= s N Ty = aye ~““ . o** * -
= * . o " o® Tay. ¢ * %Y, . . * o .
* - IS . 0, * . s . . *
. - @ s CEEE g a0 et AT TR 7S s =
= X Yeme® Sags® .'i“ SR =
u oy %% Yo oFe (3 u
. X5 B < 922,00 T, AT .,. RAN -
L . * L J .
] 4 * ** L] 4, _¢" L IR ) [] * * 0‘ [
. K7 . . n 78 * %, . ., ¢ A .
. %% pET A " et VS, ol o, O 7 - .
- - 5% - T e N fa . .
* * e v i +$ Y ~ *
u . * % s Shtge o Y s o = LY . . . .
5 o $ . ‘.‘,‘ » ° .."‘ ", = ..',. .,. . .
[ ] . . u > ] I 2 [
. * «s* * 0 4 . WG ’0 n % % ‘. ‘Q [ ]
= o b .® A = * “t ., > = R ., ., Y .
3 . ** “‘ * a P . '.. 0‘ . . ... * * -
o .0 «* “‘ 0‘ . ’o «* s - = .0 L FSRE IS 0‘ 5
TR R e b he o n oyt Yo %m0 "::~ *y =
Fi 0‘”~ “l ‘0‘$ O.le Q’ .Z$.0.
oo

<[
w

[
N

Y
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 ol = exp(ay; ) /2 exp(ay;)
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Self-attention Extract information based
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Self-attention parallel
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Can be either input or a hidden layer




Self-attention
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Self-attention
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Self-attention

_ 1 1 _ 2 a 2
d11 = k q Q17 = k CI1 1, k 1




Self-attention
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Self-attention
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Self-attention

Parameters
to be learned

Attention Matrix

]
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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)! |



https://arxiv.org/abs/1910.12977

Self-attention for Speech

Attention in a range

Speech is a very long A
0 N
vector sequence. 10ms b? b3 b*

| 4 )

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.

Y

3

o 10 -/

Source of image: https://www.researchgate.net/figure/Color-image-representation-and-
RGB-matrix_figl5 282798184
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D flx)

convolution 1x1conv
feature maps (x)

Self-Attention GAN
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https://arxiv.org/abs/1805.08318
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https://arxiv.org/abs/2005.12872



Sequence-to-sequence (Seq2seq)

Input a sequence, output a sequence
The output length is determined by model.

| Speech How are vyou
w mm hL Recognition - 9 Q
o N
T

machine learning

oo s Machine
e VQ Q Translation

N N’

machine learning

[ . 2 %= 2]
W B — - oo
] Translation

Language without text
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Gutput
Probatbilities
| Softtmax |
SeqgZseq T
f[ Add & Norm ]4\N
output sequence Feod
Forward
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Neural Networks Transformer

https://arxiv.org/abs/1409.3215 https://arxiv.org/abs/1706.03762
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Encoder

Transformer’s Encoder

You can use RNN or CNN. — i ~
Add & Norm
1 Feed
2 3 4 Forward
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norm

residual a+b
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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

X141

T

Layer Norm

T

addition

N

X141

addition

FFN

Layer Norm

—

addition

:

RN

FFN

Layer Norm

g

addition
F

Multi-Head
Attention

N

Multi-Head
Attention

T

Layer Norm

32



Decoder

Encoder

I

Input sequence

|

/output sequence\
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Decoder
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Decoder

— Autoregressive (AT)

.

Encoder
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distribution

Autoregressive iy
(Speech Recognition as example) :
[ love 0.8
Io;/e machine 0.0 > SizeV
max learning 0.1 (common
resarnara . I characters)
;ng [ softmax
(i ) & )
Encoder — Decoder
. J . J
111 [
XU
e )

( I love machine learning ) :
START (special token)



Autoregressive

I love machine learning
s A A s
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ignore the input from the encoder here ©
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Autoregressive
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We do not know the correct

Autoregressive  output length.

Never stop!
I love machine learning  English.....
maxg maxg maxg maxg maxg
(3 ) (i )
Encoder — Decoder
. J . J
[T 11 [ [ [ [ [

(I love machine learning ) _ _
START love machine learning



distribution

Adding “Stop Token” . 00 O
love 0.8
machine 0.0 > SizeV
learning 0.1 (common
T o I I ) characters)
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Autoregressive Stop at here!

I love machine learning END
maxg maxg maxg maxg maxg
135 u IS N
&) ) (3 )
Encoder | — Decoder
G J G J
111 [ [ [ [ [

(I love machine learning )
START love machine learning



Decoder

— Non-autoregressive (NAT)
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AT v.s. NAT

W, W, W;  END A w, G w,
I 1 1 I | 1 1 I
& ) % )
AT Decoder NAT Decoder
& _J \_ y,
] ] ] ] ] ] ] [
START w; W, W3 START START START START

» How to decide the output length for NAT decoder?

* Another predictor for output length

* Qutput 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

/ output sequence\
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4 N 4 A
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klnput sequence /
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Qutput
Probabilities

Concluding Remarks:

Transformer Coer )
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