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Game Tree Search and Memory
& Min-Max Game Tree Search (LI Ct 2 J])
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AlphaGo2| &
& Value Network: EtAl & D}

> M=F012| 3B HZ 2 s

»Learn from self-play

& Policy Network: To select move: LHCt 27|

»Monte Caro tree search program
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Deep Learning in Neural Network

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
Connected Connected

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)

& Deep Learning Project
» By Stanford University Andrew Ng and Google (2012)
» 16,000 processors, 1021 J§ 0] & 2| Neural Network
» YouTubel| B O|&2| HILILS 10| 214
@ AlphaGo
» 1202 CPUs in Cloud Computing; 176 Graphic Process Units
> 3& B A2 Supervised Learning
> Input Node: 19 *19*48 ; Layers: 131 =
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Mastering the game of Go with deep neural
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@ ALl =2 J|Et
» Neural Network Model
» CPU in Cloud Computing e
» Fast and Cheap Memory 19 KR
> Internet 1t Mobile Platform: I Xl 9| H Xd=s HHE

& Business Model
»Google DeepMind 2!/%=: 4-5% & 21 (20144 12 272)
>O0lMlZ= BI1F FIF A5:58% & (5.18% AtS
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& Google DeepMind AlphaGo
» Deep Learning Neural Network

» Game Play

< |IBM Watson
» Jeopard Quiz Champion

& Microsoft Tay | | “I Il_lf
» Chatbot; LtZ= A= &5 g warson

A= T RbrtDN- A bz 84

& Facebook M
> Personal Assistant
@ EXNNES QRS0 L2 AHOID}?

> ALEH(-2.39%) 1} RoboAdvisor (&F 2% F8H 2| E Xt it
27| (2016 1-39) 16
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> &3 22 (Neural Network) 2t Neuro Chip
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IBM Watsonl| W=

& Watson defeated Jeopard champion
& Deep Blue beated Chess Champion in 1997

$3600 "-

WATSON

71 1Y i

N7 Robert De Niro s
| Chazz Palminteri

PSS
X7 Joe Pesci




IBM Watson

& Building Watson: An Overview of the DeepQA Project
» Published in Al Magazine Fall, 2010

& Open Domain
» Domain Independent Systems
S O

& TV Show Jeopard (25 years & &
S 80% ME T

» 301 [, 3=l S5, 70% =
» Natural Language Processing, Precision, Speed

& Z 238t J|s: 100 Techniques adopted in Watson

> KA Z33 0 A0l £
> A& 5= sis
> LH=t Olo: AkH O Oloff 2F = M 2| Of ol
> xg?l% ohE Jisgt EHEFEI & &
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Microsoft Tay

& It's your fault Microsoft's Teen Al turned into such a jerk
> http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
» Released in August 2015

& Conversational understanding Chatbot
» Entertaining for 18- 24 years old in the US

& Trained by neural network
» Recognize face and objects in social networks
» Translate phone calls
» ldentify commands spoken into smart phone
» Online personal assistance
» Personalized learning by interaction
« Xiaoice in China
« USA: LtE &I & Atd; Failed
& Other chatbots focuses on sports, food or music, meeting
appointment through emails.

20


http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/
http://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/

Facebook M

& Hybrid human-Al personal assistant
»Social network’s text-based Virtual Assistant

> http://www.theverge.com/2015/10/26/9605526/facebook-m-hands-on-personal-assistant-ai
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Big Data and Al
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& Amazon.com: Online Bookstore
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State-of-the-Art Technologies
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Contents at a Glance

1 Introduction

2 Nature of the Security Investment Domain

3 Modem Approaches to Portfolio Selection

4 Artificial Intelligence in Investment Management:
An Overview

5  Portfolio-Selection System Issues

6  Knowledge Representation and Inference

7  Handling Investment Uncertainties
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9  Machine Learning

10 Neural Networks

11 Integrating Knowledge with Portfolio Optimization

12 Integrating Knowledge with Databases

13 An Illustrative Session with K-FOLIO

14  Concluding Remarks

Name Index

Subject Index

45
67
81
101

119
131
159
183
197
209
229
233
237

23



EX 20 02 X

Machine-Loarning Systam P
nawladge
_ Base
R
Historical - T —
i Syntactic —
S1uc$£nca Pattarm- [ Pé"ﬁlfgg
Trading Based Shee-Terrm
Vilurme Leaming Imvesiment
Data System Rules
Histarical " f— ——
Finan.::inl | Lrard;r‘l‘.:':g | Il.{II'Ig-TErI'I‘I ]
Fatio — ystam — " I'IME!HITHEHT
Dala sud’l BS IDJ _ HiEs
Human Expert's Acguisition System |
Futuristic -
| Human Codified
Unstructured — - o
Infarmation Expens Rules
&2 X = Al O X
HE=H U= AA2| SHA
=N N O
= =
» =5t IS Terror

& A 0| of

é*ﬁl:

Draw Ghart
' 3

—

———

| Database |

| aboat
Stock Prices
and Trading
Volumes

- ——
Knowledge
Base

Instance Base
Chart 1 Chart 2 MNumarc 3 Price Change
Pattarn 1A Pallern 2B 123 % Lip
Pattarn 1A Pallern 20 190 % Up
Pattarn 1B Patiern 205 200 % Sustained
Pattarn 1C  Patterm 2F 230 % Dpaim
Pattarn 1D Patiern 2F 150 % Dipaim
Inductive
I.earnlng
Chart 1
) F__F_,,/-H,,__h
- ""'\-\.\_\_\_\_\_
Pattern 1A Pattern 18 Pattem 10
Fi
;a'
Chart 2 Sustained Chart 3
g (“'— - £
foT /
Pattern 2R Pattern 20 = 140 = 140
| !
_L/ III _.{f lL
T " - - o Sy
> D> Gusaned (Do
Declsion Tree




JIZE8 3 CO2 and Temperature

Current

Temperature and CO, from Antarctic ice cores Y[ 400
over the past 800,000 years 0=
. — 350
: +— 300
CO, concentration, ppmv =
— 250
— 200
4 — £
5 3 Antarctic temperature, °C — 150
il oot
-8 —
2= ! 1 ' I : T X |
800,000 600,000 400,000 200,000 0

Years before present

The 800,000-year record of atmospheric CO2 from the EPICA Dome C and Vostok ice cores, and

a reconstruction of local Antarctic temperature based on deuterium/hydrogen ratios in the ice. The
current CO, concentration of 392 ppmv is shown by the blue star. (data from Luthi et al., 2008,

Nature, 453, 379-382, and Jouzel et al., 2007, Science, 317, 793-797).

»http://wattsupwiththat.com/2012/04/04/a-new-paper-in-nature-suggests-co2-leads-temperature-but-has-some-serious-problems/




Targets in INDC Submitted (2016 Parﬂii‘éCOP_)

i. INTENDED NATIONALLY DETERMINED CONTRIBUTION
s

Country Target in 2030 Country Target in 2030

(USA, Gabon in 2025) (USA, Gabon in 2025)

Swiss : ‘.I 50% Reduction from 1990 Andorral - 37% Reduction from BAU
| i+l |
EU 40% Reduction from 1990 Canada 30% Reduction from 2005
o .
Norway -'_ 40% Reduction from 1990 Moroco " 13% Redhuction from BAL{Uncon), 40%(Con)
32%(Con)
Mexico ' I 25% Reduction from BAUUncon), 40%(Con) Ethiopia 64% Reduction from BAU
Usa  EE=  o6-o8% Reduction from 2005 P Carbon Intensity(CO2/GDP) 36% Re
| Singapore duction from 2005
= o
Russia 25~30% Reduction from 1990 Korea [ *~# 37% Reduction from BAU
| - |
Australia 26~28% Reduction from 2005 lceland™ "= 40% Reduction from 1990
- . . ' Carbon Intensity(CO2/GDP) 60~65%
O,
Lichtenstein 40% Reduction from 1990 China ‘ Reduction from 2005
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2030 Reduction Target

Reduce 37% by 2030 compare to GHG Business As Usual

(851 million tons)

Compare
1 A147/ A192/ A257/ A 31.3% To BAU
688
A37.0%
560
v
O ®
BAU

Reduction Scenario Final Target

2005 201 2 2030 Unit: million tons
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Google’s Carbon Neutral Initiative

WL
4 I 1

WITH EFFICIENT
DATA CENTERS

Through our efficiency
efforts, we have reduced
our energy use by 50%.

Powered by renewables

1.9 MW of solar panels produce over 3

million kWh of clean energy

LZIDONZ 1>

P ook

Commuting sustainably

5,700 cars off the road

as a result of our shuttle program and
electric vehicle charging stations, it's equiva-

lent to over 87,000,000 vehicle miles per year.

G1
IpSad.

WITH RENEWABLE ENERGY
AND CARBON OFFSETS

Through the purchase of renewable
energy and carbon offsets we
reduce our emissions to 0.

Greening our buildings

Over 4 million sq. ft.

of building space achieved
LEED green certification status.

INVESTMENTS
We invest in renewable energy OUR PRODUCTS
projects that enable the
reduction of carbon for the We also develop products that
rest of the world. allow our users to be greener.
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