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Abstract

Real-worlddistributedsystemsandnetworksare
often unreliableand subjectto randomfailures
of its components.Sucha stochasticbehavior
affectsadverselythecomplexity of optimization
tasksperformedroutinelyuponsuchsystems.In
this work we investigateMonte Carlo solutions
for a classof two-stageoptimizationproblemsin
stochasticnetworksin which theexpectedvalue
of resourcesallocatedbeforeand after the oc-
curenceof stochasticfailuresneedsto be opti-
mized. The limitation of theseproblemsis that
their exactsolutionsareexponentialin thenum-
berof unreliablenetworkcomponents:thus,ex-
act methodsdo not scale-upwell to large net-
works often seenin practice. We �rst show
thatMonteCarlooptimizationmethodscanover-
comethe exponentialbottleneckof exact meth-
ods.Next we supportour theoretical�ndings on
resourceallocationexperimentsandshow a very
goodscale-uppotentialof themethodson prob-
lemswith largestochasticnetworks.

1 Intr oduction

Many distributedandnetworksystemsin practiceareunre-
liableandsubjectto randomfailuresof itscomponents.Ex-
amplesof suchsystemsarepowergrids,wherethedistribu-
tion ability of thenetworkcanbeaffectedby demandover-
loads,equipmentmalfunctions,andotherrandomevents,
or varioustransportation/communication/information net-
works subject to congestionsand intermittent failures.
Stochasticbehavior of a network systemand its compo-
nentscan affect seriouslythe functionality of the system
andtasksto beperformedover its resourcesandtopology.

Many tasksto beaccomplishedby thenetworksystemcan
be formulatedas resourceallocation(optimization)prob-
lems.In resourceallocationproblemswe seekthebestas-
signmentof resourcesto networks(e.g. �o ws on edges),

typically with someconsiderationto costsandbene�ts of
suchallocations. In the stochasticcase,we needto con-
siderrandom�uctuationsof theunderlyingnetworkstruc-
tureandassociateddif�culties in satisfyingourobjectives.
While thereareoften modelsandef�cient algorithmsfor
allocationproblemsin deterministicsystems,typically for-
mulatedasmatchingor �o w optimizationproblems[18, 6],
solutionsfor thenetworkswith stochasticcomponentsare
not straightforward.The main dif�culty is that the qual-
ity of an individualallocationpolicy dependson all possi-
ble con�gurationsof unreliablenetworkcomponents.The
problemhereis the curseof dimensionality: the number
of all possiblenetworkoutcomescanbeexponentialin the
numberof unreliablenetworkcomponents.Thechallenge
is to investigatesolutionsthatcanalleviatetheexponential
bottleneckand canscale-upwell to large real-worldnet-
works.

Thefocusof this work is on thedevelopmentandanalysis
of MonteCarlosolutionsfor two-stageresourceallocation
problemsin largestochasticnetworks.Two-stagestochas-
tic problemswere introducedby Dantzig [7]; Birge and
Loveaux[2] summarizethe advancesin this area. From
the network-relatedwork, Monte Carlosolutionsfor two-
stagerouteoptimizationproblems[15] in unreliablenet-
workshave beenstudiedrecentlyby Verweijet al [21].

A two-stageproblem in context of unreliablenetworks
consistsof the following sequenceof steps: (1) allocate
initial resourcesover the unreliablenetwork, (2) observe
stochasticevents(failuresof networkcomponents),(3) al-
locate/reallocatethe remaining network resourcesgiven
constraintsimposedby initial allocationsandnetworkfail-
ures. Two allocationstagesaresubjectto differentsetof
constraints.Someallocationdecisionscanbe madeonly
in the �rst stagebeforestochasticfailurestakeplace;the
secondstagedecisionsareconstrainedby the �rst stepal-
locationsandobservedcon�gurationof unreliablenetwork
components.Becauseof the dependenciesbetweenallo-
cationstagesthis type of problemis alsoreferredto asa
two-stageproblemwith recourse[7, 2]. Two-stagestochas-
tic problemsarisecommonlyin variousinvestment,supply



managementor communicationapplications.Examplesin-
cludeoptimizationsof productdistributionin supplyman-
agementsubjectto transportationfailures, tradingin dis-
tributedcommoditymarkets,optimizationsof equipment
parametersin communicationnetworks,allocationof an-
cillary generatingcapacitiesin powergridsandothers.

A two-stageresourceallocationproblemis aspecialcaseof
a stochasticplanningproblem. Stochasticplanningprob-
lemshasbeenstudiedextensively by researchersin AI for
a numberof years. Much of the researchwork has fo-
cusedon planningproblemswith very large statespaces
[3, 8, 4, 13,9], considerablylessattentionhasbeenpaidto
problemswith complex actionspaces[17, 10]. Although
two stageresourceallocationproblemsin stochasticnet-
works are restrictedin termsof the numberof decision
stages,their stateandactionspacesarevery complex and
include many dependentcomponents.An interestingas-
pectof theproblemthataffectstremendouslythecomplex-
ity of theoptimizationis therandom�uctuation of theun-
derlying networktopologyandthe fact that optimizations
of resourcesareperformedover suchtopologies.

In the following text, we �rst formulate the two-stage
stochasticproblemfor networksystemsanddescribethe
exponentialbottleneckassociatedwith its exact solution.
Next wedescribeMonteCarlosolutionsfor theevaluation
and optimizationof the two-stageproblemsand analyze
their complexity. Finally we testthe scale-uppotentialof
thealgorithmson a problemof optimalallocationsof con-
sumerandproducercapacitiesin astochastictransportation
networkandillustrateaverygoodperformanceof methods
in termsof thequalityof obtainedapproximationsandtheir
runningtimes.

2 Two-stagestochasticoptimization
problem

Thegoalof the two-stageproblemis to allocateresources
over the unreliablestochasticnetworksuchthatwe maxi-
mizetheexpectedutility of suchallocations.

Let ���������
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����� denotea vector of allocation
decisionsmadein the �rst stage;� a spaceof all possible
allocationchoices;�

����������
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� a failure con�guration
– an outcomeof a multivariaterandomvariablewith bi-
nary (0,1) values,suchthat � representsthe failure and �

properly operatingcomponent;� a spaceof all possible
con�gurations,and,�! "��# avectorof allocationsselectedin
the secondstage.The two-stageallocationproblem(with
recourse)canbeformulatedas:
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Function (* 
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# de�nesexpectedvalue(utility) of theallo-

cation � . It decomposesinto the �rst-stagevalue +G� , and
theexpectationover all secondstagevalues+ � . Note that

+ � itself correspondsto a mathematicaloptimizationprob-
lem. Functions6-H and
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describethe depen-
denciesbetweenthe �rst stagedecisions� andthesecond
stagedecisions�8 J��# . Eachconstraintholdswith probabil-
ity 1, or for eachpossible�KCL� .

A two stageoptimizationproblem(with two optimization
stages)is typically convertedto asingleoptimizationprob-
lem whereallocations � are optimizedtogetherwith all
possiblesecondstagedecision�! "��# .

Curse of dimensionality. The hardestpart of solving
a two-stagerecourseproblemis to evaluatethe expected
valuesof +4� . When randomvariablesarediscretelydis-
tributed,theproblemcanbewritten asa largedeterminis-
tic problem:theexpectationscanberewrittenassums,and
eachconstraintcan be duplicatedfor eachrealizationof
randomvariables.Theapparentlimitation hereis thecurse
of dimensionality;the complexity of the formulationde-
pendson the spaceof all realizationsof randomvariables

� . For discretevariables,the spaceis exponentialin the
numberof variables.

Westressthatthedimensionalityproblemaffectsadversely
not only the optimizationbut also the evaluationtask in
which wewantto computethevalueof some�x edalloca-
tion � :
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Objective. Our main objective is to alleviate the dimen-
sionalityproblem.Basically, wewantto eliminatetheneed
to considerexplicitly all con�gurationsin � and replace
them with a small (polynomial) set of failure con�gura-
tions. Then,if thesetof constraintsanda function +G� are
linear and +Q� is a linear programmingproblemthe exact
solutioncanbeobtainedef�ciently .

Solutions to dimensionality problem. In this work we
focuson Monte-Carlo(MC) approximations.Alternative
approachesinclude(1) mean-basedapproximations[19] in
whichrandomvariablesarereplacedwith theirmeans,and
(2) approximationsbasedonstateaggregations(clustering)
[11] in which the spaceof failure con�guration is parti-
tionedinto a “small” setof nonoverlappinggroupsandev-
erygroupis replacedby a singlegrouprepresentative. The
limitationof boththeseapproachesis thatthey donotcome
with any accuracy guaranteesandthusrepresentheuristic
approximations.

3 Monte-Carlo approximations

The idea behind Monte-Carlo (MC) approximationsis
to replace expectations over stochastic con�gurations
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3.1 Monte Carlo evaluation

Let (* 
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# bethevalueof the�x edallocation� . Thequan-
tity canbeapproximatedusing U samplesof randomvari-
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It is easyto seethatoncethesample�
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�^V is ob-
tainedthe problembecomesa deterministicproblemand
its complexity dependsonly on U .

Samplecomplexity analysis.Thesampleaverage(
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usingstandardconcentrationinequalities(see,for example,
McDiarmid [16]). Theresultis summarizedin thefollow-
ing theorem.
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Proof. Thequality of the approximationof (* 

�

# follows
directly from Hoeffding's inequality[12].

The importantfeatureof theapproximationis that it is in-
dependentof b E3b : thenumberof differentfailure con�gu-
rations,thusthe MC evaluationis ableto breakthe expo-
nentialdependency on b E3b . We notethat theboundsin the
theoremarenot thetightestpossible,but they aresuf�cient
to show the independenceon b E3b . Tighter boundsfor U

canbeobtainedthroughBennet'sor Bernstein'sconcentra-
tion inequalities[16] or directly from Chernoff 'sexponen-
tial bound[5].

3.2 Monte Carlo optimization

Theoptimizationproblemis harderandrequiresusto opti-
mizeoverthespace� of all possible�rst stageallocations.
In general,two Monte-Carlosolutionscan be appliedto
solve theproblem: interior andexterior methods[19, 14].
In interiormethods,samplingis performedinsideof acho-
senalgorithmwith new (independent)samplesgeneratedin
the process.Theadvantageis that the samplingapproach

is �tted closely to the optimizationmethodselected.Ex-
amplesof the methodsare: stochasticdecompositionand
statisticalL-shapemethod.In exterior methodsthesample
is generatedexternally, and,thus,it is independentof the
optimizationmethodused.In this work wepursueexterior
methods.

Theideaof theMC optimizationis to approximatetheallo-
cationproblemwith thesampleaverageproblem[19, 14]:
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�^V usedin the approximationis
sharedamongdifferentallocationchoicesandtheproblem
is transformedinto a deterministicoptimizationproblem.
We notethat this is possiblesinceallocationsof � do not
affect stochasticcomponentsandtheir distribution.
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Ourgoalhereis to determinethe `�y accuracy of theMC so-
lution ��Ž

V

. Wewantto show thatsimilarly to theevaluation
problemtheprecisionof theMC methodis independentof
thesizeof thecon�gurationspaceE . In thefollowing, we
prove this for: (1) �nite allocationspace� and(2) alloca-
tion space� boundedto a subspaceof IR“ . Finite space
analysissimilar to oursappearsin [14]. Complexity results
for theboundedsubspacearenew to ourknowledge.

Theorem 2 Let ” bea �nite allocationspaceof size b ”Nb .
Then:
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Proof. The inequality follows from Hoeffding's bound
with Bonferroni'scorrection. Theprobabilitythat thees-
timateof any value �

Cš” differsby morethan `�›-l is:
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The samplecomplexity boundfor `�y follows directly by
boundingtheprobabilitywith thecon�denceparametery .

Boundedallocation space. Assume,without lossof gen-
erality, that �
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Thenumberof samplesU necessaryfor `�y estimateis ob-
tainedby boundingtheprobabilitywith thecon�dencepa-
rametery .

Thecomplexity resultsin Theorems2 and3 show that the
numberof samplesneededto obtainthe `�y approximation
is independentof thesizeof thecon�gurationspace� that
is exponentialin the numberof unreliablenetworkcom-
ponents. We seethat in the caseof the boundedalloca-
tion space Œ�

	�¡�¢

“

, thenumberof samplesdependsonly lin-
earlyonthedimension

±

of the�rst stageallocationvector.
Thus,MC optimizationmethodseliminatetheexponential
dependency on the numberof unreliablenetworkcompo-
nents.

3.3 Practical considerationsand impr ovements

Theoverall runningtimeperformanceof theMC optimiza-
tiondependsontwofactors:asamplesizeU andoptimiza-
tion algorithmsappliedto solve theoptimizationproblem.

Sinceoptimizationalgorithmstendto scaleworsethanlin-
early, it is importantto keepthe numberof samplecon-
�gurations over which we optimizeas small as possible.
In the following we discusstwo solutionsaddressingthis
problem.

Empirical (sample)distribution. A relatively straightfor-
ward simpli�cation reducingthe complexity of optimiza-
tion taskstakesadvantageof the fact that con�gurations
canrepeatin thesampleandthusthereareonly U

´

7âU

differentcon�gurationsto beconsidered.This effectively
reducesthe complexity of the MC optimizationproblem
since(

V

canberewrittenusinganempiricaldistribution.

Subselectionsfrom multiple candidate solutions. The
MC optimizationcan be computationallyvery expensive
sinceboth the �rst and the secondstagedecisionsmust
be often optimizedin parallel. Fromthis perspective, the
MC evaluation of a �x ed allocation � with U samples
comeswith an advantage;the evaluationcan be decom-
posedinto U independentsecond-stageoptimizationprob-
lemsof smallercomplexity. We canusethis propertyto
constructanew classof optimizationalgorithms.Themain
ideais that insteadof solving onelarge MC optimization
problemde�ned by a large samplesize, it may be com-
putationallylessexpensive to solve ¥ MC optimization
problemsbasedon a smallersamplesize U

� andpick the
best-out-of¥ solutionby evaluatingandcomparingeach
candidateona largersampleU

� .

To illustratethesubselectionideaassumethatbothstages
of the two-stageproblemcorrespondto linear problems,
and ã* "ä* Jå�#I# is the complexity of the linear optimization
algorithmfor the problemof size å . Then Monte Carlo
evaluation (after the decomposition)can be performed
roughlyin time ã* ÉU

�

ä* Jæ–#I# where U

� is thesamplesize
usedin theevaluationand æ is thecomplexity of thenet-
work. In contrastto this, the complexity of the MC op-
timization is approximatelyã* Jä* ÉU

�

æ·#I# where U

� is the
samplesizefor theoptimizationpurposes.Since ã* "ä* Jå�#I#

grows morethan linearly, it may be computationallyless
expensive to �rst solve ¥ differentMC optimizationtasks
with a smallersampleU

� andthenpick the bestsolution
via MC evaluationsona samplesize U

��ç

U

� ratherthan
performingtheMC optimizationona largesamplesizedi-
rectly.

4 Evaluation

Samplecomplexity boundsderivedin theprevioussection,
thoughusefulfrom thetheoreticalperspective,areoftenof
limited practicalimportance.Thereasonis thatthesample
size U requiredto achieve thedesiredaccuracy is typically
muchsmaller. To obtaina realisticpictureaboutthe per-
formanceof the MC optimizationmethodswe conducta
seriesof experimentsonresourceoptimizationproblemsin
stochasticnetworks.
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Figure1: An exampleof a transportationnetworkwith � ve
producerand� ve consumernodes.Dashedlinesrepresent
unreliableconnectionssubjectto randomfailures.Capacity
limits on edgesandnodesareshown in parenthesis.Pro-
ducerandconsumernodeshavetwo prices:purchase(�rst-
stage)andreturn(secondstage)price.

4.1 Example

As a example we considerthe problemof allocationof
producers'and consumers'capacitiesover an unreliable
transportationnetwork. Figure 1 illustratesthe topology
of onesuchnetwork. Thenetworkconsistsof threetypes
of nodes:producer(or input) nodes,consumer(or output)
nodesand regular nodes. Producerand consumernodes
representproducers/consumersof a resource(commodity,
serviceetc.). Links representtransportationconnections.
Links and nodeshave capacitiesrepresentingtransporta-
tion limits andlimits on theproduction/consumption.

In the �rst stageof the problemthe amountsof resources
to beproducedandconsumedby individualproducersand
consumersarechosen.Resourcesareboughtandsoldus-
ing purchaseprices è�é

†
H

“

H

and è�é

†Œê
:4ë

ì . Theinitial purchases
andsellsareperformedbeforeresourcesaredistributedvia
the transportationnetwork. Thus, initial allocationsare
bestviewed as future contractson the delivery. The un-
derlying transportationnetworkis subjectto randomcon-
nectionfailures. Whenever a connectionfails thedelivery
of a resourcemay not be possible. Sucha situationmay
result in losses.Lossesarede�ned in termsof the return
(second-stage)prices: è4é�é

†
H

“

H

and è�é�é

†Œê
:4ë

H

. Theseareprices
onewouldreceive or have to payif theinitial contractsare
not satis�ed. Thus,in thesecondstagethedecisionabout
the distribution of resourcesleadingto minimal lossesis
sought.

Our ultimategoal is to �nd the allocationof resourcesto
producers'and consumers'nodesso that the overall ex-
pectedreturnsareoptimized.Theexpectationcoverscom-
binedreturnsfrom bothstages.

Let � be the vectorof initial resourceallocationsin pro-
ducers'andconsumers'nodes.Thetwo-stageoptimization
problemcanbeexpressedas:
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2 representsecondstageresourceallocationsfor the
failurecon�guration � . Theconstraintsin thesecond-stage
linear program(not shown) assurethe satisfactionof ca-
pacityconstraintsandthe conservationof �o w aftercom-
ponentfailures.

The two-stageoptimizationproblemcan be merged into
one(huge)linear programwherethe optimizationof the
two stagesis performedin parallel:
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subjectto constraintsfor the �rst stageand the union of
constraintsfor every secondstageproblem.It is important
to stressthatthecombinedlinearprogramoffersa tremen-
dousamountof structuresooptimizationtechniquesbased
on L-shapecuts(or Bendersdecompositions)[20] canbe
utilized to solve it moreef�ciently .

4.2 Experiments

WehaveevaluatedtheMC optimizationalgorithmsonmul-
tiple transportationnetworks.To illustratethescale-upbe-
havior of theMC algorithmweusetheexamplefrom Fig-
ure 1 with 22 unreliableedgesand600 possiblenetwork
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Figure2: Expectedutilities for allocationpoliciesobtained
throughexact,MonteCarlo,mean-based,anddeterministic
approximations.Valuesfor MC optimizationsareaveraged
over 50differentsolutions.

failure con�gurations.
�

The exact optimizationproblem
for this network can be formulatedas an LP with over

!	"

	

!

��� variables.This is still in thereachof ouroptimiza-
tion package( #

 ��$

#&%Qm ) [1] so we areableto comparethe
MC solutionto theexactsolution.Theexactsolutiontook

'

�����-� seconds.

In the �rst setof experimentswe have comparedthe MC
optimizationmethodfor differentsamplesizes,againstthe
optimal solution and two strawman approximations:the
deterministicapproximationand the mean-basedapprox-
imation.Thedeterministicapproximationwasobtainedby
solvingtheallocationproblemwhile ignoringthe failures,
the mean-basedapproximationreplacedall randomvari-
ablesrepresentingtheedgefailureswith their means.Fig-
ure2 shows trueexpectedvaluesof allocationsfor differ-
entoptimizationmethods.Becauseof thevariationsdueto
samplingweplot averageexpectedvalueover 50 different
runsof theMC method.

Figure 3 illustratesan averagetime in seconds(over 50
trials) to solve an MC optimizationproblemfor different
samplesizes. In contrastto theseresults,it took '

�����-�

secondsto solve theproblemexactly. Solutionsof thede-
terministicandmean-basedapproximationswereobtained
in abouttwentymilliseconds.Fluctuationsin averagetime
canbe explainedby the fact that the MC optimizationis
performedon the empirical distribution (seesection3.3)
thateffectively reducesthesizeof the'sample'usedby the
linearprogram.Despitethis, therunningtimesof theMC
optimizationappearto rampup fasterthanlinearly in U ,

(

The total numberof failure con�gurationsfor the problem
in Figure1 is

Î*)�)

. Our initial goal,however, wasto formulatea
problemwe wereableto solve exactly so that we cancompare
theMC solutionto theexactsolution.For thatreasonthenumber
of con�gurationswasrestrictedto +*,-, . Experimentswith thefull
con�gurationspacearedescribedlaterin thesection.
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Figure3: Averagetimeto solvetheMC optimizationprob-
lem for differentsamplesizes.
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Figure4: Subselectionmethod.Expectedutility obtained
for 1, 2 and5 candidatesolutions.Theresultsareaveraged
over 50solutions.

which is expectedand due to the complexity of the em-
ployedLP optimizationalgorithm.

One way to reducethe complexity of the MC optimiza-
tion for very complex networksis to usethe subselection
method(Section3.3). The approachselectsthe bestallo-
cationfrom amonga setof candidateallocations,eachob-
tainedby solvingtheproblemonasmallersamplesize U

� .
Thebestsolutionis selectedby evaluatingandcomparing
eachallocationona largesampleU

�
ç

U

� . Theexpected
bene�t is thatevaluationsaremucheasierto do sincethey
decomposeto a sequenceof smaller optimizationprob-
lems.Figure4 illustratestheimprovementin thequalityof
allocationsfound throughthe subselectionmethodwith 2
and5 candidatesolutionsascomparedto thestandardMC
optimization( .

�

� ). Thenumberof samplesshown in the
graphde�ne the samplesize U

� . The evaluationsample
for thesubselectionmethodwas�x edto U

�§�

l4U

� . The



resultsin Figure4 show someimprovementsin the qual-
ity of allocationsfoundthroughthesubselectionapproach.
However, only improvementsbetweenthestandardMC op-
timization method( .

�

� ) and the subselectionmethod
with .

�

l candidatesappearto besigni�cant. Thereis a
visiblesamplegapbetweentwosolutionswith thesameex-
pectedutility which indicatesimprovementsin thequality
of thesolutiondueto subselectionandits potentialcompu-
tationalbene�ts.Wenotethatthesamplegapis smallerfor
smallersamplesizes(in the rangeof 20-30samples)and
wider for largersamplesizes(50-70samples).Thediffer-
encesappearsto beproblemspeci�c but the fact we seea
clearseparationbetweenthe two methodsillustratesa po-
tentialbene�t of thesubselectionapproachandwarrantsits
furtherstudy. Thedifferencesbetweensubselectionswith 2
and5 candidatesolutionsarelessdramatic.This indicates
a multiway trade-off betweenthesamplesize,thenumber
of candidatesused,andthequality of thesolution.We ex-
pect the optimal balancebetweentheseparametersto be
problemspeci�c and insightsinto thesetrade-offs would
requirefurtherexperimentation.

Overall, thequalityof MC optimizationsandtheir running
timesonourexampleareveryencouraging.Thegoodnews
is thatwehave observedsimilarbehaviors onmultiplenet-
worksof comparablecomplexity, but with differentfailure
distributions,nodesconnectivity andrewardstructure.To
illustratethescale-upperformanceof the MC methodson
evenlargerproblemswehaveexperimentedwith anetwork
with /

!

	

����� distinctfailurecon�gurations.Theexactopti-
mizationsolutionis out of thereachof thecurrentLP op-
timizationmethods(the LP would requireroughly 0 mil-
lion variables). However, even in this casewe werestill
ableto evaluatethe �x ed allocationsexactly.

�

Figure5
illustratesthequalityof allocationsfoundby theMC meth-
ods. The graphshows the average(over 50 runs) of the
expectedutility of solutionsfoundby theMC optimization
methodfor differentsamplesizes,andboth the minimum
andthemaximumexpectedutilities. Althoughwewerenot
ableto computetheoptimalsolution,themaxstatisticfor
50 trials appearsto �atten afterabout50 samplesandthe
maxvaluecanbeconsidereda reasonablesurrogateof the
optimalsolution.

5 Conclusions

We have implementedandstudiedMonteCarlooptimiza-
tion andevaluationalgorithmsfor two-stageresourceallo-
cationproblemsin stochasticnetworks.The limitation of
this classof problemsis that their complexity grows ex-
ponentiallyin the numberof unreliablenetwork compo-
nents. We showed that Monte Carlo optimizationmeth-

)

As discussedin Section3.3 the evaluationof the �rst stage
allocationpolicy canbeperformedby solvingasequenceof opti-
mizationtasksof smallercomplexity.
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Figure 5: Expectedutilities of allocationpolicies found
through the MC optimization method. A network with
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���-� differentfailure con�gurationswasusedin the
experiment.Theresultsareaveragedover 50 solutions.In
additionto averages,wealsoplot minimumandmaximum
expectedvaluesoutof 50averagedpolicies.

odsareableto eliminatetheexponentialbottleneck.Since,
the MC methodsare independentof the spaceof all fail-
urecon�gurationsthey have agreatpotentialof scaling-up
to very complex real-worldnetworkproblems.This point
hasbeensupportedby ourexperimentson resourcealloca-
tion problemsin transportationnetworks.Theseresultsare
alsoin concordancewith very recentexperimentalresults
by Verweij et al [21] reportingon theperformanceof MC
optimizationmethodson stochasticroutingproblemswith
up to l

��13234

scenarios.

Many interestingresearchissuesrelatedto two-stageal-
location problemsin stochasticnetworks remain open.
Themultiple-candidatemethodwith thesubselectionfrom
amongasmallersetapproximatecandidatesolutions,espe-
cially its variancereductionpotential,needsto beanalyzed
in moredepthboththeoreticallyandexperimentally. A re-
latedproblemis thechoiceof thenumberof candidateso-
lutionsto beusedby themethod.Anotherchallengeis the
investigationof thestructuralpropertiesof real-worldnet-
worksystemsin conjunctionwith multivariatemodelsof its
randomcomponents.Theinsightsfrom theanalysiscanbe
usedto enhanceourability to decomposetheprobleminto
a smallerset of optimizationsubproblems.Finally, two-
stageresourceallocationproblemsdiscussedin this paper
arerestrictedin termsof temporalbehaviors they cancap-
tureandeffectsof actionson distributions. Thechallenge
aheadof usis toperformcomplex resourceallocationsover
unreliabledynamicallyevolving networks.
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