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The cable company: problem

Cable company. plans
L0 ENLEr al NEW dlea

Currently;, low
population

Wants, tor install cable
Infrastructure in
anticipation off future
demand
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The cable company: problem

Future demand
UNKAGWN, Vet cable
company. REeds; to
puildinow

off pessible
future demands; exist:

\Where shouldl cable
company. install
cables?
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The cable company: problem

cable company. Wamnts
to use demand
forecasts, to
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Outline

Motivation: The cable; company: problem
Solution! te the cable company: problem

General covering propliem
Scenariordependent cost model
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Stochastic optimization

Classical optimization assumead
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Stochastic optimization

Classical optimization assumead
deterministic puts

Need for modeling
guickly realized [[Dantzig 55, Beale; 61 ]
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Stochastic optimization

Classicall optimization; assUmes
deterministic puts

Need fior modelingl datar Uncertainty
guickly realized [[Dantzig 55, Beale; 61 ]

[Birge, LLotveaux: 97, Klein Haneveld, van
der Vierk “99]
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Model

IWoe-stage stochastic opt. With recourse
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Model

IWErstaee stochastic opt. Withi recourse

TyWe Steicgs of dadision rrieldrie), YWitn
ligniitacl Informetion ir flirst Steeje
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Model

IIWoerstade SLocnestic opk: Withirecourse

Iwe) stages ofi decision making

Progzoility distrloticion cavarine seeonl-
SieENEabaraNERCOSISIGIVERNITNISSIEEE

19



Model

Woerstade stechastic opt. With

W0 stages o decision making
Propability dist. governing datarandl costs

240



Mathematical model

@5 probability: space off 2"¢ stage data

min  cx +E[c(w)y(o)]
Ax
T'(w)x + W(w).y(w)
xeP, y(w) € P(w)

b
hw) YVoel)

VANVA
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Mathematical model

@5 probability: space off 2"¢ stage data

min  cx +E[c(w)y(o)]

A.x S 9,
T'(w)x + Ww)y(w) < hw) Vwe
xeP, y(w) € P(w)

Extensive form: Enumerate over alllw e ©
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Scenario models

Entmerating over all w e @ may:lead to

Enumeration: (or even appreximation)
for continueus domains
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New model: Sampling Access

A\

“availaple Whichr generatessa
of 279 stage data with
as actual 279 stage

Bare; minimum requirement on model of
stochastic process
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Computational complexity.

Stochastic optimization problems selved
using Mixed Integer Program! fermulations

Solution times) prohibitive

, NOL

fermulation: E.d., 2-stage; stochastic
versions ofi MSHI, Shortest paths are NP-
nard.
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Our goal

Avorodaretion zlcoriinias Usinle) saasoline
JCEESS

= Cable company: preblem
s General modell — extensions ter ether proplems
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Our goal

Approximation algerithms using sampling
dCCESS

s Cable company. problem

s (Generall modell—extensions te ether
preblems)

s Provablerguarantees on solution quality;
= Minimal reguirements of stochastic process
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Previous WOork

s Substantial work oni exact algorithmsi [[Pinedor 95]

s Some recent approximation algorithms [Gogel,
Indyk "99; Mohring, Sechulz, Uetz 99]

s Reseurce proyvisioning with' pelynomial scenarios! [[Dye,
Stougie, llomasgard Nav. Res. Qtrly 03]

s Maypecast™ Steiner tree: A(1og /7) approximation
when terminals activate independently: [Immorlica,
Karger, Minkofif, Mirrokni 04}

28



Our work

Pelynomial Scenarios model, several  problems; using| I-P: rounding,
incl. Vertex Cover, Facility |.ocation, Shortest paths [R., Sinha,
July: 05}, appeared IPCOI 04|

Black-box model: Boosted samplingl algorithmi for covering
reblems with: subadditivity:— generall approximation: algoxithm
Gupta, Pal, R., Sinha STOC 04]

Steiner trees and networik design preblems: Polynemial
scenarios medel, Combination of P rounding and Primal-Dual
IGupta, R., Sinha FOCS 04]

Stechastic MSTis under scenariormodel and Black-box model with
polynomially: bounded cost inflations [Dhamdhere, R, Singh, 1o
appear, IPCO 05]
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Related work

Vertex cover' and Steiner trees, ini restricted models studied by
[Immorlica, Karger, Minkoff, Mirrokni SODA 04]

Rounding for stochastic Set: Cover, FPRAS for #P: hard Stechastic
Set Cover'LPs' [Shmoys, Swamy FOCS 04]

Multi-stage stochastic Steiner trees [[Hayrapetyan, Swamy,
Tlardos SODA "05]

Multi-stage Stechastic Set Cover [Shmoeys, Swamy,
manuscript; 04

Multi-stage black box model — Extension off Boosted sampling
withi rejection [Gupta, Pal, R., Sinha manuscript 05]
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General covering propliem
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The cable company: problem

Cable company Wants
to Iinstalll cables to
serve future demand
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The cable company: problem

Cable company Wants
to Iinstalll cables to
serve future demand

Future demand
stechastic, cables get
expensiver next year:

What cables to install
this year?
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Steiner Tree - Background

Griaph G=(V,£,c)
Jlerminals' S, root re5

Steiner tree: Minl cost:
tree spanning S

NP-hard, MST Is a 2-
approx, Current best

1. 55-approex (Rebins,
Zelikovsky 99)

(Agrawal, Klein, R. 91
Goeemans, Williamson 92)
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Stochastic Min. Steiner Tree

Given a

, distances ¢,
Points:

off future
demand

Wieg, simplifying
assumption: no; 1=t
stage demand
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Stochastic Min. Steiner Tree

GivVen: a Metric Space
off points, distances c.

; DUV edges
d COSLS| G5

36



Stochastic Min. Steiner Tree

GivVen: a Metric Space
off points, distances c.
ISt stage: buy edges
d COSLS| G5

. SOme
clients “realized™, buy

edges at cost 016, o
serve them (o > 1)
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Stochastic Min. Steiner Tree

GivVen: a Metric Space
off points, distances c.
ISt stage: buy edges
d COSLS| G5

. SOme
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edges at cost 016, o
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Stochastic Min. Steiner Tree

GivVen: a Metric Space
off points, distances c.
ISt stage: buy edges
d COSLS| G5

2ndistage: Some
clients “realized™, buy

edges at cost 016, o
serve them (o > 1)
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Algorithm; Beosted-Sample

from the, distrbution: of clients o;
times (sampled set S)
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Algorithm; Beosted-Sample

Sample frem the distrbution o clients o;
times (sampled set S)

MIRIMUM SPaRnIRg tree

= Recall: Minimumi spanning tree isia; 2=
appreximation torMinimum: Steiner thee
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Algorithm; Beosted-Sample

Sample frem the distrbution o clients o;
times (sampled set S)

Build minimuni spanning| tiee 7,0 S.
24 stager actlial client set realized (R)
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Algorithm; Beosted-Sample

Sample frem the distrbution o clients o;
times (sampled set S)

Build minimuni spanning| tiee 7,0 S.
24 stager actlial client set realized (R)
- Extend! 7, to spamn R
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Algorithm: Illustration

Input, withre=5;
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Input, withre=5;

@i times from
client distribution
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Algorithm: Illustration

Input, withre=5;

@i times from
client distribution
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Algorithm: Illustration

Input, withre=5;

Sample @' times firom
client distribution

T,on S
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Algorithm: Illustration

Input, withre=5;
Sample @' times firom
client distribution
Builai MST 7,0m S

When
(R) Is realized ...

3]0)



Algorithm: Illustration

Input, withre=5;

Sample @' times firom
client distribution

Builai MST 7,0m S

\Wheni actual scenario
(R) Is realized...

/ptospan K
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Analysis of 1°t stage cost

Let OPT =c(Ty)+ ) pyoc(Ty)
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Analysis of 1°t stage cost

Let OPT =c(Ty)+ Y pyoc(Ty)
X

" E[e(T))] < 2.0PT
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Analysis of 1°t stage cost

Let OPT = (T, )+Z pyoc(Ty)

Claims

Elc(T,)] £ 2.0PT
Our'e : 5={5,,
S P oL

MST(S) < 2{c(Ty )+ (T ) + ...+ c(T5 )}
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Analysis of 1°t stage cost

Let OPT =c(T))+ ) pyoc(Ty)
TP

Our o samples: $={S, S,, ..., S}
MST(S) < 2{c(Ty ) + (T ) + ...+ (T )}
E[MST(S)]< 2{c(Ty )+ E[c(T¢ )]+ ...+ E[c(T )]}
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Analysis of 1°t stage cost

Let OPT = (T, )+Z pyoc(Ty)

Claim:
E[c(T,)] < 2.0PT

Our @ samples: S={5,,
S PO
MST(S) < 2{c(Ty ) + (T ) + ...+ (T )}

E[MST(S)]< 2{c(Ty )+ E[c(T¢ )]+ ...+ E[c(T )]}
=2{c(T, )+ OE y [c(T)]}
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Analysis of 279 stage cost

Intuition:
s 1°t stage: o/samples at cost ¢;
s 2N9'stager 7 sample at cost o.c.
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Analysis of 279 stage cost

Intuition:
s 1°t stage: o/samples at cost ¢;
s 2N9'stager 7 sample at cost o.c.

IR expectation,
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Analysis of 279 stage cost

Intuition:
s 1°t stage: o/samples at cost ¢;
s 2N9'stager 7 sample at cost o.c.

IR expectation,
= 29 stage cost < 15t stage; cost

BUt we've

99



Analysis of 279 stage, cost

Claim:

Proeffusing an

5]0)



Analysis of 279 stage, cost

Claim: Eloc( 1)) = E[C(T,)]

et /- b€ an on RUS
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Analysis of 279 stage, cost

Claim: Eloc( 1)) = E[C(T,)]
Let /.- be an MSTion RUS

Associate each nede ve /ps
with' its PUV);
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Analysis of 279 stage, cost

Claim: Eloc( 1)) < E[c(T,)]
Let 75sbe an MST on R US
ASSOciate each nede Ve /e
withyits parent edge pi(v);
C(Trs)=C(PUR)) # C(PUS))

, since /5
Was the
R to 7,
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Analysis of 279 stage, cost

Claim: Eloc( 1)) = E[C(T,)]
Let /.- be an MSTion RUS

ASSOciate each nede Ve /e
withyits parent edge pi(v);
A Tps)=C(PUR)) + c(PUS))
a(Ts) = qPLR))

'/
Since RIs 1 sample andl S
IS o samples; firom
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Analysis of 279 stage, cost

Claim: Eloc(T)] = E[C(T,)]
Let /,c beran MSiFon R°US

ASSociate each nede Ve /s
with! its parent edge pt(v);
A(Tps)=CPUR)) + CPUS))
c(1p) = C(PUR))

E[C(PUR))[ = E[C(PUS)))/C

since pi(S) U pt(R). isia
while adding pi(R)'te
Iy Spans R US
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Analysis of 279 stage, cost

Claim:
Let 7.-be anMST on RUS

ASSociate each nede Ve /s
with! its parent edge pt(v);
A(Tps)=CPUR)) + CPUS))
c(1p) = C(PUR))

E[e(PUR))] = E[C(PUS)))/G
apusS))=c(ly)
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RECaP

Algorithm for Stechastic; Steiner Tree:
s 15* stage: o times, build“MSH
= 29 stage; MSTIi to realized clients
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RECaP

Algorithm for Stechastic; Steiner Tree:
s 15 stage: Sample o times, build MSi:
s 29 stage: Extend MST to realized clients

; Algerithm BOOST-AND-SAMPLE
IS a 4-approximation tor Stechastic Steiner
Iiee
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RECaP

Algorithm fer Stochastic MSIF:

s 1t stage: Sample o; times, build MSi

s 2Nd stage: Extend MSHT to realized clients

Theorems: Algerithn BOOST-AND-SAMPLE s a 4-
approximation te Stochastic Steiner Tree
SHErCeMINGS:

s Specific problem, Infa specific model

s Cannot adapt to scenarior model with nen-correlated
COSt Changes! acress SCENarios
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Coping with shertcomings

s Boosted Sampling woerks, for more, generall covering problems
withr subadditivity: - Solves; Facility’ location, Vertex cover:

= A combinationiof LP-rounding and primal-dualf methods| selves
the scenariormodel withi scenario-dependent: cost inflations; Alse
handles risk-beundsion more general network design.

70



Outline

VMotivation: The cable company: proplem
Modell anal literatlure; review
Solution! te the cable company: problem

Scenariordependent cost model
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General Model

U universe of petential clients (e.g.,
terminals)

A elements WRICH provide Service, With
element costs ¢, (e.g., edges)

Given S = U, set of fieasible sel'ns is
Sols(S) « 2%

Deterministic problem: Given; S, find
minimum: cost £ & Sels(S)

12



Model: details

Element; costsiare ¢, in first stage anal e.c,
I’ sSecond stage

In second stage, client set'S = U’ IS
iealizedrwith' probability: p(S)

Objective: Compute /) and f tor minimize

c(f) + Elo ()]
where f, U Fe € Sols(S) for alll' S

73



Sampling access model

Secondl stage: Client: set: S appears With
propability: p(S)
We only: reguirersampling access:

s Oracle, whenrdqueried, gives us ai sample
ScCenarior 2

s I[dentically distributed toractiual second stage

74



Main result: Preview

GIven stechastic eptimization: preblem With: cost

Inflation factor o :
s Generateia samples: D), D5, ..., D

s Use deterministic approximation algerithn to compute
F, € Sols(uD;)

s \WWhen actuallsecondi stage; S’ isirealized, augment by
selectingl /&

heorem: Good approximation for Stochastic
problem!
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Reguirement: Sub-additivity;

IS and S are; legal sets; o clients; thens

s S U S Is also a legali client set

s For'any £ < Sols(S) and A e Sols(S7), we
also have F U F” € Sols(SuU S7)

76



Reguirement: Approximation

here IS an c-approximation: algoerithmi for
deterministic proplem

s Glven any'S & U, can findl A< Sels(S)) 1n
polynomial time such that:

c(F) < a.min {c(F’): F e Sols(S)}

77



Crucial ingredient: Cost shares

Recall Stochastic Steiner liree:

s Bounding 2" stage; cost reguired allocating| the cost
of an MSI toi the client nedes, and summing up
carefully: (@uxiliary’ structure)

: Way. of distrbuting
splution cest to) clients
Originated In game theory. [Young, 94|, adapted

{0 approximation algoeritimsH{IGupta, Kumar;, Pal;
Roughgarden FOCS 03]
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Reguirement: Cost-sharing

c: 2% U > Ris a Bl -strict cost sharing
fUnction fer a-approximation: A

= é(57) >0onlyif je S

= 2 56(5)) < c(OPT(S5))

n [FS° = SuU 7, A(S ) Is an a-approx. fior'S, and

Aug(’s; /7)) provides’ a solution for augmenting
A(S) to also serve 7, then

5 E(55) = (1B) c(Aug(S,T)

79



Main theorem: Formal

GIven a sub-additive proplem withr a-

d
S
d

pproximation algoerithm A amnd B-strict cost
laringiiunction) the felloewing is ani (a+-61)-

0)

= st stage: Use algoritim A tercompute; /4, as an

a-approximation for Cr D)

s Second stage: When actual set S’ isirealized, use

algorithm Aug(Ur ;, S) to compute /=

pproximation algerithmi for stechastic Variant:
s Generate o1 samples: D), D5, ..., D

30



FIrst-stage cost

Samplesi D, AlgerA generates /=, € Sels(Ur b))
Define optimums 2 = ¢(F;) + 2e p(S).o.¢(Fs)
By sUb-additivity,

Frru Fpl U Fy” eSols(u D)
SINce; Alls) a-appreximation,

dFp e < dFy)+2;dF)
E[c(F, )1/ < c(Fy) + 2 EL(Fs)]

< (Fy)+0l2sp(S)cFs) = 2

Therefore, first-stage cost E[c(F))] < a2

81



Second-stage, cost

D:: samples, S i actual 2@ stage, define S'= S U D,
C(Fg) = BL6(S),S), by cost=sharing function defin.
E(5',D,) + ... +&(5°,D,) +€(5,,5) < c(OPT(5)
S5 has o+ client!sets, 1dentically’ distrbuted:
E[¢(57,5)] < E[c(OPT(S5"))]/ (0+1)
c(OPT(S")) < F)) +cFp/) + ... +c(Fpy) + (Fs),
Py sUb-additivity,
E[c(OPT(S")] < cF;y) + (c+1)E[c(F)] < (0+1)Z/c
Elo.c(F)]l < .2, bounding second-stage cost
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Outline

VMotivation: The cable company: proplem
Modell anal literatlure; review

Solution! te the cable company: problem
General covering propliem
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Stochastic Steiner Tree

First stages G, /- given
29 Stage: one of /17

OCCUFrsS.
5 S,
= Pk
= Edge factor o,

— Second stage edges
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Stochastic Steiner Tree

FIrSt stages G, 7 given
29 Stage: one of /17
SCEenarios; OCcuUrs:

s [lerminals S,

s Prebability’ g,
= Edge cost inflation! flactor o,

; 15t stage tree
/U, 279 stage, trees, /% s.t.
/°UT% span S,

Second stage edges
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Stochastic Steiner Tree

FIrSt stages G, 7 given
29 Stage: one of /17
SCENarios) OCCUrs:

s [lerminals S,

s Prebability’ g,
= Edge cost inflation! flactor o,

Objective:
. 29 stage trees /¢ s.t.
/°UT% span S,

First-stage edges
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Stochastic Steiner Tree

FIrSt stages G, 7 given
29 Stage: one of /17

s [lerminals S,
s Prebability’ g,
= Edge cost inflation! flactor o,

Objectives: 15t stage; tree
/U, 279 stage, trees, /% s.t.
72UT% span S, *

Blue scenario realized
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Stochastic Steiner Tree

FIrSt stages G, 7 given
29 Stage: one of /17
SCENarios) OCCUrs:

s [lerminals S,

s Prebability’ g,
= Edge cost inflation! flactor o,

Objectives: 15t stage; tree

70 s.t.
/°UT% span S,

Second stage for realized scenario
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Stochastic Steiner Tree

FIrSt stages G, 7 diven
29 Stage: one of /1
SCEenarios OCcuUrs:

= [lerminals S,

s Prebability: g,
= Edge cost inflationfiactor o,

ODbjective: 1°t stage tree

/0 209 stage thees /% S.t.
/PCUT% span Sy,

Second stage edges
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Tree solutions

Example withi4 scenarios
and =2

0



Tree solutions

Example withi4 scenarios
and =2

Optimall selution may.
ave |

First-stage sol'n
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Tree solutions

Example withi4 scenarios
and =2

Optimall selution may.
nave Iots off components!

: There exists a
solution where
and overall cost

IS eI MoKEe tian 3 tines ‘ -
the optimall cost Near-optimal

Restrict to tree solutions tree solution

92



[P formulation

» Erom any. (229=stage)
terminall, path to; roet consists: o exactly
two, parts: strictly: 27¢-stage, followed: by:
strictly: 1°*-stage

1P: aleng
SUCh! paths from eachl terminal to) roet

93



IP formulation
manc(e)x +Zkach(e)x

o Z(r (;iir (1) = 1
eco_ (1)
DO+ DO+ @) = 0
ecd, (v) eco_(v)
PALAT 2 ST S
eco_(v) eco, (v)

rf@)—-x < 0

x5 edge einstalled in scenario £;
rX(t): flow on edge e of type k& from terminal ¢;
for kK = 0 (1%t stage) and /=1,2,...,m (2" stage)

94



[P formulation

min Z c(e)x) + Z PO, Z c(e)x’

Z(f” (l‘) +7; (1))

eed, (t)

D (EO+ri @)= D (O +7 (1)

eco, (v) eco_(v)

Zl” GEEWAG
eco_(v) eco, (v)
AGESH

VAN

IN

Objective: minimize expected cost

95



IP formulation
manc(e)x +Zkach(e)x

Z(V (f) +7, (1))

eco, (1)

D O+ri @)= Y (@) +7, (1))

eco, (v) eco_(v)

Zl” (= D 1)

eco_(v) eco, (v)
k k
r, (1)—x,

VAN

IN

Unit out-flow from each terminal

96



IP formulation
manc(e)x +Zkach(e)x

4 Z(r (;;+r (1) = 1
DO+ ) - Z(I’e O+r @) = 0
eed, (v) e€d_(v)

PALAT 2 ST S
eco_(v) eco, (v)

rf@)—-x < 0

Flow conservation at all internal nodes (v Z ¢, r)

97



IP formulation
manc(e)x +Zkach(e)x

eckE ecE

Z(r O+rf() = 1
eco_ (1)
DO+ DO+ @) = 0
ecd, (v) eco_(v)
X AN =8
eco_(v) eco, (v)

rf@)—-x < 0

Flow monotonicity: enforces “First-stage must be a tree”
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IP formulation
manc(e)x +Zkach(e)x

o Z(r (;;ir (1) = 1
eco_ (1)
DO+ DO+ @) = 0
ecd, (v) eco_(v)
PALAT 2 ST S
eco_(v) eco, (v)

rr@)—-xf < 0

Flow support: If an edge has flow, it must be accounted
for in the objective function

99



[P formulation

min Zc(e)x + Z pkakz c(e)x?
Z(r (t) +ri@) = 1

eco, (1)

DO+ )~ DO+ () = 0
eco, (v) eco_(v)
Y- Y < 0
eco_(v) eco, (v)
rf()—-xt < 0
ri(t),xs > 0
(0%, € {05

100



Algoerithm: overview

(xr) € ielaxation
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Algoerithm: overview

O r) < Optimal selution to; LP: relaxation

s Obtain a new graph: G where; 2x? forms a
fractionall Steiner tree

s Round using primal-duall algorithm; this'is 77
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Algoerithm: overview

O r) < Optimal selution to; LP: relaxation

1=t stage splution:

s Obtain a new graph: G where; 2x? forms a
fractionall Steiner tree

s Round using primal-duall algorithm; this'is 77

s ExXamine remaining terminalsiinieach scenario
= Use modified primal-dual method to ebtain 7%

103



Fil‘st Stage

Examine
for each terminal

Tertnin :li-_

IE' ECO IZ:]_ at age
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[FISt stage

Examing fractional paths
for each terminal

: Flow
“transitions firom); 219-
stage to 15-stage

i |
mecohd stage

T Critical radms
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[FISt stage

Examing fractional paths
for each terminal

Criticall radius: Elow.
“transitions” from, 2nd-
stage to 15-stage

Construct
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[FISt stage

Critical radius: Eractional
flow “transitions” from
2ha-stigge to) 1s-stiage

Construct
fior all
terminals
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[FISt stage

Critical radius: Eractional
flow “transitions” from
2ha-stigge to) 1s-stiage

Construct twice the ¢ r
fior all terminals

EXamineé In Incréasing
order of' ¢
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[FISt stage

Critical radius: Eractional
flow “transitions” from
2ha-stigge to) 1s-stiage

Construct twice the ¢ r
fior all terminals
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[FISt stage

Critical radius: Eractional
flow “transitions” from
2ha-stigge to) 1s-stiage

Construct twice the ¢ r
fior all terminals

EXamineé In Incréasing
order of' ¢

RV< independent set
based on 2 X C.I:
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First stage amnalysis

Critical radius: Eractional
flow “transitions” from
2ha-stigge to) 1s-stiage

RV'< independent set
pased on 2 X G.I.

/U & Steiner tree on RY

around vertices in RZ

firactional
Steiner tree for R%in G~
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First stage amnalysis

RV'< independent set
pbased on 2 X C.I.

/U & Steiner tree oni RY

G & Contract ¢/ balls
around vertices in R’

22XV s fieasible fractional
Steiner’ tree for R%in G~

(disjoint from others)
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Second stage

/P& 15t stage tree
Consider Scenario A
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Idea; Run: Steiner tree
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stepping moat /M when:
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Second stage

/P& 15t stage tree
Consider Scenario A

Idea: Runi Steiner tree
primal-dual en' terminals,
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= MNitsia stopped moat
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Second stage

Ideai Run Steiner tree
primal-dual en terminals,
stepping moat /M When:
= Mhits alstopped moat

= [Forevery terminallin /M,
less than! 72 flow! leavingl M
S 2d-stage
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Second stage

Ideai Run Steiner tree
primal-dual en terminals,
stepping moat /M When:
s Mhits 79

= Mhits alstopped moat
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Second stage analysis
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Second stage analysis

Primal-duall accounts for
edges Inside moats

paid by
carefully: accounting:

s Primal-dual bound

= [For every terminall ¢, there
IS VeRZWithint 4 X c.zz of ¢
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SST: main result

for
Stochastic Steiner Tree
(Improvement: te) 16-
approx possible)

Primal=cdual
overiaid onr LP: selution

Extensions ter more
denerali network design
With routing coests

Per-scenario risk-bounds
Incorpoerated and! roeunded
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Main Technigues in; other results

— Rounding nattral P
fermulation usingifilter-and-round (Lin-Vitter, Shimoys-
Tiardos-Aardal) carefully: [[Details in IPCOI 04}

— Both scenario and
plack-box models - Randomized rounding o naturall P
fermulation gives nearly best possible O(log [Ne. of
vertices]l + log [[max cost/min| Cost o an Edge achoss
scenarios|) approximation result [Details in IPCO ‘05]

— Beosted
sampling With' rejection; based on: ratior off Scenarioss
Inflation to: maximum possible works [manuscript]

1127



Summary

Naturalibeosted sampling algorithm Works for a broad
class of stochastic preblemsiin: black-box model

Boosted sampling Withi rejection: extends tormulti-stage
COVEring, problems ins the black-box medel

EXISting technigues can: be cleverly: adapted for the
scenario model (E.g., ILP-reunding fior Facility. location,
primal-dual fer Vertex: Covers, combination off bethrfor
Steiner trees)

Randomized rounding of LP fiormulations works for
plack-boex fiormulation off spanning trees
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