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Generative Al

Generative Al is a branch of artificial intelligence primarily used for

creative tasks

> Articles, images, music, and more

« ChatGPT, Midjouney, Stable Diffusion, Office Copilot, and so on
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Generative Al

Differences between generative Al and Discriminative Al

> Discriminative Al - predict labels or classifications based on training sets
« Predict labels or classifications based on training sets

» Generative Al - generate new data samples based on training sets
« Generate new data samples based on training sets

Training data

i, 1
I

Generated samples Training data
- @
‘ ~
ikl Generative sampling | g "
"
model

Random noise

i - Prediction
ranng ' Discriminative  Predcton

et 0.83

lixaly to be a Van Gogh

An
observation

Source



https://vitalflux.com/generative-vs-discriminative-models-examples/
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Word Embedding

It is @a method to embed "word" into "value"
It is a dimension reduction technology
The value is "vector"

one |

‘vector

dimension

model---




Word Embedding

Word vector is generated with unsupervised learning
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Word Embedding

One-hot Encoding

Word vector is generated with unsupervised learning

1-of-N Encoding )
_ dog .
Cat [100 0] owalk © P9
Dog = [0100] © run .c.at
word B " _ 10010] °jump  Lion
Lion = [0 0 01] | e tree o grass
No informative ® flower
>
Word class ‘ ’ Word Embedding

~ Class2
[=5



Word Embedding

Word Embedding
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Word Embedding

How to do it?
» Counting-based

« if two words wi and wj often co-occur, the embedding vector vi and vj would be close to each other
« i.e. the larger inner product, the closer to each other

Vi 4
w » Word Embedding » y

« The popular word embedding technology: Glove vector

10



Word Embedding

How to do it?

> Glove vector
It uses the overall statistics and context to complete the word embedding

Probability and Ratio | &k = solid k = gas k = water k = fashion
P(klice) 19x107* 6.6x10> 3.0x1073 1.7x107°
P(k|steam) 22x107° 78x107*% 22x1073 1.8x107°
P(klice)/P(k|steam) 8.9 8.5 x 1072 1.36 0.96

\%

7= 3" £ (Xi) (whivy + b+ By — log Xi;)’
ij=1

Referencg1



https://nlp.stanford.edu/pubs/glove.pdf

Word Embedding

How to do it?
> Prediction-based

Ptter data:

HIK B FHE ..
R ARE % ...

TR FE A ..
N —

AR 2 TEER RBh TTEERY ...
K ARTOBE FIE GE .

Minimizing
cross entropy

MK T
BRTE
5591 e
o
N
MiE

Neural D
Network

Neural
Network

Neural
Network

Ty

FEIFlﬁl;

RL

F7E
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Word Embedding

Prediction-based - using a word xi to predict the next word xi+1
» P("beat a bad Alice") = P(beat|START)P(a|beat)P(bad|a)P(Alice|bad)

P(bla): the probability of model to predict the next word

P(beat) P(a) P(bad) P(Alice)

Y Y 1 1

Neural Network

1 | Y Y

START beat a bad

13



Word Embedding

Prediction-based

One-hot vector

1xN

©
®
o

Encoding
Probability vector
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Word Embedding

Prediction-based

One-hot vector

Encoding

1xN

©
®
o

Q- OO,

©

O 00N

Probability vector

1x N

= 0.1 =

0.005

0.68\
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Word Embedding

Prediction-based - More and more words

One-hot vector
1xN

»

| o

Encoding

SISO
O 00N

ﬁ' [ 0!1 T
—p | 0.005

Z= W, x X+ mwx X1

Probability vector
1xN

U.f:frB '\ /XH_ .

- 0.11

Parameters explosion
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Word Embedding

Prediction-based - More and more words

One-hot vector

Encoding

Probability

vector

1xN

ﬁ [ 0-1 |
— |0.005

:\/\Hl

0.68

- 0.11
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Word Embedding

Other methods
» Continuous bag of word (CBOW)

predict a word from given context

Xigg weees " Neural p
\/\j _, Network : i

» Skip-gram

predict a context from given a word

Neural

< / ol Network F . .-
\/ { g Xit1

18



Word Embedding
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http://www.slideshare.net/hustwj/cikm-keynotenov2014

Document Embedding

Could the document embedding be achieved too?

» word -> word sequences with different lengths -> the vector with the same
length

» The vector represents the meaning of the word sequence
» A word sequence can be a document or a paragraph

©
®

=

20



Document Embedding

Bag-of-word (BOW)
» Process a sentence or a document as a bag of words
» Each document is converted to a <word, count> map

» Document similarity Bag of words (BoW) f \
|

Euclidean distance

(the', 8)
. ,', 5 L
» Cosine | G
Very good drama although it (., 4)
. DOt-pI‘Od uct appeared to have a few blank ('vx;h 5 a)
areas leaving the viewers to fill in ' ('and',’ 3),
° the action for themselves. | can ' '
o imagine life being this way for Very glthaugh égo %()1 2)
someone who can neither read draﬁ ('to", 25,
nor write. This film simply . ‘,; (a, 2),
smacked of the real world: the wife & (for, 2)
who is suddenly the sole (can', 2)
supporter, the live-in relatives and (this', 2)
their quarrels, the troubled child (of, 2)
who gets knocked up and then, (drama’, 1),

typically, drops out of school, a

‘although’, 1),
jackass husband who takes the ( gh, 1)

(‘appeared, 1),

nest egg and buys beer with it. 2 (have', 1),
thumbs up... very very very good (few!, 1),
movie.

(‘blank’, 1) 21



Document Embedding

The problem of BOW
> the information of order of the words is ignored

I like the apple, but I hate the banana

¥

same BOW

*

I like the banana, but I hate the apple

|

Different meaning

22



Word Embedding

Example



https://colab.research.google.com/drive/1neAuxP24d4KTYEahoK7cetyTcELe2AMv?authuser=1#scrollTo=1DTzZzGp-Yvz




Seq2Seq

Input a sequence, output a sequence whose length is determined by
model

L R
M»«JMMM—» mESES —> O O

N

B machine learning

- = R —, O

— —

N N'

-

25



SquSeq

A*ﬂi
| {

¥

Speech in

L
St

Speech in

AA.
1 l:lg
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Seq2Seq

Chatbot

Rl T Seq2Seq /

"Hello! How are you today?"

Model

"I am good thank you, e T~ "Great, thanks! My ..."

how are you"

Training data:

[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?

[PERSON 2:] I have four that range in age from 10 to 21. You?

[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:] I usually spend my time painting: but. I love the show.

27
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RNN and LSTM

RNN is designed for the time-series problem

29



RNN and LSTM

Input sequence: [H HH%]
output sequence: [fﬂ

4 )
| 4 14

/ /

store

Initial 2 p) )

Value 0 / /

All the weights are "1", no bias 1 1

All activation functions are linear
Referenc®



https://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2016/Lecture/RNN%20(v2).pdf
https://medium.com/ml-note/autoencoder-%E4%BA%8C-rnn-lstm-seq2seq-attention-226bc239dfea

RNN and LSTM

Input sequence: [IATE].-
output sequence: [fﬂ [% 5

Changing the sequence order will J?ll - y%

change the output Y, /12
store

Initial 6 6 5 6

Value |2 / y

All the weights are "1", no bias 1 1

All activation functions are linear

31



RNN and LSTM

Bi-directional RNN

(shye—A A le

@Al A—AalA *'..AA@
T

Referenc&



https://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2016/Lecture/RNN%20(v2).pdf
https://colah.github.io/posts/2015-09-NN-Types-FP/

RNN and LSTM

LSTM is the best famous model in RNN

STV
t o
|

-4
‘ LSTM unit Output Gate ir-rTi
== - Ce SEERRD
K t
Ft It -~ tanh
> 2> O » ™ A
.. T ct-l,ht-l - ( t - Ct+1'ht+1 —> 11
[: — o] (o) (@] (o] 5 ] Memery Cel gt =1 )
hi 3
— J‘/' 4/ J " Forget Gate
Xt SE I EAE

| i | N
Input Gate I
EEREEA
* BT OEEARIEREE

Referenc&



https://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2016/Lecture/RNN%20(v2).pdf
https://ithelp.ithome.com.tw/articles/10223055

RNN and LSTM

34



RNN and LSTM

ct—l

vector

35



RNN and LSTM




RNN and LSTM



https://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2016/Lecture/RNN%20(v2).pdf
https://colab.research.google.com/drive/1Y-w9tQVSBZML5yJWgA5QtNIx0x-Bxjjv?authuser=1




Seq2Seq

Seq2Seq is built by two RNN or LSTM models

The first model, encoder, is to convert the sequence with length M into
a vector with a fixed length

The second model, decoder, is to reconstruct the vector back to a
sequence with length N

39



Seq2Seq

output sequence

T
(==}-0—{=]

Input sequence

!

<EQS5=

[

=EQS5=

s —>» |—> x
> ———» ———» <
-« — —> N

=
m
)

2014, I Sutskever et al., Sequence to Sequence Learning with Neural Networks

40



Seq2Seq

Encoder is responsible for conversion of input sequence into a vector

The vector is context vector composed of important information of input
sequence

It can be done by RNN or LSTM

IR

Input sequence ] [ I
Are you free tomorrow?

ENCODER

|

|

(_thought vector

|

v

Incoming Email



Seq2Seq

Decoder is responsible for word generation from context vector
It also can be done by RNN or LSTM

output sequence

what's __ up? <END>

|

J )

——{ Decoder ] )

IS0

( thought vector )

I

<START>

DECODER



Example

Er liebte zu essen

He loved to eat

Decoder

TI

Py Y Xe, o xr) = | [PV, Y1, o Ye-1)

t=1

Referenc&



https://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2016/Lecture/RNN%20(v2).pdf
https://arxiv.org/pdf/1406.1078.pdf
https://colab.research.google.com/drive/1UefqQ_6mB6exYHbH6FDeImpxE8lF-fTi?authuser=1#scrollTo=OQGfIPoWcmUe
https://colab.research.google.com/drive/1UefqQ_6mB6exYHbH6FDeImpxE8lF-fTi?authuser=1
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Attention

What you learned
in these lectures

What is deep
learning?

Answer 4

Reference

Breakfast today

Summer vacation 10
years ago

45


http://henrylo1605.blogspot.tw/2015/05/blog-post_56.html

Attention

Decoder
Encoder b hey
E EO > E1 > — En-1 >
: SO S1 Sn-1 Sn

o o o o

46



Attention

Jointly learned with
other part of the

Attention-based model .. - tot
ab h
What is ?

match 2z’ Design by yourself

» Cosine similarity of z and h

- h2—. h3_. p4 » Small NN whose input is z and h,
t output a scalar

pl
! |
1 aR = = >a=hWz




Attention

Attention-based model

0.5a&l 0.5a3 0 a3 as
t t t t
softmax
t t t t
1 2 3 4
% % % %
h1 . hz_, h3—> h4

1 I 1

% =& 2

1

3
Q
O
=3
=
®

t
70 = 71
t

Decoder input
> abhi
0.

5h! + 0.5h%

CO

48



Attention

Attention-based model

— 3aulyoew

a}

o/ _, i

match
A

Al . Rh2_ . p3__. pA
l T [ |

49



Attention

Attention-based model

oa‘;{% ofi;% 0.5&;8 0.5%3

softmax
t A 4 ¢
1 2 3 4
al a:l a:l a:l

Al p2_ . p3__. P4
l T I [
% et 2 =

cl

—\ pipi
= ) ayh

= 0.5h3 + 0.5h%

50



Attention

Attention-based model

— dulyoew
— buluieg)

\

4+t
¢V cl
The same process repeat
T I until generating
g4 2E! . (period)

Reference



https://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2016/Lecture/RNN%20(v2).pdf
https://colab.research.google.com/drive/1UqwWfTjdM25cfDyQvH_3uWRracJOdOxQ?authuser=1
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Attention

Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL WITH ATTENTION

Encoding Decoding

Attention
Decoder
RNN

Je suis etudiant

Reference



https://flashgene.com/archives/114917.html
https://marssu.coderbridge.io/2020/12/18/attention-model-extenstion/

Attention

memory - RNN —

hard to consider H

54



Attention

az 33 34

Using CNN to replace RNN

55



Attention

Filters in higher layer can consider longer sequence

56



Attention b, is obtained based on the whole input sequence

Self-attention by, by, b3, by can be parallelly computed

b 1 b2 b3 b4
A A
—— I— —-
31 32 a3 34 31 a.'Z 33 a4

You can try to replace any thing that has been done by RNN with self-attention

Reference



https://flashgene.com/archives/114917.html
https://arxiv.org/abs/1706.03762

Attention

Self-attention

Can be either input or a hidden layer

58



Attention

Self-attention

b,

_Releva nt?

[ ]
......

Find the relevant vectors in a sequence

59



Attention

Self-attention

SoftMax

Mask (opt.)

/ Dot-product \

Attention score @ = q - k

I
|
i
I I
w4 Wk
| |

60



Attention

Self-attention

¢ query « key i value @ softmax

k.

= B B P

G=Wy- @ k=W a =W a k=W - @ Ky=W -

=

—p» Q

61



Attention

Self-attention




Attention

Self-attention

¢ query « key i value @ softmax

x x Concat ]
A A t
Scaled Dot-Product n
Attention
d1 ky
d

b, -

63




Attention

Self-attention in Vision model

softmax

- .

—_—

values

I

output

Referenéé



https://flashgene.com/archives/114917.html
https://arxiv.org/pdf/1906.05909.pdf

Attention

Self-attention GAN

f(x)

transpose ;
p attention

Ixlconv | |
& l map
softmax self-attention
ﬂ 4() | | l feature maps (0)
L i
X
&

v
Ll

convolution
feature maps (x)

lx1lconv

h(x) L]

Ixlconv

Referenéd



https://flashgene.com/archives/114917.html
https://arxiv.org/pdf/1805.08318.pdf

Attention

Self-attention GAN

def __init_ (self, in_channels): # Theta path

super(Self_Attn, self).__init_ () theta = self.snconvlxl_theta(x)
in _channels theta = theta.view(-1, ch//8, h*uw)
snconvixl_theta | snconv2d(in_channels=in_channels, out_channels=in_char ¥ Phi path

snconvlxl_phi = fnconv2d(in_channels=in_channels, out_channels=in_channe Pi = self.snconvixl_phi(x)
self.maxpool(phi)

self.snconvixl_attn = snconv2d(in_channels=in_channels//2, out_channels=in_ch Phi = phi.view(-1, ch//8, h*w//4)
# Attn map

snconvixl_g = srfonv2d(in_channels=in_channels, out_channels=in_channelsF'hi

fix) = torch.bmm(theta.permute(@, 2, 1), phi)
. = self.softmax(attn)
convolution il attention = path
feature maps (x) g = self.snconvlixl _g(x)
B ' g = self.maxpcol(g)
53 :rT g(x) g = g.view(-1, ch//2, h*w//4)
1 I—I # Attn_g
Ixlcony
attn_g = attn_g.view(-1, ch//2, h, w)
h(x) attn_g = self.snconvlxl_attn(attn_g)
# Out
1x1conv out = x + self.sigma*attn_g

return out Refel‘enéé



https://flashgene.com/archives/114917.html
https://github.com/voletiv/self-attention-GAN-pytorch
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Transformer

N

\

Output
Probabilities

-
Add & Norm

Feed
Forward

Add & Norm

|
Add & Norm

Feed
Forward

h

Multi-Head

=

Attention

Nx | —[Add & Nom )

) } Nx
| Add & Norm :

Masked
Multi-Head Multi-Head
Attention Attention
At 2 A_t
o — J \_ —
Positional Positional
E d _9 G' .
ncoding Encoding
Input Output
Embedding Embedding
Inputs Oulputs

(shifted right)

Referenég



https://flashgene.com/archives/114917.html
https://arxiv.org/pdf/1706.03762.pdf

Transformer

ENCODER

4

Feed Forward

+

(
(

Self-Attention

N

t

>

DECODER 1

(

Feed Forward

4

(

Encoder-Decoder Attention

4

[

Self-Attention

t

Reference



https://flashgene.com/archives/114917.html
http://jalammar.github.io/illustrated-transformer/

Transformer

ENCODER #2 k\

ENCODER #1

)

r1i

$
r- [

-

!

Feed Forward
Neural Network

T

z. [T
T

Feed Forward
Neural Network

i

T

z [
T

Self-Attention

1 1
x+ [ x. [
Thinking Machines
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Transformer

Layer:

5 5 | Attention:

street_
because_
it_

wWas_
too_

tire

Input - Input

Y
L

The
animal_
didn_

streei_
because_
it_

was_
too_

tire
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Transformer

Thinking
Machines
ATTENTION HEAD #0
Qo
W@
Ko
WoK
Vo
W,V

ATTENTION HEAD #1

Q1

K

Vi

W,V
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Transformer

ATTENTION
HEAD #0

X
Thinking
Machines
Calculating attention separately in
eight different attention heads
\J
ATTENTION ATTENTION
HEAD #1 HEAD #7

73



Transformer

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting © matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix W® to
R with weight matrices Q/K/V matrices produce the output of the layer
X Wo®
Thinking Wo v Qo
Machines Wo Ko
Vo Wo
W, Q

* In all encoders other than #0, WK Q1

we don't need embedding. W,V K1
We start directly with the output Vi

of the encoder right below this one

R




Transformer

Layer:| 5 5| Attention:

The_
animal_
didn_

street_

because

Input - Input

i
v

The_

animal_
didn_

street

because
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Transformer

r_\

N> ~>| Add & Norm |

"

N
~>| Add & Norm |

Feed
Forward

Me—

-~

Multi-Head
Attention

— J

At

Positional
Encoding

D <

Input
Embedding

T

Inputs

ENCODER #1

DECODER #1

1

ENCODER #0

DECODER #0

\_

EMBEDDING
WITH TIME
SIGNAL

POSITIONAL
ENCODING

EMBEDDINGS

INPUT

+

Je

+

étudiant
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Transformer

Token Position

POSITIONAL
ENCODING

EMBEDDINGS

INPUT

+ +
x+ [ L

Je

30
Embedding Dimension

(X: 23 0.0001 . 1

Suis

0.91 0.0002 1

+

Jummm

étudiant

100

075

050

025

oo

—0.25

—0.50

—0.75

Reference



https://flashgene.com/archives/114917.html
https://github.com/jalammar/jalammar.github.io/blob/master/notebookes/transformer/transformer_positional_encoding_graph.ipynb

Transformer

- \ 8 i
~—> Add &.Norm ("( Add & Normalize ) \
Feed : 4 4
Fom:ard \ E ( Feed Forward ) ( Feed Forward )
\ SO S 2
Nix z1 NN z> N
~>_Add & Norm A 4
Multi-Head
Attention -
. % :-h LayerNorm( + )
W y, Sl [ 4
Positional D % % %
Encoding : ( Self-Attention )
Input : 4 4
. . CLIT] LT )
Embeddin \' """"""""""""""""
- POSITIONAL é é
T ENCODING
|ﬂDUtS x+ BT x2 T

Thinking Machines



Transformer

4 N
Add & Norm
’ token's : ~
Fg:rfgrd orginal space ( O 0¢0 O J
} linear + ReLU
N Add & Norm 18
Multi-Head 1IO00000000000000 0|
Attention ¢
\ | linear

\ | J
Positional l
. token's
Encoding ®_G% original space ©00O0]

Input
Embedding

I

Inputs




Transformer

Qutput
Probabilities

Linear

(¢ )
| Add & Norm |<ﬁ

Feed
Forward

I

Add & Norm

Multi-Head
Attention

I

Add & Norm

Masked
Multi-Head
Attention

\_

A

)
=

J

G-

Output

Embedding

T

Outputs
(shifted right)

Positional
Encoding

Decoding time step:®2 3456

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

OUTPUT

T

Linear + Softmax

I

ENCODER DECODER
w
4 4
3
ENCODER DECODER
7
(ITT] O] [Tl
LLIT] LLTT] LLIT]
Je Suis étudiant
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Transformer

Output Decoding time step: 1@3 4 56 OUTPUT
Probabilities

Linear

e ~
(Add & Norm J*~ (

Feed Kencdec Vencdec ( LinEar aF SOftma)(

Forward EEEE EEEE EEEN &'.HH H:IIIIII T

~
»
N

Add & Norm

Multi-Head
Attention

ENCODERS DECODERS

i

Add & Norm
Masked kL = \.

Multi-Head
Attention EMBEDDING * * * *

tr WITH TIME LI LT L] LIT T[] HEEN
\. — SIGNAL

@ Positional
Encoding
Output EMBEDDINGS LLIT] LLTT] LLIT] 111
Embedding

OutI)uts INPUT Je suis  étudiant PREVIOUS

. ; OUTPUTS
(shifted right)
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BERT

Various Model Architectures for Different NLP Tasks

y.aN

CII;__III)
7 e
( )( (X DX DX

Stack Buffer
{ROOT  hasVBZ good U control NN ..
- mb;
He PRP

Dependency Parsing

Score s
Hidden Layer h, W, + b,
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BERT

Bidirectional Encoder Representation from Transformers

> Architecture
 Built by multiple Transformers' encoder

» Features
 Bidirectionality
* Pre-training
« Semantic representation
» Objective

« Provide a universal language representation model to be fine-tuned for various natural
language processing tasks
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BERT

A model for all NLP task
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BERT

Y?S Approach 2: Next Sentence Prediction
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https://arxiv.org/pdf/2005.08081.pdf

GPT

Generative Pre-trained Transformer

> Architecture
 Also Built by multiple Transformers' encoder

» Features
« Generative model
« Large-scale pre-training
 Transfer learning

> Objective

 Provide a universal language model to understand and generate for various text
generation and dialogue capabilities
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GPT vs BERT

Comparisons

> Pre-training objectives

 GPT - using "predicting the next word" to learn the language structure and contextual
relationships within sentences

« BERT - using "masked language model" and "next sentence prediction” to predict masked
words and to judge whether two sentences are consecutive

> Input

« GPT - use a unidirectional Transformer architecture and take the text sequence as input

« BERT - employ a bidirectional Transformer architecture and divide the sentence into left
and right parts as input

» Fine-tuning

« Both models use a similar method of adjusting the last layer of the pre-trained model to
adapt to specific tasks
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