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= Since 2002 (my first PhD year) ...
= PhD dissertation: based on a 20-hour game packet trace

= Collaboration & Consulting
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Change is the only constant

- Heraclitus (635 BC - 475 BC)

(Slide Credit: Albert Chen)


https://www.linkedin.com/in/aycchen/




AlphaZero Al

Mastering Chess and Shogi by self play
> with reinforcement learning
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5000 Chess 5 Shogi Go -
4000 - __~tewea —
2000
EJE —— AlphaZero
2000 —— AlphaZero — AlphaZero —— AlphaGo fero
1000 — Stockfish 1 —— Elmo —— AlphaGo Lee
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0 100 200 300 400 500 &00 700 0O 100 200 3ﬁﬂ 400 500 &00 700 O 100 200 300 400 500 ﬁﬁD 700
Thousands of Steps Thousands of Steps Thousands of Steps

Game White Black Win Draw Loss
Chisia AlphaZero Stockfish 25 25 0
= Stockfish AlphaZero 3 47 0
Shogi AlphaZero Elmo 43 2 5
<z Elmo AlphaZero 47 0 3
Go AlphaZero AGO 3-day 31 — 19
AGO 3-day AlphaZero 29 — 21
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“Deep Learning” search trend

Sep 2015 Sep 2016 Sep 2017



Machine Learning

66

A type of algorithms that gives computers the
ability to learn rules from experience, rather than
being hard coded.

Find the common patterns
from the left waveforms

You quickly get lost in the
exceptions and special cases.

It seems impossible to
write a program for
speech recognition

EEIE/ A NTEZERFLESE (Slide Credit: Hung-YilLee) 19


http://www.ee.ntu.edu.tw/profile?id=1020908
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Let the machine learn by itself

P

| RY%F
KK
You said
RURSH ABNELST

A large amount of
audio data

mEE /) A TESRI(LESE (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Patterns learned by machine

wem/ \TEERI(LEAE

22



Multi-layer patterns learned from faces

Successive model layers learn deeper intermediate representations
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)y High-level
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Prior: underlying factors & concepts compactly expressed w/ multiple levels of abstraction
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ML Arxiv Papers

20,000

15,000

10,000

5,000

ML Arxiv Papers per Year

== ML-Arxiv-Papers—@—Moore's Law- (2x-/-2-years)—&= 20

2009 2011 2013 2015 2017

Year

(Slide Credit: Google Brain)

Relative Number of ML Arxiv Papers to 2009



Growing Use of Deep | earning at Google
Across many

escription files
Sy products!areas:

Android

Apps

drug discovery
Gmail

Image understanding
Maps

Natural language
understanding
Photos

Robotics research
Speech
Translation
YouTube

.. many others

# of directories containing model
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http://www.ee.ntu.edu.tw/profile?id=1020908
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Turkey!

0 deorrado

Hi all,
We wanted to invite you to join us for an early
Thanksgiving on November 22nd, beginning

around 2PM. Please bring your favorite dish! RSVP by
next week

Dave

nt us i We'll be there!

able to make it

RFEE/ANIESREEESE

Sorry, we wont be

X K O v i

Server issues

Q Dan Mané 522PM
to me .

Hi team,

The server appears to be dropping about 10% of
requests (see attached dashboards). There hasn't been
a new release since last night, so I'm not sure what's
going on. Is anyone looking into this?

c Reply —

. I'll see if | can find . .
I'll check on it. o I'm on it.

28
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Route de la Ruaz

Midway Avenue

http://technews.tw/2017/0o5/05/updating-google-maps-with-deep-learning-and-street-view/ 30



http://technews.tw/2017/05/05/updating-google-maps-with-deep-learning-and-street-view/ 31
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An ridn a
motorcycle on a dirt road.

) _':":*f :
A group of young people Two hockey players are fighting A little girl in a pink hat is
playing a game of frisbee. over the puck. blowing bubbles.

HEE/ ANIESREEESE 32



diri noir avec banan
Google Photos, y'al

RFEE/ANIESREEESE

Graduation

My friend's not a gorilla.

34



Deep learning can be highly flexible

. Speech Recognltlon

f*( l WHW | )="Morning"”

. Handwrltten Recognition

A e

 Playing Go

f(

 Dialogue System
f *( \\HIII ): \\He”OII

(what the user said)  (system response)

fREIE/ ANITEERFEESE (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Deep Learning is a subset of
Representation Learning

Deep learning Example:
Shallow Example: Example:
Examp|e: autoencoders Logistic Knowledge

MLPs regression bases

Representation learning

Machine learning

RFE/ ANTEERELESHE
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Al Winter (1970-1980, 1990-2000)

Al Research and Development Timeline

f

2011:1IBM’'s Watson 2012: Al beata 2016: Go software
won Jeopardy, an retired Japanese based on Deep
American TV shogi master in Learning beats
L game show a public match European champion
i \\
2006: Univarsi
1979: Kunihiko [‘;f T“[';““ deg
Fukushima publishes “¢¢P ==
theory of CNN = il )
(neural networks) Machine learning

Deep Learning
pansion of the Web and big data

1947: Alan Turing -Improvement of computer performance

proposes the
concept of AT

9805-1990s
Second AI boom:
The age of knowledge

representation
19505-1960s Appearance of expert systems
First AI boom: capable of reproducing human

1946: ENIAC,
one of the world's
first computers

W -
the age of reasoning "~ g

Prototype Al developed

https://www.mynewsdesk.com/toshiba-global/blog_posts/bringing-the-new-ai-era-to-life-the-
= researchers-creating-toshibas-technologies-55589
RIE/ ATIEZERTEESE
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https://www.mynewsdesk.com/toshiba-global/blog_posts/bringing-the-new-ai-era-to-life-the-researchers-creating-toshibas-technologies-55589

Ups and downs of Deep Learning

1958: Perceptron (linear model)
1969: Perceptron has limitation
1980s: Multi-layer perceptron

= Do not have significant difference from DNN today
1986: Backpropagation

= Usually more than 3 hidden layers is not helpful
1989: 1 hidden layer is "good enough”, why deep?
2006: RBM initialization
2009: GPU
2011: Start to be popular in speech recognition
2012: win ILSVRC image competition
2015.2: Image recognition surpassing human-level performance
2016.3: Alpha GO beats Lee Sedol
2016.10: Speech recognition system as good as humans

fREIE/ ANITEERFEESE (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

What was actually wrong with backprop
In 19867

We all drew the wrong conclusions about why it

failed. The real reasons were:

= Our labeled datasets were thousands of times too
small.

= Our computers were millions of times too slow.
« We initialized the weights in a stupid way.

= We used the wrong type of non-linearity.

(Credit: Geoff Hinton, What Was Actually Wrong With Backpropagation in 19867?)

47


https://www.youtube.com/watch?v=VhmE_UXDOGs

ALESTFERBERZ— : EEHET

FEEFHE in1993

https://pjredie.com/darknet/yolo/ 48



https://pjreddie.com/darknet/yolo/
https://pjreddie.com/darknet/yolo/
https://pjreddie.com/darknet/yolo/

BEYOND
SUPERVISED ORDINARY
PREDICTION

HEE/ ANIESREEESE 107



Time series forecasting

Visits

1,200,000

1,000,000
Forecasted

Value
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Sheng-Wei Chen / From Data Science to Artificial Intelligence
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ultramarathen ' hqmlh]m

track cycling hnlf marathon decathlon bikejoring
road bicyele racing mnning hurdles harncss racing
marat o marathon pentath lowty Ikl_it!l[]ll!.

ultramarathon mline speed skoting sprint {ruenning | carting
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STRUCTURED LEARNING

RFE/ ANTEERELESHE



person : 0.992

horse : 0.993 ¥4

car : 1.000

.

person : 0.9798

HEE/ ANIESREEESE 111



1.12 woman

-0.28 n

PREVIOUS £27% SRR
: 1.45 dress
(.06 standing
-0.13 with

= 3.58 tennis

- 1.81 racket
0.06 two
0.05 people
-0.14 1n
0.30 green
-0.09 behind
-0.14 her

e T

HEE/ ANIESREEESE 112
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Auto Coloring

i.\ I\- S/ A :' “ &

https://paintschainer.preferred.tech/index_zh.html
https://zhuanlan.zhihu.com/p/24712438

wem/ \TEERI(LEAE
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https://paintschainer.preferred.tech/index_zh.html
https://zhuanlan.zhihu.com/p/24712438

Colorful Image Colorization

Zhang, Richard, Phillip Isola, and Alexei A. Efros. "Colorful image colorization." European
Conference on Computer Vision. Springer International Publishing, 2016.

HEE/ ANIESREEESE 115



Colorful Image Colorization

Lightness L Color ab Lab Image
— convl conv2 conv3d convd convs conve convy canvB '
atrous /dilated & trous | dilated
& 128 256
A 256 512 _ 512 512 512
¥ [ If f f 0] f )
; 64 32 32 32 32 32 Y 64
128
(a,b) probability i
256 distribution _
313 64 o

RGB(a,b|L =50)
-110 T T T

A 313-class classification problem

Input: 224x224x1 (L)

Model output: 64x64x313

Pixel values: annealed mean of 313 ,
-110 —5IS 6 515 110

colors b

http://richzhang.github.io/colorization/
RRE/ ATBERI(LESHE 116



http://richzhang.github.io/colorization/

N

Colorizing Legacy Photos

HEE/ ANIESREEESE 117



GENERATIVE MODELS
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Generative Adversarial Networks

Generator Discriminator
2 S Generated Real
o =5
2 3 Example Eake
Real
I
FG Example FD

"Generative Adversarial Networks is the most interesting
idea in the last ten years in machine learning."
Yann LeCun, Director, Facebook Al

/ ]\ i 5 {\ \[.
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Truth vs. Generated Samples

Training Samples

ok~ IRV

Generated Samples
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https://metacademy.org/roadmaps/rgrosse/deep_learning

120


https://metacademy.org/roadmaps/rgrosse/deep_learning

Anime Girl Face Generation

\

Source of images: https://zhuanlan.zhihu.com/p/24767059
DCGAN: https://github.com/carpedm20/DCGAN-tensorflow

EHRIZE/ A ATEZEFEESE (Slide Credit: Hung-Yi Lee)


https://zhuanlan.zhihu.com/p/24767059
https://github.com/carpedm20/DCGAN-tensorflow
http://www.ee.ntu.edu.tw/profile?id=1020908

Anime Girl Face Generation

100 rounds

RRIE/ NIEEZRET(EESE (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Anime Girl Face Generation

1000 rounds

(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Anime Girl Face Generation

(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Anime Girl Face Generation

50,000 rounds K¢ ::

(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

BEGAN (Boundary Equilibrium GAN)

https://github.com/carpedm20/BEGAN-tensorflow

Berthelot, David, Tom Schumm, and Luke Metz. "Began: Boundary equilibrium generative
adversarial networks." arXiv preprint arXiv:1703.10717(2017).


https://github.com/carpedm20/BEGAN-tensorflow

WGAN - Poem Generation

NN NN NN
Generator » Generator » Generator
vl V2 v3

W vh b v vh e B g ERNIE

Discri- Discri- Discri-
mlnator » mmator minator

Real poems: f av B Sk » ¢ il b

(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908
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