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Distributionally Robust Optimization

6§ for deterministic constr @ 4’2}
e o~ N

<0,VE — supg g(x, ) <0.
Robust for sto @}m constraints: Q . \9

EP[g(z, €)] <%“ — supp EF [g(z, €] ~§-X -§-\
KQ% min  sup EP [f(x "3’@ Kﬁ@
QQ w Pe?—' @ QQ

\(b st. gj(z, SX@O, almost surely Vj,P € ]-'\{b
e X,
X

e 7 N R
where F is iguity set
s@éw {,}@ ,‘%@[




Amibiguity set

Commonly use@biguity sets: ”‘\\:Q '\9
e Mom sed ambiguity set @
® Dis ased ambiguity set .‘3,
¢*divergence g
Wasserstein distance <\

N4 0 X0




Ambiguity set

- AN
based ambiguity set: {\Q
0 Pf?e :) —1,
OH= P € Pl(EE] - TEoK@ﬁ po) <, ~\\\«

RN
@j\ Be((€ - @%) | =225 ©*~
Za&onempty support, closed an%&)“%/ex @"\“3’
N

R™: first moment,
@o @

3o € R™™": covariance matri

o

RN _ .

Delage and§@010), Distributionally Robust ({@za‘cion Under Moment Uncertai vith
Applicati{n?;co ata-Driven Problems, Operatiﬁ'nsé esearch. ¢
& AN

=
Runyu Tang DRO: DRO Moment-based ambiguity set




Ambiguity set

\ O O
Mo -based ambiguity set: ,\Q N
moment problem: \"8 \"é\
_ P
U(xrqr,72) = nax E"[f(x, &)] \9 \9

N4 (e~ po)e - o) ar(e) <553,
O ) X ) A

@?\ / p N\ L, | AF@® =0 cﬁk
S ™ ‘35 4




Ambiguity set

S S
& O &
N&ment based ambiguity se‘ﬁib \{b

Dual of the inner Qoment problem:

g

“ﬁrﬁ 7220 — Mol P)—2ulp+ s A4
@’® st 61QE -2 ( &\;ﬂ@w — [(x,€) > 0,%, \“*\©
(\Q Q =0, {\Q




Ambiguity set

@t based ambiguity set‘,by\q <\

r moment problem: b\ \{b

mad VP [f(x, )] > >
o R N

(g@m Pt “3’@

¢ q,ve¢ \

(\Q st r> f(x, &) — ET {ﬁ
t > (72X0 + Q+p' Q+\/_||Eo s
orn *@‘ RN

which can be ‘%“(%\1?(1 to any precision € in tim }%ynomlal in log(1/€) and th&&?

of the pro@ (under some assumptions: @ is concave in £).
3 R\ "s

<\ 3 AN ?
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Data driven for moment-based ambiguity set

o ) )
Ugﬁ me assumptions (f con ”}1% and convex in x, suppor {ét 1S closed and
Botmded, ) given a set of {EZ}’Q&f M samples for any § >

~ 1
B= MZz 1€zand2—MZZ 1(52—

N\ N\
5y = — 80/ s = B2 \\} O

—aE/A=WrD’ 12T TaB/MA-B0/2) AN AN
where a( @ (1/VM), B(5/2) = 0(1 @ @*’
Theneg is large enough, with pro@’%ty greater than 1—§ oveC%?}chome of

$ we have that any optim @”hl ion of the DRSP formed 9@ ese
les will satisfy the constraifit! N

~~\\,\> E[f(a",€)] < wm@m ~\\,\,
where E i@xpectation w.r.t the truex@’%{)u‘cion of €. @T

Runyu Tang DRO: DRO Moment-based ambiguity set



Example: portfolio optimization

’ ' 4
R 4 A A
qugure 1. Comparison of wealth evolution in 300 experiments conducted over the years 2001-2007.

{b 167
\ = Our DRPO model
1.4 || === Popescu’s DRPO model
SP model 1.50 \
12}
1.25 \\v/
£ 10 M < | x
‘S = ; y
3 S 1.00 W ¥
= o8} ‘k E=
0.75
0.6
4 04l 0.50
\ 2001 2002 2003 2004 2005 2006 2007
Year Year

Note. For each approach, the figures indicate periodically the 10th and 90th percentiles of the distribution of accumulated wealth.

O
N N 4N

At any give of the experiment, the algorith allowed to use a period of 30 ;
the most rec istory to assign the portfoho Jh escu(2007), the mean and covar ' matrix
of the dist 1butlon is assumed to be equal to 'Q ‘empirical estimates measured on. the last 30 days.

Runyu Tang DRO: DRO Moment-b




RSOME:Robust stochastic

optimization made easy

SO
4.2. Generalized-Moment Ambiguity Set
Wiesemann et al. (2014) formally introduce the fol- {
lowing generalized-moment ambiguity set that is
based on a convex function ¢ : Rk = R 5

it~ P
_ I, ]E]p[ﬁ] €9
S=F P gy <o |
Plieq] =1
Y N
https:// pengnus.github. io/rsor@,
0“7 ’92,

Runyu Tang

£\
ity, among others. Based on the‘iifh'ng and projection
theorem (Wiesemann et al. 2014, theorem 5), it holds
that [1;% =94, where

((#,9),8) ~P
Ex[it|5=1]€2
F = {PePo(RM x {1})|Ee[d |5=1] <0
P[(#,7) e Z|5=1]=1
PE=1]=1
with Z = {(&,?) | u €U, v = d(u)}. That is to say, a

generalized-moment ambiguity set can be mapped
into an event-wise ambiguity set with only one sce-

nario, that is, § = 1. B
T\
&@i

£
DRO: DRO Moment-based amb


https://xiongpengnus.github.io/rsome/

Moment-based ambiguity set

Kgé\rs if you are interested: \(b

® Delage and Ye (2010), Distributionally Rob:SPOptimization Under Moment\
Uncertamt‘%\}th Application to Data—Dri roblems. Operations Rese@b

e Wolf @wsemann, Daniel Kuhn@yn Sim (2014) Distributio@

bust Convex Optimization. O jons Research 62(6):1358-1376.
@e simas, Dimitris, Melvyn /\, nd Meilin Zhang. 2019. %@
\(bdmtrlbutlonally robust optl?@c‘ion Management Science &)}604—618
® Chen, Zhi, ﬁvyn Sim, Peng Xiong. 2020. &)bust stochastic optimization \
made eas‘yﬁlﬁu RSOME. Manageme%ﬁg‘& ce 66(8) 3329-3339. XN

SR
<:© | *“%@‘t

Runyu Tang DRO: DRO Moment-based ambiguity set



Ambiguity set

. . N N
Dls@e-based ambiguity set: ,\Q N
4 \\ \‘?:‘\
X B(r) = ]P’eP:d(]P,I@’)gr}
N N N\
o P: re e distribution, @
° K‘@, radius of the ambiguity set(*% ¢

§ N
. @P): distance between P ar@ (\Q

é;% be data driven! We can use@e empirical (discrete) distribution as the
reference distribution. N\
RNy 1 QO

H SR
a@ PR "s@‘

3 AN ?

DRO: DRO Moment-based ambiguity set



Distance-based ambiguity set

(b-div@’@ence (or f-divergence)): ,\q ,\Q
\(b Z p¢zé§> where p and p are densities of P, P
4 (B8 dIF’ O
S fo(E)e &
Kullba@@er divergence (relative eQég@ =tlog(t) —t+ 1: \“3’
\(5(\ d 1@ Z P log = \'{bo
Hellinger distangeyé(t) = (vt — 1)2: O
R N 8

~*?’s@‘

»

§©~§“\ 1 (P, P) @




Distance-based ambiguity set

) S

Distribution P DistributionQ
\,{b Binomialls mll':thuplo=n0.4 ,N=2 UnifI:rrrrli \:lntll?r;) =1/3 >
X3 3 QO
@f Ok
S : S
\(b 0 1 \3 0 1 2 v>
5N
~\\>9 9/25\ 12 [12/ 4. (4/25\ _ Y
d(P. QIS 5 In (W)—i—%lngﬁ\ 5z In (ﬁ) No.os{gs&ﬁ
\ 1 1/3 1. (Al 1, 1/3\ AN
@ZQ’P)— 3 gor ) T3l es ) P et
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Distance-based ambiguity set

ivergence based DRO: K¢ \
@HJP@X Ep[f(x,€)] \?2}\
s.t. dg(P,P) <6

Consider a digé%?? case: ‘\\:

(‘%® H;in max EN:pi [f(x,é@
) L

£
DRO: DRO phi-divergence based



Distance-based ambiguity set

¢ O <
A 00" >
N f%ﬁb* (—f(x’éi) — A) + ab. N

mln A+ o
x, o4

O O
N N ’\\.

which is a@.&lmensmn convex optimi \problem @
If we &Q&he KL divergence and f(x &“% T+ g(€), we have: {‘%
"Z>

O
mm A—i—anZ exps X-i_ag(gl — ) G\iq

,704

N X0 ‘
where @7 (s N — 1. s\\' ‘_*x
Exponent ne programming! can be s@ by MOSEK %@‘

https: Qld s.mosek.com/modeling—c;ozk ook/expo.html.
0

b\

£
DRO: DRO phi-divergence based

Runyu Tang


https://docs.mosek.com/modeling-cookbook/expo.html

f-divergence based DRO

Pape& you are interested: <\C§ <\®
\@Aharon Ben-Tal, Dick den K&og, Anja De Waegenaere, B&ﬁ&and Melenberg,
Gijs Rennen, (2012) Robust Solutions of Optimization Problems Affected by
Uncertain. @abilities. Management Sci%@59(2):341—357. ‘ \\'>
¢ Giizin stan, David K. Love. (2 ta-Driven Stochastic “&‘x
Prog ing Using Phi-Divergences: INFORMS Tutorials in O @lons
R§ ch. Published online: 26 O 15; 1-19 N
° P. G. Van Parys, Peyma ajerin Esfahani, Daniel 1@1 020) From
\@Data to Decisions: Distributiénally Robust Optimization I&@ptimal.
Management Science 67(6):3387-3402.

~ X0 X
KL-divergence %’DRO is the least conservative %riven predictors and prescriptors_?j},se
out-of-samp@ﬁpoimment decays at a rate nof@ han some prescribed threshold @ (Van
Parys et aly ) /‘pg\ li ) \X\M {
é Ay ¢ 4

Runyu Tang DRO: DRO phi-divergence based



Wasserstein distance

-

Deﬁn&tion 1.

For any p € [1, 0], the Wasserstein distance between two probability measures P
and Q is defined as:

1/p
Wo(P,Q) = inf (/Q Qum—ynpw(dx,dy)) .

mell(P,Q)
where || - || is a norm on R™ and II(P, Q) is the set of all probability measures on
Q x Q with marginals P and Q, respectively.
N N ~

Wasserstein distance is a metric:
® nonnegati &%fmmetric, subadditive, . ’\\,> s \\,b'
® it vani é‘olyif]?z@. { & {{S\
° it ltﬁ whenever P and Q havgfﬁﬁ}be/—th order moments. \}S\M ,

Runyu Tang DRO: DRO Wasserstein based



Wasserstein distance

< S O
O o o
Lé&mg at the discrete case: \"{} \{&

W PO = min Y [N
@;\\' s.t. @fpk,Vk (@)&‘x
9 3! 3

~ N ‘

It links to th@é&ﬁnal transport problem! ,,,g‘\\" .*x
u‘@l ’.,X 4

, A A v «S,

DRO: DRO Wasserstein based



Wasserstein distance

\)

o

*®

dw (Q1,Q2) = minimum ?}
cost of moving Q4 to Q,

£
DRO: DRO Wasserstein based



Wasserstein distance

"\ O \

mass moved from ~§\
£ m(A x B) = { source region A to ?)
target region B

price paid for moving
mass from ¢ to &'

(A x B)
1§ -¢&'1P = {

=
Runyu Tang DRO: DRO Wasserstein based



Wasserstein distance

< O <

Dual Kantorovich Problem

Definition 2.

For any p € [1, 00|, the Wasserstein distance between two probability measures P
and Q is defined as:

WP(P, Q) = sup /Q ()P(dz) — /Q $(y)Q(dy).
st. P(z) — $) < ||z — y|P, ¥z, y € 2.

T

N 3
® & &
{:“ " ¢ A ‘

Runyu Tang DRO: DRO Wasserstein based



Wasserstein distance

\ \) \
No 1 distribution: In the ab. of any structural informati t is
a@enien‘c to set PV to the disc@ empirical distribution: the &ﬁorm
distribution on the N training samples {&1,&2,...,&N},

\ »

F @

whe ﬁis the Dirac delta function,@ered at &. @

R , the Wasserstein DRO is \(é\ \'{bo
in supE"

S st F = {P| Wb <o),

®

©
¢

=
Runyu Tang DRO: DRO Wasserstein based



Wasserstein distance

& O L
\Q)(\ “ Definition: B ,(I'y) = {@ € P(Z) : W,(Q,By) < e}

X
Contains every () obtainable by re- “Q
shaping "y at a cost of at most ¢ x/)
\
&
X0
Worst-case risk: Rep(Pn,€) = sup  EQ(E)] SO
QEB:,p(Fn) ~§§“
Worst-case optimal risk: R p(I'n. L) = (igz Rep(Pn, €) S ;
. o~
(\ é A\ ¢ p ‘\%

Runyu Tang DRO: DRO Wasserstein based



Wasserstein DRO

S N §
\"Z;(\ \‘i\} / \{2:‘\
min su f(z, §)B(dE)
RN @ Pl 3 >
§' st W,(P,BX \'. -§:\\.'

Let’s ﬁ@@s on the inner sup probl(t% Q
JRCY: »S)) S
s f (@, 4@?’5 N4

X0
wr e ([ je-é d@dé))l/pse- N
..i., rell(P,PN) \JaxQ ~§.‘ ~§».\,
© © S

A e
ng

DRO: DRO Wasserstein based



Wasserstein DRO

\ \) \)
Loq@a’c the discrete case [This{@way not rigorous enough, /z/&% refer to
b@mper for more details.: X X

D s D f(@ P oD
N
@ st min )| 1P < 6. @
S 7 S

«

£
DRO: DRO Wasserstein based



Wasserstein DRO

k\\y& ‘\QSUP DD ICRIL \\}
P ko1 N

s.t. - Al||p7rkl < 4. \
;‘%@% 5 = “3,@}“ s.t. %;ka flp@ﬁ};

\)

£
DRO: DRO Wasserstein based



Wasserstein DRO

-
DRO: DRO Wasserstein based



Wasserstein DRO

O N

/\’si% i “Q
.3, [Tz = vi) + o=(v )_\{@ ¥(q ))\||—||q < s, Vi < N©
\
@ = (qg—1)471/q? for q {\%d (1) =1, -« represe?@l norm and
enotes the conjugate functld&,z = sup{:vy f(z), VRS

KO Q>
Finite conv %rogram ..g\\' ‘*x
©

A@ "3'5{}‘

£
DRO: DRO Wasserstein based



Wasserstein DRO

‘feusa‘ms @C§<D

o Wx@@w% linear f(¢ max{a@ﬂ,%‘} (@Q.,\
\

(\0} max f(€) = A€ ~ &l = %@ax{mb L0} = Allg = &l

N4 b\ maxag +b — A€ - 517@81 Vi
* Q - maxX Q — Ai S; Vi
N %:\5, le - &1l < s,

O
D N
*@ i@ a,f}l

N AN .

DRO: DRO Wasserstein based



Wasserstein DRO

e b= A6 = &l < 50, Yiod N

@max a +b— max v @§ i, Vi (D@B\rm)
EeE [lvs [« <A
N

Qﬁ i nﬁlri R I?eax a +b— v (€ sz V4 (Change S %Qfsimn max)
<\ max a§ Kv@ (% f gz) <s; \{bo

~§\> { bl <A N

£
DRO: DRO Wasserstein based



Wasserstein DRO

S $ $

N ‘)
\@(\ ?gaxangb—v%&\éi) =I?ea5x(a—vi)§+b—m:95\
A Ex(a—vi)‘f—i-b—viéi ,\'Q ,\9
ORI S
Q Q Q
S ) S
\(b mln Du+b 4—@ \{b

stC’u>a V;

-
DRO: DRO Wasserstein based



Wasserstein DRO

£
DRO: DRO Wasserstein based



Wasserstein DRO

< O <
® N O
0
Merits of Wasgstein DRO:
e Fidelity: I

are more “honest” than tl%q nominal counterparts, as t
ackn ge the presence of distribu uncertainty.

° Tr@ ility: finite convex progran(éy en p = 1 finite LP) .'\“3’
O@Ormance guarantee: {\ (\
\@Regularization by Robustiﬁ@on: \{b

=
Runyu Tang DRO: DRO Wasserstein based



Wasserstein DRO

N\
) §
K&\ rmance guarantee: \(b \{2}\

Theorem 18 (Concentration Inequalities |). Suppose that Py is the empirical distribution,
whereas p # m/2, and the unknown true distribution P is light-tailed in the sense that there
ezist a>p and A>0 such that EF[exp(||€||*)] < A. Then, there are constants ci,c2>0 that

depend onIP only through o, A, and m such that for anyn € (0, 1], the concentration inequality
PY[P e IB”,(]PN)] >1—19 holds whenever € exceeds

(log(cl/n)> min{p/mi/2} e log(er/n) log(cl/n)

. CgN 2
epn(n) = (log(q/n)) o/ V< M (26)
CgN C2 '

Runyu Tang

DRO: DRO Wasserstein based



Wasserstein DRO

Regularization:

&erstem DRO, for a broa @Cs? of loss functions, possibly, @on\/ex and

mooth with high probability;“the Wasserstein DRO is asy?i&

otically
equivalent to V&I‘l{lon regularization problem. [ ot rigorous here, please refer to

the paper for n&detaﬂs \\/
4 & AN

>
@
ﬁ\%@ minE, P:L + pV(f) \“%\w/)

DEFINITION 1 (VARIATION). Let g € [1,00] and f be a continuous function on Z. When g€ [1,00),
assume Vf exists Q-almost everywhere. The variation of f with respect to Q is defined as

V£l g } g€ [1,00),
Vaq() =1 geess sup sup (f (z)_— f (z))+, g=co
zeZ Z#z ” - Z”

Wi
) Xﬁ(\&?{%}n Anton J. Kleywegt (2022) Wg\set/:;em Distributionally Robust Q;&Mzﬁtion

and Variation Regularization. Operations Research 0(0).
Runyu Tang

DRO: DRO Wasserstein based



Wasserstein DRO

C')\ A AN
{b(\ “ Performance of SAA solution Performance of DRO solution
\ o in-sample:out-of-sample o in-sample . out-of-sample
1 1
0.2 1
| N
> J*—>| X \\,"
= 0.15 1 1 \
: . N
'§ 0.1 ! s
; Q
S
0.05
o>
\Q »%.25 -0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15 -0.25 0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15
mean-risk objective mean-risk objective
¥ in- le: optimistic bi . \\>
in-sample: optimistic bias \
» out-of-sample: pessimistic bias »\’*’
» DRO reduces bias & post-decision disappointment }""
L 2 Y V. e
& ,} /‘ 3 \X
£\ . "

Runyu Tang




Example: Portfolio Optimization

[
<
2 —--SAA —--SAA 1 o000 9006000
= —-LCX 8 —-LCX
= Wi
a - J* 2 >,
3 5] £
A S = 06 —--SAA
2 = < —-LCX
5 = Z 04 —5 Wass
g © ~ e
ol 02 e
-

5 :

10° 10’ 102 10%

where LCX is li -convex ordering (LCX)- @goodness of-fit test. from \9

[Bertsimas, C“@t@ and Kallus(2014) Robust ..*x
‘ ¢

Runyu Tang D: s rstein based



Example: Newsvendor problem

m@EP cr — pmin(z, D)| = IEP < p)x + plx — D)ﬂ
@3“\ 3 )
When emand {Dt} is i.i.d. proce&“x%th distribution P, the optl&‘fiolumon is

z* <pc

N4 \

We can use SA%@oment-based DRO, Wasser@ DRO or KL-divergence ba@»
DRO to solve.,qbg problem.

D S
8 © &




Example: Newsvendor problem

Let’s@ytis! @ | \ -
v _ N (N
AN 52 @

Demand distribution: D ~ Bimomial(10,0.5) + 1
® Sample SlZ =50 . \'Q . \\'}

* Gener e-fhs sample {D}. R
= o
‘(\Q Tsan = arg m{(éﬂ\\% [(C —p)z+p(r— Di)+L

t=1

N

N
§@§“ THhro = arg mm maXIE @’\x +plx — ] “%@‘

You m‘(ryx the Julia language for optimiza on b
DRO: DRO Wasserstein based




Example: Newsvendor problem

— 05 —6%—— —6
IN —
8 _ —
5 1071 - &
N sq.r— | &
oy 10-2 @ g
& < 8
i g
% 103 -8 =8
o q
10—4 | | | | 1 L L
50 100 150 200 50 100 150 200 0 2% 5% 10%
T T Am — 3 log Pu[c(@r,0%) > er (@r)]

(a) Out-of-sample disappointment versus (b) In-sample cost versus training (c) Asymptotic in-sample cost versus de-

training sample size T' sample size T' cay rate of out-of-sample disappointment
—— Empirical cost Moment-based ambiguity set (¢ small)
—— Moment-based ambiguity set (¢ medium) —— Moment-based ambiguity set (¢ large)
—— Wasserstein ambiguity set —— Relative entropy ambiguity set

e 3
Sutter, T Marys B. P., & Kuhn, D. 202).)§Mneral framework for optimal da%given

optimization. arXiv preprlnt arXiv:2010.066!

Runyu Tang : C rstein based



Wasserstein DRO

Mat 1@ if you are interested ,\@ A N
ectures (b\ {2}“\
\ » Daniel Kuhn’s talk at D'Is% \

» Daniel n&n’s talk at INFORMS 2019 Q
> Weni?g& ’s summer school :

® Peop @? @*’
>\@ Kuhn https://www.epfl..%[ s/rao/ \w/’

& se Blanchet https://web.s d.edu/~jblanche/ @

(\ Melvyn Sim {\
\(b https://bizfaculty .nu&‘.:éiu. sg/faculty—details/?prq&ﬂ?
» Gao Rui, Chen Zhi

e Misc 5N
» RSOME:"Robust Stochastic Optimizati@[ade Easy .*x
> ://github.com/Operations arch-Science/Ebook-An_ {6\’ e
g duction_to_robust_optimiZzation "%\M ‘

4 N b
aNd

Runyu Tang DRO: DRO Wasserstein based


https://www.epfl.ch/labs/rao/
https://web.stanford.edu/~jblanche/
https://bizfaculty.nus.edu.sg/faculty-details/?profId=127
https://github.com/Operations-Research-Science/Ebook-An_introduction_to_robust_optimization
https://github.com/Operations-Research-Science/Ebook-An_introduction_to_robust_optimization

\ \) \)
& o3 N
\' Bertsimas, D., and Sim, J. Z}UOAI). The price of robustness.x%anagement
Science, 50 %1—13.

. Delag@nd Ye, Y. (2010). Distributi‘@s}lly Robust Optimization Um@}

>

Mom
Re .
%l AN N
° @wl Kuhn, Peyman Mohaje fahani, Viet Anh Nguyen, osh
hafieezadeh-Abadeh. Wass?in Distributionally Robust imization:
Theory and Applications in Machine Learning. In INFORMS TutORials in

Operation&{@seatch. 2019. ) \9 . \\>~
.‘s@ ,,x\./, ,’%\Q[
& 3 A ’

DRO: References

ncertainty with Applicatio@l Data-Driven Problems. O@ons

4
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Other trending topics

® Relationship with regularization
one B N N
® Multi- er*z robust optimization

4N
e Cha nstraints @
d %’5 satisficing gﬁ“sﬁ

° istical properties Qo
& @ 0




Robust satisficing

Data en robust satisficing: \) | \ -

fbo@ s 5O
X¢ kr =min %S X4

st Eplf(x, &)] — 7 <\kA(P,P), VP
§'\> meX,k>0“\\" s\\:\>
N2 o o
which is \e@len‘c to ‘Q’@ %@
S ok O )

(b.(\ Ky =min k {\ (bo

\ s.t. i Yi <rT \'

N

> o 2 o { o APl i i 5 *:\\?




7

\(@aniel Zhuoyu Long, Melvx@n, Minglong Zhou, (2022) @s‘c Satisficing.
@)

perations Research 0(0).
® Rui Gao ( ) Finite-Sample Guaranteesyfor»Wasserstein Distributionallys >
Robust umnization: Breaking the C rsi., Dimensionality. Opemtions*x
Rese (0).
° Ru'(é,ao, Xi Chen, Anton J. Kleyv(éép (2022) Wasserstein Distri @‘;}gnaﬂy
@ust Optimization and Vari Regularization. Operation, earch 0(0).

utter, T., Van Parys, B. (&‘\Kuhn, D. (2021). A genera; f&mework for
XY Ay

optimal data-driven optimization. arXiv preprint arXiv:2010.06606v2.
® Chen, Li andh8im, Melvyn and Zhang, X @d Zhou, Minglong, Robust: \\'>
Explaj ﬂe rescriptive Analytics ( 2022). SSRN A\
.‘s@ ,.,},_\./
(\ 3 A\ ¢

&X@{

£\
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Suggested readings

S S S

\(b haowei Hao, Long He, Zhe,@Hu, & Jun Jiang (2020), t Vehicle
Pre-Allocation with Uncertain Covariates. Production and Operations
Managempr: 955-972 SO RRN

XN
* Jose Blankhiet, Lin Chen, Xun Yu Zho (2092) Distributionally Robust. 4~
Mean: ance Portfolio Selection wi@lasserstein Distances. Man@ent
Sc@e 68(9):6382-6410. Q‘X’S '\w‘g
° ¢¥ ing Sun, Weijun Xie, Tim Q@n (2022) Distributionally t Fair
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