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Near Future of Super Intelligence ?

How Long Until Computers Have the Same Power As the Human Brain?

Lake Michigan’s volume (in fluid ounces) is about the same as our brain's capacity
(in calculations per second). Computing power doubles every 18 months. At that rate, you see
very little progress for a long time—and suddenly you're finished.

1940
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calcs/second



http://www.motherjones.com/media/2013/05/robots-artificial-intelligence-jobs-automation
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| think that we live in a world where just as

electricity transformed almost everything
almost 100 years ago,
Today | actually have a hard time thinking of
an industry that | don't think Al will transform
In the next several years

Andrew Ng
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Bill Gates to college grads

..........................................................................................................................................................................

| expect Al to create
breakthroughs that makes people
better learners.
Get a job in Al, but don’t forget

\ | y inequity around you.

4
Bill Gates ARIS0| O & Hi24 UEE AZE 2 Al
Bill and Melinda Gates Foundations s o _ _
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...............................................................................................................................................................................................

Al is a technology that gets so close to
everything we care about. It's going to
carry the values that matter to our
lives, be it the ethics, the bias, the
justice, or the access.

..............................................................................................................................................................................................

Al4ALL.org Co-founder



http://AI4ALL.org
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Convolution Neural Networks for Google Brain Project on
Handwritten Recognition 16k Cores

1958 Perceptron 1974 Backpropagation 1998 a ‘ 2012
awkward silence (Al Winter) I

.......................................................................................

1969 1995 2006 2012
Perceptron criticized SVMreigns  Restricted:  AlexNet wins

)y , Boltzmann ImageNet
\ ) Machine
) : . - IMAGE

*source | http:


http://www.slideshare.net/LuMa921/deep-learning-the-past-present-and-future-of-artificial-intelligence

ARTIFICIAL
INTELLIGENCE
ory artificial intelligen MACHINE
LEARNING

DEEP
S LEARNING

K
> <

1950’s 1960’s 1970’s 1980's 1990’s 2000’s 2010’s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

*source | https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/
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Level - 2. 7|7 &t&

"A computer program is said to learn from experience E with
respect to some class of tasks T and performance measure P if its
performance at tasks in T, as measured by P, improves with
experience E.” by Tom M. Mitchell
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*source | https://www.slideshare.net/TerryTaewoongUm/machine-learning-54531674
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https://www.slideshare.net/TerryTaewoongUm/machine-learning-54531674

Level - 3. Deep Neural Networks (DNN)
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*source | http://www.cs.toronto.edu/~ranzato/files/ranzato_ CNN_stanford2015.pdf
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http://www.cs.toronto.edu/~ranzato/files/ranzato_CNN_stanford2015.pdf
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*source | https://www.captionbot.ai/ (MSAt XS )
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Al Answer :

“It's a girl is brushing her hair.”

..................................................................................................................................................................


https://www.captionbot.ai/
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Option Pricing

C(Si, 1) =SN(d))—K e "T-UN(d>)

where,

l X 2
N(X): E / 8_‘?(1}7
log(%)+(r+S)(T —1)

d

ov1 —t
L log(3)+(r= )T 1)
i} ovT —t

K: Option exercise price at maturity
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0 412{'d(Machine Learning)O|2t ?

I®I(T, Task)E SHZ

=

1= £3(P, Performance measure)

(E, Experience)Z S35l st&8HC}.
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This is a steep learning curve

This learning curve is not steep

Time spent learning the task

Al= e50] 22| x|, 2'IHEE S 551 E[H
O|20= Zli= &= 810] &tstA| of| Setch
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brexit impact

A W&

Brexit: How global banks plan to deal with impact of Britain's exit ...
The Straits Times - 7A|ZH &

P Chief executive Tidjane Thiam said in September that his bank was relatively well
placed to deal with the impact of Brexit and that only around ...

Brexit as an opportunity for Africa?

Deutsche Welle - 19A|2} ©

Brexit-voting regions are most at risk from its economic effects, report ...

=4 - The Independent - 20A|ZF &

The UK hasn't shown the will for consensual Brexit

=¥ - Belfast Telegraph - 4A|2} &

Brexit is about to begin. Here's what you need to know.

218 %2 - Macleans.ca - 13AI2H &
e g “
1 | : - -

'Post-Brexit Britain needs further education’
The Times (su... Macleans.ca

The Independent

=A4| - TES News - 2017. 3. 27.
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‘mM2id (Machine Learning)
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Neural Information Processing Systems International Conference on Machine Learning
NIPS ICML
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=== HIEOOF & X|ZO0|ASLICE” by Yoshua Bengio
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Labeled Data set

Unlabeled Data set

Model Selection

* Recall the discussion on multiple phases in a supervised learning task

<

Training Data set

Validation (“Hold out™) Data set

TRAINING PHASE

INFERENCE PHASE
Test Data set
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learning rate : 0.01

Net k Si : 784, 15, 10 .
Number of 1ayers i 3 ] Train : 94.6%. Test : 87.7%

Condition : Sigmoid, One-Hot, Identity, MSE

Epoch : 1 1000 train-err 0. rr 0.255
Epoch : 2 2000 train-err O.
Epoch : 3 3000 train-er ﬁ
Epoch : 4 4000 train-e
Epoch : 5 5000 train-err 0.
Epoch : 6 6000 train-er Qg
Epoch : 7 7000 traln-
0.7 -
0.6
0.5 -
0.4 -
0.3 -
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Input Data?} Parameter2| Linear Combination= &3l
OutputO| H5t= ZII2 LIQEZE ParameterE 3H=A
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DNN (Deep Neural Network) ?

Hidden Layer 7| 27l O|&¢l A2 Deep Layer 5= 4
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Deep Learning ‘d7|= 8= (1) - Overfitting

X
Underfitting Just right! overfitting

== Data0]| Over Fitting 22

A&l Data Fitting= & 2¢&t
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Deep Learning 47|= =XI= (2) - Vanishing Gradient
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Deep Learning ¥7|= &8I= (3) - Local Minimum

6 | | | |
4 global maximum
ocal maximum
2 [—
0 —
-2 oo
local minimum
_4 B . .
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2l Deep 217} ?

Not Deep

ImageNet experiments 282
\~ 152 layers \

\
\
\
[ 22 Iayers 19 Iayers
3 57 l o l 8 layers ’ 8 layers shallow

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

‘ImageNet2 0|0|X|Q] LabelE M|A|ot= dALCHS)
g

Layer?t Deepst™ @F&0| ZOE
5, 0= 45 7hM!

-1 O O
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?l Deep 217}t ?

Performance
L— 1

Deep Learning era

lol]c. N‘\)

2o\l NV

*source | Andrew Ng u==2| ZAM|2}f Deep Learning Lecture Note

Amount of data
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DNN (Deep Neural Network) €t M217} LI = O||]7?
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Tesla = A=A 2E6HA Computer Processing Power
10A|Zt0ll 100Tt OF&(miles)0| 'H= GPU E &8st & X2

HOEE 25 =

*source | http://qz.com/694520/tesla-has-780-million-miles-of-driving-data-and-adds-another-million-every-10-hours/ (TeslaZt# XS )
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http://qz.com/694520/tesla-has-780-million-miles-of-driving-data-and-adds-another-million-every-10-hours/

Nvidia GPU Computing Power st !

Nvidia - A|7I5 2F1 XS

200.00
| NVDA 170.01
170.01
pen 169.95 150.00
Higl 171.90
Loy 169.60
( 170.46
11.14M 100.00
ha 1,131.65%
50.00
— |l ar 0.00
2013 2014 Jul 2015 2016 Ju 2017 Jul

50



Google Cloud Machine Learning AH|A
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0L} B2 DataZt 2Nt ?

=8 g99| ZXE 27| flet Critical Mass?}t Zxf{gt
Deep Learning= & E2 HIO|E7} Q4=

2004 2005-2010
Caltech 101 Pascal VOC
10K Images 2K - 30K objects

Image source: http://www.vision.caltech.edu/ Image source: http://doi.ieeecomputersociety.org/
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2010-2015

Image Net
10M = 15M images
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http.//www.lmage net.org/
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“Deep Learning” “Neural Networks”’ “Log. Regression”

Deep learning Boosting
K-Nearest neighbors Artificial neural networks
Support vector machines Bayesian networks
Sparse dictionary learning Regression forest
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Quality =2 DatagE =2 =

Labeled Data — X|=&t& ( Supervised Learning )
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Input Output Application
Home Features Price Real Estate
Ad, User Info Click Ad ? (0/1) Online Ad
Image Object( cat, dog) |Photo Tagging (name)
Audio Text trasnscipt Speech Recognition
English Chiness Translation
Image, Radar, Sign People, Car Autonomous Car

S/
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*source | http://campaign.ha bean.naver.com/vooinna_audiobook
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http://campaign.happybean.naver.com/yooinna_audiobook

DeepMind WaveNet

Google DeepMindAOl| A ZHESE TTSAMH|A

1/1000 XEHQI2 SHE 24

p & S0 B EB-BilDe -

1 Second

71= TTS WaveNet

*source | https://deepmind.com/blog/wavenet-generative-model-raw-audio/
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https://deepmind.com/blog/wavenet-generative-model-raw-audio/

Music Generation

“Daddy’s Car”, a pop song in the style of The Beatles.

*source | http://www.theverge.com/2016/9/26/13055938/ai-pop-song-daddys-car-sony

*\Video | 3m00s o0


http://www.theverge.com/2016/9/26/13055938/ai-pop-song-daddys-car-sony

Recognizing Pain

ARTIFICIAL INTELLIGENCE COULD END ANIMAL
SUFFERING BY RECOGNIZING PAIN



http://www.newsweek.com/artificial-intelligence-sheep-pain-emotion-cambridge-618085

MZEIS = LIO] EOf L7

*source | https://how-old.net/ (by MSH|S )
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https://how-old.net/
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Original Texture

*source | https://github.com/alexjc/neural-doodle

Synthesized Texture #1
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https://github.com/alexjc/neural-doodle

O[0|X| 28517

‘man in black shirt is playing ‘construction worker in orange "two young girls are playing with "boy is doing backflip on
quitar.’ safety vest is working on road.’ lego toy. wakeboard.”

- " i R feAL .N ,. v d @’ " »
. . v | : , , man in blue wetsuit is surfing on
girl in pink dress is jumping in black and white dog jumps over young girl in pink shirt is Bt
air.” bar swinging on swing." s

*source | http://cs.stanford.edu/people/karpathy/sfmitalk.pdf
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http://cs.stanford.edu/people/karpathy/sfmltalk.pdf

Breast Cancer Detection

Google uses machine learning to detect breast cancer better than pathologists

non-tumor
regions

== tumor

tumor missing in
ground truth

reduced noise in
normal regions
(everywhere else)

tUmor

*source | http://siliconangle.com/blog/2017/03/05/google-uses-machine-learning-better-detect-breast-cancer-pathologists/
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Image Generation (1)
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Image Generation (2) - GAN

7 WAV
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This bird is completely black.

oo !

This bird is bright blue

GAN(Generative Adversarial Network)
=oHo HEYATF ME 2

g-net : Z|CH{et H|=ot O|O|X| 44

—

d-net : TR} 7 E L&

aman in an orange jacket, black pants-and a blad( cap wearing sunglasses skiing

Spatial replicate,
crop to bbox replicate

, . = Deconv
; 3 spatial
| | ﬂ 16 - = Conv

crop to 0 Ared bird depth | crop to

bex with a black face bbox
A red bird
with a black face ﬂ . Local (:,'L
ﬁ - Q-
16 128 DCD{ O, 1 }

% : , Global )
Zn~ JV( (). l) - Global - = 2 %.1 :)U' Y)T

128

Generator Network Discriminator Network
*source | NIPS 2016.
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Image Generation - 48 754

16 x 16 O|0|X|E 64 x 64 O|0|X|Z (x4) Augment
‘BN AlEtE =2 o’
SHX|E O™ =3l H¢

*source | https://github.com/david-gpu/srez
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https://github.com/david-gpu/srez
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GAFAZ| EXl|Z (Google, Amazon, Facebook, Apple)

1) Annual revenue ($bn)

500

400

300

200

100

m Wintel 1990-2000
m GAFA 2005-2015

2) Top 20 US listed companies
by market cap (indexed)

1995

. GAFA

Wintel
B Al other|

2016

3) Annual capex ($bn)

B Amazon
|m Facebook
Apple

|m Google
|m Microsoft

4) Permanent employees (K)
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W Microsoft |
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Google Leads the Race for Al Domination
Number of Artificial Intelligence startups acquired since 2012 (as of March 24, 2017)
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Tech giants acquired 34 Al startups in Q1 2017

Z|2 Al AEIEQH Ol AAl

173 1& Amazon $ 19M buy harvest.ai (Al-security)

173 2& Ford $1B buy Argo ( #=22| AiE2FaX} 91 EI0| &Y )
174 5& Apple $200M buy Lattice Data (H|H& C|O|E] X{2])
17'3 5& Cisco $125M buy Mindmeld ( S5 AMH|A )

> CIQFet 7|2S0] Al AEFEHSS 914

*source | https://venturebeat.com/2017/05/28/tech-giants-acquired-34-ai-startups-in-q1-2017/
/2
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* from The Al 100 (CBINSIGHTS, Jan.’17)
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Garbage In -> Garbage Out
Big Data
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Computing Power
OlLAl

Trial & Error
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Tesla X}2F X} Real Time - Data Processing
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KAKAQ
Al
REPORT

import kakao.ai

import kakao

import kakao

import mxnet as mx

def Conv(data,

kakao

https://brunch.co.kr/@kakao-it/

kakao

- KAKA
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Question

=7t 28| : =91, noah.jung@kakaocorp.com
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