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Abstract

Real-worlddistributedsystemsandnetworksare
often unreliableand subjectto randomfailures
of its components. Sucha stochastichehaior

affectsadwerselythe compleity of optimization
tasksperformedoutinelyuponsuchsystemsin

this work we investigateMonte Carlo solutions
for a classof two-stageoptimizationproblemsn

stochastimetworksin which the expectedvalue
of resourcesallocatedbefore and after the oc-
curenceof stochasticfailures needsto be opti-

mized. The limitation of theseproblemsis that
their exactsolutionsareexponentialin the num-
ber of unreliablenetworkcomponentsthus,ex-

act methodsdo not scale-upwell to large net-
works often seenin practice. We rst showv

thatMonteCarlooptimizationmethodsanover

comethe exponentialbottleneckof exact meth-
ods. Next we supportour theoretical ndings on

resourcellocationexperimentaandshav avery
goodscale-uppotentialof the methodson prob-
lemswith large stochastimetworks.

1 Intr oduction

Mary distributedandnetworksystemsn practiceareunre-
liableandsubjecto randonmfailuresof its componentsEx-

amplesof suchsystemsarepowergrids,wherethedistribu-
tion ability of the networkcanbeaffectedby demandver-

loads,equipmentmalfunctions,and otherrandomevents,
or varioustransportation/communicatifinformaton net-
works subjectto congestionsand intermittent failures.
Stochasticbehaior of a network systemand its compo-
nentscan affect seriouslythe functionality of the system
andtasksto be performedover its resourcesindtopology

Mary tasksto beaccomplishedby the networksystemcan
be formulatedas resourceallocation(optimization) prob-
lems. In resourceallocationproblemswe seekthe bestas-
signmentof resourceso networks(e.g. o ws on edges),
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typically with someconsideratiorto costsandbene ts of
suchallocations. In the stochastiacase,we needto con-
siderrandom uctuations of the underlyingnetworkstruc-
tureandassociatedif culties in satisfyingour objecties.
While thereare often modelsand ef cient algorithmsfor
allocationproblemsn deterministicsystemstypically for-
mulatedasmatchingor o w optimizationproblemd18, 6],
solutionsfor the networkswith stochasticcomponentsire
not straightforward. The main dif culty is thatthe qual-
ity of anindividual allocationpolicy depend®n all possi-
ble con gurationsof unreliablenetworkcomponentsThe
problemhereis the curseof dimensionality:the number
of all possiblenetworkoutcomesanbe exponentialin the
numberof unreliablenetworkcomponentsThe challenge
is to investigatesolutionsthatcanalleviate the exponential
bottleneckand can scale-upwell to large real-world net-
works.

Thefocusof thiswork is on the developmentandanalysis
of Monte Carlosolutionsfor two-stageresourceallocation
problemsn large stochastimetworks.Two-stagestochas-
tic problemswere introducedby Dantzig [7]; Birge and

Loveaux[2] summarizethe advancesin this area. From

the network-relatedvork, Monte Carlo solutionsfor two-

stageroute optimization problems[15] in unreliablenet-

workshave beenstudiedrecentlyby Verweij et al [21].

A two-stageproblemin contet of unreliable networks
consistsof the following sequenceof steps: (1) allocate
initial resourcesver the unreliablenetwork, (2) obsere
stochastievents(failuresof networkcomponents)(3) al-
locate/reallocateéhe remaining network resourcesgiven
constraintsmposedby initial allocationsandnetworkfail-
ures. Two allocationstagesare subjectto differentsetof
constraints. Someallocationdecisionscan be madeonly
in the rst stagebeforestochastidailurestake place;the
secondstagedecisionsare constrainedy the rst stepal-
locationsandobsenedcon gurationof unreliablenetwork
components.Becauseof the dependenciebetweenallo-
cation stageghis type of problemis alsoreferredto asa
two-stageproblemwith recoursg7, 2]. Two-stagestochas-
tic problemsarisecommonlyin variousinvestmentsupply



managemerdr communicatiorapplications Examplesn-

cludeoptimizationsof productdistributionin supplyman-
agementsubjectto transportatiorfailures, tradingin dis-

tributed commodity markets,optimizationsof equipment
parametersn communicatiometworks,allocationof an-

cillary generatingapacitiesn power gridsandothers.

A two-stageesourcallocationproblemis aspeciakaseof
a stochastiglanningproblem. Stochastiglanningprob-
lemshasbeenstudiedextensiely by researchers Al for
a numberof years. Much of the researchwork hasfo-
cusedon planning problemswith very large statespaces
[3, 8,4,13,9], considerablyessattentionhasbeenpaidto
problemswith complex actionspaceq17, 10]. Although
two stageresourceallocationproblemsin stochastimet-
works are restrictedin termsof the numberof decision
stagestheir stateandactionspacesarevery complex and
include mary dependentomponents.An interestingas-
pectof the problemthataffectstremendouslyhe comple-
ity of the optimizationis therandom uctuation of theun-
derlying networktopologyandthe fact that optimizations
of resourcesreperformedover suchtopologies.

In the following text, we rst formulate the two-stage
stochastigproblemfor network systemsand describethe
exponentialbottleneckassociatedvith its exact solution.
Next we describeMonte Carlosolutionsfor the evaluation
and optimizationof the two-stageproblemsand analyze
their complity. Finally we testthe scale-uppotentialof
the algorithmson a problemof optimalallocationsof con-
sumerandproduceicapacitiesn astochasti¢ransportation
networkandillustratea very goodperformancef methods
in termsof thequality of obtainedapproximationsindtheir
runningtimes.

2 Two-stagestochasticoptimization
problem

The goal of the two-stageproblemis to allocateresources
over the unreliablestochastimetwork suchthat we maxi-
mizethe expectedutility of suchallocations.

Let denotea vector of allocation
decisiongnadein the rst stage; aspaceof all possible
allocationchoices; a failure con guration
— an outcomeof a multivariaterandomvariablewith bi-
nary (0,1) values,suchthat representshe failure and
properly operatingcomponent; a spaceof all possible
con gurations,and, avectorof allocationsselectedn
the secondstage. The two-stageallocationproblem(with
recourseranbeformulatedas:

maximize
subjectto

Function de nesexpectedvalue (utility) of theallo-

cation . It decomposefto the rst-stagevalue , and
the expectationover all secondstagevalues . Note that

itself corresponds$o a mathematicabptimizationprob-
lem. Functions and de ne the constraintsvariables
must satisfy Constraints describethe depen-
denciesdetweerthe rst stagedecisions andthe second
stagedecisions . Eachconstraintoldswith probabil-
ity 1, or for eachpossible

A two stageoptimizationproblem(with two optimization
stages)s typically convertedto a singleoptimizationprob-
lem whereallocations are optimizedtogetherwith all
possiblesecondstagedecision

Curse of dimensionality. The hardestpart of solving
a two-stagerecourseproblemis to evaluatethe expected
valuesof . Whenrandomvariablesare discretelydis-

tributed,the problemcanbe written asa large determinis-
tic problem:the expectationsanberewrittenassumsand
eachconstraintcan be duplicatedfor eachrealizationof

randomvariables.Theapparentimitation hereis thecurse
of dimensionality;the compleity of the formulationde-

pendson the spaceof all realizationsof randomvariables

. For discretevariables,the spaceis exponentialin the
numberof variables.

We stresghatthedimensionalityproblemaffectsadwersely
not only the optimizationbut also the evaluationtask in
which we wantto computethe valueof some x edalloca-
tion

Objective. Our main objectie is to alleviate the dimen-
sionalityproblem.Basically we wantto eliminatetheneed
to considerexplicitly all con gurationsin  andreplace
them with a small (polynomial) set of failure con gura-
tions. Then,if the setof constraintsaanda function are
linearand is a linear programmingproblemthe exact
solutioncanbe obtainedef ciently .

Solutions to dimensionality problem. In this work we
focuson Monte-Carlo(MC) approximations.Alternative
approachesiclude(1) mean-basedpproximation$19] in
whichrandomvariablesarereplacedvith their meansand
(2) approximationbasedn stateaggregations(clustering)
[11] in which the spaceof failure con guration is parti-
tionedinto a“small” setof nonoverlappinggroupsandev-
ery groupis replaceddy asinglegrouprepresentate. The
limitation of boththeseapproachess thatthey donotcome
with ary accurag guaranteeandthusrepresenheuristic
approximations.

3 Monte-Carlo approximations

The idea behind Monte-Carlo (MC) approximationsis
to replace expectations over stochastic con gurations
with their sampleestimates.



3.1 Monte Carlo evaluation

Let bethevalueof the x edallocation . Thequan-
tity canbeapproximatedising samplef randomvari-
ables as:

It is easyto seethatoncethe sample is ob-
tainedthe problembecomesa deterministicproblemand
its compleity depend®only on

Samplecomplexity analysis. The sampleaverage

is anunbiasedstimatorof and .
The probabilityof makinganerrorlargerthan for asam-
ple of size , , canbe bounded
usingstandardoncentratiomnequalitiefsee for example,
McDiarmid [16]). Theresultis summarizedn thefollow-
ing theorem.

Theorem1 Let
tion of

bethesampleaveiageapproxima-
for the xed . Then:

Thenumberof samples toobtainthe estimatas:

whee is the differencebetweerthe
maximumand minimumpossiblevalues cantakegiven

Proof. The quality of the approximatiorof follows

directly from Hoefding'sinequality[12]. B

The importantfeatureof theapproximatioris thatit is in-
dependendf : thenumberof differentfailure con gu-
rations,thusthe MC evaluationis ableto breakthe expo-
nentialdependencon . We notethatthe boundsin the
theoremarenot thetightestpossibleput they aresufcient
to shawv the independencen . Tighter boundsfor
canbeobtainedhroughBennetsor Bernsteinsconcentra-
tion inequalitieq16] or directly from Chernof'sexponen-
tial bound[5].

3.2 Monte Carlo optimization

Theoptimizationproblemis harderandrequiresusto opti-
mizeoverthespace of all possiblerst stageallocations.
In general,two Monte-Carlosolutionscan be appliedto
solve the problem:interior and exterior methodq19, 14].
In interiormethodssamplingis performednsideof acho-
senalgorithmwith new (independent3amplegeneratedh
the process.The advantageis that the samplingapproach

is tted closelyto the optimizationmethodselected.Ex-
amplesof the methodsare: stochasticdecompositiorand
statisticalL-shapemethod.In exterior methodghe sample
is generateaxternally and, thus, it is independenof the
optimizationmethodused.In this work we pursueexterior
methods.

Theideaof theMC optimizationis to approximateheallo-
cationproblemwith the sampleaverageproblem[19, 14]:

maximize —

The sample usedin the approximationis
sharedamongdifferentallocationchoicesandthe problem
is transformednto a deterministicoptimizationproblem.

We notethatthis is possiblesinceallocationsof  do not
affect stochasticomponentgandtheir distribution.
Samplecomplexity analysis.Let be

the optimalsolutionto ,and

be the optimal solutionto the MC optimization
Ourgoalhereis to determinghe accurag of theMC so-
lution . Wewantto show thatsimilarly to theevaluation
problemthe precisionof the MC methodis independenof
thesizeof thecon gurationspace . In thefollowing, we
provethisfor: (1) nite allocationspace and(2) alloca-
tion space boundedio a subspacef IR . Finite space
analysissimilarto oursappearsn [14]. Compleity results
for theboundedsubspacarenew to ourknowledge.

Theorem 2 Let
Then:

bea nite allocationspaceof size

The numberof sampleghat guaranteesthe  opti-
malityof is: _ —
Proof. The inequality follows from Hoefiding's bound

with Bonferroni'scorrection. The probabilitythatthe es-
timateof ary value differsby morethan  is:

Assumingonly differencesmallerthan  for all ,
thedifference canbeatmost . Thus:

The samplecompleity boundfor  follows directly by
boundingthe probabilitywith the con denceparameter .
|

Boundedallocation space. Assumewithoutlossof gen-
erality, that . Let us further assumethat the
function is Lipschitzcontinuous.



Theorem 3 Let and satis esthe Lips-
chitz continuitycondition:
for any . Then:

The numberof sampleghat guaranteesthe
malityof  is: —

opti-

Proof. Let bea nite subsebf suchthatfor all
thereexists satisfying .
can be de ned by constructingan n-dimensionakqually

spacedyrid with —  points.
Let be the optimal solution restrictedto , that
is: , and let be the

optimal solution to the sample average approximation
with samplesrestrictedto the grid ,

. Then,usingtheabove resultfor the
nite setstheoptimalsolutionsatis es:

In the abore derivation we usedthe fact that:
and
tuting suchthat

. Substi-
we obtain:

Thenumberof samples necessaryor estimatds ob-
tainedby boundingthe probabilitywith the con dencepa-
rameter .l

The compleity resultsin Theorems and3 shaw thatthe
numberof samplesieededo obtainthe  approximation
is independenobf the sizeof the con gurationspace that
is exponentialin the numberof unreliablenetwork com-
ponents. We seethatin the caseof the boundedalloca-
tion space , thenumberof samplesiepend®nly lin-
earlyonthedimension of the rst stageallocationvector
Thus,MC optimizationmethod<liminatethe exponential
dependencon the numberof unreliablenetworkcompo-
nents.

3.3 Practical considerationsand improvements

Theoverallrunningtime performancef the MC optimiza-
tiondepend®ntwofactors:asamplesize  andoptimiza-
tion algorithmsappliedto solve the optimizationproblem.

Sinceoptimizationalgorithmstendto scaleworsethanlin-

early it is importantto keepthe numberof samplecon-
gurations over which we optimize as small as possible.
In the following we discusstwo solutionsaddressingdhis
problem.

Empirical (sample)distrib ution. A relatively straightfor
ward simpli cation reducingthe compleity of optimiza-
tion taskstakesadwantageof the fact that con gurations
canrepeatin the sampleandthusthereareonly
differentcon gurationsto be considered.This effectively
reducesthe compleity of the MC optimizationproblem
since  canberewrittenusinganempiricaldistribution.

Subselectionsfrom multiple candidate solutions. The

MC optimizationcan be computationallyvery expensve

sinceboth the rst and the secondstagedecisionsmust
be often optimizedin parallel. Fromthis perspectie, the

MC evaluationof a x ed allocation with ~ samples
comeswith an adwantage;the evaluationcan be decom-
posednto independensecond-stageptimizationprob-

lemsof smallercompleity. We can usethis propertyto

construci new classof optimizationalgorithms.Themain

ideais thatinsteadof solving onelarge MC optimization
problemde ned by a large samplesize, it may be com-

putationallyless expensve to solve ~ MC optimization
problemsbasedon a smallersamplesize  andpick the

best-out-of solutionby evaluatingand comparingeach
candidateon alargersample

To illustratethe subselectiondeaassumehat both stages
of the two-stageproblemcorrespondo linear problems,
and is the compleity of the linear optimization
algorithmfor the problemof size . ThenMonte Carlo

evaluation (after the decomposition)can be performed
roughlyin time where isthesamplesize
usedin the evaluationand is the compleity of thenet-

work. In contrastto this, the compleity of the MC op-

timizationis approximately where isthe
samplesizefor the optimizationpurposesSince

grows morethanlinearly, it may be computationallyless
expensveto rst solve differentMC optimizationtasks
with a smallersample  andthenpick the bestsolution
via MC evaluationson a samplesize ratherthan
performingthe MC optimizationon a large samplesizedi-

rectly.

4 Evaluation

Samplecompleity boundsderivedin the previoussection,
thoughusefulfrom thetheoreticaberspectie, areoftenof

limited practicalimportance Thereasoris thatthe sample
size requiredto achieve thedesiredaccuray is typically

muchsmaller To obtaina realistic picture aboutthe per

formanceof the MC optimizationmethodswe conducta
seriesnf experimentonresourceptimizationproblemsn

stochastiaetworks.
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4.1 Example

As a example we considerthe problemof allocation of

producers'and consumers'capacitiesover an unreliable
transportatiometwork. Figure 1 illustratesthe topology
of onesuchnetwork. The networkconsistof threetypes
of nodes:producer(or input) nodes consumeior output)

nodesand regular nodes. Producerand consumemodes
represenproducers/consumeds a resourcgcommodity

serviceetc.). Links representransportatiorconnections.
Links and nodeshave capacitiesrepresentingransporta-
tion limits andlimits on the production/consumptio

In the rst stageof the problemthe amountsof resources
to be producedandconsumedy individual producersand
consumersirechosen.Resourcesire boughtandsold us-
ing purchaseorices and . Theinitial purchases
andsellsareperformedbeforeresourcesredistributedvia
the transportatiometwork. Thus, initial allocationsare
bestviewed as future contractson the delivery. The un-
derlying transportatiometworkis subjectto randomcon-
nectionfailures. When&er a connectiorfails the delivery
of a resourcemay not be possible. Sucha situationmay
resultin losses.Lossesarede ned in termsof the return
(second-stagejrices: and . Theseareprices
onewouldreceve or have to payif theinitial contractsare
not satis ed. Thus,in the secondstagethe decisionabout
the distribution of resourcedeadingto minimal lossesis
sought.

Our ultimategoalis to nd the allocationof resourcego
producers'and consumersnodesso that the overall ex-
pectedreturnsareoptimized.The expectationcoverscom-
binedreturnsfrom both stages.

Let bethe vectorof initial resourceallocationsin pro-
ducers'andconsumershodes.Thetwo-stageoptimization
problemcanbeexpresseds:

maximize
subjectto:
for every consumenode
for every producemode
where

and arecapacitylimits on nodes.Thefunction
correspondso thesecondstage(linear)optimizationprob-
lem for thefailure con guration :

where:

and represensecondstageresourceallocationsfor the
failure con guration . Theconstraintsn thesecond-stage
linear program(not showvn) assurethe satisfactionof ca-
pacity constraintsandthe conseration of o w after com-
ponentfailures.

The two-stageoptimizationproblem can be meged into
one (huge)linear programwherethe optimizationof the
two stagess performedn parallel:

subjectto constraintsfor the rst stageand the union of

constraintdor every secondstageproblem.lt is important
to stresghatthe combinedinearprogramoffersatremen-
dousamountof structuresooptimizationtechniquedased
on L-shapecuts (or Bendersdecompositions)20] canbe
utilizedto solveit moreef ciently .

4.2 Experiments

We have evaluatedheMC optimizationalgorithmsonmul-
tiple transportatiometworks.To illustratethe scale-upbe-
havior of the MC algorithmwe usethe examplefrom Fig-
ure 1 with 22 unreliableedgesand 600 possiblenetwork
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failure con gurations.  The exact optimizationproblem

for this network can be formulatedas an LP with over
variables.Thisis still in the reachof our optimiza-

tion packagg - ) [1] sowe areableto comparethe

MC solutionto the exactsolution. The exact solutiontook
seconds.

In the rst setof experimentswe have comparedhe MC

optimizationmethodfor differentsamplesizes againsthe
optimal solution and two stravman approximations:the
deterministicapproximationand the mean-base@pprox-
imation. The deterministicapproximatiorwasobtainedby
solvingtheallocationproblemwhile ignoringthe failures,
the mean-base@pproximationreplacedall randomvari-
ablesrepresentinghe edgefailureswith their means.Fig-
ure 2 shaws true expectedvaluesof allocationsfor differ-

entoptimizationmethods Becausef thevariationsdueto
samplingwe plot averageexpectedvalueover 50 different
runsof the MC method.

Figure 3 illustratesan averagetime in secondgover 50
trials) to solve an MC optimizationproblemfor different
samplesizes. In contrastto theseresults,it took
seconddo solve the problemexactly. Solutionsof the de-
terministicandmean-basedpproximationsvereobtained
in abouttwenty milliseconds Fluctuationsn averagetime
canbe explainedby the fact that the MC optimizationis
performedon the empirical distribution (seesection3.3)
thateffectively reduceghesizeof the'sample'usedby the
linearprogram.Despitethis, the runningtimesof the MC
optimizationappearto ramp up fasterthanlinearly in

The total numberof failure con gurationsfor the problem
in Figurelis . Ourinitial goal, however, wasto formulatea
problemwe were ableto solve exactly so that we cancompare
the MC solutionto the exactsolution. For thatreasorthe number
of con gurationswasrestrictedo . Experimentawith thefull
con gurationspacearedescribedaterin thesection.
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for 1, 2 and5 candidatesolutions.Theresultsareaveraged
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which is expectedand due to the compleity of the em-
ployedLP optimizationalgorithm.

One way to reducethe compleity of the MC optimiza-
tion for very complex networksis to usethe subselection
method(Section3.3). The approachselectshe bestallo-
cationfrom amonga setof candidateallocationsgachob-
tainedby solvingthe problemon a smallersamplesize
The bestsolutionis selectedy evaluatingandcomparing
eachallocationon a large sample . Theexpected
bene t is thatevaluationsaremucheasierto do sincethey
decomposdo a sequenceof smaller optimization prob-
lems.Figure4 illustratestheimprovementin thequality of
allocationsfound throughthe subselectiormethodwith 2
and5 candidatesolutionsascomparedo the standardMC
optimization( ). Thenumberof sampleshavnin the
graphde ne the samplesize . The evaluationsample
for the subselectiomethodwas x edto . The



resultsin Figure4 shav someimprovementsin the qual-

ity of allocationdoundthroughthesubselectiompproach.

However, only improvementdetweenhestandardiC op-

timization method ( ) and the subselectiormethod
with candidatesppearo be signi cant. Thereis a
visible samplegapbetweenwo solutionswith thesameex-

pectedutility which indicatesmprovementsn the quality
of the solutiondueto subselectiomndits potentialcompu-
tationalbene ts. We notethatthe samplegapis smallerfor

smallersamplesizes(in the rangeof 20-30samplesyand
wider for larger samplesizes(50-70samples).The differ-

encesappearso be problemspeci ¢ but the fact we seea
clearseparatiorbetweerthe two methodsllustratesa po-

tentialbene t of thesubselectiomapproactandwarrantsts

furtherstudy Thedifferencedbetweersubselectiongith 2

and>5 candidatesolutionsarelessdramatic. This indicates
a multiway trade-of betweerthe samplesize,the number
of candidatesised,andthe quality of the solution. We ex-

pectthe optimal balancebetweentheseparameterso be
problemspeci ¢ andinsightsinto thesetrade-ofs would

requirefurtherexperimentation.

Overall, the quality of MC optimizationsandtheir running
timesonourexampleareveryencouragingThegoodnens
is thatwe have obseredsimilarbehaiors on multiple net-
worksof comparableompleity, but with differentfailure
distributions,nodesconnectvity andreward structure.To
illustratethe scale-upgperformancef the MC methodson
evenlargerproblemswve have experimentedvith anetwork
with distinctfailure con gurations.Theexactopti-
mizationsolutionis out of the reachof the currentLP op-
timization methods(the LP would requireroughly  mil-

lion variables). However, even in this casewe were still

ableto evaluatethe x edallocationsexactly.  Figure5
illustratesthequality of allocationgoundby theMC meth-
ods. The graphshawvs the average(over 50 runs) of the
expectedutility of solutionsfoundby theMC optimization
methodfor differentsamplesizes,andboth the minimum
andthemaximumexpectedutilities. Althoughwewerenot
ableto computethe optimal solution,the max statisticfor

50 trials appeargo atten afterabout50 samplesandthe
maxvaluecanbe considered reasonablsurrogateof the
optimalsolution.

5 Conclusions

We have implementecand studiedMonte Carlo optimiza-
tion andevaluationalgorithmsfor two-stageesourceallo-
cationproblemsin stochastimetworks. The limitation of
this classof problemsis that their compleity grows ex-
ponentiallyin the numberof unreliablenetwork compo-
nents. We shaved that Monte Carlo optimizationmeth-

As discussedn Section3.3 the evaluationof the rst stage
allocationpolicy canbe performedby solvinga sequencef opti-
mizationtasksof smallercompleity.
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Figure 5: Expectedutilities of allocation policies found
throughthe MC optimization method. A network with
differentfailure con gurationswasusedin the
experiment. Theresultsareaveragedyver 50 solutions.In
additionto averagesyve alsoplot minimumandmaximum
expectedvaluesout of 50 averagedolicies.

odsareableto eliminatethe exponentiabottleneck Since,
the MC methodsare independenbf the spaceof all fail-
urecon gurationsthey have a greatpotentialof scaling-up
to very complex real-worldnetworkproblems.This point
hasbeensupportedy our experimentson resourcelloca-
tion problemsdn transportatiometworks.Theseresultsare
alsoin concordancavith very recentexperimentalresults
by Verweij etal [21] reportingon the performancef MC
optimizationmethodson stochastigouting problemswith
upto scenarios.

Mary interestingresearchissuesrelatedto two-stageal-

location problemsin stochasticnetworks remain open.
Themultiple-candidatenethodwith the subselectiofirom

amongasmallersetapproximateandidatesolutions gspe-
cially its variancereductionpotential heedgo beanalyzed
in moredepthboththeoreticallyandexperimentally A re-

lated problemis the choiceof the numberof candidateso-

lutionsto be usedby the method.Anotherchallengés the

investigationof the structuralpropertiesof real-worldnet-

work systemsn conjunctiorwith multivariatemodelsof its

randomcomponentsTheinsightsfrom theanalysiscanbe

usedto enhanceur ability to decompos¢he probleminto

a smallerset of optimizationsubproblems.Finally, two-

stageresourceaallocationproblemsdiscussedn this paper
arerestrictedn termsof temporalbehaiors they cancap-
ture andeffects of actionson distributions. The challenge
aheadf usis to performcomplex resourceallocationsover

unreliabledynamicallyevolving networks.
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