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Abstract

Quality-of-servicdQoS)routingsatis esapplicationperformance
requiremerts and optimizesnetworkresource usagebut effective
path-selectionschemesrequire the distribution of link-state in-

formation, which can imposea signi cant burdenon the band-
width and processingesoucesin the network.We investigatehe
fundamentatrade-of betweemetworkoverheadsand the qual-

ity of routing decisionsn the context of the source-directedlink-

staterouting protocolsproposedor future IP and ATM networks.
Throughextensivesimulationexperimentsvith several repreenta-
tive networktopologiesandtraf c patternsweuncovertheefects
of stalelink-stateinformation,random uctuationsin traf c load,

andvariationsof thelink-costmetricontheroutingandsignalling
overhead. Thepaperconcludedysummarizingur keyresultsas
alist of guidelinedor designingefcient quality-of-serviceouting
policiesin largebadbonenetworks.

1 Intr oduction

Themigrationto integratednetworksfor voice,data,andmul-
timediaapplicationsntroducesew challengesn supportingpre-
dictablecommunicationperformance. To accommodateliverse
trafc characteristicand quality-of-service(QoS) requirements,
theseemenging networkscanemploya variety of mechanismso
control accessto sharedlink, buffer, and processingresources.
Thesemechanisméincludetrafc shapingand o w controlto reg-
ulatean individual trafc stream,aswell aslink schedulingand
buffer managemento coordinateresourcesharingat the packet
or cell level. Complementinghesdower-level mechanisms;out-
ing andsignallingprotocolscontrol networkdynamicsby direct-
ing trafc atthe o w or connectionlevel. QoSrouting selectsa
pathfor eacho w or connectiorto satisfydiverseperformancee-
quirementsand optimizeresourceusage[6, 16,28]. However, to
supporthighthroughputndlow delayin establishingonnections
in large networks the path-selectiorschemeshouldnot consume
excessve bandwidthmemory andprocessingesources.

In this paper we investigatethe trade-of betweenthesere-
sourcerequirementsandthe quality of the routing decisions.We
focuson link-staterouting algorithmswherethe sourceswitch or
routerselectsa pathbasedntheconnectiortrafc parameterand
theavailableresourceén the network.For example the ATM Fo-
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rum's PNNI standard22] de nes a routing protocolfor distribut-
ing topology and load information throughoutthe network, and
a signalling protocol for processingand forwarding connection-
establishmentequestdrom the source.Similarly, proposedQoS
extensionsto the OSPF protocol include an “explicit routing”
mechanisnfor source-directedP routing [11,30]. During peri-
odsof transienverload link failure, or generatongestionthese
schemesgreableto nd QoSpathsfor more o ws. However, QoS
routing protocolscanimposea sighi cant bandwidthandprocess-
ing load on the network,sinceeachswitchmustmaintainits own
view of theavailablelink resourcesglistribute link-stateinforma-
tion to otherswitches,and computeand establishroutesfor new
connections.To improve scalabilityin large networks,switches
andlinks canbe assignedo smallerpeergroupsor areasthat ex-
changealetailedlink-stateinformation.

Despitethe apparenttompleity of QoSrouting, thesepath-
selectiorandadmissiorcontrolframewvorksoffer networkdesign-
ers a considerableamountof latitude in limiting overheads. In
particular the network can control the compleity of the routing
algorithmitself, aswell asthefrequeng of routecomputatiorand
link-stateupdatemessagesLink-stateinformationcanbe propa-
gatedin a periodicfashionor in responseo a signi cant change
in thelink-statemetric (e.g., utilization). For example,alink may
adwertiseits available bandwidthmetric whenever it changesby
morethan sincethe previous updatemessagetriggeringan
updatebasedon a changein available capacityensureghat the
network hasprogressiely more accurateinformationasthe link
becomescongested. In addition, a minimum time betweenup-
datemessagesvould typically be imposedto avoid overloading
thenetworkbandwidthandprocessingesourcesluringrapid uc-
tuationsin link bandwidth.However, large periodsandcoarserig-
gersresultin stalelink-stateinformation,whichcancauseaswitch
to selecta suboptimalroute or a route that cannotaccommodate
thenew connection Hence tuningthe frequeng of link-stateup-
datemessagerequiresa carefulunderstandingf thetrade-of be-
tweennetworkoverheadsandthe accurag of routingdecisions.

Several recentstudiesconsiderthe effects of staleor coarse-
grained information on the performanceof QoS routing algo-
rithms. For example,analyticalmodelshave beendevelopedto
evaluateroutingin hierarchicalnetworkswherea switch haslim-
ited informationaboutthe aggregateresourcesvailablein other



peergroupsor areag12]. To characterizahe effectsof stalein-

formation,comparison®f differentQoS-routingalgorithmshave
includedsimulationexperimentghatvarythelink-stateupdatepe-
riod[2,17,18], while otherwork considerss combinationof peri-
odic andtriggeredupdateq21]. However, thesestudieshave not
includeda detailedevaluationof how the updatepolicies inter

actwith thetrafc parameterandthe richnessof the underlying
networktopology Finally, new routing algorithmshave beenpro-
posedthat reducecomputatiorandmemoryoverheaddy basing
pathselectionon a smallsetof discretebandwidthlevels[11,17];

thesealgorithmsattempto balancehetrade-of betweeraccuray
andcomputationatomplexity.

The performanceandimplementatiortrade-ofs for QoSrout-
ing dependon the interactionbetweena large andcomplex setof
parameters.For example, the underlying network topology not
only dictatesthe numberof candidatepathsbetweeneachpair of
nodesor switches,but also affects the overheadsor computing
routesanddistributing link-stateinformation. Theeffectsof inac-
curatelink-stateinformationdependon the amountof bandwidth
requestedy new connections.Similarly, the frequeng of link-
stateupdatesshouldrelateto connectioninterarrival and holding
times. Routingand signallingoverheadscoupledwith the pres-
enceof short-lved connectionlessrafc, limit the proportionof
trafc thatcanbeassignedo QoSroutes;this,in turn, affectsthe
interarrival andholding-timedistributionsof the QoS-routecton-
nections.Althougha lower link-stateupdateratereducesietwork
andprocessingequirementsstaleload informationincursset-up
failures, which may require additional resourcesor computing
andsignallingan alternateroutefor the connection.In addition,
controllingoverheadn large networksmayrequirestrictlimits on
the frequeng of link-state updatesand route computation,even
thoughinaccuratenformationmay makeit very dif cult to suc-
cessfullyresene resourcesn longroutes.

In this paper we investigatetheseperformancassueshrough
asystematicstudyof the scalingcharacteristicef QoSroutingin
large backbonenetworks. In contrastto recentsimulationstudies
that comparedifferentrouting algorithmsunderspeci ¢ hetwork
con gurations[2,9,10,14,17-1921,23,24], we focuson under
standinghow routing performanceandimplementatioroverheads
grow asa function of the networktopology, trafc patterns,and
link-stateupdatepolicies. In Section2, we constructa detailed
modelof QoSrouting thatparameterizethe path-selectioralgo-
rithm, link-costfunction,andlink-stateupdatepolicy, basetnthe
PNNI standardandproposedQoSextensiongo OSPF aswell as
the resultsof previous performancestudies. It shouldbe empha-
sizedthat our studyfocuseson the interactionbetweenink-state
stalenesandthe cost-performanceade-ofs of QoS-routingpro-
tocols.We considermmixtureof representatietopologiesandop-
eratingregimeswhereconnectiordurationsandthe time between
link-stateupdatesarelarge relative to propagatiorandsignalling
delays.Ourmodelpermitsarealisticevaluationof largebackbone
networksandthe routing of the longerlivedtrafc o wsthatare
likely to employQoSrouting.

Sincethe compleity of theroutingmodelprecludesa closed-
form analyticexpressionywe presentisimulation-basedtudythat
uncoverstheeffectsof stalelink-stateinformationon networkdy-
namics. To efciently evaluatea diversecollection of network
con gurations,we have developedaconnection-lgel event-driven

simulatorthatlimits thecomputationabverheadsf evaluatingthe
routingalgorithmin large networkswith staleinformation.Based
on this simulationmodel, Section3 examinesthe effectsof peri-
odic andtriggeredink-stateupdate®n the performancendover
headsof QoSrouting. The experimentsevaluateseveral topolo-
giesto explore theimpactof inaccuratdnformationon how well
a richly-connectechetwork can exploit the presenceof multiple
shortroutesbetweeneachpair of switches.Section4 studiesthe
impactof staleloadinformationon the choiceof link metricsfor
selectingminimum-costroutesfor new connections.The experi-
mentssuggesguidelinesfor tuning link-stateupdatepoliciesand
link-costmetricsfor ef cient QoSroutingin high-speedetworks.
Section5 concludeghe paperwith alist of guidelinesfor design-
ing ef cient quality-of-servicerouting policiesin large backbone
networks.

2 Routing and Signalling Model

Our study evaluatesa parameterizeanodel of QoS routing,
whereroutesdependon connectionthroughputrequirementsand
the available bandwidthin the network. Whena new connection
arrives,the sourceswitchcomputesa minimum-hoppaththatcan
supportthe throughputrequirementusing the sum of link costs
to chooseamongfeasiblepathsof equallength. To provide every
switchwith arecentview of networkload, link informationis dis-
tributedin a periodicfashionor in responséo a signi cant change
in the availablecapacity

2.1 Route Computation

Sincepredictableeommunicatiorperformanceelieson having
somesortof throughpuguaranteegurroutingmodelviews band-
width asthe primary trafc metric for de ning both application
QoS and networkresources.Although applicationrequirements
andnetworkload may be characterizedby several otherdynamic
parametersincluding delayandloss, initial deploymentof QoS
routing are likely to focus simply on bandwidthto reducealgo-
rithmic compleity. Hence,our model expresses connections
performancerequirementswith a single parameter that repre-
sentseithera peak,average or effective bandwidth,dependingn
theadmissioncontrol policy. In practice the end-hostpplication
may explicitly signalits requiredbandwidth,or network routers
candetecta o w of relatedpacketsandoriginatea signallingre-
quest. Eachlink hasresened (or utilized) bandwidth  that
cannotbe allocatedio new connectionsConsequentlya switch's
link-statedatabasetoregpossiblystale)information  aboutthe
utilization of eachlink in orderto computesuitableroutesfor
new connections Eachlink alsohasacost ( ) thatis afunc-
tion of theutilization (), asdiscussedh Section2.2.

Although networkscan employ a wide variety of QoS rout-
ing strat@ies, previous comparatie studieshave demonstrated
thatalgorithmswith a strongpreferencdor minimum-hoproutes
almostalways outperformalgorithmsthat do not considerpath
length [1,9,10,18,19,23]. For example, selectingthe widest
shortestpath (i.e., the minimum-hoproute with the maximum
value of ) increaseghe likelihood of successfully
routingthenew connection Similarly, thenetworkcouldselecthe
minimum-hoppathwith thesmallestotalload(minimumvalueof

) to balancenetwork utilization. In contrast,non-minimal



routing algorithms,suchas shortestwidest path, often selectcir-
cuitousroutesthat consumeadditional network resourcesat the
expenseof future connectionswhich may be unableto locatea
feasibleroute. Biasingtoward shortest-pathmoutesis particularly
attractvein alarge, distributednetwork,sincepathlengthis arela-
tively stablemetric,comparedvith dynamicmeasurementsf link
delayor lossrate[10].

In ourmodel,thesourceselectsaroutebasedn thebandwidth
requirement andthe destinatiomodein threesteps:(i) (Option-
ally) pruneinfeasiblelinks (i.e., links  with ), (i)
computeshortespathsto the destinatiorbasedn hop-countand
(i) extractaroutewith theminimumtotal cost

This process effectively computes a “cheapest-shest-
feasible; or a “cheapest-shortesfiath,dependingon whetheror
not the pruning stepis enabled.By pruningary infeasiblelinks
(subjectto staleinformation), the sourceperformsa preliminary
form of admissioncontrol to avoid selectinga route that can-
not supportthe new connection.In an -nodenetworkwith
links, pruninghas computationatomplexity andproduces
sparsegraphconsistingentirelyof feasibldinks. Then,theswitch
canemploythe Dijkstra shortest-pathree algorithm[5] to com-
putea the shortespathwith the smallesttotal cost[25]. The Di-
jkstrashortest-patitalculationhas compleity when
implementedwith a binary heap. Although advanceddatastruc-
turescanreducethe averageand worst-casecompleity [3], the
shortest-patieomputatiorstill incurssigni cant overheadn large
networks. Extractingthe route introducescompleity in propor
tion to the pathlength.

2.2 Link-Cost Metrics

Theroutingalgorithmusedink costmetrics to distinguish
betweemathsof thesamdength. Previousstudiessuggesseveral
possibleforms for the pathmetric, including sumof link utiliza-
tions, maximumlink utilization on the path, or sum of the link
delays. For a generalmodelof link cost, we employa function
thatgrows exponentiallyin thelink utilization ( ), where
theexponent controlshow expensie hearily-loadedlinks look
relative to lightly-loadedlinks. An exponentof reduces
to load-independentuting, whereadarge valuesof  favor the
widestshortestpaths(selectingthe shortest-pathoute that maxi-
mizestheavailablebandwidthonthebottlenecKink). We de ne a
parameter to bethe minimum-costutilization level; ary link
utilization below is consideredo have the minimum cost.
Setting , for example, resultsin a routing policy in
which all links with lessthan utilization look the samewith
regardto cost.

We representink costwith  discretevalues. Small val-
uesof limit the computationabndstoragerequirement®f the
shortest-pattcomputation. However, coarse-grairink-cost in-
formationcandegradeperformanceby limiting the routing algo-
rithm's ability to distinguishbetweenrlinks with differentavailable
resourcesthoughthe presencef multiple minimum-costroutes
providesef cient opportunitiesto balanceload throughalternate
routing.

2.3 ConnectionSignalling

Whena new connectiorrequestarrives, the sourceswitch ap-
plies the three-steprouting algorithmto selecta suitable path.

However, the optionalstepof pruningthe (seemingly)infeasible
links may actuallydisconnecthe sourceandthe destinationpar
ticularly when the network is heavily-loaded. When a feasible
routecannotbe computedthe sourcerejectsthe connectiorwith-
out trying to signalit throughthe network. Stalelink-stateinfor-
mation may contrikute to theserouting failures sincethe source
may incorrectly prunea link that could actually supportthe new
connectior(i.e.,thelink has , althoughthe sourcedeter
minesthat ). Routingfailuresdonotoccurwhenpruning
is disabled.In theabsencef aroutingfailure, the sourceinitiates
hop-by-hopsignallingto resene bandwidth on eachlink in the
route. As the signallingmessagéraverseshe selectedpath,each
switch performsan admissiortestto checkthatthelink canactu-
ally supportheconnectionlf thelink hassufcient resourceshe
switch resenes bandwidthon behalfof the new connection(i.e.,
) beforeforwardingthe set-upmessagéo thenext link
in theroute.
Oncethebandwidthresourcesreresenedon eachlink in the
route, the networkadmitsthe connection,committingbandwidth
on eachlink in the pathfor the durationof the call. However, a
set-upfailure occursf alink doesnothave enoughresourcesvail-
ablewhentheset-upmessagarrives. To deployQoSroutingwith
reasonableetworkoverheadsthedelaysfor propagatingandpro-
cessingheseset-upmessagemustbemuchsmallerthanthelink-
stateupdateperiodsand connectionholding times. In assuming
that propagatiorand processinglelaysare negligible, our model
focuseson the primary effects of stalelink-stateinformation on
establishingconnectiondor the long-lived trafc o ws. Finally,
we modelat mostone attemptto signala connection. Although
we do not evaluatealternaterouting (or crankback)aftera set-up
failure, the connectionblocking probability provides an estimate
of thefrequeng of crankbacloperationsin practice a“blocked”
requesmayberepeatedt alower QoSlevel, or the networkmay
carrytheofferedtrafc onapreproisionedstaticroute.

2.4 Link-State Update Policies

Every switchhasaccuratenformationabouttheutilizationand
costof its own outgoinglinks, and potentially staleinformation
abouttheotherlinks in thenetwork. To extendbeyondtheperiodic
link-stateupdatepoliciesevaluatedn previous performancestud-
ies[2,17-19], we considera three-parametemodelthat applies
to theroutingprotocolsin PNNI andthe proposed)oSextensions
to OSPFE In particular the modelincludesatrigger thatresponds
to signi cant changesn availablebandwidth,a hold-dovn timer
thatenforcesa minimum spacingbetweenupdatesanda refresh
periodthatprovidesanupperboundon thetime betweerupdates.
Thelink stateis the availablelink bandwidth beyondthe capacity
alreadyresenedfor otherQoS-routedrafc (i.e., ). Thisis
in contrasto traditionalbest-efort routingprotocols(e.g.,OSPF)
in which updatesessentiallycorvey only topology information.
We donotassumeor model,ary particulartechniqueor distribut-
ing this informationin the network;two possibilitiesare ooding
(asin PNNI andOSPF)or broadcastingia a spanningree.

Theperiodicupdatemessageprovide arefreshof thelink uti-
lization information, without regard to changesn the available
capacity Still, the predictablenatureof periodicupdatessimpli-

es theprovisioningof processoandbandwidthresourcesor the
exchangeof link-stateinformation. To preventsynchronizatiorof



Topology Deg | Diam.
Randomgraph 100 | 492 | 4.92 6 3.03
MCI backbone 19 | 64 | 3.37 4 2.34
Regulartopology | 125 | 750 6 6 3.63

Table1l.Therandom graph isgeneratedusing Waxman's
model [27]; nodesin the regular topology haveidentical
connectivity.

updatemessagefor differentlinks, eachlink introducesa small
randomcomponento the generatiorof successieupdateg8]. In
additionto the refreshperiod, the modelgeneratesipdatesupon
detectiorof asigni cant change in theavailablecapacitysince

the last updatemessagewhere . Thesechanges

in link statestemfrom the resenation(releasepf link bandwidth
during connectionestablishmenftermination). By updatinglink
load informationin responseo a changen availablebandwidth,
triggeredupdategespondo smallerchangesn utilization asthe
link nearscapacity whenthe link may becomeincapableof sup-
portingnew connectionsSimilarly, connectiongerminatingon a
heavily-loadedlink introducea large relatve changein available
bandwidthwhichgenerateanupdatemessagevenfor verylarge
triggers.In contrasto periodicupdatesthough triggeredupdates
complicatenetworkresourceprovisioning sincerapid uctuations
in availablecapacitycangenerate large numberof link-stateup-
datesunlessareasonabléold-dovn timeris used.

2.5 Network and Traf c Model

A key challengen studyingprotocolbehavior in wide-areanet-
workslies in how to representhe underlyingtopology and traf-
¢ patterns.The constantlychanginganddecentralizedhatureof
currentnetworks(in particular the Internet)resultsin a poorun-
derstandingof thesecharacteristicend makesit dif cult to de-
ne ary “typical” con guration[20]. Addingto thechallengeare
obsenationsthat conclusionsaboutalgorithmor protocolperfor
mancemay in factvary dramaticallywith the underlyingnetwork
model. For example,randomgraphscanresultin unrealistically
long pathsbetweencertainpairsof nodes,“well-known” topolo-
giesmay shaw effectsthatareuniqueto particularcon gurations,
and regular graphsmay hide importanteffects of heterogeneity
and non-uniformity [29]. Consequentlyour simulation experi-
mentsconsidera rangeof networktopologies(seeTable 1), and
we commentn similaritiesanddifferencesetweerthe trendsin
eachcon guration.

As our study focuseson backbonenetworks, we consider
topologieswith relatively high connectvity, anincreasinglycom-
mon featureof emeging core backbonenetworks[29], that sup-
port a densetrafc matrix (with signi cant trafc betweenmost
pairsof corenodes)andareresilientto link failures. Eachnode
canbeviewedasa singlecoreswitchin a backbonenetworkthat
sendsandreceiestrafc for oneor moresourcesindcarriestran-
sit trafc to and from other switchesor routers. In addition to
studyinga representatie “well-known” core topology (an early
representatiorof the MCl backbonethat has appearedn other
routingstudieq17, 18]), we alsoevaluatebothrandomgraphsand
regulartopologiesin orderto vary importantparametersike size,
diameter andnodedegreein a controlledfashion. Most of our
graphsshaw resultsfor the MCI and randomtopologies,though
we useasetof regular graphswith differentdegreesof connectv-

ity to evaluatethe effectsof having multiple shortest-pathoutes
betweerpairsof nodeg25]. We furtherassumehatthetopology
remains x ed throughouteachsimulationexperiment;thatis, we
do notmodelthe effectsof link failures.
Eachnodegenerategonnectiorrequestsaccordingto a Pois-
sonprocesswvith rate , with uniformrandomselectiorof destina-
tion nodes.This resultsin auniformtrafc patternin the regular
graphsandanon-uniformpatternonthe MCl andrandomtopolo-
gies, allowing us to compareQoSrouting to static shortest-path
routing under balancedand unbalancedoads. We model con-
nectionholding times using a Paretodistribution (shapeparam-
eter , scaleparameter , andCDF ) with
to capturethe heary-tailed natureof connectiondura-
tions [20] while still producinga distribution with nite variance
makingit possibleto gainsufcient con denceon the simulation
results. For comparisonwe alsoconductedexperimentswith ex-
ponentiallydistributedholdingtimes.We denotethemeanholding
timeas . Connectiorbandwidthsareuniformly-distritutedwithin
aninterval with aspreadaboutthe mean . Forinstancecall band-
widths may have a meanof of link capacitywith a spreadof
, resultingin . Most of the simulationex-
perimentdfocuson meanbandwidthdrom —  of link capacity
Smallerbandwidthvaluesalbeitperhapsnorerealistic,would re-
sultin extremelylow blockingprobabilities,makingit almostim-
possibleto completethe wide rangeof simulationexperimentsn
a reasonableime; instead the experimentsconsiderhow the ef-
fectsof link-statestalenesscalewith the parameteto project
the performancedor low-bandwidthconnections.With a connec-
tion arrival rate ateachof switchestheofferednetworkload
is where is the meandistance(in numberof
hops)betweemodesaveragedacrossll source-destinatiopairs.

3 Link-State Update Policies

Ourinitial simulationexperimentgocusonthe effectsof inac-
curatelink-stateinformationon the performancendoverhead®f
QoSrouting by evaluatingperiodicandtriggeredupdatesn isola-
tion.

3.1 Periodic Link-State Updates

The connectiorblocking probabilityincreasessa function of
thelink-stateupdateperiod,asshown in Figurel(a). The experi-
mentevaluateghreebandwidthrangesontherandomgraphswith
an offeredload of ; the connectionarrival rateremains
X edat , while the Paretoscaleparameter , is usedto ad-
justthe meanholdingtime to keepload constantacrosghe three
con gurations. For comparisonthe graphshaws resultswith and
without pruning of (seemingly)infeasiblelinks. We vary the up-
dateperiodsfrom almostcontinuousupdatego very long periods
of times (graphsshow up to 80 times) the averageconnec-
tion interarrival time (furtherdetailson simulationsetupareavail-
ablein [25]). Dueto their higherresourceequirementsthe high-
bandwidthconnectionsxperiencea larger blocking probability
thanthe low-bandwidthconnectionsacrosshe rangeof link-state
updaterates. The blocking probability for high-bandwidthcon-
nections,while higher, doesnot appearto grow more steeplyas
a function of the updateperiod; instead the threesetsof curves
remainroughly equidistantacrosgherangeof updateperiods.
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Pruning vs. not pruning: In experimentsthat vary the offered
load, we seethat pruningreducegshe blocking probability under
smallto moderatevaluesof by allowing connectiongo consider
nonminimalroutes. However, pruningdegradesperformanceun-
derheavy loadsincethesenonminimalroutesconsumeextra link
capacity at the expenseof otherconnections.Stalelink-statein-
formationreduceghe effectivenessof pruning,asshawn in Fig-
urel(a). With out-of-dateinformation,the sourcemayincorrectly
prunea feasiblelink, causinga connectionto follow a nonmini-
mal routewhena minimal routeis available. Hence the staleness
of the link-stateinformation narrowns the rangeof offered loads
wherepruningis effective, thoughothertechniquesanimprove
the performanceExperimentswith different  valuesandtopolo-
giesshow the samebasictrendsasFigure1(a), thoughtheresults
with pruningdisabledshov aweakerdependencenthelink-state
updateperiodin the MCI topology Sincethe MCI topologyhas
relatively low connectvity, most source-destinatiopairs do not
have multiple minimum-lengthroutes;hencewhenpruningis dis-
abled,the the route computationdoesnot reactmuchto changes
in link load. In generalthenetworkcancontrolthenegative in u-
enceof nonminimalroutesby limiting the numberof extra hops
a connectioncantravel, or reservinga portion of link resources
to connection®dn minimal routes. To addressstalenessnore di-
rectly, thepruningpolicy couldmoreconsenative or moreliberal
in remaving links to balancethe trade-of betweenminimal and
nonminimalroutes[13].

Route apping: Although QoS routing performswell for small
link-stateupdateperiods(signi cantly outperformingstaticrout-
ing [25]), the blocking probability risesrelatively quickly before
graduallyplateauingor large updateperiods.In Figurel(a),even
anupdateperiodof vetime units( vetimestheaverageconnec-
tion interarrival time) shows signi cant performancealegradation.
By this point, set-upfailuresaccountfor all of the call blocking,
exceptwhenthe updateperiodis very small(e.g.,for updateperi-
odscloseto the interarrival time), asshowvn in Figure 1(b) which
focuseson a smallregion of the experimentswith pruningin Fig-
ure 1(a); whenpruningis disabled,routing failures never occur,
and set-upfailures accountfor all blockedconnections.In gen-
eral,periodicupdatesio notrespondjuickly enoughto variations
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in link state,sometlmesallowmg substantialchangego go un-
noticed. This suggestghatinaccurag in the link-state database
causeghe sourceswitch to mistakeinfeasiblelinks as feasible;
hencethe sourceselectsan infeasiblepath,even whenthereare
otherfeasibleroutesto thedestination We seethatroutingfailures
occuronly with very accuraténformationsincethe sourcelearns
aboutlink infeasibility very quickly. Whenlink-statecan uctu-
atesigni cantly betweerupdateghe sourceis virtually certainto
nd atleastoneseeminglyfeasiblepath,thusavoiding a routing
failure.

Ipenod

unit time)
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Under large updateperiods, relative to the arrival ratesand
holding times, the links can experiencedramatic uctuations in
link statebetweensuccessie updatemessages.Suchlink-state
apping hasbeenobsenredin packetroutingnetworkg15], where
pathselectiorcanvary on apacket-by-packetasisthe samephe-
nomenonoccursheresincethe link-state updateperiodis large
relative to the connectionarrival ratesand holding times. When
anupdatemessagndicateghatalink haslow utilization, therest
of thenetworkreactsby routingmoretrafc to thelink. Blocking
remainslow during this intenal, sincemostconnectionsan be
admitted.However, oncethelink becomesaturatedconnections
continueto arrive andare only admittedif otherconnectionger
minate. Blocking staysrelatively constantduring this intenal as
connectiongomeandgo, andthelink remainsnearcapacity For
large updateperiods,this “plateau” interval dominateghe initial
“climbing” interval. Hence the QoS-routingcurvesin Figurel(a)
atten atalevel thatcorrespondso thesteady-statelockingprob-
ability duringthe “plateau”interval.

Eventually QoS routing startsto perform worse than static
routing, becausehe uctuationsin link statebegin to exceedthe
randomvariationsin trafc load. In searchingor (seeminglyun-
derutilizedlinks, QoSroutingtargetsa relatively smallsetof links
until new updatemessagearrive to correctthelink-statedatabase.
In contrastunderstaticrouting,the sourceblindly routesto a sin-
gle groupof links, thoughthis setis typically larger thanthe set
identi ed by QoSrouting. Thus, whenthe updateperiod grows
quitelarge, staticroutingis moresuccessfuat balancingoadand
reducingconnectiorblocking. The exactcrosseer point between
the two routing algorithmsis very sensitie to the distribution of
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Figure 2. The experimentsevaluatethe MCI topology with ,

trafc in thenetwork.For example,in the presencef “hot-spots”
of heavy load, QoS routing canselectlinks that circumwent the
congestior(subjectto the degreeof staleness)Undersuchanon-
uniform load, QoSrouting continueso outperformstaticrouting
evenfor large updateperiods.For example,experimentswith the
non-homogene@MCI backbondopologyshaw thatQoSrouting
consistentlyachieveslower blocking probability than static rout-
ing over awide rangeof updaterates.

Path length and bandwidth requirements: Fluctuationsin link
statehave amoreperniciouseffect onconnectionbetweerdistant
source-destinatiopairs,sinceQoSrouting hasa larger chanceof
mistakenlyselectinga pathwith at leastoneheavily-loadedlink.
This is especiallytrue whenlinks do not reporttheir new state
at the sametime, dueto skews in the updateperiodsat different
switches.In otherexperimentsye compared:onnectiorblocking
probabilityto several alternatve measure®f blocking [25]. The
hop-countblocking probabilityis de ned asthe ratio of the hop-
countof blockedconnectiongo the hop-countof all connections;
bandwidthblocking is de ned analogouslyrelative to requested
bandwidth.Comparedo corventionalconnectiorblocking,these
metricsgrov more quickly in the presenceof staleinformation.
In general bandwidthblocking exceedshop-countblocking, sug-
gestingthat high-bandwidthconnectionsareeven harderto route
thanhigh hop-countconnectionsthoughlink-statestalenessloes
notseenmto affect onemetricmorethanthe other

Connectionholding times: Despitethe fact that stalenesslueto
periodic updatescan substantiallyincreaseconnectionblocking,
the networkcanlimit theseeffectsby controlling which typesof
trafc employQoSrouting. For example,otherexperimentshawv
thatlongerholdingtimesallow the useof larger link-stateupdate
periodsto achieve the sameblocking probability [25]. Also, in
comparingthe trendsto an identical experimentwith exponen-
tially distributed holding times, we found that the Pareto distri-
bution producesa signi cantly morerapidrisein blocking proba-
bility over the samerangeof updateperiods(nearlytwice asfast
for somemeanholdingtimes). The heavier tail of the Paretodis-
tribution resultsin mary more shortetlived connectionghanan
exponentialdistribution with the samemean,implying thatthese
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shorterconnectiongequirevery frequentupdateso achieve ac-
ceptablylow blocking probability Theseresultssuggesthatthe
network could limit QoS routing to the longerlived trafc that
would consumeexcessve link resourcesf not routed carefully,

while relegatingshort-livedtrafc to preprwisionedstaticroutes.
With somelogical separatiorof resourcesor short-lvedandlong-
livedtrafc, thenetworkcouldtunethe link-stateupdatepolicies
to the arrival ratesand holding times of the long-lived connec-
tions. With appropriatemechanismgo identify or detectlong-
livedtrafc, suchas ow detectionschemedor groupingrelated
packetd4], thenetworkcanassigrthis subsebf thetrafc to QoS
routesand achiese good routing performancewith a lower link-

stateupdaterate.

3.2 Triggered Link-State Updates

Although periodic updatesintroducea predictableoverhead
for exchanginglink-state information, triggeredupdatescan of-
fer moreaccuratdink-stateinformationfor the sameaveragerate
of updatemessagesThegraphin Figure2(a)plotstheconnection
blocking probability for arangeof triggersandseveralbandwidth
rangesin the MCI topology In contrastto the experimentswith
periodiclink-stateupdateswe nd thattheoverallblockingproba-
bility remaingelatively constanasafunctionof thetrigger, across
awiderangeof connectiorbandwidthscostmetrics,andloadval-
ues,with andwithout pruning, and with andwithout hold-dovn
timers. Additional experimentswith the well-connectedregular
topologyshow the sametrend[25].

Blocking insensitivity to updatetrigger: To understandhisphe-
nomenonconsiderthe two possibleeffects of stalelink-statein-
formationon the path-selectiomprocessvhenpruningis enabled.
Stalenesgan causeinfeasiblelinks to appearfeasible,or cause
the switch to dismisslinks asinfeasiblewhenthey could in fact
supportthe connection. Wheninfeasiblelinks look feasible,the
sourcemay mistakenlychoosea route that cannotactually sup-
portthe connectionresultingin a set-upfailure. However, if the
sourcehad accuratelink-state information, ary infeasiblelinks
would have beenprunedprior to computinga route. In this case,
blockingis likely to occurbecauséhe sourcecannotiocateafea-



sibleroute,resultingin aroutingfailure. Insteadof increasinghe
connectiorblockingprobability, the staleinformationchangeshe
natureof blocking from aroutingfailure to a set-upfailure. Fig-
ure 2(b) highlightsthis effect by plotting the blocking probability
for both routing and set-upfailures. Acrossthe rangeof trigger
values,the increasein set-upfailuresis offset by a decreasen
routingfailures.

Now, considerthe other scenarioin which stalenessauses
feasiblelinks to look infeasible. In this case,staleinformation
would resultin routing failuresbecausdinks would be unneces-
sarily prunedfrom the link-statedatabaseAlthoughthis casecan
sometimesoccur, it is very unlikely, sincethe triggering mech-
anism ensureghat the sourceswitch hasrelatively accuratein-
formationaboutheaily-loadedlinks. For example,a connection
terminatingon a fully-utilized link would resultin an extremely
large changein available bandwidth,which would activate most
ary trigger Moreover, awell-connectedopologyoftenhasmore
than one available route betweenary two nodes;the likelihood
of pruninglinks incorrectlyon all of the feasibleroutesis quite
low. Hence the blocking probabilityis dominateddy theprevious
scenarionamelymistakinginfeasibldinks asfeasible.Additional
experimentsllustratethatthetrade-of betweerroutingandset-up
failurespersistsvenin the presencef hold-dovn timers,though
thehold-davn timerincreasesheoverall blockingprobabilityand
rateof signallingfailures.

However, in a loosely-connectedetworks,anincorrectprun-
ing decisioncancausehesourceto erroneouslhyconsidemonmin-
imal routes.For example,therandomtopologyhashigher block-
ing rateswith smaller trigger valueswhentrying to route high-
bandwidthconnectiong25]. Unlike the othertwo topologiesthe
randomgraphtypically doesnot have multiple equal-lengttpaths
betweena pair of nodes. As a result, pruningan infeasiblelink
along the shortestpath resultsin the selectionof a nonminimal
route. In the end, this increaseghe overall blocking probability,
sincethesenonminimalroutesconsumeextra resources.lf, in-
stead the sourcechosenot to prunethis infeasiblelink (say due
to stalelink-stateinformation),thenthe connectiorwould attempt
to signalalongthe shortestpath. Althoughthe connectionwould
block upon encounteringhe infeasiblelink, the network would
bene t by decidingnot to acceptthe connection.Having slightly
out-of-dateinformationhasa throttling effect in this casejin fact,
theuseof asmallhold-dovn timerhasasimilareffect, resultingin
much atter curvesfor blockingasa function of thetrigger Still,
it is generallyunwiseto apply pruningfor high-bandwidthcon-
nectionswhenthetopologydoesnothave multiple routesof equal
(or similar) length. For mostrealisticscenariosblockingremains
largely insensitve to thetriggervalue.

Link-state update rate: Despitethe increasein set-upfailures,
largetriggervaluessubstantiallyeducehenumberof updatemes-
sagedor a given blocking probability, asshown in Figure3. For
very ne-grainedtriggers,every connectiorestablishmeréndter
mination generatesn updatemessagen eachlink in the route,
resultingin an updaterate of in a network with
switches, links, and an averagepath length of  hops. For
the parametern this experiment,the expressiorreducedo
link-stateupdatemessageper unit time, which is closeto the -
interceptin Figure 3; additionalexperimentsshaw that the link-
stateupdaterateis not sensitve to the connectiorholding times,
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Figure 3. Link-state update rate for random topology
with , , ,and no pruning.

consistentwith the expression.In Figure 3, the larger
bandwidthvalueshave a slightly lower link-stateupdaterate for

small triggers; high-bandwidthconnectionsexperiencea higher
blocking rate, which decreasethe proportionof calls that enter
the networkand generatdink-statemessagesWhentriggersare
coarse,however, more connectionsare signalledin the network
(dueto fewer routing failures), and the high-bandwidthconnec-
tionstriggermoreupdatessincethey creategreateructuation in

link state.

Unlike routing failures, set-upfailurescan generatdink-state
update messagessince reservingand releasinglink resources
changedink state,evenif the connectionultimately blocksat a
downstreamnode. Theincreasein route apping andset-upfail-
uresfor larger triggersslows the reductionin the updateratein
Figure3 asthetrigger grows. The exact effect of set-upfailures
dependon the numberof successfuhopsbeforethe connection
blocks. Also, if the network supportscrankbackoperationsthe
attemptto signalthe connectionon one or more alternateroutes
couldgeneratedditionallink-stateupdatemessaged-inally, asa
secondarnyeffect, pruninginfeasiblelinks atthe sourceswitchcan
in ate theupdaterateby selectingnonminimalroutesthatresene
(andrelease)esourcen extra links. Overall, though, modest
trigger valuesare effective at reducingthe link-state updaterate
by abouta factor of threeto four. Also, for a x ed updaterate,
triggerscansigni cantly reducethe proportionof set-upfailures
whencomparedwith periodic updates. For instance settingthe
triggerto around resultsin anaverageupdatenterarrival of 3
(for ) and of the blocking occursin signalling.
Whenusingperiodicupdateatthesamerequeng, set-upfailures
accounfor of theblockedconnectionsandtheblockingrate
is muchhighet

4 Link-Cost Parameters

In this sectionwe considerthe impactof thelink-costparam-
eters( and ) of the routing algorithm on blocking probability
androutecomputatiorcompleity.
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Figure 4. Discretized costswith stale link-state information: Both experimentssimulate the 5-ary 3-cube with ,
, , is exponentially distrib uted with mean , and

4.1 Number of CostLevels( )

Theexperimentsn Section3 evaluatealink-costfunctionwith
alarge numberof costlevels, limited only by machineprecision.
With such ne-grain costinformation,thepath-selectiomlgorithm
can effectively differentiatebetweenlinks to locatethe “cheap-
est” shortest-pathoute. Figure 4(a) evaluatesthe routing algo-
rithm over a rangeof costgranularityand link-stateupdateperi-
ods. To isolatethe effects of the costfunction, the routing algo-
rithm doesnot attemptto prune(seemingly)infeasiblelinks be-
fore invoking the shortest-pattcomputation. The  costlevels
aredistributedthroughouthe rangeof link utilizationsby setting

. Comparedo the high blocking probability for static
routing ( ), largervaluesof  tendto decreaseéheblocking
rate, particularly whenthe network hasaccuratdink-stateinfor-
mation,asshawn in the“period=1" curve in Figure4(a).

Fine-graincost metrics are less useful, however, when link-
stateinformationis stale.For example having morethanfour cost
levels doesnot improve performanceoncethe link-state update
periodreaches timesthe averageinterarrizal time. Although

ne-grain costmetricshelp the routing algorithmdistinguishbe-
tweenlinks, largervaluesof — alsolimit the numberof links that
theroutingalgorithmconsiderswhich cancauseoute apping. In

contrast,coarse-graircostinformationgeneratesnore “ties” be-
tweenthe multiple shortest-pathoutesto eachdestinationwhich

effectively dampendink-state uctuations by balancingthe load
acrossseveral alternateroutes. In fact, understaleinformation,
smallvaluesof  cansometimesutperformlarge valuesof

but this cross@er only occursoncethe updateperiod hasgrovn

so large that QoS routing hasa higherblocking probability than
staticrouting. The degradationin performanceainderhigh update
periodsis lesssigni cant in the MCI andrandomtopologiesdue
to thelowerlikelihood of having multiple minimum-hoppathsbe-
tweenpairsof nodes.

The appropriatenumberof costlevels dependon the update
periodandthe connection-bandwidtrequirementsaswell asthe
overheaddor routecomputation.Largervaluesof increaseahe
compleity of the Dijkstra shortest-patltomputationwithout of-

fering signi cant reductionsin the connectiorblocking probabil-
ity. Fine-graincostinformationis moreusefulin conjunctionwith
triggeredink-stateupdatesasshowvnin Figure4(b). We still nd,
however, that experimentswith a nite numberof  valuesare
consistentith the resultsin Section3.2; thatis, the connection
blocking probability remainsconstantover a wide rangeof trig-
gers. Sincethe trigger value doesnot affect the overall blocking
probability, Figure4(b) plots only the signallingfailures. In con-
trastto the experimentwith periodicupdatesincreasinghe num-
ber of costlevelsbeyond continuego reducethe blocking
rate. Sincetriggeredupdatesdo not aggraate uctuationsin link
state,the ne-grain differentiationbetweenlinks outweighsthe
bene ts of “ties” betweenshortest-pathroutes. Although larger
valuesof  reducethe likelihood of signallingfailuresby a fac-
tor of two, increasingthe numberof costlevels eventually offers
diminishingreturns.

4.2 Link-Cost Exponent( )

To maximizethe utility of coarse-grainoad information, the
costfunctionshouldassigreachcostlevelto acritical rangeof link
utilizations.Under ne-grain link costs(large ), ourexperiments
shaw thatthe exponent doesnot have muchimpacton perfor
manceyvaluesof have nearlyidenticalperformanceThese
resultshold acrossa rangeof link-stateupdateperiods suggesting
thatlargevaluesof donotintroducemuchextra route apping.
This is importantfor path selectionalgorithms,sinceit suggests
that widest shortest-pattand cheapesshortest-pattshould have
similar performancainderstalelink-stateinformation. However,
thechoiceof exponent playsamoreimportantrolein cost-based
routingwith coarse-graitink costs.Theseexperimentsshoveda
sharpdrop in the blocking probability dueto the transitionfrom
staticrouting ( ) to QoSrouting ( ), followed by an
increasen blocking probabilityfor largervaluesof [25]. When

is toolarge, the link-costfunctionconcentratemostof the cost
informationin avery small,high-loadregion.

For large andsmall , someof the costintervals are so
narrav thatthe arrival or departureof a single connectioncould



changethe link costby one or morelevels. For example,when
and , thelink-cost function hasfour costlevels
in the - range. This sensitvity exacerbatesoute ap-
ping andalsolimits therouting algorithms ability to differentiate
betweerlinks with lower utilization. Furtherexperimentsdemon-
stratethat pruning lowersthe differencesbetweenthe curves for
different  values. This occursbecausepruning provides addi-
tional differentiationbetweenlinks, even for small valuesof
We alsoexploredthe effectsof thelink-stateupdateperiodon the
connectiorblockingprobabilityas isincreasedfor a x edvalue
of . Interestinglylarger updateperiodsdamperthe detrimental
effectsof largevaluesof , resultingin a atter blockingprobabil-
ity curve. Althoughlarge valuesof limit the granularityof the
costinformation,thedravbackof alargevalueof s largely off-
setby thebene t of additional‘ties” in theroutingalgorithmwhen
informationis stale.Hencetheselectiorof isactuallymoresen-
sitive whenthe QoS-routingalgorithmhasaccurateknowledgeof
link state.

5 Conclusionsand Futur e Work

The performanceand compleity of QoS routing dependn
the comple interactionbetweena large setof parameters.This
paperhasinvestigatedthe scaling propertiesof source-directed
link-staterouting in large core networks. Our simulationresults
shaw thattheroutingalgorithm,networktopology link-costfunc-
tion, andlink-stateupdatepolicy eachhave asigni cantimpacton
the probability of successfullyrouting new connectionsas well
asthe overheadsf distributing networkload metrics. Our key
obsenationsare:

Periodic link-state updates: Thestalenesitroducedoy periodic
link-state updatemessagesausesapping that substantiallyin-
creasesherateof set-upfailures. Thisincreasesonnectiorblock-
ing and also consumessigni cant resourcesnside the network,
sincemostof the failuresoccurduring connectiorset-upinstead
of during path selection. In extremecaseswith large updatepe-
riods, QoSrouting actuallyperformsworsethatload-independent
routing, dueto excessve route apping. Our resultsshow thata
purelyperiodiclink-stateupdatepolicy cannotmeetthedualgoals
of low blocking probability andlow updateoverheadsn realistic
networks.

Bandwidth and hop-count: Connectionswith large bandwidth
requirement&xperiencehigherblocking probabilities,but the ef-
fectsof increasindink-statestalenesareonly slightly worserel-
ative to lower-bandwidthconnections.However, stalelink-state
informationhasa strongin uence on connectiondetweerdistant
source-destinatiopairs,sincelong pathsaremuchmorelikely to
have atleastoneinfeasiblelink thatlooksfeasible,or onefeasible
link thatlooksinfeasible. Theseeffectsdegradethe performance
of QoSrouting in large networkdomains,unlessthe topologyis
designectarefullyto limit theworst-casepathlength.

Holding times: Longer connectionholding times changethe
timescaleof the networkandallow the useof largerlink-stateup-
dateperiods. Staleinformationhasa more dramaticeffect under
heavy-tailed holding-timedistributions,dueto the relatively large
numberof short-lved connectiondor the sameaverageholding
time. Our ndings suggestthat the networksshouldlimit QoS
routingto long-lived connectionswhile carryingshort-lived traf-

C onprepro/isionedstaticroutes.The networkcansegregatethe
trafc in short-andlong-lived o wshby partitioninglink bandwidth
for the two classesanddetectinglong-lived o ws at the edgeof
the network[7].

Triggeredlink-state updates: Triggeredink-stateupdateglo not
signi cantly affecttheoverall blockingprobability, thoughcoarse-
graintriggersdo increasehe amountof blockingthat stemsfrom
moreexpensve set-upfailures. Triggersreducethe amountof un-
necessaryink-statetrafc but requirea hold-down timer to pre-
ventexcessve updatemessagem shorttime intervals. However,
larger hold-davn timersincreasethe blocking probability andthe
numberof set-upfailures. Hence,our ndings suggestusing a
combinationof a relatively coarsetrigger with a modesthold-
downtimer.

Pruning infeasiblelinks: In general pruninginfeasiblelinks im-
provesperformanceinderlow-to-moderatdéoad by allowing con-
nectiongo considemonminimalroutes andavoidingunnecessy
set-upfailuresby blocking moreconnectionsn the routecompu-
tationphase However, underheavy load,thesenonminimalroutes
consumeextralink resourcesatthe expenseof otherconnections.
Pruningbecomedesseffective understalelink-stateinformation,
loosely-connectedopologies,and high-bandwidthconnections,
sincethesefactorsincreasethe amountof trafc that follows a
nonminimalroute,even whena minimal routeis feasible. These
resultssuggesthatlarge networksshoulddisablepruning,unless
most source-destinatiopairs have multiple routesof equal (or
nearequal)length. Alternatively, the networkcould imposelimits
ontheresourced allocateso nonminimalroutes.

Rich network topologies: Thetrade-of betweerroutingandset-
up failuresalsohasimportantimplicationsfor the selectionof the
network topology Although densetopologiesoffer more rout-
ing choices,the advantagesf multiple short pathsdissipateas
link-stateinformationbecomesnorestale. Capitalizingon dense
networktopologiesrequiresmorefrequentink-stateupdatesand
techniguedo avoiding excessve link-statetrafc. For example,
the networkcould broadcastink-stateupdatesn a spanningree,
andpiggybacklink-stateinformationin signallingmessages.
Coarse-grain link costs: Computationakcompleity can be re-
ducedby representindink cost by a small numberof discrete
levels without signi cantly degradingperformance This is espe-
cially truewhenlink-stateinformationis stale,suggesting strong
relationshipbetweentemporaland spatialinaccurag in the link
metrics. In addition, coarse-graifink costshave the bene t of
increasingthe numberof equal-costroutes,which improves the
effectivenesof alternaterouting. We exploit thesecharacteristics
in our recentwork on precomputatiomf QoSroutes[26].
Exponent alpha: Under ne-grain link costs(large ), routing
performances not very sensitve to the exponent ; anexponent
of or performswell, andlargervaluesdonotappeatoincrease
route apping, even undervery staleinformation. Theseresults
suggesthatselectingroutesbasedvidestshortest-pather cheap-
estshortest-pathaould have similar performanceinderstalelink
state.Coarse-graitink costsrequiremorecarefulselectionof
to ensurehateachcostlevel providesusefulinformation,andthat
the detailedcostinformationis focusedin the expectedload re-
gion.

Theseobsenationsrepresengninitial stepin understandingind
controlling the complex dynamicsof quality-of-servicerouting



under stale link-state information. We nd that our distinction
betweenrouting and set-upfailures, and simulationexperiments
undera wide rangeof parametersprovide valuableinsightsinto

the underlyingbehavior of the network. Our ongoingwork fo-

cuseson exploiting thesetrendsto reducethe computationabnd

protocoloverhead®f QoSroutingin large backbonenetworks.
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