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Background

*  The Dilemma of Portfolio Optimization
- MVO (Mean-Variance)
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Theoretical Foundation of DRO - Definition

*  General Primal Problem: mln sup Ep[L(w, §)]

PEP
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Theoretical Foundation of DRO - Constructing Ambiguity Sets

+  Key Challenge: ambiguity set(P)E {2 ‘Z2l5H=X|0|| 2} (i) out-of-sample ‘d&2t (i) ALt ST = 2HE

*  Moment-based Approach:
- OP ERE0|D B2t wHo 2, BHo| TH|XQl RYHCHs SH|X QOIS B8
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«  Distance/Divergence-based Approach:
- Z[AI DROUAL FRE O|F= AC 2 FRO| HEWDL 7|FE 222t HOtLt M2 X|E it
- S OfO|C|Of: Zimt 2= LH2 2HXI C|O|B 222 2f 20| Hlg 210[2| ME0| 20| 2z CHE 2X
A.  f-Divergence (KL, X2 5)
- 25 2XO|PDFE XM O Z H|W(density / likelihood ratio)std, 0|2 7|8t 2 divergence ball (amiguity set) 717d
B. Wasserstein Distance (Current Standard)
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Literature Review: Moment-based DRO [4]

*  Definition: pyre 2EXTHA Y OIEHE TS o AOH, FHX| FHO| £ L2712t otof = BE 2EE 1
(E —n) S (Ey[E] - ) <71
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*  Results:
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- SP(Stochastic Programming): ambiguity set §0| 24 X2t HE0[2tn 21 (MVOLt S¢) 125 125

- Popescu's DRPO: 27| HEHQ| Moment-based DRO (1,2X} RHIES Z2Q3t= st 2 2tg2) £ g !

075 075
- DRPO (proposed): MQtEl 2%, 1,2xt ZHEO| S5tA4NIX| 12 , s
- SR AIY HE(REHE, 9/11)0M = X|2tet ZE0| robustet 45 Y
2001 2002 2003 2004 2004 2005 Vear 2007
Figure 1 Comparison of wealth evolution in 300 experiments conducted over the years 2001-2007 using three different portfalio
optimization moedels. For each model, the figures indicate periodically the 10% and 20% percentile of the wealth
. distribution in the set of experiments.
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Literature Review: Distance/Divergence-based DRO [5]

*  Definition: piry.2 22X 2EE C0|E{2] HEA 21X Py 2

B (@N) = {Q € M(E) : dw(plv; Q) € 5}; dy(Qy,Qy) = in{f:z Il &1
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Fig. 5 Out-of-sample performance J (Xn(e)) (left axis, solid line and shaded area) and reliability
PV [J(Xn(£)) = Jy(e)] (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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Comparative Analysis

* Research gap

- 7|& Wasserstein H2| 7|8t DRO= =2H4d HE0| EE W2 7ot Isotropic YEHE =S HAIE
28 A AR B/ S YA S E|o[12], 917] Al S5 W2 /30| S EIX|8H Isotropic-sphere HEf2| Ho{ate Ao of2f¢t EX
2lee gefsix| o4m 9l
Feature MVO RO DRO SA-DRO (proposed)
Uncertainty / Point Estimate Fixed set Wasserstein Ball Structure-Aware X
Ambiguity set @ 3) (Ellipsoid/Box) Ellipsoid 2,
Geometry / Worst-case Euclidean Learned Mahalanobis Metric / /:
-y Sample Statistics Distance :
Metric Bounds o (via IRL) 4
(L, familiy)
. : Static , Anisotropic e s Stvabi
Ambiguity Shape N/A (point) (Pre-defined) Isotropic (Adaptive Ellipsoid) Proposed (IRL-DRO) Proposed (IRL-DRO)
. . . _ Eo(s, x) Ep(s, X)
Adaptivity None Parameter Distributional State-Dependent y
worst-case worst-case Geometry & £
/ at rfg ”»
Data Usage Parameter Bound Empirical Generative Process Modeling . /ﬂ N\
9 Estimation Estimation Distribution (Energy/Reward) V' . AR
¥ 2 »
Robustness None (Sensitive) High . High (Data-driven) High (Structure-Aware) . e
(Conservative) TR -, o=
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Methodology

*  Research goal: A|&Q| LHXHAN HEE ot56t0 2<tA/d 2l 12
= S
=
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6= SA-DRO (Structure-Aware DRO)E |t

xpert Demonstration@ 2 2t5611 IRLE S A|A2| LA LR E shs

min  sup  Ep[-w'¢]
Y 0eugh(Pns)

ugA(Pan) = {Q dM(s)(Q; Pn) =< E}
du(@QP) = __inf Ec[/E—EMEE )]
M(s) =Hg(s)+pl,p>0

B4 (B,) ={Q € M(E) : du5(Q,B) < ¢}



Methodology

Notation
. € S: AT AEH (Of]: A kY2t =&, HA|GH| X & 5)

¢ 1, € RN: MH| ZHEEl 52 E (realized return, expert action)

« ¢ eRV: SEHLENQ
IRLS| X8 Market as an Expert

- A0 2 220|100 2HHETE 242 OfL|X[2F, A% H|O|E] XtM| 2 TR 22| S22 72t (expert demonstration)

- OFX|DH tESLX| of2 MED}H|0|E{2LE Feasible Reward Set2] HQIZ Fo|= O 72|04E 2~ 2[13]

=
=
- F A2 ofE d=/2" 20 ool "2[H | X (PY)MIM +UE(r) S BEAPIE AIAFLE 1 IRL

E
=2 & (Random Variable) &: Generator?t BHEO0{Li= =&, ¢&:ambiguity variable (generator2t 22)

N

52 S8l ambiguity set2 =Xt At

Energy Function Learning via AIRL:
- Discriminator Dy (s, ¢) / Energy network: E¢(s, ¢) = —fg((s, E))
- Generator (Policy): me(é]s) (RHUEE & MET)

- Generatore | A= =0]| OtL|2t, Discriminator?} trivial solution0f| BEX|X| ¢} == “negative samples"E X &6t= at& THEL

eXp(f@ (S, 6))
exp(fo (s, §)) + me(£ls)

- Lp(6) = — Ey-patallog Do (s,7)] — Bz, [log (1 = Dy(5,€))] < Epi= “MH AT CIO|EDF XpE K| Sh= 27| 0| X| & R HEE S E

DQ(SfE) =

St
=

- Lo(®) = Egp, [log (1—Dy(s,£)) — logDe(s, )] ~ Eg_p, [~Ee(s,)]  : D2t Mt 2THT £2f61| UEE (LR 2) MES MASIES Sl
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Methodology

«  Metric induction (Energy to Geometry)

I:I

E =
et Z2H0|Mel 2 EXQI EHMS 25l 24 JE YEE E8E [15]
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0|4 X| @f=~2f Hessian matrix & ollA &H| +UE = HOME 22 AHE
£ Xpih 2te| £ E Botof| HE 0f|L X T = (H| MY o2t X)E A
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* Anisotropic Ambiguity Set:

BSA = { :inf j JE-DMESE - da(Er) <€

254 Eeto| Z412 generator (6)7} OH:l AX| [O|E] (r)
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xOf| Bffol THEX} D (x) 2t |4zt £[H, O] = oL X| g5 stgot= A2t 21, 3 21 p(x) « exp(—E(x))FE{S| 22 UHE Ch= 210| 58
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Methodology *

Primal problem: ambiguity variable &= mahalanobis H2| 7|F2 2 QoM 22 £l

mlnsup{IEQ[ w' &]: fllf—rIIM dnSE} l&E—r1lly= \/(E—T)TM(f—r)

Lagrangian:

— T _ _
v%lllo (/16 + sup]EQ [H(&)] ) = —wé—-Al&—1rly
ps

supEg[H(§)]: BT M40t 2|Vt £| 22 BX(Q)S XE D IPE 2 M2E2 H(O)IL MY £2 248 2= ¢0f 452 SotF= A
Q

- (dirac &= 2250 A) supEQ[H(E)] Ep, [Sl;p H(f)] > 2 HIOIE ZRIE r'8 2o ALf2| 25 3= EX|= tXPHs

mln(/1€+ >N 1sup( wlé — Allf—rz”M))

Dual Problem:
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A= M~Y2w |,

N
. 1
S DI BN
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5 = sgp(—WTE —AE—1lIy)
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ReSUItS - BenChmark [7] Figure 1: Out-of-Sample Performance Comparison

e Nave 1M
 Data §4_
- 183 =2 ETF G[O|E AFE (weekly) ;3
- 1tAH 5EX| H[0|HE ArE5H0] mfati|Ef =7 Z
- FHM| 12t 52*5 = 260 / training = 182, validation = 78 %2
- HIZ Cf23F ZEZ2|2 HISA|L
- R IHX
° Resu|ts Figure 2: Calibrated Robustness Radius (Epsilon) Over Time
1/N (B&H) MVO DRMV [7] 0.08 1
Ann. Return 9.33% 12.20% 12.91%
Sharpe ratio 0.7684 0.5751 0.7352 oozl MM_M L”
MDD _25.42% _35.24% _29.95% o 20‘12 2614 ’_FL;::J“ 20‘18 : 2620 20‘22 — 2;;:\1’]-“
* FuturePlan
- Hjo]AZtel E'?é-_'(Wasserstem DRO)E Xfjoiot Auf, UHHOIMVO B 243 IS HOF = A2 =0
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