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1
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gt}

- 2d I11I0I HE 20F=HAMalig OIO|E7r T 0f| {ot=X| X[ =5t &
SAEA
Support Vector Machine(SVM), Naive Bayes Classification, Hidden Markov

Model, Regression, Neural Network 2| Ct==
(https://en.wikipedia.org/wiki/Supervised learning & 11)

m_ machine

learning
» algorithm

classifier m

model

2= XN: http://www.nltk.org/book/ch06.html




- Feature@| &o| U =AM

ZIAetE 2 E& S THA Q1 EZ F=Z(feature extraction)= X
data— feature—knowledge 2| tHAH = St&5t= AO0| & ® LI}

Ol & =0 ALl £0f

1z
e,
~
mid
2
H
x
5
=
>~

O|LI EZXM M Zx 55 HXY F=E¢t 2 0|F 7|82 = '0[ 4 ApatL} O
d HiLLIC b T EHS UW2|= A0 &, Ol 2ot S HAEAE ET X
(feature map)O| 2t St=H| R, 7| A ot52| d52 U T2 SE== &
OfLH =LEOf EEfEfl 350l 0f 3 A =tX|2X| EL|Ct. (0] = O|O|X| M2

= o OfL 2l =9 214, AtE0 24 S HFZ22| 7|A 250 HE &= 0|0f

7| L|Ct).

=X http://t-robotics.blogspot.kr/2015/05/deep-learning.html#.WILUn_mLSUk
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= Mean Variance Model

= Markowitz, 1952.

= This model can be used by investors to
achieve desired returns from portfolio
with minimum possible risk.

» In fact, this theory has wide spread
acceptance and has been used as a
practical tool for portfolio optimization.

Harry <
Markowitz

American economist

Harry Max Markowitz is an American economist, and a
recipient of the 1989 John von Neumann Theory Prize
and the 1990 Nobel Memorial Prize in Economic
Sciences. Wikipedia

Born: August 24, 1927 (age 90), Chicago, lllinois, United
States

Nationality: American

Education: University of Chicago

School or tradition: Chicago School of Economics



R A = ZAIA Z=AIB
Sgt 0.3 8% 4%
HE 0.4 6% 5%
==t 03 594 5%

7|t & o7
E(Ry) =03%x8%4+04%x6%+0.3x05%=63%
BEHA} 517

02 =0.3%X (8% —6.3%)% + 0.4 X (6% — 6.3%)% + 0.3 x (5% — 6.3%)% = 0.11874
o, = 0.108968



- JEX|AME - ZEZ3] Q0| J|If2AE U volatility

For a two asset portfolio:
« Portfolio return: E(Rp) = wq E(R4) + ws E(Rp) = wa E(R4) + (1 — w4 ) E(Rp).
» Portfolio variance: oF = szUfl + whok + 2w AWRTATEPAR

<ZEX: https://en.wikipedia.org/wiki/Modern_portfolio_theory>
=AIAQ| 7|C 20l S

T =
ZFAl A0 50%, =4 BOJ| 50% £XIst TEZR| 74
7|2 E 138}7] FABY 7|t~ &

E(Rp) = 50% x|6.3% |+ 50% x|5%]|= 5.65%

-’.f-r.ﬂ X}(return volatility) 7+5t7|
=052 X0+ 052X 02 +2x0.52%X 0, X0 X (—O.;KB) = 0.0000005273
op = 0.002296 dcE
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Motivation

What Is A Portfolio and Why Is It Useful?

» A portfolio is simply a specific combination of securities, usually
defined by portfolio weights that sum to 1:

w = {wy, Wwp,..., Wp }
N;P,
NPy == Nplbn
l = wg + wp + -+ + wp

Wi

» Portfolio weights can sum to O (dollar-neutral portfolios), and weights
can be positive (long positions) or negative (short positions).

» Assumption: Portfolio weights summarize all relevant information.

Z£X: Andrew W. Lo, Finance Theory, Lecture Note 13-14, MIT Sloan School, 2007-2008
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Mean-Variance Analysis

Example: From 1946 — 2001, Motorola had an average monthly return of
1.75% and a std dev of 9.73%. GM had an average return of 1.08%
and a std dev of 6.23%. Their correlation is 0.37. How would a
portfolio of the two stocks perform?

E[Rp] = wgm1l.08 + wmoT1.75

Var[Rp] wén 6.23° + wioT9.73% +
2WGMWYMOT (0.37 x 6.23 x 9.73)
Wot Wem E[Re] var(Rp) stdev(Rep)
0 1 1.08
0.25 0.75 1.25
0.50 0.50 1.42
0.75 0.25 1.58
1 0 1.5
1.25 -0.25 1.92

Z£X: Andrew W. Lo, Finance Theory, Lecture Note 13-14, MIT Sloan School, 2007-2008

12
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Mean-Variance Analysis

Mean/SD Trade-Off for Portfolios of GM and Motorola

2.1%

1.7% Motorola

1.3%

GM

Wo.9% ~C

xpected Return

0.5':%3 T T T T T 1
2.0% 4.0% 6.0% 8.0% 10.0% 12.0% 14.0%

Standard Deviation of Return

Z£X: Andrew W. Lo, Finance Theory, Lecture Note 13-14, MIT Sloan School, 2007-2008
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- EEEZC T= M8 0 - Style Factors

‘u’alueO

Size
INEXPENSIVE SMALLER
STOCKS COMPANIES
%% FACTORS A
Quality Minimum
FINANCIALLY Volatility
HEALTHY LOWER RISK
FIRMS STOCKS

Momentum
TREMDING STOCKS

14



Performance of a Model

& =2 & (cumulative return)

=( (Current Price of Security) - (Original Price of Security)) / (Original Price of Security)

[

Low Volatility - Cumulative Return

Cumulative Return
&

15



0.05

-0.05

Monthly Return

Performance of a Model

Low Volatility — Monthly Return

n
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- Performance of a Model

Z712x0[ $500, €78 7| Z+=Ct(over a period of time)2| Z£| 121 0| $7507HK| =2 =
$4002 SFEIUCHZE CEA| $6002 & 5,

CHA] $35077HX| SF2F= $8007HK| A &S H 2

Maximum Drawdown = ($350 - $750)/$750 = -53.3%

Low Volatility — Drawdown =
-0.2 /
K |

ARy AT
YAV |
N // \,, : Uﬁ\ff

/| ', \
\‘\ \ [ lj!ﬂ A A A ff
V IIIL / \V"'N\-- / \ /

N‘

Y'Y/
I
.
|

Drawdown
; i
—

129 <289 324 4829 =589
0.8
Iy ) ) o ) o ) o o ) o & ) o o )
Q\ Q\ o S Q:\ c o \'\ Q.\ o | Q\ \'\ o Q'\ o ) i Q'\
o ; 0 LS & A o 'Q) & b o
N A o N & 0 & 5 o P o ) & o K ) o
\ v g V " = L v g v
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Performance of a Model

Sharpe ratio = (Mean portfolio return — Risk-free rate)/Standard deviation of portfolio return

_rp_rf

Tp

Where:

o = Expected porfolio return
It = Risk free rate

UP = Portfolio standard deviation

E S0 18&e ZALIT} 20% RLED Lf ZEEZ|R7F 30% =x=0, W ZEZL
QO| 7t =AFNNM DALIO| HZt =SS W Lo BEHAIIF 5%EtEH, A2 H A
I H[E2 (0.3-0.2)/(0.05%12"(1/2)) = & 0.570] =IC}.

=2 MEZX|FE 7|55t FAYsE O HE2 ez O =2 s=4&ES UWe A9
2t = o= QUCH AHEE MEX|7t 22 HE 22 ZEEZ|7IH T2 ZEEZL|
el & = QUCE 7| E2He = AR X|5=7} 0 O|&f0|0{OF =Xto| eif&fo] & == U
11 O|¢O|H TS| Mg EXpetd & 5= At

ZEX: https://namu.wiki/w/%EC%83%AA%ED%94%84%20%EB%BI%84%EC%ICKHAS
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- How Al Is Transforming Investment Management

* https://hk.asiatatler.com/life/artificial-intelligence-investment-management
 May 30, 2017
* Al hedge funds generated impressive average returns during the six years to 2016,
according to research company Eurekahedge's Al/Machine Learning Hedge Fund
Index, which tracks 23 such funds
« M EHYHT A S0=8E MO & =l cerebellum Capital
- SCREARE H 74 OI'Eol SO ALE 7Hs Tt HI0|H e 0| 57t
« Ol ZAE Z[ 20| MES22 T8t X&) 7|4 sts HES A%
- Y= SEA A XS0 =5 FArot MXIDF 7|2t F XL B4t
~
S

20



- How Al Is Transforming Investment Management

The company’s CEO David Andre says the biggest problem in developing

the software has been setting too much store by particular pieces of data,

an issue known as overfitting. “Most of the development has come

down to one core problem: how can you tell when a model has

been overfit or not?” he says. “You find things that do terrifically in

the past but not so well in the future.”

21



- How Al Is Transforming Investment Management

* Bridgewater Associates, BlackRock, Point72 Asset Management, UBS 5! Morgan

Stanley®} 262 CHYSE 28 7| B ARt 240 28 BT Al
. BIX|BHEX} HES Ot

ol ©
AAS

7|2 L= OFO|L|0] & ¥ =ots /2 Z AIE AHES|

* PricewaterhouseCoopersO| (FEH =& 2| At2] 26 %7t 2| AL Z7-0f| O] ™EFZ At

=
25
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- Will AlI-Powered Hedge Funds Outsmart the Market?

- J2{L} B E AIE0| S 80AM Al HO| UEHBlCtH= A S S4lolX|= %S

- IO B2A 3| A} Q1 Winton Capital Management2| & 2F & A} & & X 0| X} ceo Q!
David Harding= & HIH O = 7| A st& Sl a0 Ciet AtCf M0 2| oA

« "Wt Z2FM Z2O0{E D Wintons A SLCHH, X[ 30 H S F2| 7R B
At 2 Xo| 7t giCtn Egh = US

« Harding= EEoH M4 HELQ A0 CHoF 2t O] H| =3t 1990 HLCH Z=EHY| B2 4
A 7|2 Bl AZZ2 7| A

- dA="ANEHES2 T2 A4S S HE S22 ME2 A8 7[=0[UCH
H '8 €250 Cfet Rl = ARUCHD 2|4

<= https://www.technologyreview.com/s/600695/will-ai-powered-hedge-funds-outsmart-the-
market/, by Will Knight
February 4, 2016, MIT Technology>
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Applying Deep Learning to Enhance Momentum Trading Strategies
in Stocks

o|=X|7F E Classifier E
4 I \ |
= 0|5t && ! | !
1 I
I 1
: ‘ 50 : Layer 4
! [
. [T I
11 ' ) 1y
1 1
E : ’ 4+ ’ 1, Layer3
J !
'_:_ __________ { __________ ! :
' I
: ’ 40 | Layer2
| | :
Feature A& & .
I 33 . Layer 1
! 1
! I
I

ZX: Lawrence Takeuchi and Yu-Ying (Albert) Lee, “Applying Deep Learning to Enhance Momentum Trading Strategies in Stocks™
Stanford Univ.
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Applying Deep Learning to Enhance Momentum Trading Strategies
in Stocks

Enhanced strategy
Basic sirategy

o L i b W B
S,
T

1 1 1
B 90 ©1 92 f3 0G4 95 95 &7 GA 99 00 0y 02 D3 0w O 06 OF OB OO 10

Figure 4. Log Growth in Cumulative Wealth

=X : Lawrence Takeuchi and Yu-Ying (Albert) Lee, “Applying Deep Learning to Enhance Momentum Trading Strategies in Stocks”
Stanford Univ.
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Quantitative Tactical Asset Allocation Using Ensemble Machine
Learning Methods

. 7t ME[YE ROl Y7t B2 PN 1 21O £ES HE MES
buy
= X|ZO0| 10|t otH X|H 12&0| = E=Z ¢

price(t — 1) Returns Comparison
monthlyReturn = 100 = . - .
price(t — 2) 400
- J.\/‘\/ i
00
o
‘,,/'
8 o
E
£
a0
- V.
]
200
1343-01-01  1857-D1-01 1871-09-01 1;;5{;—01-91 1888-01-01 201341-01
—35P 500 ——Relative Strength Portfolio

Z=X: Kemal Oflus, “Quantitative Tactical Asset Allocation Using Ensemble Machine Learning Methods”
http://ssrn.com/abstract=2438522
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Quantitative Tactical Asset Allocation Using Ensemble Machine
Learning Methods

Table 4: Industry Descriptions
ETF Industry/Index
XLY(4) Consumer Discretionary
XLP(4) Consumer Staples
XLE Energy
XLF Financials
XLV Health Care
XL Industrials
XLB Materials
XLK Technology
XLU Utilities
TLT(5) 20+ Year Treasury Bond
IYR US Real Estate
EEM MSCI Emerging Markets
EFA MSCI EAFE
: : : \ :
02, S e ‘lhf...f, ........ ———SPS00, cagr=6.3866% ||
04 i 1 L i 1 i 1
2004 2005 2006 2008 2009 2010 2012 2013 2015

=X : Kemal Oflus, “Quantitative Tactical Asset Allocation Using Ensemble Machine Learning Methods” http://ssrm.com/abstract=2438522
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Quantitative Tactical Asset Allocation Using Ensemble Machine
Learning Methods

= SDOHIE FilterE AFE%= 8%

= Cumulative ReturnO| Moving Average 20 = {0 Tt S M E buy

= JEX| 2 Z = no position

» Improved CAGR(compound Annual Growth Rate) by 150 basis points by increasing
from 9.04% to 10.58%.

2
1| LS U= SO RSO ) SR, FPTORER. SSRGS |
il
ll : :
W I~ 0 —— System, cagr= 10.5828%
".9;‘ : ——— SP500, cagr= 6.3666%

5304 2005 20086 2008 2009 2010 2012 2013 2015

=X : Kemal Oflus, “Quantitative Tactical Asset Allocation Using Ensemble Machine Learning Methods”
http://ssrn.com/abstract=2438522
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Quantitative Tactical Asset Allocation Using Ensemble Machine
Learning Methods

= Y= EEHS 0B F=7
xS A IE ISESTER=N} PSR Portfolio Growth
O:” - T -I A S(E ;"—_O“ -l'_ Cumulative Return
G O &f &hA| L& Bl
= The ensemble model consists of =01 i
Gradient boosted decision trees s 7
and neural network models o ff"
[ -
E "_f J
z ' u T
J v
E . JJ" U/"ﬂ'/\f/
{/’I_h rJIr \/M
~ J
50 -—J':,\_/\ f
Y
Mﬁfﬂ /fﬁw/\
2004 2008 2008 . 2mo 202 . 2014

Dates

—8P 500 —Systern ——nauralNetMadified

Z=X: Kemal Oflus, “Quantitative Tactical Asset Allocation Using Ensemble Machine Learning Methods”
http://ssrn.com/abstract=2438522
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ANN + Wavelet 7|

SS/otE OIS

= Of2fie} 0] 107HX] 7|&X X7 E AIE

E % (Features) 4

DPt-1 -1 22| 7+ Holg
DPt-2 210 t-32| 74 Holg
DVt-1 t-110}t-22| Hej & Hats
DVt-2 t-210t t-32| Heli 2 Hats
Mat-1(5) 12| 5¢ O| s H o 4!
Mat-1(10) t-12[ 10 O| S B2k
Mat-1(30) t-12/ 302 O| s B4t
MPPt-1(30) t-12[ 302 O| s H= k2| K|

MPPt-1(120)

PPOLt-1

t-12| 1202 O| s E 42| 2K

t-12| 714 2 4 2{ 0| E{(Oscillator)
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| A& ==7F 2d
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T
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ot HI

/ =
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- C| &= O] % (De-noising)

Hell 2I== =0[7] 2[5l C| = 0| % (De-noising) 7| 2l HO[= = HEt(Wavelet
Transform)= At
H

H O] =5l H=k(Wavelet Transform)

> fI0|=3 A= &+F Ar8dl AAE HO|EHE MO, =lf, 22| A7 Y (Scale)=
Sofl Yoo IHOE HHSE A Y
0| = &l (Wavelet)
> S0t I(Wave) HEE 4= &=
> StLto| oY S EH
fol=& Het 1
> fl& Mz o 28l(Decomposition)
> 902 A== 0|22 A+ 240l 02 F
> fol=3 A+ MEE
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> Buy&Hold M= =4 &: 17.3%
« Oz, Ol Al BA|

ANN [DPt-2 DVt-2 MAt-1(10) MPPt-1(30) MPPt-1(120)]

4500

— df_close
© o SELL
'|e o BUY

3500 |-

3000 -

B0 WW

1500

Jum 2015 Sep 2015 Dec 2015 Mar 2016 Jum 2016 Sep 2016 Dec 2016 Mar 2017
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28 24

— =
= 8 =9 E H[

Return of Strategies

— Buy&Hold
— Strategy(Non De-noised)

=" Strategy(De-noised) —J—\—/

F 2F(Non De-

2K D oonani
Buy&Hold ekl 1= (De-noised)
Heff sl 1 104 17
+8 =& 17.3% 68.29% 193.07%

34



TR

.
o
;

H= HIO[E| AE 714 U H 45
- (Stock Market) (Techniques) (Input Variable) (Performance)
Reliance ANN
Industries SVM . = xslc
J. Patel et al(2015) Infosys Ltd Random li()nzzz‘igssl o= 3 ;30 /_'
CNX Nifty Forest 0
BSE Sensex Naive Bayes
498
R. Dash et al(2016) Bziseslz)s(fx CEFLANN f;gff;;‘ﬁl BSE: 47.2%
S&P: 24.28%
. S&P 500 )
L']H)(')fce;z‘(’;nl%)o ' FOREX Wavelet CNN Z7H(Close) Al\élcsuif'-zﬁ})/
EUR/USD Maid
| | CEEcET
M. Qiu, Y. I : 12 technical 0
Song(2016) Nikkei 225 index GA+ANN indicators 81.27%
Genetic
. Algorithm
M- Qiu, Y. Song, F. iy 6295 index Simulated 18 input variables MSE: 0.0043
Akagi(2016) .
Annealing
ANN
M. Roondiwala et Open, High, Low, )
al (2017) NIFTY 50 LST™M Close RMSE: 0.00859
P. Sugiartawan et Wavelet + cl MSE: 0.11853
; LSTM 0s¢ SHAIZ B

al(2017)
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- A Deep Efficient Frontier Method for Optimal Investments

tanh —b®

I
>

I
Ll

(xtr ht—l)

<= : “A Deep Efficient Frontier Method for Optimal Investments,” Sang Il Lee, Seong Joon
Yoo, Submitted to and In Revision on Journal of Expert Systems with Applications>
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- A Deep Efficient Frontier Method for Optimal Investments

We use data for January 2004 to
December 2016. The daily stock
dataset contains five attributes:
Open price, High price, Low price,
Adjust close, and Volume.

<Z=X: “A Deep Efficient Frontier Method for Optimal Investments,” Sang Il Lee, Seong Joon
Yoo, Submitted to and In Revision on Journal of Expert Systems with Applications>
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A Deep Efficient Frontier Method for Optimal Investments

— AAPL

— AMZN
BAC
BRK-B
GE
JNJ
JPM

— MSFT

[ =
(%] F=Y

Normalized price
=
o

— WEFC

£
to

0'60 50 100 150 200 250 300

Trading day

Figure 2: (Color online) Normalized stock prices for the ten sample stocks over the test period

<Z=X: “A Deep Efficient Frontier Method for Optimal Investments,” Sang Il Lee, Seong Joon
Yoo, Submitted to and In Revision on Journal of Expert Systems with Applications>
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- A Deep Efficient Frontier Method for Optimal Investments

. long if P41 > 67,
position =

short if 941 < 0.

<Z=X: “A Deep Efficient Frontier Method for Optimal Investments,” Sang Il Lee, Seong Joon
Yoo, Submitted to and In Revision on Journal of Expert Systems with Applications>
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A Deep Efficient Frontier Method for Optimal Investments

Table 4: Mean and SD for the portfolios consisting of four assets: AAPL, BAC, WFC, JPM.

Portfolio Statistics fy f 4 B4
Mean 0.0076 0.0119 0.0143 0.0191
Long portfolio
SD 0.0136 0.0133 0.0169 0.0202
Mean 0.0073 0.0116 0.0153 0.0223
Short portfolio
SD 0.0113 0.0112 0.0117 0.0112
Mean 0.0086 0.0123 0.0163 0.0197
Long-short portfolio
SD 0.0096 0.0117 0.0126 0.0151

Note: For the long portfolio, #; = (0.00,0.00), & = (0.005,0.00), 8; = (0.01,0.00), and 84 =
(0.015,0.00). For the short portfolio, #,=(0.00,0.00), 8; = (0.00,—-0.005), 8; = (0.00,—-0.01),
and 8y = (0.00,—0.015). For the long-short portfolio #; = (0.00,0.00), € = (0.005,—0.005),
8; = (0.01, —-0.01), and 84 = (0.015, —0.015).

<= : “A Deep Efficient Frontier Method for Optimal Investments,” Sang Il Lee, Seong Joon
Yoo, Submitted to and In Revision on Journal of Expert Systems with Applications>
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Cumulative return(%)

A Deep Efficient Frontier Method for Optimal Investments
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<= : “A Deep Efficient Frontier Method for Optimal Investments,” Sang Il Lee, Seong Joon
Yoo, Submitted to and In Revision on Journal of Expert Systems with Applications>
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