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b ﬁq:,jljﬁff TR AK ( Quadratic Programming )
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http://www.numericalmethod.com/javadoc/suanshu/com/numerical

method/suanshu/stats/descriptive/covariance/l.edoitWolf2004.html

http://www.numericalmethod.com/javadoc/suanshu/com/numerical

method/suanshu/model/returns/moments/MomentsEstimatorLedoi

tWolf.html
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Y1 Y2 Y3 Ya Ys
—» —» —> o
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K k k k k k
inverse-covariance matrix or covariance matrix?
o &) 0.6 O [ 0.83 0.67 0.50 033 0.17 ]
k -1 2 -1 0 O e 0.67 133 1.00 0.67 0.33
K!'==|] 0 -1 2 -1 0 K——| 050 1.00 150 1.00 0.50
[ 0 0 -1 2 -1 k 0.33 0.67 1.00 1.33 0.67
0 () 0 -1 2 0.17 033 050 0.67 0.83
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» Awoye, OA; (2016): Graphical LASSO

» NM:

http://www.numericalmethod.com/javadoc/suanshu/com/numericalm

ethod/suanshu/model/covarianceselection/lasso/CovarianceSelectionG
LLASSOFAST.html

http://www.numericalmethod.com/javadoc/suanshu/com/numericalm

ethod/suanshu/model/covarianceselection/lasso/CovarianceSelectionL,
ASSO.html
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http://www.numericalmethod.com/javadoc/suanshu/com/numericalmethod/suanshu/model/covarianceselection/lasso/CovarianceSelectionLASSO.html
http://www.numericalmethod.com/javadoc/suanshu/com/numericalmethod/suanshu/model/covarianceselection/lasso/CovarianceSelectionLASSO.html

(GBI TN A ——IEE
» IEEFERE

Goldfeld, Quandt and Trotter

Matthews and Davies

TEY

NM:

http://www.numericalmethod.com/javadoc/suanshu/com/
numericalmethod/suanshu/algebra/linear/matrix/doubles
/operation/positivedefinite/package-summary.html

v Vapv el
» NicholasJ. Higham (1988, 2013)

» Defeng, Sun (2011, 2006)
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http://www.numericalmethod.com/javadoc/suanshu/com/numericalmethod/suanshu/algebra/linear/matrix/doubles/operation/positivedefinite/package-summary.html
http://www.numericalmethod.com/javadoc/suanshu/com/numericalmethod/suanshu/algebra/linear/matrix/doubles/operation/positivedefinite/package-summary.html
http://www.numericalmethod.com/javadoc/suanshu/com/numericalmethod/suanshu/algebra/linear/matrix/doubles/operation/positivedefinite/package-summary.html
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http://redmine.numericalmethod.com/projects/public/repository/svn-algoquant/show/core/src/main/java/com/numericalmethod/algoquant/model
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http://numericalmethod.com/blog/2013/06/19/solving-the-corner-solution-problem-of-portfolio-optimization/
http://numericalmethod.com/blog/2013/06/19/solving-the-corner-solution-problem-of-portfolio-optimization/
http://www.numericalmethod.com/javadoc/suanshu/com/numericalmethod/suanshu/model/corvalan2005/diversification/package-summary.html
http://www.numericalmethod.com/javadoc/suanshu/com/numericalmethod/suanshu/model/corvalan2005/diversification/package-summary.html
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calmethod. suanshu.model. portfoliooptimization.socp. constraints

» NM H1R X FERIPEH. b

[_“] SOCPSectorNeutrality.java
|&] SOCPSelfFinancing.java
|&5] SOCPZeroValue.java

= |:} com.numericalmethod. suanshu.model. portfoliooptimization.socp. constraints. ybar
[# soceNoTradinglist2.java
Ig SOCPSectorExposure.java
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https://sscloud-201608.appspot.com/socp-portfolio-
optim.html

. . . . = Constraints (selectable)
SOCP Portfolio Optimization
L1 et | o e i Nl
# Sector Exposure.
Simutation Period Starl Date  2012.01.00
Simuation Period End Date  2016.01.01 Sector Exposure
Gt Pesod | 12 T .
ppC———r :
Pertolls Rk Parsater . 01
Market Impact Coeflicient A, 00
pssas
Root impact Coefficient  Linear Impact
Symbol Sector ) Coefficient (¢]
11 Pasition Upper Limit
E—— \ 7
188 INFORMATION TECHNOLOGY 1 1 Piakifion Laer Limit
AMZN INFORMATION TECHNOLOGY 1 ) Maximum Loan
Performance
JSON ejects
r—— 50N utput rom sarvr: Maswery

Value
¢ S 5 Profit Aier Commission (rale{0.5000005%)) 738533,5088
*simulationPeriod Starr*; "2012-01-017, “allocations”; m
*simutationPeriodEnd™: "2018.01.81%,

{
0120101

“callbrationPeriodhont: 12, allacation”; {

TemmSType®: LOG" *AAPL™ 0.012062267684210654,
“lambda_f*: 0.1, “MSFT™:0.0007102080018453658,
“lambdla_c" 0, *GOOG". 0.0011216392508230418,
“assets |

*IBM" 0.9854113395887735,
“AMZN': 0.0006945186476823545

Simudaiion Result

ProfifLoss Curve

‘Comission (0.500000%)

Information Ralio For

Pt periodiP1Y))
Max Drawdown Pefcentage (caplal(1000000.000000))

Exesution Count

Date Aliocation

2m2.01.01

— oos N .

36383.0800
05638
01881

200000
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solving SOCP (800 variables, 1600 constraints)
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http://redmine.numericalmethod.com/projects/public/repository/svn-algoquant/show/core/src/main/java/com/numericalmethod/algoquant/model/portfoliooptimization/simulation
http://redmine.numericalmethod.com/projects/public/repository/svn-algoquant/show/core/src/main/java/com/numericalmethod/algoquant/model/portfoliooptimization/simulation
http://redmine.numericalmethod.com/projects/public/repository/svn-algoquant/show/core/src/main/java/com/numericalmethod/algoquant/model/portfoliooptimization/simulation
http://redmine.numericalmethod.com/projects/public/repository/svn-algoquant/show/core/src/main/java/com/numericalmethod/algoquant/model/portfoliooptimization/simulation
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» max{E(w'r41) —AVar(w'riyq)}
w

y XL BRI
» (HRIEHEE ( bootstrapping ) M T SUL =AY {511, and V,
[o8 P AU bR T U
FFARTE S BRI 2358
TFSRIENIE IR 2
1 SR+GARCH{E A AL 7558
» NM:

» http://numericalmethod. Com/blog/zon/oz/16/mean -variance-portfolio-
optimization-when-means-and-covariances-are-unknown/

» http://www.numericalmethod.com/javadoc/suanshu/com/numericalmetho
d/suanshu/model/lai2o10/package-summary.html

» http://redmine.numericalmethod.com/projects/public/repository/svn-
algoquant/ show/core/src/main/java/ com/ numerlcalmethod/algoquant/ mo
del/Dortfohooptlmlzatlon/ laizo10



http://numericalmethod.com/blog/2013/02/16/mean-variance-portfolio-optimization-when-means-and-covariances-are-unknown/
http://numericalmethod.com/blog/2013/02/16/mean-variance-portfolio-optimization-when-means-and-covariances-are-unknown/
http://www.numericalmethod.com/javadoc/suanshu/com/numericalmethod/suanshu/model/lai2010/package-summary.html
http://www.numericalmethod.com/javadoc/suanshu/com/numericalmethod/suanshu/model/lai2010/package-summary.html
http://redmine.numericalmethod.com/projects/public/repository/svn-algoquant/show/core/src/main/java/com/numericalmethod/algoquant/model/portfoliooptimization/lai2010
http://redmine.numericalmethod.com/projects/public/repository/svn-algoquant/show/core/src/main/java/com/numericalmethod/algoquant/model/portfoliooptimization/lai2010
http://redmine.numericalmethod.com/projects/public/repository/svn-algoquant/show/core/src/main/java/com/numericalmethod/algoquant/model/portfoliooptimization/lai2010
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12-month estimation r

« | , A\
- —ln(hx

EqW
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- - MV20

- RB10
areean RE10
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Wspy Wit returnr volat v
0% 100% -0.7% 8.8%
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30% 70% 14.9% 6.0%
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100% 0% 50.5% 11.3%
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»  FEZRMEFLY] ( Nonlinear Programming )
fE5 £ ( Penalty Method )

» 2 Lk ( Global Optimization )
=342 ( Tabu search ) (Glover 2005)
Threshold Accepting algorithm (Avouyi-Dovi et al.)
MCS algorithm (Huyer and Neumaier 1999)
FELIZE K ELE ( Simulated Annealing )
{ZHELE ( Genetic Algorithm )

»  BEORIHILKI ( Integer Programming ) (Mausser et al.)
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4 F(xl, XZ) ==

—Q(R;) +

p{[min(0,x;)]* + [min(0, x,)]* + [min(0,1 — x; — x,)]*}
» B]Lliz I Nelder-Mead, — NMEZWI2I5 AV R AT

( Simplex ) B X -

» FATRZE A HuHY -
v 1] DL TRV E B R R 2 aa i




Threshold Accepting Algorithm
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