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ABSTRACT

In telecommunicatiometworks, asin mary otherareasof scienceandengineeringproliferation
of computersasresearchools hasresultedin the adoptionof computersimulationasthe most
commonlyusedparadigmof scientificinvestigations.This, togetherwith a plethoraof existing
simulationlanguagesand packageshascreateda popularopinion that simulationis mainly an
exercisein computerprogramming.Iln nev computingervironments,programmingcanbe min-
imised,or evenfully replacedpy the manipulationof icons(representingpre-huilt programming
objectscontainingbasicfunctionalblocksof simulatedsystems)n a computemmonitor. Onecan
saythatwe have withessedanothersucces®f modernscienceandtechnology:the emegenceof
wonderfulandpowerful toolsfor exploring andpredictingthebehaiour of suchcomple, stochas-
tic dynamicsystemsastelecommunicatiometworks.

But this enthusiasimis not sharedby all researcherén this area. An opinion is spreading
thatonecannotrely on the majority of the publishedresultson performancesvaluationstudiesof
telecommunicatiometworks basedon stochasticsimulation,sincethey lack credibility. Indeed,
the spreadof this phenomenotis sowide thatonecanspeakabouta deepcrisis of credibility. In
this paperthis claimis supportedy theresultsof a surwey of over 2200publicationson telecom-
municationnetworksin recentproceeding®f the [IEEE INFOCOM andsuchjournalsasthe IEEE
Transaction®on Communicationsthe IEEE/ACM Transactionn Networking, andthe Perfor
manceEvaluationJournal.

*This work waspartially supportedy the University of Canterlury’s Grantno. U6301
T Status:a revision of the papersubmittedto the IEEE Communicationdlagazinein April 2000
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Our discussiorfocuseson two importantnecessargonditionsof a crediblesimulationstudy:
useof appropriatgpseudo-randorgenerator®f independentiniformly distributednumbersand
appropriateanalysisof simulationoutputdata. Having consideredheir perils and pitfalls, we
formulateguidelineghat,if obsened,couldhelpto assureabasiclevel of credibility of simulation
studiesof telecommunicatiometworks.

1 Introduction

The last decadeof the twentiethcenturywill be remembereds a time when computersfound
their placein primary schoolsandin privatehomes,andbecameordinaryitemsof equipmenin
desksin officesandbusinessesThis is alsoa time whenthe computingparadigmhasbegunits
drift from computemetworksto network computing.Thereis enormousnterest,bothin industry
andacademiajn creatingan AAA network, a world-wide computernetwork ableto offer Any
information service,accessibldrom Any placeand at Any time. Beforeit happensscientists
and engineerswill have to investigatemary challengingproblemsof network technology and
evaluatepossiblesolutions.Theseresearclactvities arecertainlyacceleratethy achiezementsn
theareaof scientificcomputing,with variouseasy-to-ussoftwarepackagespecificallydesigned
for conductingperformancesvaluationstudiesof telecommunicatiometworks.

In the areaof telecommunicatiometworks, asin mary otherareasof scienceandengineer
ing, proliferationof computersasresearcitools hasresultedin the wide adoptionof computer
simulationasa new paradigmof scientificinvestigation,in additionto the two traditionalones:
theoreticalstudiesand experimentation.Varioususerfriendly simulationpackageoffer sophis-
ticatedgraphicaluserinterfaces,animationof simulatedprocessesgtc. This hasled to a belief
that simulationis mainly an exercisein computerprogramming.Further this programmingcan
be greatly simplified, sincethereis a plethoraof simulationlanguagesvhich reducedesigning
simulationmodelsof telecommunicatiometworksto placingicons(representindgpasicfunctional
blocksof networks)in appropriatdocationson a computemonitor, andtheninitiating simulation
by selectinganappropriatéduttonfrom a menubar.

Onecansaythatwe have witnessedanothersucces®f modernscienceandtechnology:the
emepgenceof wonderfuland powerful tools for exploring and predictingthe behaiour of such
comple, stochastidynamicsystemsastelecommunicatiometworks. In fact, stochastidiscrete-
eventsimulationhasalreadybecomea commonlyusedtool of scientistsandengineersn thisarea,
contributing to over 51% of all publishedresearchresults;seeFigure 1. The figure depictsdata
obtainedfrom a surwey of all paperspublishedin proceeding®f the IEEE INFOCOM between
1992and1998(1192papersrangingbetweerl56and177papergperyear),thelEEE Transactions
onCommunication$1996-1998657 papers)the[EEE/ACM Transaction®n Networking (1996-
1998; 223 papers)andthe PerformancdevaluationJournal(1996-1998;174 papers).A total of
2246papersveresuneyed.

This enthusiasnis notsharedoy all simulationdevelopersandusers.Someclaimthatstochas-
tic simulationasa performanceevaluationtool of variousdynamicsystemsjncluding telecom-
municationnetworks, is misused andthatthe spreadof this phenomenoiis sowide thatonecan
speakabouta deepcredibility crisis. It is even claimedthat one cannotrely on the majority of
the publishedresultsof performanceavaluationstudiesof dynamicsystemsasedon stochastic
simulation. Editorialssuchas|[5] or paneldiscussion®f specialistson the topic, suchasthose
organizedat the Winter SimulationConferencan 1994and 1996, or atthe IEEE INFOCOM in
1996,have not changedhesituation.
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Figurel: Proportion of papers that reported results based on stochastic simulation; obtained on
the basis of the survey of 2246 papers published in the Proc. of the IEEE INFOCOM (1992-
1998), the IEEE Transactions on Communications (1996-1998), the IEEE/ACM Transactions on
Networking (1996-1998) and the Performance Evaluation Journal (1996-1998).

In thispapemweinvestigatehemotivationandthevalidity of suchclaims.Having narrovedour
interestto theapplicationof stochastialiscrete-gentsimulationin performancevaluationstudies
of telecommunicatiometworks, we look morecloselyat two importantnecessargonditionsof a
crediblesimulationstudy: useof appropriatgpseudo-randorgeneratoref independentiniformly
distributednumbersandappropriateanalysisof simulationoutputdata. Having consideredheir
perils andpitfalls, we formulateguidelinesthat, if obsered,could helpto assurea basiclevel of
credibility of simulationstudiesof telecommunicatiometworks.

2 Thelssueof Credibility

P. J.Kiviatin his openingaddressf the SummerComputerSimulationConferenceSCSC’90[9]
statedthat”... succeedingn simulationrequiresmore thanthe ability to build usefulmodels..” .
Someexpertsassesshat the modelling phaseof simulationconsumenly 30-40%of the total
effort in mostsuccessfusimulationprojects[13]. The first necessargtepof any performance
evaluationstudieshasedn stochasticsimulationis to useavalid simulationmodel In the caseof
telecommunicatiometworks, it meansa valid conceptuamodelof the network, basedon appro-
priateassumptiongboutthe network’s internalmechanismdjmitations, stochasticharacteristics
of processewhichwill besimulatedgtc. A gooddiscussiorof generaguidelineson how to build
valid simulationmodelscanbe found,for example,in [12]. However, thisis only thefirst stepfor
ensuringthe credibility of thefinal resultsof simulationstudies.

The next stepis to ensurethat the valid simulationmodelis usedin a valid simulationex-
periment At this stage,two main issuesthat have to be addressedior ensuringvalidity of any
stochastisimulation-base@xperimentare: (i) applicationof appropriateelementarysource(spf
randomnessand(ii) appropriateanalysisof simulationoutputdata.Let uslook closeratthesetwo
issues.
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Elementary Sources of Randomness

It is a generallyacceptedand commonly usedpractisetoday to use algorithmic generatorof
(pseudo-random)niformly distributednumbersaselementangource®f randomness stochastic
simulation. Thetheoreticafoundationsof PRNGsarewell establishedsee for example,[11] and
overthelast50yearsmary differentPRNGs thathave passedigoroustheoreticatests have been
proposedPracticallyall of themcanbeclassifiedaslinearcongruentiaPRNGS(LC-PRNGs) and
generatgeriodicsequencesf numbers.The mostpopulargenerator®f simulationpractisehave
belongedo a classof multiplicative LC-PRNGs basedn recursve algorithmsin integermodulo
M arithmetic[2].

In today'sworld of 32-bitcomputersmultiplicative LC-PRNGswith themodulusM = 23! —1
have focusedspecialattentionand,following exhaustve analysis about20 of themhave beenrec-
ommendedisacceptablesourcesof independenanduniformly distributed pseudo-randomum-
bers. Thesearethe generatorghat have beenused,for example,in GPSS(versionH andPC),
SIMSCRIPTIIL5, SIMAN andSLAM II [12]. Thus,onewould expectthereto beno problemwith
selectinga goodPRNG.

Unfortunately this is only partially true. Conscientiousisersof PRNGsshouldbe aware of
potentially very seriousproblemswith usingPRNGsin real-life applications.Oneis that recent
achievementsof electronictechnologyhave madePRNGswith cyclesin the orderof 232 obsolete
in all but very shortlastingsimulationstudies.Today a standardvorkstationequippedvith aCPU
operatingwith a speedf afew hundredMHZ cangenerateall numbersof amod@3! — 1) PRNG
in adozenminutes. And ... thisis not the final evidenceof Moore’s law in action: 1 GHz PCs
have beenalreadyannounced[19]). Thus,whenplanninga simulationlastinglongerthana few
minutesof CPU time, one obviously needsPRNGsof muchlongercyclesthanthosethatwould
have beensatishictoryonly a coupleof yearsago.

Notethatsimulationstudiesof multimedianetworks (fed by streamsf teletrafic modelledby
stronglyautocorrelatedyr evenselfsimilarlong-rangedependentprocessesjanrequireverylong
simulationsto obtainthefinal resultswith anacceptablysmall statisticalerroror, in otherwords,
to collectrepresentatie samplesof simulationoutputdata(seethe next section).

The useof PRNGswith adequatelyjong cyclesis alsostronglyadvocatedby recentlyestab-
lishedtheoreticakestrictionson the numberof pseudo-randomumberdrom onePRNGthatcan
be usedin asinglesimulation.For example,if oneis concernedvith two dimensionaluniformity
of pseudo-randomumbersgeneratedy a PRNGwith cycle lengthL, thenoneshouldnot use
more than8+/L numbes fromthis PRNGduring onesimulation[15].

Fortunately recentadvancesn the areaof PRNGshave givenusgeneratorshat,in aforesee-
ablefuture, shouldbe adequatdor simulationsdemandingavenvery long CPUtime. A number
of Multiple Recursve LC-PRNGs,and CombinedMultiple Recursve LC-PRNGs,of cyclesbe-
tween2!%5 to 2°77, canbefoundin [14], togethemith their portableimplementationsTheir virtual
randomneskasbeenfoundto be satishctoryin up to 32 dimensions.

Theoreticaladvancesin anotherclassof PRNGs,basedon recursionsin polynomial arith-
meticandknown asGeneralized~eedbaclShift Register(GFSR)PRNGs have led to evenmore
amazingfindings. A twisted GFSR-PRNG known as the MersenneTwister, with a superas-
tronomical cycle of 2'9%7 — 1, and good virtual randomnessn up to 623 dimensiony(!), for
up to 32-bit accuray, hasbeenproposedn [20]. Its portableimplementationin C, for 32-bit
machinesappeardo be fasterthana standardPRNG usedin the ANSI C rand() function'; see

1The ANSI C rand()functionusesLC-PRNGin integerarithmeticwith M/ = 23!, 110351524%sthe multiplier,
and12345asthe additive constant
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www.math.leio.ac.jp/matumoto/emt.hirfor the latestnews regardingthe Mersennelwister.

Thus, at this stage thereexist PRNGsof acceptableuality, ableto be usedassourcesf el-
ementaryrandomnes#n stochasticsimulations. However, this doesnot meanthat all problems
relatedwith PRNGshave beensolved. For example,oneshouldbe carefulwith usinguniformly
distributedpseudo-randomumberdrom the samegeneratoin distributedand/orparallelsimula-
tion, becausef potentialcorrelationsexisting betweendisjoint sub-streamef consecutre num-
bers[7]. In suchtypesof simulationoneshouldusePRNGswith extremecaution,sincethe final
resultscanbe very misleadingf correlationshiddenin therandomnumbersandin the simulated
systeminterferewith eachother.

In the caseof traditional,non-distritutedandnon-parallesimulationon singleprocessorsne
hasto be carefultoo. Uncontrolleddistribution of variouscomputerprogramshasresultedin the
uncontrolledproliferation of really poor PRNGs,of clearly unsatisctory or unknavn quality.
Thus, the advicegiven by D. E. Knuth in 1969is even more importanttoday in the eraof the
Internet: “... replacethe randomgeneitors by goodones. Try to avoid beingshodked at what
youfind..”, [11]. A longerlist of usefulpracticalguidelineson how to use,or notuse,PRNGsin
simulationstudiescanbe found, for example,in [8], togethermwith the advicethat®... it is better
to usean establishedyeneator that hasbeentestedthoroughlythanto inventa new one”.

Simulation Output Data Analysis

Any stochasticomputersimulation,in which randomprocessearesimulated hasto beregarded
asa (simulated)statisticalexperimentand, becausef that, applicationof statisticalmethodsof

analysisof (random)simulationoutputdatais mandatory Otherwise J. Kleijnen of the University
of Tilburg, the Netherlandswarnsthat”... computerrunsyield a massof databut this massmay
turn into a mess<if therandomnatureof suchoutputdatais ignored,andthert> ... insteadof an

expensivesimulationmodel,a tossof the coin had betterbe used”, [10]. Von Neumannhaving

noticeda similarity betweencomputersimulatorsproducingrandomoutputdataand a roulette,
coinedthetermMonteCarlo simulation

Statisticalerrorassociatedvith the final resultof ary statisticalexperimentor, in otherwords,
the degreeof confidencean theaccurag of a givenfinal (point) estimatejs commonlymeasured
by the correspondingonfidenceanterval (Cl) ata givenconfidencdevel (CL), i.e. by theinterval
Cl expectedto containan unknavn valuewith the probability CL. In any correctlyimplemented
simulation,the width of a ClI will tendto shrinkwith the numberof collectedsimulationoutput
data,i.e. with thedurationof the simulation.

Two differentscenario®xist for determininghedurationof agivenstochasticimulation.Tra-
ditionally, the lengthof the simulationexperimentwassetasaninputto the simulationprograms.
In suchafixed-sample-sizecenariq wherethe durationof the simulationis pre-determineeither
by the length of the total simulationtime or by the numberof collectedoutputdata,the magni-
tudeof thefinal statisticalerror of the resultsis a matterof luck. Thisis nolongeranacceptable
approacH

Modernmethodologyof stochasticsimulationoffers an attractve alternatve solution,known
asthe sequentialkcenarioof simulationor, simply, sequentiakimulation Today the sequential
scenariois recognisedas the only practicalapproachallowing control of the error of the final
resultsof a stochasticsimulation,since”... no procedue in which therun lengthis fixedbefore
the simulationbeagins can be relied uponto producea confidenceanterval that covers <the true
value> with thedesied <confidencdevel>" [12]. Sequentiakimulationfollows a sequencef
consecutre checkpointatwhichtheaccurag of estimatescorvenientlymeasuredby therelative
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statistical error (definedasthe ratio of the half-width of a given Cl andthe point estimate),is
assessedThe simulationis stoppedat a checkpointat which the relative error of estimatedalls
belowv anacceptablehreshold.

Thereis no problemwith runninga simulationsequentiallyif oneis interestedn the perfor
manceof asimulatedhetwork within awell-specifiedperiodof (simulated}ime andthesimulation
outputdataobey the centrallimit theoren?; for examplewhenstudyingthroughputin a network
duringthe 24 hoursof its operation.This is the so-calledterminatingor afinite time horizonsim-
ulation. In our example,onewould simply needto repeatthe simulation(of the 24 hoursof the
network’s operationspnappropriatenumberof times,usingdifferent,statisticallyindependense-
quence®f pseudo-randomumbersassourceof elementaryandomness differentreplications
of the simulation. This ensureghatthe sampleof collectedoutputdata(one dataitem perrepli-
cation)canberegardedasrepresentingndependenandidentically distributedrandomvariables,
andconfidencentervalscanbe calculatedusingstandardwell-known methodsof statistics.

Whenoneis interestedn studyingthe behaiour of networksin steady-statehenthe scenario
is more complicated. First, sincea steady-statés theoreticallyreachableby a network after an
infinitely long periodof time, the problemlies in the executionof a steady-statsimulationwithin
a finite periodof time. Variousmethodsof approachinghat problem,in the caseof analysisof
meanvalues,are discussedfor example,in [22]. Eachof theminvolvessomeapproximations.
Most of them (exceptthe so-calledmethodof regeneratre cycles) requirethat datacollectedat
the beginning of a simulation,during initial warm-upperiods,are not usedto calculatesteady-
stateestimates.If they areincludedin further analysis,they can causea significantbias of the
final results;see for example,[28]. Determinatiorof thelengthsof warm-upperiodscanrequire
quite elaboratestatisticaltechniqued6, 22]. Whenthis is done,oneis left with a time seriesof
(heavily) correlateddata,andwith the problemof estimatingthe confidencentervals from such
data. However, althoughthe searchfor robusttechniquef outputdataanalysisfor steadystate
simulationcontinueg24], reasonablysatishctoryimplementation®f basicproceduregor calcu-
lating steady-stateonfidencentervals of, for example,meanvaluesand quantileshave already
beenpublishedfor example,see[22] and[26], respectiely.

Thereare claimsthat sequentiakteady-statsimulation,andthe associategroblemof anal-
ysis of statisticalerrors, canbe avoided by running simulationexperimentssufiiciently long to
ensurghatary influenceof theinitial statesof simulationbecomesegligible. While suchabrute
forceappmad to stochastisteady-statsimulationcansometimeseadto acceptableesults, one
shouldbe cautiousof the statisticalaccurag of thefinal resultsevenin suchcases.

Firstly, suchvery long simulationstudiescould be relied upononly if PRNGsof appropriate
(very long) cycleswereusedto avoid repeatingthe sequencef generategpseudo-randomum-
bers,sinceit canintroducesuperficialcorrelationdbetweersimulatedprocessedt shouldalsobe
rememberedhatin stochastiaiscrete-gent simulation,collectinga sufficiently large sampleof
datais moreimportantthansimply runningthesimulationoveralong period. The CPUtime spent
on the simulationof telecommunicatiormprocessesluring which no event of interestis recorded
doesnot have a directinfluenceon the statisticalaccurag of the estimateslependenbn the oc-
currenceof theseevents. What mattersis the numberof eventsrecorded. For example,when
analysingrareevents,a minimumnumberof the rareeventsmustberecordedduringa givensim-

2The centrallimit theoremsaysthatthe averageof a large numberof outputdatahas,in thelimit (asthe sample
sizetendsto infinity), a normalprobability distribution. This theoremis not applicableto, for example,outputdata
governedby someheavy-taileddistributions.

3Someresearchersxecutetheir network simulationsfor a week, or longer, to getthe results,they claim, repre-
sentingsteady-statbehaiour of simulatednetworks.
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ulationto ensurehatthe sampleof outputdatais representate. Thisphenomenois illustratedin

Tablel, which shavs thatestimate®f the meandelaysof paclets(obtainedfrom a simulationof

aDQDB network with 20 stations,over 1 500 000time slots)canstill be associateavith ashigh

arelative statisticalerroras43%or more[16]. Theexplanationgivenin [16], is clear:duringthis
simulationmary simulatedtime slotswereidle. Whentherewasno paclet for transmissionno
paclet delaywasmeasuredandno outputdataitem wascollected. Insteadof stoppingthe sim-

ulationaftera fixedtime (here: after 1 500 000 time slots),it shouldbe donewhenthe statistical
errorsof all estimatedneanpacletdelaysbecomeacceptablyow.

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 * * *

Tablel: Relative error of mean packets delays at stations of a DQDB network with 19 transmitting
stations. All results obtained at 0.95 confidence level. The simulation lasted for 1 500 000
(simulated) time slots. Cases where the relative errors were not assessed, because too few
observations were collected, are marked by * (from [16]).

Stoppingstochastisimulationtoo early cangive misleading,or at leastinconclusve, results,
asillustratedin Figure2. Thefigureshawvsthefinal resultsobtainedrom a sequentiakteady-state
simulationof the samemodel, but with outputdataanalysisstoppedwhenall estimategeached
arelative statisticalerror not exceeding25% (Figure 2a) or 1% (Figure 2b). In this context, one
shouldcertainlyquestiornthe senseof drawing conclusion®n the basisof resultswith high statis-
tical errors,or resultsfor which statisticalerrorswerenot measuredtall.

Obtainingfinal simulationresultswith smallstatisticalerrorsis alsoimportantin comparatie
performancesvaluationstudiesof alternatve solutions.This phenomenoiis illustratedby Figure
3, which shavstheresultsof thecomparatre analysisof threealternatve versionsof aresenation
protocolfor awirelessATM network with integratedservicesj27]. Theresultswereobtainedby
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Figure2: Example showing influence of statistical errors on the quality of simulation results. The
assumed confidence level=0.9. Evaluation of a Medium Access Control protocol of a mobile
communication network (from [4]).
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Figure3: Example showing influence of statistical errors on the final simulation results. Evaluation
of three alternative versions of a reservation protocol for a wireless ATM network with integrated
services; the assumed confidence level=0.95 (from [27])

meanf sequentiatimulation,continueduntil therelative errorof the estimatedecameassmall
as10%(in Figure3a),or assmallas5% (in Figure3b). Onecanseethatresultsobtainedwith too
large a statisticalerror canleadto falseconclusionsin this particularcase usingthe resultswith
anerrorof 10%,onecoulderroneouslyconcludethattwo of thethreeversionsof the investigated
protocolareequvalentaslong asno morethan10-12VBR terminalsareused.

Unfortunately sequentiaktochasticsimulationis not very popularamongdesignersof com-
mercialsimulationpackageswith anoverwhelmingmajority of thempromotinganalysisof output
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dataonly afterthe simulationis finished. Suchpackagess,e.g.,Arena(by Rockwell Software;
seewww.arenasimulation.compRrophesyby 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)packagesbleto executestochastic
simulationsequentiallyonecouldalsoadda few packageslesignedat universitiesandofferedas
freewarefor non-profitresearctorganisationsOnesuchpackagas Akaroa-2[3], designedtthe
Universityof Canterlry, in ChristchurchNew Zealand.

3 Crigsis

It would probablybe difficult to find a computerscientistor telecommunicatiorengineertoday
who hasnot beentrainedin how to assesand minimise errorsinevitably associateavith statis-
tical inference. At the sametime, the resultsof our suney of recentpublicationsshoved that
a surprisinglylarge proportion of papersreporting simulation-basedesultsdid not care about
the randomnatureof outputdatageneratedy stochasticsimulation. Such“don’t care” papers
(representeth Figure4(a)-4(d),by white bars)constituted76.6%,79.05%,71.6%and68.6%o0f
papersreportingsimulation-basedesultsand publishedin the Proceeding®f the IEEE INFO-
COM, the IEEE Transaction®n Communicationsthe IEEE/ACM Transaction®n Networking
andthe PerformancdevaluationJournal respectrely. Whenthetype of simulationwasreported,
thenterminatingsimulation(TS) and steady-statsimulation(SS)appearedo be almostequally
often appliedin the paperspublishedin conferencgroceedingswhile TS dominatedin journal
publications.Neverthelessthe vastmajority of papersdid not containary informationaboutthe
time-horizonover which the performanceof simulatedsystemswas analysed;c.f. NN barsin
Figure4(a)-4(d).

As Figure5 shaws,onaverageabout76.45%of authorsof simulation-basefdaperontelecom-
municationnetworkswerenot concernedvith therandomnatureof theresultsobtainedrom their
stochasticsimulationstudiesand eitherdid not careto mentionthat their final resultswere out-
comesof appropriatestatisticalanalysesor ... reportedpurely randomresults. Let us add that
Figures4 and5 wereobtainedassuminghatpaperssimply reportingaveragedesults(say aver
agedoveranumberof replications) put without any notionof statisticalerrors,wereincludedinto
the category of papers'with statisticallyanalysedesults”.

While one canclaim that the majority of researchergvestigatingperformanceof networks
by stochastisimulationsimply may not mentionthattheir final resultshave beensubjectedo an
appropriatestatisticalanalysis this is not an acceptablgractise.Probablyeverybodyagreeghat
performancesvaluationstudiesof telecommunicatiometworks shouldbe regardedasa scientific
actwity in which onetestshypothesesn how thesecomplex systemsvould work if implemented,
including even their possibly most critical conditions. However, if this is a scientific actwity,
then one shouldfollow the scientificmethod a generallyacceptedmethodologicalprinciple of
modernscienceg([21], ChapterlX). This methodsaysthatany scientificactivity shouldbe based
on contolled andindependentlyepeatablesxperimentssee for example,[25], Sectionl5.

Throughmary repetitionsof a non-sequentiasimulationone caneventually obtainthe final
resultswith acceptablysmall statisticalerrors. Thus, using non-sequentiasimulation, it is still
possibleto control the error of final results. However, the real problemis that the vastmajority
of simulationexperimentgeportedn telecommunicatiometwork literaturearenot repeatableA
typical papercontainsvery little or no informationabouthow a simulationwasrun. Our surey
revealedthatauthorsof almost52% of the papergeportingsimulation-basedesultsdid not even
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Figure4: Histograms of papers reporting simulation-based results, as published in (a) the Pro-
ceedings of the INFOCOM, (b) the IEEE Transactions on Communications, (c) the IEEE/ACM
Transactions on Networking, and (d) the Performance Evaluation Journal. TS: papers reporting
results of terminating simulation; SS: papers reporting results of steady-state simulation; NN:
papers with no information about the type of simulation executed and with no information about
output data analysis or errors

inform thereademwhethertheir resultscamefrom terminatingor steady-statsimulation.

While the principlesof the scientific methodare generallyobsered by researchersonduct-
ing experimentsn suchnaturalsciencesasbiology, medicineor physics,the crisis of credibility
of scientificoutcomesds not limited to the areaof telecommunicatiometworks but hasspanned
overthewhole areaof computerscienceaswell aselectronicandcomputerengineeringdespite
suchearlywarningsasthatin 1990by B. Gaither thenEditor-in-Chief of the ACM Performance
EvaluationReview, who, beingconcernedboutthe way in which stochastisimulationwasused
then, wrote that he was unavare of “... any other field of engineeringor science<otherthan
computerscienceandengineering- whete similar liberties are takenwith empiricaldata..” [5].
Whatcanbe doneto changethe attitudeof writers (who, of course arealsoreviewers)of papers
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Figure5: Papers with statistically analysed output data as a proportion of papers reporting
simulation-based results

reportingsimulationstudiesof telecommunicatiometworks? The consequencesf draving po-

tentially not fully correct,or false,conclusionsabouta network performanceanbehuge.Onthe

otherhand,thoroughpredictionof networks’ performancecould make suchdisastersasthe 1990
failureof AT&T’ sentirelong distancenetwork avoidable.An interestingdiscussiorof thedanger
associateavith moderncomputerandnetwork technologycanbe found,for example,in [17].

4 A Solution ?

The credibility crisis of simulationstudiesof telecommunicatiometworks could be resohed if
someobviousguidelinesfor reportingtheresultsof simulationstudieswvereadopted.

Firstly, thereportedsimulationexperimentsshouldberepeatableThis shouldmeanthatinfor-
mationabout

e thePRNG(s)usedduringthe simulationand
¢ thetypeof simulation

is provided. The former shouldbe either explicitly specifiedin a given paperor in the docu-
mentationof the simulationpackageusedin the study In the latter, in the caseof a terminating
simulation,its time horizonshouldbe specified.

Secondlyoneshouldspecify:

¢ themethodof analysisof simulationoutputdata,and
o thefinal statisticalerrorsassociatedvith theresults.

A satistictorylevel of credibility of thefinal simulationresultscannotbe obtainedwithout as-
sessingheir statisticalerrors,althoughsometimesin preliminarystudies,t canbe acceptabldo
reducethe randomnessf the outputresultsof a simulationsimply by repeatinghe simulationa
numberof timesandaveragingtheresultsoverreplications.D. Knuthwrotethat”... themostpru-
dentpolicy for a personto follow is to run ead MonteCarlo program < or stochasticsimulation
of atelecommunicatiometwork > at leasttwice usingquite differentsourcesof pseudo-andom
numbes, before takingthe answes of the programseriously”; [11].
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As mentionedfo achieve full credibility of a simulationoneneedgo developvalid simulation
modelsandusethemin valid simulationexperiments. The former includesaccurateprocedural
representationf the simulatedsystems functionality aswell assemantiandsyntacticalcorrect-
nessof the simulationprograms.The mosteffective way of conductingthe latteris to usegood,
thoroughlytestedPRNGsandto control statisticalerrorsof simulationresultsby analysingthem
sequentiallyi.e. to control the magnitudeof the statisticalerrorsof the resultsby stoppingthe
simulationwhenthe errorsof theresultsreacha satisfctorily low level.

Neglectingthe properstatisticalanalysisof simulationoutputdatacannotbe justified by the
factthatsomestochastisimulationstudiesjn particularthoseaimedat evaluatingsimulatedsys-
temsin their steady-statanight requiresophisticatedtatisticaltechniques On the otherhand,it
is truethatin somecasef practicalinterest,appropriatestatisticaltechniquesave not yet been
developed. However, if this is the case,thenone shouldnot pretendthat he/sheis executinga
precisequantitatve studyof the performancef atelecommunicatiometwork.

5 Final Comments

In this paperwe have consideredwo importantnecessargonditionsof crediblesimulationstud-
les: useof appropriatgpseudo-randorgenerator®f independentiniformly distributednumbers,
andappropriateanalysisof simulationoutputdata. Our surwey of recentresearchpublicationsin
the areaof telecommunicatiometworks suggestghat the majority of recentlypublishedresults
of simulationstudiesdo not satisfythe basiccriteria of credibility. The situationcould be easily
correctedf scientistsandengineersvho apply stochastisimulationasthetool for studyingper
formanceof networks acceptfuller responsibilityfor credibility of their results. An adoptionof
thebasicguidelinesndicatedin the previoussectionwould be thefirst stepin this direction.

Of course,simulationsof telecommunicatiometworks are often computationallyintensve
and canrequirelong runsin orderto obtainresultsat a desiredlevel of precision. Excessie
run-timehindersdevelopmentandvalidationof simulationmodels.Researcton speedingup the
executionof simulationof telecommunicatiometworksis oneof the challengingproblemswhich
hasattractedconsiderablecientificinterestandeffort.

Onedirectionof researchn this areahasfocusedon developingmethodsfor the concurrent
executionof loosely-coupledartsof large simulationmodelson multi-processocomputersor
multiple computersof a network. Sophisticatedechniqueshave beenproposedo solve this and
relatedproblems,surweyed, for example,in [1]. In additionto efficiently managingthe execu-
tion of large partitionedsimulationmodels,this approachcanalsooffer a reasonablespeedupof
simulation, provided that a given simulationmodelis sufficiently decomposableUnfortunately
this featureis not frequentlyobsened in practice,thusthe efficiengy of this kind of distributed
simulationis stronglymodel-dependent.

In thecontext of stochastisimulation therearestill atleasttwo additionalapproachepossible
for speedingip suchsimulations.Oneof themis basedn VarianceReductionTechniquegVRTS);
see[12] for asurwy of these.No universallyapplicableVRT canbefound. However, suchVRTs
aslmportanceSamplingor Splitting (or Restart)cangive spectaculaspeedupn the caseof rare
eventsimulation;seefor example[29].

Stochasticsimulationcanalso be speededip by the concurrentgenerationof multiple, sta-
tistically identical streamsf outputdata,using multiple simulationenginesrunningstatistically
independenteplicationsof simulationprocessesThis approacho distributedstochasticsimula-
tion is known asMultiple Replicationdn Parallel (MRIP) [23]. A fully automatednethodology
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of sequentiaktochastisimulationin an MRIP scenarichasbeendevelopedin the Akaroaproject
attheUniversityof Canterlry, ChristchurchNew Zealand.t hasresultedn Akaroa-2[3], apro-
totypesimulationcontrollerthat, in its latestversion,automaticallylauncheanultiple simulation
enginesandexecutederminatingor steady-statsimulationswith full control of statisticalerrors,
in the caseof suchestimatorsas meanvalues,proportionsandquantiles.Furtherincreaseof the
functionality of thistype of simulationpackagesvill be possiblevhensometheoreticaproblems,
relatedto the propertieof new (linearcombinationof) estimatorsaresuccessfullyesohed.
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