Al Alchemy:
Fncoder, Generator,
and put them together
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Machine Learning
~ Looking for a Function

* Binary Classification (& ¢ Multi-class

JERH) Classification (3EfE£RH)
Yes/No Class 1, Class 2, ... Class N

1 1

o o

Input Input



Machine Learning
~ Looking for a Function

e Structured input/output
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Speech Recognition
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Summarization
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“girl with red hair
and red eyes”
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Deep Learning in One Slide

» Fully connected feedforward network (MLP)

Many kinds ot » Convolutional neural network (CNN)
networks:
» Recurrent neural network (RNN)
Vector D
They are
Matrix m y,
functions.
Vector Seq
How to find Given the example inputs/outputs as

the function?  training data: {(x;,y),(X,,Y,), --.. » (X1000/Y1000)}
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* A digit can be represented as a 28 x 28 dim vector
. * Most 28 x 28 dim vectors are not digits
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Auto-encoder

Low
dimension
Compact
» » code representation of
Encoder ~ theinput object

28 X 28 =784
I Learn together

» Can reconstruct
code » - .
— Decoder the original object



Unsupervised

Deep Auto-encoder Leaning

* NN encoder + NN decoder = a deep network

v As close as possible
— — — —
> # T 2 -#E—’ ; —  .ee ﬁ%
m Encoder l Decoder

=

Code

Reference: Hinton, Geoffrey E., and Ruslan R. Salakhutdinov. "Reducing the
dimensionality of data with neural networks." Science 313.5786 (2006): 504-507



Deep Auto-encoder - Example

m » Encoder
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Word Embedding

* Machine learn the meaning of words from reading
a lot of documents without supervision

\ /\ NN
tree Encoder

o flower
do : 4
orun g. .rabblt -
. ® . ‘
7jump cat Y
> LJ




To learn more

WO rd E M b e d d | N g https://www.youtube.com/watch?v

=X7PH3NuYWO0Q

* Machine learn the meaning of words from reading
a lot of documents without supervision

A word can be understood by its context

&% Y hall know a wor
gLy~ 5] are ou shall know a word

o by th it k
something very similar e e e

5071 520 E E

BEH 520 LR




Word Embedding

V(Germany)

e Characteristics ~ VV(Berlin) — V(Rome) + V(Italy)

V(hotter) — V(hot) = V(bigger) — V(big)
V(Rome) — V(Italy) = V(Berlin) — V(Germany)
V(king) — V(queen) = V(uncle) — V(aunt)

* Solving analogies

Rome : Italy = Berlin : ?

Compute V(Berlin) — V(Rome) + V(Italy)
Find the word w with the closest V(w)




Word Embedding - Demo

* Machine learn the meaning of words from reading
a lot of documents without supervision
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Word Embedding - Demo

* Model used in demo is provided by [ {[]]{=
* Part of the project done by [F{II{&E ~ MRE (&
* TA: Z7T#
* Training data is from PTT (collected by =)



Audio Word to Vector

Machine does not have
any prior knowledge

Machine listens to lots of
audio book

Like an infant

[Chung, Interspeech 16)



Audio Word to Vector

* Dimension reduction for a sequence with variable length

audio segments (word-level) ‘ Fixed-length vector
dog

dog

dogs




Sequence-to-sequence
Auto-encoder

o

audio segment

vector

P'"QQQ

RNN Encoder

The vector we want

Can represent the whole
audio segment

ceoee

1 I ‘

I
TN

How to train RNN Encoder?

acoustic features
o

"audio segment




Sequence-to-sequence
Auto_e nCOd er Input acoustic features

The RNN encoder and

decoder are jointly trained.
Y1 Y, Y3 Ya

RNN Encoder p A

. |
?\ VALYV

I I I RNN Decoder

X, acoustic features

”’WM‘*W audio segment



Sequence-to-sequence
Auto-encoder

* Visualizing embedding vectors of the words
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Sequence-to-sequence
Auto-encoder

* Visualizing embedding vectors of the words




Audio Word to Vector
—Application

( (44 b 29
Spoken US Presldent 1
query N A

“US Pres@dent”

“US President”’

Compute similarity between spoken queries and audio
files on acoustic level, and find the query term

Spoken Content



Audio Word to Vector
—Application

Audio archive divided into variable- Off-line
length audio segments

Audio
He * r
‘ n‘ mﬂ‘m =P Segment to | |

m-‘ soe fiee Vector

Audio
ﬂ" +44 =P | Segment t0  m—)y [l =—) Slmllarlty
spoken Vector ‘

Quer
! On-line Search Result




MAP

Audio Word to Vector
—Application

* Query-by-Example Spoken Term Detection

032

03+
0.28F
026
0.241
0.22+

0.2+
0.18F
0.16¢
0.14F

012+
150 200 250 300 350 400 450 500

——SA ——DSA — DTW

training epochs for sequence
auto-encoder

SA: sequence
auto-encoder

DSA: de-noising
sequence auto-encoder

Input: clean speech +
noise

output: clean speech



Next Step ......

* Can we include semantics?

walk

dog

run
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Outline

Auto-encoder

* Deep Generative Model

Conditional Generation




http://www.rb139.com/index.ph
p?s=/Lot/44547

Creation

» Drawing?

” B

i |
'H“g Writing
7 Poems?
o Q
—.
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Outline

Auto-encoder

‘ Deep Generative Model

| Component-wised,|
VAE, GAN

Conditional Generation



Component-by-component

* Images are composed of pixels

* To create an image, generating a pixel each time

E.g. 3 x 3 images

Can be trained just with a large collection
of images without any annotation




Component-by-component

IS 10%

* Small images of 792 Pokémon's

e Can machine learn to create new Pokémons?

Don’'t catch them! Create them!

Source of image:
http://bulbapedia.bulbagarden.net/wiki/List_of Pok%C3%A
9mon_by base_ stats (Generation_VI)

Original image is 40 x 40 .‘l.‘ A C;-’-“’:' o
s s 5, S #E'ﬁ &3 |
Making them into 20 x 20 1‘55 =5 3

Using 1-layer RNN with 512 LSTM cells



Real
Pokémon

Never seen

by machine!

Cover 50%
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Cover 75% «
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i llt is difficult to evaluate generation. B



Component-by-component
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Component-by-component

OQupit @ @ @ @ 2 09 0 0 000 0COO®EGO

Hidden
Layer

Hidden
Layer

Hidden
Layer

nmnt @ © O 0000000000000

Audio: Aaron van den Oord, Sander Dieleman, Heiga Zen, Karen Simonyan, Oriol
Vinyals, Alex Graves, Nal Kalchbrenner, Andrew Senior, Koray Kavukcuoglu,
WaveNet: A Generative Model for Raw Audio, arXiv preprint, 2016

Video: Nal Kalchbrenner, Aaron van den Oord, Karen Simonyan, Ivo
Danihelka, Oriol Vinyals, Alex Graves, Koray Kavukcuoglu, Video Pixel Networks ,
arXiv preprint, 2016
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OUUII’]G VAE = Variational Auto-Encoder

* Deep Generative Model

Component-wised,
. GAN

Conditional Generation




Remember Auto-encoder?

As close as possible

=l i T
77/ ~ Encoder @ Decoder S/~

|- k_.

Randomly generate | 8
o Image ?
a vector as code ) Decoder



Remember Auto-encoder?

code
Decoder »n
NN

Decoder — O
g ]
-1.[5_1.5] @x 15
0 [ « NN
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Auto-encoder

Input » Encoder » » Decoder »output

code
VAE —

m,

)
m, | 2
input » 1 NN
Encoder & 1 exp Z » Decoder

0-2 C3
03

» output

c; = exp(o;) X e; + my

€1
€
€3

From a normal
distribution

3

D) — . )2

Auto-Encoding Variational Bayes, Z(exp(al) (1 +0;) + (my)*)
https://arxiv.org/abs/1312.6114 ‘=1



Why VAE?

Intuitive Reason

e -

decode

code

encode

&




Problems of VAE

* It does not really try to simulate real images

code

» NN
Decoder

»

Output

_{

One pixel difference
from the target

o

Realistic

Y
E:

> :

As close as : 7
possible

Fake

One pixel difference
from the target
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Outline GAN =

Generative Adversarial Network

* Deep Generative Model

Component-wised,
" VAE,|GAN

Conditional Generation




Yann LeCun’s comment

What are some recent and potentially upcoming
breakthroughs in deep learning?

Yann LeCun, Director of Al Research at Facebook and Professor at NYU 14_
() Written Jul 29 - Upvoted by Joaquin Quifionero Candela, Director Applied Machine

Learning at Facebook and Nikhil Garg, | lead a team of Quora engineers working on
ML/NLP problems

The most important one, in my opinion, is adversarial training (also called GAN for
Generative Adversarial Networks). This is an idea that was originally proposed by Ian

Goodfellow when he was a student with Yoshua Bengio at the University of Montreal (he
since moved to Google Brain and recently to OpenAl).

This, and the variations that are now being proposed is the most interesting idea in the last
10 years in ML, in my opinion.

https://www.quora.com/What-are-some-recent-and-potentially-upcoming-breakthroughs-
in-deep-learning



http://peellden.pixnet.net/blog/post/40406899-
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Butterflies are Butterflies do

not brown not have veins




The evolution of generation

Generator - Generator - Generator

£ "** 7 00‘0 ‘ oo‘oo
Y Vo }

Discri- Discri- Discri-
mmator - mlnator - mlnator
Real images: | § 0 I/




GAN — —ZRITC NVIHEHR SR X,

Source of images: https://zhuanlan.zhihu.com/p/24767059
DCGAN: https://github.com/carpedm20/DCGAN-tensorflow
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GAN — *‘?TE:NF%EH%ERBZ '




GAN — *“HTE:NF@EH%ERBZ

20,000 rounds
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Basic Idea of GAN

* The data we want to generate has a distribution

Pdata (X)

-

High
Probability

Image
Space

Pyata (x)

\ Low

Probability




Basic Idea of GAN

* A generator G is a network. The network defines a
probability distribution.

Normal Pg (x) Pdata(x)
Distribution
: G
As close as
It is difficult to compute P;(x) possible

We do not know what the distribution

looks like.
https://blog.openai.com/generative-models/



Basic Idea of GAN

Normal
Distribution
NN
®—> Generator
vl

Pyata (x)

Discri- It can be proofed that the
minator == 1/0 Joss the discriminator
vl related to JS divergence.




Normal
Basic Idea of GAN Dismb“tio”@

* Next step:. NN
* Updating the parameters of e ol
generator V2 e

* To minimize the JS divergence

The output be classified as .
“real” (as close to 1 as possible) '/»- b k

Generator + Discriminator = a network *
Using gradient descent to update Discri-
the parameters in the generator, :

: . minator
but fix the discriminator V1
Original GAN is hard to train ....... *

m) W-GAN 1.0 “osa_



http://www.guokr.com/post/773890/

Why GAN is hard to train?
o] 21 EA BV ERET ...

Light-sensitive
cells Comea

Patch of light- Complex
sensitive cells

Better

Limpet



Why GAN is hard to train?

PGO(D/ Aata(x) ]S(PGlllpdata) = logz
? PGSO(M @) JS(Pe, |Paata) = log2

Not really better ......

P X
Gloo(/{dam(x) ]S(PGZHPdata) =0




Using Wasserstein distance
WGAN Instead of JS divergence

dg
& (Mata(@ W(PGlllpdat“) = do

dso

Better P, (x) P () W (P, ||Paaca) = dso
ata

P. (x

GlOOAata(X) W(PGzllpdatCl) =0




WGAN T ),E_;[‘i

(miil g

NN
Generator Generator - Generator
vl
wA vA WA RA EA .. MOER v I e R L
Discri- Discri- Discri-
minator mlnator - mlnator
vl

St

Real poems: & av 7 5k » 4% 10 b
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So many GANSs
...... Just name a few

Modifying the Different Structure from
Optimization of GAN the Original GAN

fGAN Conditional GAN

WGAN Semi-supervised GAN
Least-square GAN InfoGAN

Loss Sensitive GAN BiIGAN

Energy-based GAN Cycle GAN
Boundary-seeking GAN Disco GAN

Unroll GAN VAE-GAN
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Outline

Auto-encoder
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Conditional Generation

 We don’t want to simply generate some random stuff.

e Generate sentences based on conditions:

Caption Generation

Given “A dog is .
condition: running.” ‘ r"%
wdl!
Chat-bot
« . -
Given [tHeIIo. NICS N
condition: O See you. ? r"%
Ad




Conditional Generation

* E.g. IRIBFARUILE T Fhie \V5EH:

sentence ‘ ‘ code
Encoder

“red hair”

\v\l\“
i. N

code



Conditional Generation

supervision

* E.g. IRIE S FRUILE HEhe \YJBEH:

sentence

NN g
Encoder coce
“red hair”

NN
code ‘
Generator




Conditional Generation &S
et E ERaE R

* E.g. IRIBFARUILE T Fhie \V5EH:

Red hair, long hair

J

.

»




Text to Text - Summarization

e Abstractive Summary: FH 5 C.HYEEE summary

* Machine learns to do title generation from 2,000,000
training examples

HEAZELEMCNEE ) SHEEL BEREIALE BETY
W mIEER T EEANERES RS

e 1220 HR EINHKSE H S [E R R 2
S0 CERSHET I - 20168 12H20
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EESATTEMERERE (BR ) FSHENRAKE (2E)
FLTAMES -

"ERNEESEEE  BREFLUES UE-UEH. 5, TRETEEER
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[Yu & Lee, SLT 16]

Text to Text - Summarization

Summary
(short word sequence)

A

Y3

B

Ya

Y

il e I
— P | eessse — Y1 Yo
o1 oYy
x| bol bl e .
3 N, U

J

J

Input document B CHREARERmE

(long word sequence)



i EAHR et ERER

Text to Text - Summarization

BN S e S R B E B AL T F22
Document:  H#¢ 4 —0/ VA IS B ERR RN ES AT 15 1Y
15 AFET 3 A=f5E -
Human: EIEE SR EXNFRIENFIE RIS ASET
Machine: F[I[E 284 /R BLIRFS4

ﬂ”J—aﬁE RS R E—1E o H s B fE =
Document: fEH > RIBIHERBIN <SGt H FELIE
H PR ...

Human: 5 B8 B8R iR B T IER BN E TR
Machine: JH| 55 S E H [5R] BE4E

n'rl




Text to Text - Summarization

* Demo: S REEE RHE ERE N ~ HOR

G




Video to Text

P ox 420/6:44

A group of people is
knocked by a tree.

(BN
’lvl '_l.ﬂ!_l!....

—— ﬂm..

Il ox 314/644 o i@ [l

A group of people is

walking in the forest.

!y
)
'
)
"
'



Video to Text

Sequence-to-
sequence learning -
=

a0

— (pouad)

Sentence
Generator




Video to Text

e Can machine describe what it see from video?

* Demo: ErGETEEERE Y~ SiHHE -
& TR

WM

I
=%
m

MTK ZEE2KH



Image to Text

* Represent the input condition as a vector, and consider the
vector as the input of RNN generator

Image Caption
Generation

A code \

\Y
— uewom
/
— (polsad)




Image to

Text

e Can machine describe what it see from image?

* Demo: & K E
% B%W

BT R K

JL

G TE - MINUR ~ RN

MTK BB AT



http://news.ltn.com.tw/photo/politics/breakin
gnews/975542 1




To Learn More ...

* Machine Learning

* Slides:
Ihttp://speech.ee.ntu.edu.tw/’“tlkagk/cou rses._ ML16.htm

* Video:
https://www.youtube.com/watch?v=fegAeph9UaA&list=
PLJV _el3uVTsPy9oCRY300BPNLCo89yu4d9
* Machine Learning and Having it Deep and Structured
* Slides:
htt,o .//speech.ee.ntu.edu.tw/~tlkagk/courses_ MLDS17.h

* Video:

https://www.youtube.com/watch?v=IzHoNwICGnE&list=
PLJV _el3uVTsPMxPbjeX7PicgWbY7F8wW9



Thank you for your attention!



