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ABSTRACT

In telecommunicationnetworks,asin many otherareasof scienceandengineering,proliferation
of computersasresearchtools hasresultedin the adoptionof computersimulationasthe most
commonlyusedparadigmof scientific investigations.This, togetherwith a plethoraof existing
simulationlanguagesandpackages,hascreateda popularopinion that simulationis mainly an
exercisein computerprogramming.In new computingenvironments,programmingcanbemin-
imised,or evenfully replaced,by themanipulationof icons(representingpre-built programming
objectscontainingbasicfunctionalblocksof simulatedsystems)on a computermonitor. Onecan
saythatwe have witnessedanothersuccessof modernscienceandtechnology:theemergenceof
wonderfulandpowerful toolsfor exploringandpredictingthebehaviour of suchcomplex, stochas-
tic dynamicsystemsastelecommunicationnetworks.

But this enthusiasmis not sharedby all researchersin this area. An opinion is spreading
thatonecannotrely on themajority of thepublishedresultson performanceevaluationstudiesof
telecommunicationnetworks basedon stochasticsimulation,sincethey lack credibility. Indeed,
thespreadof this phenomenonis sowide thatonecanspeakabouta deepcrisisof credibility. In
this paper, this claim is supportedby theresultsof asurvey of over2200publicationson telecom-
municationnetworksin recentproceedingsof theIEEEINFOCOMandsuchjournalsastheIEEE
Transactionson Communications,the IEEE/ACM Transactionson Networking, andthe Perfor-
manceEvaluationJournal.
�
Thiswork waspartiallysupportedby theUniversityof Canterbury’sGrantno. U6301�
Status:a revisionof thepapersubmittedto theIEEECommunicationsMagazinein April 2000
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Our� discussionfocuseson two importantnecessaryconditionsof a crediblesimulationstudy:
useof appropriatepseudo-randomgeneratorsof independentuniformly distributednumbers,and
appropriateanalysisof simulationoutput data. Having consideredtheir perils and pitfalls, we
formulateguidelinesthat,if observed,couldhelpto assureabasiclevel of credibility of simulation
studiesof telecommunicationnetworks.

1 Introduction

The last decadeof the twentiethcenturywill be rememberedasa time whencomputersfound
their placein primaryschoolsandin privatehomes,andbecameordinaryitemsof equipmenton
desksin officesandbusinesses.This is alsoa time whenthe computingparadigmhasbegun its
drift from computernetworksto network computing.Thereis enormousinterest,bothin industry
andacademia,in creatingan AAA network, a world-wide computernetwork able to offer Any
information service,accessiblefrom Any placeandat Any time. Before it happens,scientists
and engineerswill have to investigatemany challengingproblemsof network technology, and
evaluatepossiblesolutions.Theseresearchactivities arecertainlyacceleratedby achievementsin
theareaof scientificcomputing,with variouseasy-to-usesoftwarepackagesspecificallydesigned
for conductingperformanceevaluationstudiesof telecommunicationnetworks.

In the areaof telecommunicationnetworks, as in many otherareasof scienceandengineer-
ing, proliferationof computersas researchtools hasresultedin the wide adoptionof computer
simulationasa new paradigmof scientific investigation,in additionto the two traditionalones:
theoreticalstudiesandexperimentation.Varioususer-friendly simulationpackagesoffer sophis-
ticatedgraphicaluserinterfaces,animationof simulatedprocesses,etc. This hasled to a belief
that simulationis mainly an exercisein computerprogramming.Further, this programmingcan
be greatlysimplified, sincethereis a plethoraof simulationlanguageswhich reducedesigning
simulationmodelsof telecommunicationnetworksto placingicons(representingbasicfunctional
blocksof networks)in appropriatelocationsonacomputermonitor, andtheninitiating simulation
by selectinganappropriatebuttonfrom amenubar.

Onecansaythat we have witnessedanothersuccessof modernscienceandtechnology:the
emergenceof wonderfulandpowerful tools for exploring andpredictingthe behaviour of such
complex, stochasticdynamicsystemsastelecommunicationnetworks. In fact,stochasticdiscrete-
eventsimulationhasalreadybecomeacommonlyusedtool of scientistsandengineersin thisarea,
contributing to over 51% of all publishedresearchresults;seeFigure1. The figure depictsdata
obtainedfrom a survey of all paperspublishedin proceedingsof the IEEE INFOCOM between
1992and1998(1192papers;rangingbetween156and177papersperyear),theIEEETransactions
onCommunications(1996-1998;657papers),theIEEE/ACM TransactionsonNetworking(1996-
1998;223papers),andthePerformanceEvaluationJournal(1996-1998;174papers).A total of
2246papersweresurveyed.

Thisenthusiasmis notsharedby all simulationdevelopersandusers.Someclaimthatstochas-
tic simulationasa performanceevaluationtool of variousdynamicsystems,including telecom-
municationnetworks,is misused,andthat thespreadof this phenomenonis sowide thatonecan
speakabouta deepcredibility crisis. It is even claimedthat onecannotrely on the majority of
the publishedresultsof performanceevaluationstudiesof dynamicsystemsbasedon stochastic
simulation. Editorialssuchas[5] or paneldiscussionsof specialistson the topic, suchasthose
organizedat the Winter SimulationConferencein 1994and1996,or at the IEEE INFOCOM in
1996,havenotchangedthesituation.
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In thispaperweinvestigatethemotivationandthevalidity of suchclaims.Having narrowedour
interestto theapplicationof stochasticdiscrete-eventsimulationin performanceevaluationstudies
of telecommunicationnetworks,we look morecloselyat two importantnecessaryconditionsof a
crediblesimulationstudy:useof appropriatepseudo-randomgeneratorsof independentuniformly
distributednumbers,andappropriateanalysisof simulationoutputdata.Having consideredtheir
perilsandpitfalls, we formulateguidelinesthat, if observed,couldhelp to assurea basiclevel of
credibility of simulationstudiesof telecommunicationnetworks.

2 The Issue of Credibility

P. J.Kiviat in his openingaddressof theSummerComputerSimulationConferenceSCSC’90[9]
statedthat “... succeedingin simulationrequiresmore thantheability to build usefulmodels...” .
Someexpertsassessthat the modellingphaseof simulationconsumesonly 30-40%of the total
effort in mostsuccessfulsimulationprojects[13]. The first necessarystepof any performance
evaluationstudiesbasedonstochasticsimulationis to useavalid simulationmodel. In thecaseof
telecommunicationnetworks, it meansa valid conceptualmodelof thenetwork, basedon appro-
priateassumptionsaboutthenetwork’s internalmechanisms,limitations,stochasticcharacteristics
of processeswhichwill besimulated,etc.A gooddiscussionof generalguidelinesonhow to build
valid simulationmodelscanbefound,for example,in [12]. However, this is only thefirst stepfor
ensuringthecredibility of thefinal resultsof simulationstudies.

The next stepis to ensurethat the valid simulationmodel is usedin a valid simulationex-
periment. At this stage,two main issuesthat have to be addressedfor ensuringvalidity of any
stochasticsimulation-basedexperimentare:(i) applicationof appropriateelementarysource(s)of
randomness,and(ii) appropriateanalysisof simulationoutputdata.Let uslook closerat thesetwo
issues.
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Elementary Sources of Randomness

It is a generallyacceptedand commonlyusedpractisetoday to usealgorithmic generatorsof
(pseudo-random)uniformly distributednumbersaselementarysourcesof randomnessin stochastic
simulation.Thetheoreticalfoundationsof PRNGsarewell established(see,for example,[11] and
overthelast50yearsmany differentPRNGs,thathavepassedrigoroustheoreticaltests,havebeen
proposed.Practicallyall of themcanbeclassifiedaslinearcongruentialPRNGs(LC-PRNGs),and
generateperiodicsequencesof numbers.Themostpopulargeneratorsof simulationpractisehave
belongedto aclassof multiplicativeLC-PRNGs,basedonrecursivealgorithmsin integermodulo
M arithmetic[2].

In today’sworld of 32-bitcomputers,multiplicativeLC-PRNGswith themodulusr sut�v�w�x8y
havefocusedspecialattentionand,following exhaustiveanalysis,about20of themhavebeenrec-
ommendedasacceptablesourcesof independentanduniformly distributedpseudo-randomnum-
bers. Theseare the generatorsthat have beenused,for example,in GPSS(versionH andPC),
SIMSCRIPTII.5, SIMAN andSLAM II [12]. Thus,onewouldexpectthereto benoproblemwith
selectingagoodPRNG.

Unfortunately, this is only partially true. Conscientioususersof PRNGsshouldbe awareof
potentiallyvery seriousproblemswith usingPRNGsin real-life applications.Oneis that recent
achievementsof electronictechnologyhave madePRNGswith cyclesin theorderof t v!z obsolete
in all but veryshortlastingsimulationstudies.Today, astandardworkstationequippedwith aCPU
operatingwith a speedof a few hundredMHZ cangenerateall numbersof a mod(t&v�w{x|y ) PRNG
in a dozenminutes. And ... this is not the final evidenceof Moore’s law in action: 1 GHz PCs
have beenalreadyannounced([19]). Thus,whenplanninga simulationlastinglongerthana few
minutesof CPUtime, oneobviously needsPRNGsof muchlongercyclesthanthosethatwould
havebeensatisfactoryonly a coupleof yearsago.

Notethatsimulationstudiesof multimedianetworks(fedby streamsof teletraffic modelledby
stronglyautocorrelated,or evenselfsimilarlong-rangedependent,processes)canrequireverylong
simulationsto obtainthefinal resultswith anacceptablysmallstatisticalerroror, in otherwords,
to collectrepresentativesamplesof simulationoutputdata(seethenext section).

The useof PRNGswith adequatelylong cyclesis alsostronglyadvocatedby recentlyestab-
lishedtheoreticalrestrictionson thenumberof pseudo-randomnumbersfrom onePRNGthatcan
beusedin a singlesimulation.For example,if oneis concernedwith two dimensionaluniformity
of pseudo-randomnumbersgeneratedby a PRNGwith cycle lengthL, thenoneshouldnot use
more than }a~� � numbers fromthis PRNGduring onesimulation[15].

Fortunately, recentadvancesin theareaof PRNGshave givenusgeneratorsthat,in a foresee-
ablefuture,shouldbeadequatefor simulationsdemandingevenvery long CPUtime. A number
of Multiple Recursive LC-PRNGs,andCombinedMultiple Recursive LC-PRNGs,of cyclesbe-
tweent w��!� to t v��!� , canbefoundin [14], togetherwith theirportableimplementations.Theirvirtual
randomnesshasbeenfoundto besatisfactoryin up to 32 dimensions.

Theoreticaladvancesin anotherclassof PRNGs,basedon recursionsin polynomial arith-
meticandknown asGeneralizedFeedbackShift Register(GFSR)PRNGs,have led to evenmore
amazingfindings. A twisted GFSR-PRNG,known as the MersenneTwister, with a superas-
tronomicalcycle of t w��!�!v�� x�y , and good virtual randomnessin up to 623 dimensions(!), for
up to 32-bit accuracy, hasbeenproposedin [20]. Its portableimplementationin C, for 32-bit
machines,appearsto be fasterthana standardPRNGusedin the ANSI C rand() function1; see

1TheANSI C rand()functionusesLC-PRNGin integerarithmeticwith ���;�$�b� , 1103515245asthemultiplier,
and12345astheadditiveconstant



Credibility of simulationstudies 5

www� .math.keio.ac.jp/matumoto/emt.html for thelatestnewsregardingtheMersenneTwister.
Thus,at this stage,thereexist PRNGsof acceptablequality, ableto beusedassourcesof el-

ementaryrandomnessin stochasticsimulations. However, this doesnot meanthat all problems
relatedwith PRNGshave beensolved. For example,oneshouldbecarefulwith usinguniformly
distributedpseudo-randomnumbersfrom thesamegeneratorin distributedand/orparallelsimula-
tion, becauseof potentialcorrelationsexisting betweendisjoint sub-streamsof consecutive num-
bers[7]. In suchtypesof simulationoneshouldusePRNGswith extremecaution,sincethefinal
resultscanbevery misleadingif correlationshiddenin therandomnumbersandin thesimulated
systeminterferewith eachother..

In thecaseof traditional,non-distributedandnon-parallelsimulationonsingleprocessors,one
hasto becarefultoo. Uncontrolleddistribution of variouscomputerprogramshasresultedin the
uncontrolledproliferation of really poor PRNGs,of clearly unsatisfactory or unknown quality.
Thus, the advicegiven by D. E. Knuth in 1969is even more importanttoday, in the eraof the
Internet: “... replacethe randomgenerators by goodones. Try to avoid beingshocked at what
youfind ...” , [11]. A longerlist of usefulpracticalguidelineson how to use,or not use,PRNGsin
simulationstudiescanbefound,for example,in [8], togetherwith theadvicethat “... it is better
to useanestablishedgenerator thathasbeentestedthoroughlythanto inventa new one”.

Simulation Output Data Analysis

Any stochasticcomputersimulation,in which randomprocessesaresimulated,hasto beregarded
asa (simulated)statisticalexperimentand,becauseof that, applicationof statisticalmethodsof
analysisof (random)simulationoutputdatais mandatory. Otherwise,J.Kleijnenof theUniversity
of Tilburg, theNetherlands,warnsthat“... computerrunsyield a massof databut this massmay
turn into a mess� if therandomnatureof suchoutputdatais ignored,andthen� ... insteadof an
expensivesimulationmodel,a tossof the coin hadbetterbe used”, [10]. Von Neumann,having
noticeda similarity betweencomputersimulatorsproducingrandomoutputdataanda roulette,
coinedthetermMonteCarlo simulation.

Statisticalerrorassociatedwith thefinal resultof any statisticalexperimentor, in otherwords,
thedegreeof confidencein theaccuracy of a givenfinal (point) estimate,is commonlymeasured
by thecorrespondingconfidenceinterval (CI) at a givenconfidencelevel (CL), i.e. by theinterval
CI expectedto containanunknown valuewith theprobabilityCL. In any correctlyimplemented
simulation,the width of a CI will tendto shrink with the numberof collectedsimulationoutput
data,i.e. with thedurationof thesimulation.

Two differentscenariosexist for determiningthedurationof agivenstochasticsimulation.Tra-
ditionally, thelengthof thesimulationexperimentwassetasaninput to thesimulationprograms.
In suchafixed-sample-sizescenario, wherethedurationof thesimulationis pre-determinedeither
by the lengthof the total simulationtime or by the numberof collectedoutputdata,the magni-
tudeof thefinal statisticalerrorof theresultsis a matterof luck. This is no longeranacceptable
approach!

Modernmethodologyof stochasticsimulationoffersanattractive alternative solution,known
asthe sequentialscenarioof simulationor, simply, sequentialsimulation. Today, the sequential
scenariois recognisedas the only practicalapproachallowing control of the error of the final
resultsof a stochasticsimulation,since“... no procedure in which the run lengthis fixedbefore
the simulationbegins can be relied uponto producea confidenceinterval that covers � the true
value� with thedesired � confidencelevel� ” [12]. Sequentialsimulationfollows a sequenceof
consecutivecheckpointsatwhich theaccuracy of estimates,convenientlymeasuredby therelative
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statistical� error (definedas the ratio of the half-width of a given CI and the point estimate),is
assessed.Thesimulationis stoppedat a checkpointat which the relative errorof estimatesfalls
below anacceptablethreshold.

Thereis no problemwith runninga simulationsequentiallyif oneis interestedin theperfor-
manceof asimulatednetwork within awell-specifiedperiodof (simulated)timeandthesimulation
outputdataobey thecentrallimit theorem2; for examplewhenstudyingthroughputin a network
duringthe24 hoursof its operation.This is theso-calledterminatingor a finite timehorizonsim-
ulation. In our example,onewould simply needto repeatthesimulation(of the24 hoursof the
network’soperations)anappropriatenumberof times,usingdifferent,statisticallyindependentse-
quencesof pseudo-randomnumbersassourcesof elementaryrandomnessin differentreplications
of thesimulation. This ensuresthat thesampleof collectedoutputdata(onedataitem per repli-
cation)canberegardedasrepresentingindependentandidenticallydistributedrandomvariables,
andconfidenceintervalscanbecalculatedusingstandard,well-known methodsof statistics.

Whenoneis interestedin studyingthebehaviour of networksin steady-state,thenthescenario
is morecomplicated.First, sincea steady-stateis theoreticallyreachableby a network after an
infinitely longperiodof time, theproblemlies in theexecutionof asteady-statesimulationwithin
a finite periodof time. Variousmethodsof approachingthat problem,in the caseof analysisof
meanvalues,arediscussed,for example,in [22]. Eachof theminvolvessomeapproximations.
Most of them(except the so-calledmethodof regenerative cycles)requirethat datacollectedat
the beginning of a simulation,during initial warm-upperiods,arenot usedto calculatesteady-
stateestimates.If they are includedin further analysis,they cancausea significantbiasof the
final results;see,for example,[28]. Determinationof thelengthsof warm-upperiodscanrequire
quite elaboratestatisticaltechniques[6, 22]. Whenthis is done,oneis left with a time seriesof
(heavily) correlateddata,andwith the problemof estimatingthe confidenceintervals from such
data. However, althoughthesearchfor robust techniquesof outputdataanalysisfor steadystate
simulationcontinues[24], reasonablysatisfactoryimplementationsof basicproceduresfor calcu-
lating steady-stateconfidenceintervals of, for example,meanvaluesandquantileshave already
beenpublished;for example,see[22] and[26], respectively.

Thereareclaimsthat sequentialsteady-statesimulation,andthe associatedproblemof anal-
ysis of statisticalerrors,canbe avoidedby runningsimulationexperimentssufficiently long to
ensurethatany influenceof theinitial statesof simulationbecomesnegligible. While suchabrute
forceapproach to stochasticsteady-statesimulationcansometimesleadto acceptableresults3, one
shouldbecautiousof thestatisticalaccuracy of thefinal resultsevenin suchcases.

Firstly, suchvery long simulationstudiescouldbe reliedupononly if PRNGsof appropriate
(very long) cycleswereusedto avoid repeatingthe sequenceof generatedpseudo-randomnum-
bers,sinceit canintroducesuperficialcorrelationsbetweensimulatedprocesses.It shouldalsobe
rememberedthat in stochasticdiscrete-eventsimulation,collectinga sufficiently large sampleof
datais moreimportantthansimply runningthesimulationovera longperiod.TheCPUtimespent
on the simulationof telecommunicationprocessesduring which no event of interestis recorded
doesnot have a direct influenceon thestatisticalaccuracy of theestimatesdependenton theoc-
currenceof theseevents. What mattersis the numberof eventsrecorded. For example,when
analysingrareevents,aminimumnumberof therareeventsmustberecordedduringa givensim-

2Thecentrallimit theoremsaysthat theaverageof a largenumberof outputdatahas,in the limit (asthesample
sizetendsto infinity), a normalprobability distribution. This theoremis not applicableto, for example,outputdata
governedby someheavy-taileddistributions.

3Someresearchersexecutetheir network simulationsfor a week,or longer, to get the results,they claim, repre-
sentingsteady-statebehaviour of simulatednetworks.
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ulation� to ensurethatthesampleof outputdatais representative. Thisphenomenonis illustratedin
Table1, which shows thatestimatesof themeandelaysof packets(obtainedfrom a simulationof
a DQDB network with 20 stations,over 1 500000time slots)canstill beassociatedwith ashigh
arelativestatisticalerroras43%or more[16]. Theexplanation,givenin [16], is clear:duringthis
simulationmany simulatedtime slotswereidle. Whentherewasno packet for transmission,no
packet delaywasmeasured,andno outputdataitem wascollected. Insteadof stoppingthesim-
ulationaftera fixedtime (here:after1 500000time slots),it shouldbedonewhenthestatistical
errorsof all estimatedmeanpacket delaysbecomeacceptablylow.

Station Traffic load
20% 60% 90%

1 0.090 0.048 0.101
2 0.059 0.047 0.090
3 0.103 0.055 0.120
4 0.131 0.057 0.101
5 0.110 0.038 0.137
6 0.131 0.049 0.128
7 0.109 0.080 0.084
8 0.069 0.056 0.119
9 0.081 0.080 0.108
10 0.135 0.076 0.157
11 0.208 0.062 0.172
12 0.186 0.091 0.212
13 0.226 0.091 0.145
14 0.314 0.143 0.106
15 * 0.102 0.202
16 * 0.145 0.203
17 * 0.211 0.243
18 * 0.248 0.430
19 * * *
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Stoppingstochasticsimulationtoo earlycangive misleading,or at leastinconclusive, results,
asillustratedin Figure2. Thefigureshowsthefinal resultsobtainedfrom asequentialsteady-state
simulationof the samemodel,but with outputdataanalysisstoppedwhenall estimatesreached
a relative statisticalerrornot exceeding25%(Figure2a)or 1% (Figure2b). In this context, one
shouldcertainlyquestionthesenseof drawing conclusionson thebasisof resultswith highstatis-
tical errors,or resultsfor which statisticalerrorswerenotmeasuredatall.

Obtainingfinal simulationresultswith smallstatisticalerrorsis alsoimportantin comparative
performanceevaluationstudiesof alternativesolutions.This phenomenonis illustratedby Figure
3, whichshowstheresultsof thecomparativeanalysisof threealternativeversionsof areservation
protocolfor a wirelessATM network with integratedservices;[27]. Theresultswereobtainedby
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meansof sequentialsimulation,continueduntil therelativeerrorof theestimatesbecameassmall
as10%(in Figure3a),or assmallas5%(in Figure3b). Onecanseethatresultsobtainedwith too
largea statisticalerrorcanleadto falseconclusions.In this particularcase,usingtheresultswith
anerrorof 10%,onecoulderroneouslyconcludethattwo of thethreeversionsof theinvestigated
protocolareequivalentaslongasnomorethan10-12VBR terminalsareused.

Unfortunately, sequentialstochasticsimulationis not very popularamongdesignersof com-
mercialsimulationpackages,with anoverwhelmingmajorityof thempromotinganalysisof output
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dataÂ only after thesimulationis finished. Suchpackagesas,e.g.,Arena(by RockwellSoftware;
seewww.arenasimulation.com),Prophesy(by AbstractionSoftware; seewww.abstraction.com),
QNAP2(by Simulog;seewww.simulog.fr)or SIMSCRIPTII.5 (by CACI; seewww.caciasl.com)
areamongthe few exceptions. To this list of (commercial)packagesable to executestochastic
simulationsequentially, onecouldalsoadda few packagesdesignedat universitiesandofferedas
freewarefor non-profitresearchorganisations.Onesuchpackageis Akaroa-2[3], designedat the
Universityof Canterbury, in Christchurch,New Zealand.

3 Crisis

It would probablybe difficult to find a computerscientistor telecommunicationengineertoday
who hasnot beentrainedin how to assessandminimiseerrorsinevitably associatedwith statis-
tical inference. At the sametime, the resultsof our survey of recentpublicationsshowed that
a surprisingly large proportionof papersreportingsimulation-basedresultsdid not careabout
the randomnatureof outputdatageneratedby stochasticsimulation. Such“don’t care” papers
(representedin Figure4(a)-4(d),by white bars)constituted76.6%,79.05%,71.6%and68.6%of
papersreportingsimulation-basedresultsandpublishedin the Proceedingsof the IEEE INFO-
COM, the IEEE Transactionson Communications,the IEEE/ACM Transactionson Networking
andthePerformanceEvaluationJournal,respectively. Whenthetypeof simulationwasreported,
thenterminatingsimulation(TS) andsteady-statesimulation(SS)appearedto bealmostequally
often appliedin the paperspublishedin conferenceproceedings,while TS dominatedin journal
publications.Nevertheless,thevastmajority of papersdid not containany informationaboutthe
time-horizonover which the performanceof simulatedsystemswasanalysed;c.f. NN barsin
Figure4(a)-4(d).

AsFigure5shows,onaverage,about76.45%of authorsof simulation-basedpapersontelecom-
municationnetworkswerenotconcernedwith therandomnatureof theresultsobtainedfrom their
stochasticsimulationstudiesandeitherdid not careto mentionthat their final resultswereout-
comesof appropriatestatisticalanalysesor ... reportedpurely randomresults. Let us add that
Figures4 and5 wereobtainedassumingthatpaperssimply reportingaveragedresults(say, aver-
agedoveranumberof replications),but withoutany notionof statisticalerrors,wereincludedinto
thecategory of papers“with statisticallyanalysedresults”.

While onecanclaim that the majority of researchersinvestigatingperformanceof networks
by stochasticsimulationsimply maynot mentionthattheir final resultshave beensubjectedto an
appropriatestatisticalanalysis,this is not anacceptablepractise.Probablyeverybodyagreesthat
performanceevaluationstudiesof telecommunicationnetworksshouldberegardedasa scientific
activity in whichonetestshypothesesonhow thesecomplex systemswouldwork if implemented,
including even their possiblymost critical conditions. However, if this is a scientific activity,
then one shouldfollow the scientificmethod, a generallyacceptedmethodologicalprinciple of
modernscience([21], ChapterIX). This methodsaysthatanyscientificactivity shouldbebased
oncontrolledandindependentlyrepeatableexperiments; see,for example,[25], Section15.

Throughmany repetitionsof a non-sequentialsimulationonecaneventuallyobtainthe final
resultswith acceptablysmall statisticalerrors. Thus,usingnon-sequentialsimulation,it is still
possibleto control the error of final results. However, the real problemis that the vastmajority
of simulationexperimentsreportedin telecommunicationnetwork literaturearenot repeatable.A
typical papercontainsvery little or no informationabouthow a simulationwasrun. Our survey
revealedthatauthorsof almost52%of thepapersreportingsimulation-basedresultsdid not even
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inform thereaderwhethertheir resultscamefrom terminatingor steady-statesimulation.
While the principlesof the scientificmethodaregenerallyobserved by researchersconduct-

ing experimentsin suchnaturalsciencesasbiology, medicineor physics,thecrisisof credibility
of scientificoutcomesis not limited to the areaof telecommunicationnetworksbut hasspanned
over thewholeareaof computerscience,aswell aselectronicandcomputerengineering;despite
suchearlywarningsasthat in 1990by B. Gaither, thenEditor-in-Chief of theACM Performance
EvaluationReview, who,beingconcernedabouttheway in which stochasticsimulationwasused
then,wrote that he was unawareof “... any other field of engineeringor science� other than
computerscienceandengineering� where similar libertiesare takenwith empiricaldata...” [5].
Whatcanbedoneto changetheattitudeof writers(who, of course,arealsoreviewers)of papers
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reportingsimulationstudiesof telecommunicationnetworks? The consequencesof drawing po-
tentially not fully correct,or false,conclusionsabouta network performancecanbehuge.On the
otherhand,thoroughpredictionof networks’ performancecouldmake suchdisastersasthe1990
failureof AT&T’ sentirelongdistancenetwork avoidable.An interestingdiscussionof thedanger
associatedwith moderncomputerandnetwork technologycanbefound,for example,in [17].

4 A Solution ?

The credibility crisis of simulationstudiesof telecommunicationnetworks could be resolved if
someobviousguidelinesfor reportingtheresultsof simulationstudieswereadopted.

Firstly, thereportedsimulationexperimentsshouldberepeatable.Thisshouldmeanthatinfor-
mationabout

Ò thePRNG(s)usedduringthesimulationand

Ò thetypeof simulation

is provided. The former shouldbe either explicitly specifiedin a given paperor in the docu-
mentationof thesimulationpackageusedin thestudy. In the latter, in the caseof a terminating
simulation,its timehorizonshouldbespecified.

Secondly, oneshouldspecify:

Ò themethodof analysisof simulationoutputdata,and

Ò thefinal statisticalerrorsassociatedwith theresults.

A satisfactorylevel of credibility of thefinal simulationresultscannotbeobtainedwithout as-
sessingtheir statisticalerrors,althoughsometimes,in preliminarystudies,it canbeacceptableto
reducetherandomnessof theoutputresultsof a simulationsimply by repeatingthesimulationa
numberof timesandaveragingtheresultsoverreplications.D. Knuthwrotethat“... themostpru-
dentpolicy for a personto follow is to run each MonteCarlo program � or stochasticsimulation
of a telecommunicationnetwork � at leasttwice, usingquitedifferentsourcesof pseudo-random
numbers,before takingtheanswersof theprogramseriously”; [11].
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As
Ó

mentioned,to achievefull credibility of asimulationoneneedsto developvalid simulation
modelsandusethemin valid simulationexperiments.The former includesaccurateprocedural
representationof thesimulatedsystem’s functionalityaswell assemanticandsyntacticalcorrect-
nessof thesimulationprograms.Themosteffective way of conductingthe latter is to usegood,
thoroughlytestedPRNGsandto controlstatisticalerrorsof simulationresultsby analysingthem
sequentially, i.e. to control the magnitudeof the statisticalerrorsof the resultsby stoppingthe
simulationwhentheerrorsof theresultsreachasatisfactorily low level.

Neglectingthe properstatisticalanalysisof simulationoutputdatacannotbe justified by the
factthatsomestochasticsimulationstudies,in particularthoseaimedat evaluatingsimulatedsys-
temsin their steady-state,might requiresophisticatedstatisticaltechniques.On theotherhand,it
is truethat in somecasesof practicalinterest,appropriatestatisticaltechniqueshave not yet been
developed. However, if this is the case,thenoneshouldnot pretendthat he/sheis executinga
precisequantitativestudyof theperformanceof a telecommunicationnetwork.

5 Final Comments

In this paperwe have consideredtwo importantnecessaryconditionsof crediblesimulationstud-
ies: useof appropriatepseudo-randomgeneratorsof independentuniformly distributednumbers,
andappropriateanalysisof simulationoutputdata.Our survey of recentresearchpublicationsin
the areaof telecommunicationnetworks suggeststhat the majority of recentlypublishedresults
of simulationstudiesdo not satisfythebasiccriteriaof credibility. Thesituationcouldbeeasily
correctedif scientistsandengineerswho applystochasticsimulationasthetool for studyingper-
formanceof networks acceptfuller responsibilityfor credibility of their results. An adoptionof
thebasicguidelinesindicatedin theprevioussectionwouldbethefirst stepin thisdirection.

Of course,simulationsof telecommunicationnetworks are often computationallyintensive
and can requirelong runs in order to obtain resultsat a desiredlevel of precision. Excessive
run-timehindersdevelopmentandvalidationof simulationmodels.Researchon speedingup the
executionof simulationof telecommunicationnetworksis oneof thechallengingproblemswhich
hasattractedconsiderablescientificinterestandeffort.

Onedirectionof researchin this areahasfocusedon developingmethodsfor the concurrent
executionof loosely-coupledpartsof large simulationmodelson multi-processorcomputers,or
multiple computersof a network. Sophisticatedtechniqueshave beenproposedto solve this and
relatedproblems,surveyed, for example,in [1]. In addition to efficiently managingthe execu-
tion of largepartitionedsimulationmodels,this approachcanalsooffer a reasonablespeedupof
simulation,provided that a givensimulationmodel is sufficiently decomposable.Unfortunately,
this featureis not frequentlyobserved in practice,thus the efficiency of this kind of distributed
simulationis stronglymodel-dependent.

In thecontext of stochasticsimulation,therearestill at leasttwo additionalapproachespossible
for speedingupsuchsimulations.Oneof themis basedonVarianceReductionTechniques(VRTs);
see[12] for a survey of these.No universallyapplicableVRT canbefound.However, suchVRTs
asImportanceSamplingor Splitting (or Restart)cangive spectacularspeedupin thecaseof rare
eventsimulation;seefor example[29].

Stochasticsimulationcanalsobe speededup by the concurrentgenerationof multiple, sta-
tistically identicalstreamsof outputdata,usingmultiple simulationenginesrunningstatistically
independentreplicationsof simulationprocesses.This approachto distributedstochasticsimula-
tion is known asMultiple ReplicationsIn Parallel (MRIP) [23]. A fully automatedmethodology
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of sequentialÔ stochasticsimulationin anMRIP scenariohasbeendevelopedin theAkaroaproject
at theUniversityof Canterbury, Christchurch,New Zealand.It hasresultedin Akaroa-2[3], apro-
totypesimulationcontrollerthat, in its latestversion,automaticallylaunchesmultiple simulation
enginesandexecutesterminatingor steady-statesimulationswith full controlof statisticalerrors,
in thecaseof suchestimatorsasmeanvalues,proportionsandquantiles.Furtherincreaseof the
functionalityof this typeof simulationpackageswill bepossiblewhensometheoreticalproblems,
relatedto thepropertiesof new (linearcombinationsof) estimators,aresuccessfullyresolved.
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