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[Figure 1] Risk & Returns Relationship

Stock 9

Bond
oio Mean Variance
Minimum Valstility

09
aog
Ex -08
o 008 &
i L
@ g
o i
w
07
007
-06
006

3

ooe oog o1 on o012 13 014
Expacted Volatility

TEEZ| Q0| 2Eol ZH0|A HIsH AR M2FO 2 2| A3 I§2|E|(Risk Parity) T2F0| QICt, 2|A3 Dj2|E| M2fe TEER|Q
TA A HYE = X EC| 2lES SYUSH +FOE YT = MO|CH HAE XMA SO 2 52 SUSHAI HEEMN HA 2
8 Htoj 0| x| = ol Rttt HE 7o S SHZICH FO{Z ZEZZ| Q0| ZEEZ| 29| 2| AT = 7HE XHite| 2d 7|0 et 7HE
AHatol HIE o Zo| Bo 2 EHE £ ULt

RS 1B TI01E: ,(w) = wy X 2 = w,; x -2
aw; w'ow

THE RRate] B 1Y IS ST =X =, x o
‘

2[A3 mf2|E| M2 TEZZ R LS fl6] JHE AHito] ZEEZ|R WA 7|0{5t= 10| Z =X Sti= HIF HE|S Z=C}. of2f

3 1{2|E| S YUFSH= Aol HIFS S TESICL

i
M
Ot
kd
b
i)
LO_I'
i
ofm
g_t
o
[>

N o(w)?
arg min ; [Wi - _(Zw)i,N]



QRAFT Technologies | Al Quant Report

[Figure2] 2|23 HHOA ZEEZ Q&

Equal Weight Asset Weights Equal Weight Risk Contribution

Commodity
,32.24%

H Equity ®mBond B Commodity B Gold m REITs H Equity ®mBond B Commodity B Gold m REITs

Risk Parity Asset Weights Risk Parity Risk Contribution

REITs,
9.09%

Equity,
13.82%
/

Commodity

Gold, Bond,
20.01% 20.01%

,10.37%

‘Commodity
,19.99%

H Equity mBond ®Commodity B Gold ® REITs H Equity mBond ® Commodity B Gold = REITs

9l [Figure 2] & 5712 Xtk Y 7HE 3 Risk Parity 2 28t ZatE LIEMHCH ZEER|QE FA MA, AR, BE, 2|X&
O|R0{X QUL HXY Y H|F2 AR EEEZ| 2 LHOIM FAIQ| H|F2 20% O|X| 2t ZEER|Q & 7|0{st= HIFE 2 22.58%E O
S =OfXIH, XA Q| AL 32.24%E =olst 4= QIL}, HHH Risk Paritye] ZEZZ|Q 98 7|0 =& EH M| 57 XfMz0| St

Al LIEILHE RS 2HEE £ QUL &, SY M50 2 28t TEER| 20| E2 1 9/® +~F0| Mzt 242 QX0 oftl R &
o Rpatol ols AW =|0f Ha] HES 9/H H{EO R B7|7t of YLt Risk Parity HM2k2 D E XHitAE0| ZEEER| 0] 7|0{dtEs ¢

8 2EE 9i50| ZORM, EESR|Q0| o 9138 27 5Y + ct.

]
2

=

7|2 ZEE2|Q9| HTZ Eoff SEE All Weather Portfolio 3t 2|A
Strategy(BridgeWater, 2009)? = i 2 J[2tS2| ZEZE| 29| EHIF2 24t

LH=El, ol2{3t ZEZ2|2= 50| ot QU= /™ il 1R M2 fol80ts

|l
=
——
o
m

_Io'_l-
10
I
IM
|0
Hu
re
=O=I-

XM2f F stLto|ct. The All Weather
H|_9_§x10| EEEEEEE olno.l

QtAFECHD FHTICE F, iR 2| EXAS2 K2
S22 Zstof Cist o] M2 R3] XSt AL, 2[AZAT} OFC A2 9| iR 0| S =HE EChs Xol f SHR| 2 AL HE

42 7luoz EEZ2| Q0| I8 SUsH ot JIE 2|43 He|E| M2 4
DS BIZHSPH WS 4410l GICh. O[2{3t O|R 2 RHALR Zho| A3t Bl 2T 3
Solct. o] & EHIB IR All Weather H2H2 27| CHE ZH| S0IMo| RMBEC| XM A T2{5AD OlAK 28 2R &

go| HotZ oIS PetS H|ADIHC

bl
e
e
)
2
re
ofn
0x
=2

oF
ot
A
52
[o}
=2
o
|>
|

A
_Qt

2 BridgeWater, 2009, The All Weather Strategy



[Table 1] Benefit of different asset classes on different macro environments
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[Figure 3] S&P5002} US Treasury Note2| 5'd Rolling Correlation
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[Figure 4] Model Prediction with (un)certainty
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3. Primary-Mission for Utilizing Deep Learning
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QRAFT Deep Learning 28l =

[Figure 6] Al Engine Procedure
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[Figure 9] Main Steps used in Multiple Imputation
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[Figure 10] Before & After Imputation
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3. Model Structure

[Figure 11] Structure of Model
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[Figure 12] Hyperparameter Tuning with Ray Tune
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[Table 2] Application Data Set

Category | Ticker | Name Description
PanelA: 7 Asset Class

Equity WILSTMK Wilshire 5000 Total Market Equity

Equity MSEMKFS$ MSCI Emerging Markets USD Emerging Country Equity
Bond SPBDUSL S&P US Treasury 20+ years Treasury 20+Y
Bond SPBDU10 S&P US Treasury 7-10 years Treasury 7-10Y
Bond SPBDUS3 S&P US Treasury 1-3 years Treasury 1-3Y
Commodity GSCITOT S&P GS Commodity Index Commodity
Gold GSGCTOT S&P GS Commodity Index - Gold Gold

Panel B : 11 Macro & Valuation Class

Macro BAAFF Moody's Seasoned Baa Corporate Bond Minus Federal Funds Rate Credit Spread
Macro PCETRIM12M159SFRBDAL Trimmed Mean PCE Inflation Rate Inflation

Macro GDPC1 Real Gross Domestic Product GDP

Macro WTISPLC Spot Crude Oil Price : West Texas Intermediate(WTl) WTI

Macro M1 M1 Money Stock M1

Macro M2 M2 Money Stock M2

Macro T1i0Y2Y 10-Year Treasury Constant Maturity - 2-Year Treasury Constant Maturity Duration Spread
Macro UNRATE Unemployment Rate Unemployment
Macro REAL_VOL 1-Year Rolling Volatility of S&P Index Market Volatility
Macro DFF Effective Federal Funds Rate Risk-free Rate
Valuation S&PDIV Dividend Yield of S&P Index Valuation
Valuation S&PPE P/E of S&P Index Valuation

Xt&: QRAFT Technologies, Compustat, DataStream, FRED

[Table 2]&= of|H| £M 2 9ol &S E|0{X|= C|O|E{ES LIEPACE XHAHE HIO|E{Q] ZF & IA| 47kKI2 FA, A, Xt 22|10 2
O= pME[0f Lot &3, 9712| i3 2 0| E{9t 27H2] Valuation C|O|E{ & &E5ICt 2EM0|A 2| In-sample 7|ZH2 19701 128
E{ 20064 12&7tX|0|H Out-of-sample 7|Z+2 2007'd 1€ EE 202014 6&0|Ct. In-sampled|A =X =l z} 2ol ot2{0|E{E 0
£835t0], Out-of-sampledil A 7HE XtA| weightS ArEstn ZEER|QE pA%tCt ol mt2to|E] 2| X3S Sl In-sample 7|
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MEstgon, TEZ|Q HEMO| EtHIS H 6%0i| A 17% AtO| 2 SHRC EXFAt| E0l|A Atdt HE Mol A0 = 0|22 HElZ
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[Figure 13] Cumulative Return of Portfolios
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Xt&: QRAFT Technologies, Compustat, DataStream, FRED
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28 B0 Z=C}. Lassozt DLS H|wdi 2™ Lasso2 BMCHH]| Mat7} LM SHX| o b
x1p4olg Ho|n ot
[Table3]ZIRHZE

N WM
L]
o
ox
_l',J_
X
H

0| E= EE 7|7t S0t9 tHe| 20|, Risk FreeQ| E 2, 0|= 2 322 ALESIACE

TEZ2|Q9 HItS LIEFACE ofefel B g2 A
Bench-marks USF4] 45%, A5 = 34| 15%, 0|2 = 1042 40%=2 A SHRICE

I
i

Mean Vol Sharpe Sortino MDD

Panel A: Traditional Approach

Bench-mark(60/40) 0.0647 0.0945 0.6846 0.9097 0.3173
Mean-Variance 0.0542 0.1862 0.2910 0.4253 0.5083
Minimum-Volatility 0.0120 0.0119 1.0141 2.8849 0.0169
Risk Parity 0.0238 0.0306 0.7774 1.1702 0.0794
Panel B: Machine Learning Approach

Support Vector Regression 0.0523 0.0927 0.5637 0.7302 0.2824
Decision Tree 0.0554 0.1037 0.5344 0.7258 0.3466
Linear Regression 0.0519 0.0732 0.7086 0.9017 0.1941
Gradient Boosting Regression 0.0609 0.1026 0.5933 0.7841 0.3546
Random Forest 0.0612 0.0982 0.6234 0.8147 0.3205
Ridge 0.0644 0.1024 0.6284 0.8588 0.2922
Lasso 0.0761 0.1092 0.6971 0.9009 0.3743
QRAFT Deep Learning 0.0840 0.0938 0.8960 1.2679 0.2506

Xt&E: QRAFT Technologies, Compustat, DataStream, FRED
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[Figure 14] Excess Return & Tracking Error of Each Portfolios
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[Table4] Zt =¥ ZEZ2|29| Information Ratio

Mean return Excess return Tracking Error Information Ratio
Panel A: Traditional Approach
Bench-mark(60/40) 0.0647 - - -
Mean-Variance 0.0542 -0.0105 0.1473 -0.0712
Minimum-Volatility 0.0120 -0.0527 0.0903 -0.5831
Risk Parity 0.0238 -0.0409 0.0752 -0.5440
Panel B: Machine Learning Approach
Support Vector Regression 0.0523 -0.0124 0.0578 -0.2150
Decision Tree 0.0554 -0.0092 0.0410 -0.2256
Linear Regression 0.0519 -0.0128 0.0400 -0.3198
Gradient Boosting Regression 0.0609 -0.0038 0.0365 -0.1047
Random Forest 0.0612 -0.0035 0.0345 -0.1004
Ridge 0.0644 -0.0003 0.0318 -0.0095
Lasso 0.0761 0.0114 0.0225 0.5089
QRAFT Deep Learning 0.0840 0.0194 0.0274 0.7079

Xt&: QRAFT Technologies, Compustat, DataStream, FRED

[Table 4]= 2t ZEZ2|209| YEH[Z ¢S LHETH Zt0|Ct, WK|OL3 CHH] X0t EF HIX|OtA 0| £ QA2 LhE ZS HE
HIZo0|2tn s, ZEZ 2|7} L0t L2hd AA HXOIRE £2t6t= S LHEIIE EH™stuxt of= Meo|Ct, DL LassoE

Helst mE dHo| EH|E2 29| 7S LIEHH 1 UC}, BHH DLO| FEH|E2 0.70792 Lasso2| EEH|E 0.50890] H|3{ 3 A| LIE}
LT} Of= IRE 2} M2HS "Wolstri2tz, DLO| WiHOo| R456IChH= WS HO{ECL

[Table5] Zt Rl EEE2|Q9| X1t £ AT
0| = HE 7|7t S99 2t ZEE|Q9| |
West(1987) t-SHIZS ALESIRALE

X|OF=3 chH| ZubolEES LIEHHACE Oof2Hol HO|

3N}

>+
F|O

2 chel gholnd, K¢t AlXt 129 Newey and

Coefficient Std. Error t-value p-value
Panel A: Traditional Approach
Mean-Variance -0.0047 0.0018 -2.6382 0.0083
Minimum-Volatility -0.0042 0.0039 -1.0832 0.2787
Risk Parity -0.0056 0.0022 -2.5631 0.0104
Panel B: Machine Learning Approach
Support Vector Regression -0.0014 0.0015 -0.9030 0.3665
Decision Tree -0.0009 0.0015 -0.5909 0.5546
Linear Regression -0.0016 0.0010 -1.6773 0.0935
Gradient Boosting Regression -0.0003 0.0014 -0.2312 0.8172
Random Forest -0.0002 0.0013 -0.1782 0.8585
Ridge -0.0003 0.0011 -0.2774 0.7815
Lasso 0.0015 0.0006 2.5590 0.0105
QRAFT Deep Learning 0.0021 0.0009 2.2936 0.0218

Xt&: QRAFT Technologies, Compustat, DataStream, FRED

8 Bacon, 2008, Practical Portfolio Performance Measurement & Attribution, Wiley
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fest 2t melo] AES XatelE2| 3|7 EAMC R |2t X| A E LRI} UL 0|E 26H HIX|OF3 chH| X1p~2lE2| Newey
and West(1987) T-testZ a2 &QISICt, [Table 512] Panel AS AT{E M, MEXQI 8HHo A= I E BhHOo| 29| X1} 002
HOo|H, £ MVt RPS| 22 EAIXMOE {o|tt 2| 242 Eelrt

Panel BUIAl= Lasso®t DL HI2I3t 2= weio| 3t 417t EAMOZ Ro8tA| 9488 HOIZL). ol EEE2| $0l80|
X018 YAISOE NSt SHEISHEZE 1 QoI 40| 2G| LIEILIX| 2SS o|DI3iC), Wl DLE 43t EEB2|00| A3}
Lo82 EAXOR Qol3t go| 24 JHAIM, 1 37| Lassodll HIshH 2 XS & 4 ULk 0l2{3t At [Table 410142] 42t 3
1t Yxots BE0IH, DL ZEB2|Q 4Tto| 2448 HOIZLL

Sot 23

EX mztol a7t FHE[= #2H0] ZOX| A E|H, FA| 712t ot EX dat= L8 EF ATIofl 23} 52 7Hsdol s

- o
Ch. mh2bA 2 Ao £E-712 SO £X16HH 28 o= A= +2AE(Rolling Return)2| 2X

£ 82 = 20| FRICH 2 Holmo
Me Zt ZEZ2|29| Rolling Return O] HiX|O}= ChH| EOIEE 0| S 2 OIR I E SIU=XIE 4T =Lt
[Table 6] Zt 22 E2] Rolling Return Win ratio
3-month 6-month 12-month 24-month
Panel A: Traditional Approach
Mean-Variance 0.2875 0.2420 0.2119 0.1379
Minimum-Volatility 0.5438 0.6178 0.5695 0.5931
Risk Parity 0.3000 0.2484 0.2119 0.1586
Panel B: Machine Learning Approach
Support Vector Regression 0.4500 0.4522 0.4503 0.3931
Decision Tree 0.4813 0.4650 0.5166 0.5517
Linear Regression 0.3250 0.2803 0.2583 0.2552
Gradient Boosting Regression 0.5375 0.5414 0.6093 0.6000
Random Forest 0.5313 0.5860 0.5960 0.6483
Ridge 0.5625 0.5478 0.6556 0.7172
Lasso 0.6688 0.7134 0.7881 0.8207
QRAFT Deep Learning 0.6063 0.7325 0.8344 0.8897
Xt2: QRAFT Technologies, Compustat, DataStream, FRED
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Conclusion
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Disclaimer
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