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Background

«  Portfolio Optimization under Distributional Uncertainty
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Literature Review
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Fig. 5 Out-of-sample performance J(Xp(2)) (left axis, solid line and shaded area) and reliability
rY [J(Xn(£)) = Jy(£)] (right axis, dashed line) as a function of the Wasserstein radius £ and esti-
mated on the basis of 200 simulations. (a) N = 30 training samples. (b) N = 300 training samples. (c)

N = 3000 training samples
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Fig.6. This figure presents the out-of-sample performance of expected returns R[f:.a[m(d] (orange) and
R[f‘{\?,a“m [r]] (blue), the out-of-sample performance of variance V!fx,"“‘tfll (orange), and the Conditional
Value at Risk CVaRg ;g [— (i‘f\‘.wﬁ“‘ [E).ﬁ)] (blue), as well as Sharpe Ratios as functions of the Wasserstein ra-

dius £. These are estimated based on 200 simulations for N = 300. In this instance, p = 0.15 and @ = 0.05.
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r online) Portfolios’ Average Wealth Processes Using Shrinkage Estimators from January 2000 to December 2016
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Comparative Analysis

* Research gap
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Feature MVO (SP) RO DRO SA-DRO (proposed)
Uncertainty / Point Estimate Fixed set Wasserstein Ball Structure-Aware
Ambiguity set @ 3) (Ellipsoid/Box) Ellipsoid
Euclidean
Geome’Fry/ Sample Statistics Worst-case Distance (Learned) Mahalanobis Metric
Metric Bounds o
(L, familiy)
Ambiguity Shape N/A (point) Stati'c Isotropic Anisotropic
(Pre-defined)
Data Usage Parameter Bound Empirical Empirical Distribution
9 Estimation Estimation Distribution With Geometry
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Methodology

Research goal: A|&2| LIXXN HEE st&5t0 2

ShALY B RS BHgots

Standard WDRO

min sup Eg[-w'¢]

W Q€Ue(Ppn)

ue(Pn) ={0: dw(QrPn) < €}

d,(Q,P,) = inf

rerdnf, Enll € =1

- Ambiguity set 27|= 0] 2

d,, = A0 T E|0{210] isotropic geometry [0l A Zts

AN O 2 robust penalty= norm-based regularization@ £ dljA42}5

SA-DRO (Structure-Aware DRO)Z X|QF

5/11

SADRO

min  sup  Ep[-w'¢]
Y Qe (Py.s)

U (P, 5) = (Q: dM<s)(Q P) <€)
du(s)(QP) = | _inf Erly (€ —¢)M(s)(E - ¢
M(s) = VgEg(s, &) |5=E(s) +pl,p >0
po($ls) o« exp(—Egy(s,$))

Ambiguity set 37|= €0 2H
Ambiguity set H4tut B2 M (s)7F A7
M(s)= A% OIO|E{0f|M SH&El state-dependent local geometry

A1 O 2 robust penalty= anisotropic geometry2{oflA s



Methodology
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Methodology

«  Step3. Structure-aware transport cost 2|
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Results

Data
- 37tX| EXt universe (ETF / Dow 30 / Nasdag 100
- 2007.01.01~2025.12.310]| 2% &X{5t= 5=
- 13 (252 YLLY)HIOlE] train -> 1H (21B Y ) HIO|E] test
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Benchmark
- Isotropic DRO : Wasserstein H2|E 0|22 DRO [4]
- Mahalanobis DRO : &2At3HZE S 0|25 DRO
Results
Equal Weight (Isot\;\c/)[p))iRcODRO) Mahgggoms SA-DRO
Ann. Return 6.10% 512% 7.04% 7.53% 8.61%
Sharpe ratio 0.628 0.674 0.709 0.548 0.695
Sortino 0.974 1.012 1.089 0.852 1.070
MDD -32.72% -13.11% -22.42% -46.44% -22.04%
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Results

Dow Jones 30 universe Nasdaq 100 universe
— — Cumulative return Risk-Return Tradeoff Cumulative return Risk-Return Tradeoff
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2008 2010 2012 2014 2016 2018 2020 2022 2024 2026 185 19.0 195 20.0 205 21.0 215 2008 2010 2012 2014 2016 2018 2020 2022 2024 2026 22 24 26 28 30
Ann. Volatility (%) Ann. Volatility (%)
Equal Mahalanobis Equal Mahalanobis

Weight WDRO DRO SA-DRO Weight WDRO DRO SA-DRO

Ann, Return 15.82% 14.11% 15.79% 17.50% 16.74% Ann, Return 21.07% 17.53% 24.96% 23.31% 25.08%

Sharpe ratio 0.858 0.811 0.859 0.862 0.840 Sharpe ratio 0.991 0.866 0.870 0.833 0.874

Sortino 1.360 1.318 1.359 1.372 1.388 Sortino 1.583 1.380 1.426 1.351 1.431

MDD -42.53% -33.80% -42.73% -46.34% -37.99% MDD -49.29% -43.42% -51.67% -52.67% -51.67%
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Results - ETF universe

{a) Condition number: raw vs post-regularization (b) Smallest eigenvalue: raw vs post

(f) Scare alignment: -VE vs Gaussian score
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conclusion

*  Summary
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*  Connection to Prior work
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