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Abstract
Quality-of-service(QoS)routingsatis�esapplicationperformance
requirements and optimizesnetworkresourceusagebut effective
path-selectionschemesrequire the distribution of link-state in-
formation, which can imposea signi�cant burdenon the band-
widthandprocessingresourcesin thenetwork.We investigatethe
fundamentaltrade-off betweennetworkoverheadsand the qual-
ity of routingdecisionsin thecontext of thesource-directedlink-
stateroutingprotocolsproposedfor future IP andATM networks.
Throughextensivesimulationexperimentswith several representa-
tivenetworktopologiesandtraf�c patterns,weuncovertheeffects
of stalelink-stateinformation,random�uctuations in traf�c load,
andvariationsof thelink-costmetricontheroutingandsignalling
overheads.Thepaperconcludesbysummarizingourkeyresultsas
a list ofguidelinesfor designingef�cient quality-of-servicerouting
policiesin largebackbonenetworks.

1 Intr oduction
Themigrationto integratednetworksfor voice,data,andmul-

timediaapplicationsintroducesnew challengesin supportingpre-
dictablecommunicationperformance.To accommodatediverse
traf�c characteristicsandquality-of-service(QoS) requirements,
theseemerging networkscanemploya varietyof mechanismsto
control accessto sharedlink, buffer, and processingresources.
Thesemechanismsincludetraf�c shapingand�o w controlto reg-
ulatean individual traf�c stream,aswell as link schedulingand
buffer managementto coordinateresourcesharingat the packet
or cell level. Complementingtheselower-level mechanisms,rout-
ing andsignallingprotocolscontrolnetworkdynamicsby direct-
ing traf�c at the �o w or connectionlevel. QoSrouting selectsa
pathfor each�o w or connectionto satisfydiverseperformancere-
quirementsandoptimizeresourceusage[6, 16,28]. However, to
supporthighthroughputandlow delayin establishingconnections
in large networks,thepath-selectionschemeshouldnot consume
excessivebandwidth,memory, andprocessingresources.

In this paper, we investigatethe trade-off betweenthesere-
sourcerequirementsandthequality of the routingdecisions.We
focuson link-stateroutingalgorithmswherethesourceswitchor
routerselectsapathbasedontheconnectiontraf�c parametersand
theavailableresourcesin thenetwork.For example,theATM Fo-

rum's PNNI standard[22] de�nesa routingprotocolfor distribut-
ing topology and load information throughoutthe network,and
a signallingprotocol for processingand forwardingconnection-
establishmentrequestsfrom thesource.Similarly, proposedQoS
extensionsto the OSPFprotocol include an “explicit routing”
mechanismfor source-directedIP routing [11,30]. During peri-
odsof transientoverload,link failure,or generalcongestion,these
schemesareableto �nd QoSpathsfor more�o ws. However, QoS
routingprotocolscanimposea signi�cant bandwidthandprocess-
ing loadon thenetwork,sinceeachswitchmustmaintainits own
view of theavailablelink resources,distribute link-stateinforma-
tion to otherswitches,andcomputeandestablishroutesfor new
connections.To improve scalability in large networks,switches
andlinks canbeassignedto smallerpeergroupsor areasthatex-
changedetailedlink-stateinformation.

Despitethe apparentcomplexity of QoSrouting, thesepath-
selectionandadmissioncontrolframeworksoffer networkdesign-
ers a considerableamountof latitude in limiting overheads. In
particular, the networkcancontrol the complexity of the routing
algorithmitself,aswell asthefrequency of routecomputationand
link-stateupdatemessages.Link-stateinformationcanbepropa-
gatedin a periodicfashionor in responseto a signi�cant change
in thelink-statemetric(e.g.,utilization). For example,a link may
advertiseits availablebandwidthmetric whenever it changesby
morethan ����� sincethepreviousupdatemessage;triggeringan
updatebasedon a changein availablecapacityensuresthat the
networkhasprogressively moreaccurateinformationas the link
becomescongested.In addition, a minimum time betweenup-
datemessageswould typically be imposedto avoid overloading
thenetworkbandwidthandprocessingresourcesduringrapid�uc-
tuationsin link bandwidth.However, largeperiodsandcoarsetrig-
gersresultin stalelink-stateinformation,whichcancauseaswitch
to selecta suboptimalrouteor a route that cannotaccommodate
thenew connection.Hence,tuningthefrequency of link-stateup-
datemessagesrequiresacarefulunderstandingof thetrade-off be-
tweennetworkoverheadsandtheaccuracy of routingdecisions.

Several recentstudiesconsiderthe effectsof staleor coarse-
grained information on the performanceof QoS routing algo-
rithms. For example,analyticalmodelshave beendevelopedto
evaluateroutingin hierarchicalnetworkswherea switchhaslim-
ited informationaboutthe aggregateresourcesavailable in other



peergroupsor areas[12]. To characterizethe effectsof stalein-
formation,comparisonsof differentQoS-routingalgorithmshave
includedsimulationexperimentsthatvarythelink-stateupdatepe-
riod [2, 17,18], while otherwork considersa combinationof peri-
odic andtriggeredupdates[21]. However, thesestudieshave not
includeda detailedevaluationof how the updatepolicies inter-
actwith the traf�c parametersandthe richnessof theunderlying
networktopology. Finally, new routingalgorithmshave beenpro-
posedthat reducecomputationandmemoryoverheadsby basing
pathselectionon a smallsetof discretebandwidthlevels[11,17];
thesealgorithmsattemptto balancethetrade-off betweenaccuracy
andcomputationalcomplexity.

Theperformanceandimplementationtrade-offs for QoSrout-
ing dependon the interactionbetweena large andcomplex setof
parameters.For example, the underlyingnetwork topology not
only dictatesthenumberof candidatepathsbetweeneachpair of
nodesor switches,but also affects the overheadsfor computing
routesanddistributing link-stateinformation.Theeffectsof inac-
curatelink-stateinformationdependon theamountof bandwidth
requestedby new connections.Similarly, the frequency of link-
stateupdatesshouldrelateto connectioninterarrival andholding
times. Routingandsignallingoverheads,coupledwith thepres-
enceof short-lived connectionlesstraf�c, limit the proportionof
traf�c thatcanbeassignedto QoSroutes;this, in turn,affectsthe
interarrival andholding-timedistributionsof theQoS-routedcon-
nections.Althougha lower link-stateupdateratereducesnetwork
andprocessingrequirements,staleload informationincursset-up
failures, which may requireadditionalresourcesfor computing
andsignallingan alternateroutefor the connection.In addition,
controllingoverheadin largenetworksmayrequirestrict limits on
the frequency of link-stateupdatesand routecomputation,even
thoughinaccurateinformationmay makeit very dif�cult to suc-
cessfullyreserve resourceson longroutes.

In this paper, we investigatetheseperformanceissuesthrough
a systematicstudyof thescalingcharacteristicsof QoSroutingin
largebackbonenetworks.In contrastto recentsimulationstudies
that comparedifferent routing algorithmsunderspeci�c network
con�gurations[2,9,10,14,17–19,21,23,24], we focuson under-
standinghow routingperformanceandimplementationoverheads
grow asa function of the networktopology, traf�c patterns,and
link-stateupdatepolicies. In Section2, we constructa detailed
modelof QoSrouting thatparameterizesthepath-selectionalgo-
rithm, link-costfunction,andlink-stateupdatepolicy, basedonthe
PNNI standardandproposedQoSextensionsto OSPF, aswell as
the resultsof previousperformancestudies.It shouldbe empha-
sizedthatour studyfocuseson the interactionbetweenlink-state
stalenessandthecost-performancetrade-offs of QoS-routingpro-
tocols.Weconsideramixtureof representativetopologies,andop-
eratingregimeswhereconnectiondurationsandthetime between
link-stateupdatesarelarge relative to propagationandsignalling
delays.Ourmodelpermitsarealisticevaluationof largebackbone
networksandthe routingof the longer-lived traf�c �o ws that are
likely to employQoSrouting.

Sincethecomplexity of theroutingmodelprecludesa closed-
form analyticexpression,wepresentasimulation-basedstudythat
uncoverstheeffectsof stalelink-stateinformationonnetworkdy-
namics. To ef�ciently evaluatea diversecollection of network
con�gurations,wehavedevelopedaconnection-levelevent-driven

simulatorthatlimits thecomputationaloverheadsof evaluatingthe
routingalgorithmin largenetworkswith staleinformation.Based
on this simulationmodel,Section3 examinestheeffectsof peri-
odicandtriggeredlink-stateupdatesontheperformanceandover-
headsof QoSrouting. The experimentsevaluateseveral topolo-
giesto explore theimpactof inaccurateinformationon how well
a richly-connectednetworkcanexploit the presenceof multiple
shortroutesbetweeneachpair of switches.Section4 studiesthe
impactof staleload informationon thechoiceof link metricsfor
selectingminimum-costroutesfor new connections.Theexperi-
mentssuggestguidelinesfor tuning link-stateupdatepoliciesand
link-costmetricsfor ef�cient QoSroutingin high-speednetworks.
Section5 concludesthepaperwith a list of guidelinesfor design-
ing ef�cient quality-of-serviceroutingpoliciesin large backbone
networks.

2 Routing and Signalling Model
Our study evaluatesa parameterizedmodel of QoS routing,

whereroutesdependon connectionthroughputrequirementsand
theavailablebandwidthin thenetwork. Whena new connection
arrives,thesourceswitchcomputesa minimum-hoppaththatcan
supportthe throughputrequirement,using the sum of link costs
to chooseamongfeasiblepathsof equallength.To provide every
switchwith arecentview of networkload,link informationis dis-
tributedin aperiodicfashionor in responseto asigni�cant change
in theavailablecapacity.

2.1 RouteComputation
Sincepredictablecommunicationperformancereliesonhaving

somesortof throughputguarantee,ourroutingmodelviewsband-
width as the primary traf�c metric for de�ning both application
QoSandnetworkresources.Although applicationrequirements
andnetworkloadmaybecharacterizedby severalotherdynamic
parameters,including delayandloss,initial deploymentsof QoS
routing are likely to focussimply on bandwidthto reducealgo-
rithmic complexity. Hence,our modelexpressesa connection's
performancerequirementswith a single parameter

�

that repre-
sentseithera peak,average,or effective bandwidth,dependingon
theadmissioncontrolpolicy. In practice,theend-hostapplication
may explicitly signal its requiredbandwidth,or network routers
candetecta �o w of relatedpacketsandoriginatea signallingre-
quest. Eachlink � hasreserved (or utilized) bandwidth ��� that
cannotbeallocatedto new connections.Consequently, a switch's
link-statedatabasestores(possiblystale)information ���

�

aboutthe
utilization of eachlink � in order to computesuitableroutesfor
new connections.Eachlink alsohasa cost �

�
( �

�

�

) that is a func-
tion of theutilization �

� ( �
�

�

), asdiscussedin Section2.2.
Although networkscan employ a wide variety of QoS rout-

ing strategies, previous comparative studieshave demonstrated
thatalgorithmswith a strongpreferencefor minimum-hoproutes
almostalwaysoutperformalgorithmsthat do not considerpath
length [1, 9,10,18,19,23]. For example, selectingthe widest
shortestpath (i.e., the minimum-hoproute with the maximum
valueof �
	��

��

�����

��� ) increasesthe likelihood of successfully
routingthenew connection.Similarly, thenetworkcouldselectthe
minimum-hoppathwith thesmallesttotal load(minimumvalueof

�

�

�
� ) to balancenetworkutilization. In contrast,non-minimal



routing algorithms,suchasshortestwidestpath,oftenselectcir-
cuitousroutesthat consumeadditionalnetwork resourcesat the
expenseof future connections,which may be unableto locatea
feasibleroute. Biasingtowardshortest-pathroutesis particularly
attractive in alarge,distributednetwork,sincepathlengthis arela-
tively stablemetric,comparedwith dynamicmeasurementsof link
delayor lossrate[10].

In ourmodel,thesourceselectsaroutebasedonthebandwidth
requirement

�

andthedestinationnodein threesteps:(i) (Option-
ally) pruneinfeasiblelinks (i.e., links � with �

�

�

�

���

� ), (ii)
computeshortestpathsto thedestinationbasedon hop-count,and
(iii) extracta routewith theminimumtotal cost

�

�

� �

�

.
This process effectively computes a “cheapest-shortest-

feasible,” or a “cheapest-shortest”path,dependingon whetheror
not the pruningstepis enabled.By pruningany infeasiblelinks
(subjectto staleinformation), the sourceperformsa preliminary
form of admissioncontrol to avoid selectinga route that can-
not supportthe new connection. In an � -nodenetworkwith �

links,pruninghas�����
	 computationalcomplexity andproducesa
sparsergraphconsistingentirelyof feasiblelinks. Then,theswitch
canemploythe Dijkstra shortest-pathtreealgorithm[5] to com-
putea theshortestpathwith thesmallesttotal cost[25]. TheDi-
jkstrashortest-pathcalculationhas �������
������	 complexity when
implementedwith a binaryheap. Although advanceddatastruc-
turescanreducethe averageandworst-casecomplexity [3], the
shortest-pathcomputationstill incurssigni�cant overheadin large
networks. Extractingthe routeintroducescomplexity in propor-
tion to thepathlength.

2.2 Link­Cost Metrics
Theroutingalgorithmuseslink costmetrics


�
���

to distinguish
betweenpathsof thesamelength.Previousstudiessuggestseveral
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 the link utilization ( � ��� ���

�

), where
theexponent� controlshow expensive heavily-loadedlinks look
relative to lightly-loadedlinks. An exponentof ��� � reduces
to load-independentrouting, whereaslarge valuesof � favor the
widestshortestpaths(selectingtheshortest-pathroutethatmaxi-
mizestheavailablebandwidthonthebottlenecklink). Wede�ne a
parameter����� � to betheminimum-costutilization level; any link
utilization below ����� � is consideredto have the minimum cost.
Setting �

��� �
� ���  , for example, resultsin a routing policy in

which all links with lessthan  �� � utilization look thesamewith
regardto cost.

We representlink cost with ! discretevalues. Small val-
uesof ! limit thecomputationalandstoragerequirementsof the
shortest-pathcomputation. However, coarse-grainlink-cost in-
formationcandegradeperformanceby limiting the routingalgo-
rithm's ability to distinguishbetweenlinkswith differentavailable
resources,thoughthe presenceof multiple minimum-costroutes
providesef�cient opportunitiesto balanceload throughalternate
routing.

2.3 ConnectionSignalling
Whena new connectionrequestarrives,thesourceswitchap-

plies the three-steprouting algorithm to selecta suitablepath.

However, the optionalstepof pruningthe (seemingly)infeasible
links mayactuallydisconnectthesourceandthedestination,par-
ticularly when the network is heavily-loaded. When a feasible
routecannotbecomputed,thesourcerejectstheconnectionwith-
out trying to signalit throughthenetwork. Stalelink-stateinfor-
mationmay contribute to theserouting failures, sincethe source
may incorrectlyprunea link that could actuallysupportthe new
connection(i.e.,thelink has� �

�

�#"

� , althoughthesourcedeter-
minesthat � �

�

�

�#�

� ). Routingfailuresdonotoccurwhenpruning
is disabled.In theabsenceof a routingfailure, thesourceinitiates
hop-by-hopsignallingto reserve bandwidth

�

on eachlink in the
route. As thesignallingmessagetraversestheselectedpath,each
switchperformsanadmissiontestto checkthatthelink canactu-
ally supporttheconnection.If thelink hassuf�cient resources,the
switch reservesbandwidthon behalfof the new connection(i.e.,

� � ��� �

�

�

) beforeforwardingtheset-upmessageto thenext link
in theroute.

Oncethebandwidthresourcesarereservedon eachlink in the
route,thenetworkadmitstheconnection,committingbandwidth

�

on eachlink in thepathfor thedurationof thecall. However, a
set-upfailureoccursif alink doesnothaveenoughresourcesavail-
ablewhentheset-upmessagearrives.To deployQoSroutingwith
reasonablenetworkoverheads,thedelaysfor propagatingandpro-
cessingtheseset-upmessagesmustbemuchsmallerthanthelink-
stateupdateperiodsandconnectionholding times. In assuming
that propagationandprocessingdelaysarenegligible, our model
focuseson the primary effectsof stalelink-stateinformationon
establishingconnectionsfor the long-lived traf�c �o ws. Finally,
we modelat mostoneattemptto signala connection.Although
we do not evaluatealternaterouting (or crankback)aftera set-up
failure, the connectionblocking probability providesan estimate
of thefrequency of crankbackoperations.In practice,a“blocked”
requestmayberepeatedat a lowerQoSlevel, or thenetworkmay
carrytheofferedtraf�c on a preprovisionedstaticroute.

2.4 Link­State Update Policies
Everyswitchhasaccurateinformationabouttheutilizationand

costof its own outgoinglinks, andpotentiallystaleinformation
abouttheotherlinks in thenetwork.To extendbeyondtheperiodic
link-stateupdatepoliciesevaluatedin previousperformancestud-
ies [2, 17–19],we considera three-parametermodel that applies
to theroutingprotocolsin PNNI andtheproposedQoSextensions
to OSPF. In particular, themodelincludesa trigger thatresponds
to signi�cant changesin availablebandwidth,a hold-down timer
thatenforcesa minimum spacingbetweenupdates,anda refresh
periodthatprovidesanupperboundon thetime betweenupdates.
Thelink stateis theavailablelink bandwidth,beyondthecapacity
alreadyreservedfor otherQoS-routedtraf�c (i.e., � � �

� ). This is
in contrastto traditionalbest-effort routingprotocols(e.g.,OSPF)
in which updatesessentiallyconvey only topology information.
Wedonotassume,ormodel,any particulartechniquefor distribut-
ing this informationin thenetwork;two possibilitiesare�ooding
(asin PNNI andOSPF)or broadcastingvia a spanningtree.

Theperiodicupdatemessagesprovide a refreshof thelink uti-
lization information, without regard to changesin the available
capacity. Still, thepredictablenatureof periodicupdatessimpli-
�es theprovisioningof processorandbandwidthresourcesfor the
exchangeof link-stateinformation.To preventsynchronizationof



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

Table1.Therandom graph isgeneratedusing Waxman's
model [27]; nodesin the regular topology haveidentical
connectivity.

updatemessagesfor different links, eachlink introducesa small
randomcomponentto thegenerationof successiveupdates[8]. In
additionto the refreshperiod,the modelgeneratesupdatesupon
detectionof asigni�cant change� � in theavailablecapacitysince

the last updatemessage,where � � �

� ��� �
	��

�

�

�

	��

� � . Thesechanges

in link statestemfrom thereservation(release)of link bandwidth
duringconnectionestablishment(termination). By updatinglink
load informationin responseto a changein availablebandwidth,
triggeredupdatesrespondto smallerchangesin utilization asthe
link nearscapacity, whenthe link may becomeincapableof sup-
portingnew connections.Similarly, connectionsterminatingon a
heavily-loadedlink introducea large relative changein available
bandwidth,whichgeneratesanupdatemessageevenfor very large
triggers.In contrastto periodicupdates,though,triggeredupdates
complicatenetworkresourceprovisioningsincerapid�uctuations
in availablecapacitycangeneratea largenumberof link-stateup-
dates,unlessa reasonablehold-down timer is used.

2.5 Network and Traf�c Model
A key challengein studyingprotocolbehavior in wide-areanet-

works lies in how to representthe underlyingtopologyand traf-
�c patterns.Theconstantlychanginganddecentralizednatureof
currentnetworks(in particular, the Internet)resultsin a poorun-
derstandingof thesecharacteristicsand makesit dif�cult to de-
�ne any “typical” con�guration[20]. Adding to thechallengeare
observationsthatconclusionsaboutalgorithmor protocolperfor-
mancemay in factvary dramaticallywith theunderlyingnetwork
model. For example,randomgraphscanresult in unrealistically
long pathsbetweencertainpairsof nodes,“well-known” topolo-
giesmayshow effectsthatareuniqueto particularcon�gurations,
and regular graphsmay hide importanteffects of heterogeneity
and non-uniformity [29]. Consequently, our simulationexperi-
mentsconsidera rangeof networktopologies(seeTable1), and
we commenton similaritiesanddifferencesbetweenthetrendsin
eachcon�guration.

As our study focuseson backbonenetworks, we consider
topologieswith relatively high connectivity, an increasinglycom-
mon featureof emerging corebackbonenetworks[29], that sup-
port a densetraf�c matrix (with signi�cant traf�c betweenmost
pairsof corenodes)andareresilientto link failures. Eachnode
canbeviewedasa singlecoreswitch in a backbonenetworkthat
sendsandreceivestraf�c for oneor moresourcesandcarriestran-
sit traf�c to and from other switchesor routers. In addition to
studyinga representative “well-known” core topology (an early
representationof the MCI backbonethat hasappearedin other
routingstudies[17,18]),wealsoevaluatebothrandomgraphsand
regular topologiesin orderto vary importantparameterslike size,
diameter, andnodedegreein a controlledfashion. Most of our
graphsshow resultsfor the MCI andrandomtopologies,though
we useasetof regulargraphswith differentdegreesof connectiv-

ity to evaluatethe effectsof having multiple shortest-pathroutes
betweenpairsof nodes[25]. We furtherassumethatthetopology
remains�x ed throughouteachsimulationexperiment;that is, we
do notmodeltheeffectsof link failures.

Eachnodegeneratesconnectionrequestsaccordingto a Pois-
sonprocesswith rate 
 , with uniformrandomselectionof destina-
tion nodes.This resultsin a uniform traf�c patternin the regular
graphs,andanon-uniformpatternontheMCI andrandomtopolo-
gies,allowing us to compareQoSrouting to staticshortest-path
routing under balancedand unbalancedloads. We model con-
nectionholding times using a Paretodistribution (shapeparam-
eter � , scaleparameter� , andCDF ��� ����	 � � � ������� 	�� ) with

� �����  to capturethe heavy-tailed natureof connectiondura-
tions [20] while still producinga distribution with �nite variance
makingit possibleto gainsuf�cient con�denceon thesimulation
results.For comparisonwe alsoconductedexperimentswith ex-
ponentiallydistributedholdingtimes.Wedenotethemeanholding
timeas� . Connectionbandwidthsareuniformly-distributedwithin
aninterval with aspreadaboutthemean

�

. For instance,call band-
widthsmayhave a meanof  �� of link capacitywith a spreadof

��� � � , resultingin
��� �

� � � �"! ��� �$# . Most of the simulationex-
perimentsfocusonmeanbandwidthsfrom � – � of link capacity.
Smallerbandwidthvalues,albeitperhapsmorerealistic,wouldre-
sult in extremelylow blockingprobabilities,makingit almostim-
possibleto completethewide rangeof simulationexperimentsin
a reasonabletime; instead,the experimentsconsiderhow the ef-
fectsof link-statestalenessscalewith the %

�

parameterto project
theperformancefor low-bandwidthconnections.With a connec-
tion arrival rate 
 at eachof � switches,theofferednetworkload
is & �'
 �(��%

�

%

)

� �*! where %

)

is the meandistance(in numberof
hops)betweennodes,averagedacrossall source-destinationpairs.

3 Link-State UpdatePolicies
Our initial simulationexperimentsfocusontheeffectsof inac-

curatelink-stateinformationontheperformanceandoverheadsof
QoSroutingby evaluatingperiodicandtriggeredupdatesin isola-
tion.

3.1 Periodic Link­State Updates
Theconnectionblockingprobabilityincreasesasa functionof

thelink-stateupdateperiod,asshown in Figure1(a). Theexperi-
mentevaluatesthreebandwidthrangesontherandomgraphswith
an offeredload of &�� � �,+  ; the connectionarrival rateremains
�x edat 
 � � , while theParetoscaleparameter, � , is usedto ad-
just themeanholding time to keeploadconstantacrossthe three
con�gurations.For comparison,thegraphshows resultswith and
without pruningof (seemingly)infeasiblelinks. We vary theup-
dateperiodsfrom almostcontinuousupdatesto very long periods
of ��� � times(graphsshow up to 80 times) the averageconnec-
tion interarrival time (furtherdetailson simulationsetupareavail-
ablein [25]). Dueto their higherresourcerequirements,thehigh-
bandwidthconnectionsexperiencea larger blocking probability
thanthelow-bandwidthconnectionsacrosstherangeof link-state
updaterates. The blocking probability for high-bandwidthcon-
nections,while higher, doesnot appearto grow moresteeplyas
a function of the updateperiod; instead,the threesetsof curves
remainroughlyequidistantacrosstherangeof updateperiods.
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Pruning vs. not pruning: In experimentsthat vary the offered
load,we seethat pruningreducesthe blockingprobability under
smallto moderatevaluesof & by allowing connectionsto consider
nonminimalroutes.However, pruningdegradesperformanceun-
derheavy loadsincethesenonminimalroutesconsumeextra link
capacity, at theexpenseof otherconnections.Stalelink-statein-
formationreducesthe effectivenessof pruning,asshown in Fig-
ure1(a).With out-of-dateinformation,thesourcemayincorrectly
prunea feasiblelink, causinga connectionto follow a nonmini-
mal routewhena minimal routeis available.Hence,thestaleness
of the link-stateinformation narrows the rangeof offered loads
wherepruning is effective, thoughothertechniquescanimprove
theperformance.Experimentswith different � valuesandtopolo-
giesshow thesamebasictrendsasFigure1(a),thoughtheresults
with pruningdisabledshow aweakerdependenceonthelink-state
updateperiodin theMCI topology. SincetheMCI topologyhas
relatively low connectivity, mostsource-destinationpairsdo not
havemultipleminimum-lengthroutes;hence,whenpruningis dis-
abled,the the routecomputationdoesnot reactmuchto changes
in link load. In general,thenetworkcancontrolthenegative in�u-
enceof nonminimalroutesby limiting the numberof extra hops
a connectioncan travel, or reservinga portion of link resources
to connectionson minimal routes. To addressstalenessmoredi-
rectly, thepruningpolicy couldmoreconservativeor moreliberal
in removing links to balancethe trade-off betweenminimal and
nonminimalroutes[13].

Route �apping: Although QoSrouting performswell for small
link-stateupdateperiods(signi�cantly outperformingstaticrout-
ing [25]), the blocking probability risesrelatively quickly before
graduallyplateauingfor largeupdateperiods.In Figure1(a),even
anupdateperiodof � vetime units(� ve timestheaverageconnec-
tion interarrival time) showssigni�cant performancedegradation.
By this point, set-upfailuresaccountfor all of thecall blocking,
exceptwhentheupdateperiodis very small(e.g.,for updateperi-
odscloseto the interarrival time), asshown in Figure1(b) which
focuseson a small region of theexperimentswith pruningin Fig-
ure 1(a); whenpruning is disabled,routing failuresnever occur,
andset-upfailuresaccountfor all blockedconnections.In gen-
eral,periodicupdatesdonot respondquickly enoughto variations

in link state,sometimesallowing substantialchangesto go un-
noticed. This suggeststhat inaccuracy in the link-statedatabase
causesthe sourceswitch to mistakeinfeasiblelinks as feasible;
hence,the sourceselectsan infeasiblepath,even whenthereare
otherfeasibleroutesto thedestination.Weseethatroutingfailures
occuronly with very accurateinformationsincethesourcelearns
aboutlink infeasibility very quickly. Whenlink-statecan�uctu-
atesigni�cantly betweenupdatesthesourceis virtually certainto
�nd at leastoneseeminglyfeasiblepath,thusavoiding a routing
failure.

Under large updateperiods,relative to the arrival ratesand
holding times, the links can experiencedramatic�uctuations in
link statebetweensuccessive updatemessages.Suchlink-state
�apping hasbeenobservedin packetroutingnetworks[15], where
pathselectioncanvaryonapacket-by-packetbasis;thesamephe-
nomenonoccursheresincethe link-stateupdateperiod is large
relative to the connectionarrival ratesandholding times. When
anupdatemessageindicatesthata link haslow utilization,therest
of thenetworkreactsby routingmoretraf�c to thelink. Blocking
remainslow during this interval, sincemostconnectionscanbe
admitted.However, oncethelink becomessaturated,connections
continueto arrive andareonly admittedif otherconnectionster-
minate. Blocking staysrelatively constantduring this interval as
connectionscomeandgo,andthelink remainsnearcapacity. For
large updateperiods,this “plateau” interval dominatesthe initial
“climbing” interval. Hence,theQoS-routingcurvesin Figure1(a)
�atten atalevel thatcorrespondsto thesteady-stateblockingprob-
ability duringthe“plateau”interval.

Eventually, QoS routing startsto perform worse than static
routing,becausethe �uctuations in link statebegin to exceedthe
randomvariationsin traf�c load. In searchingfor (seemingly)un-
derutilizedlinks, QoSroutingtargetsa relatively smallsetof links
until new updatemessagesarrive to correctthelink-statedatabase.
In contrast,understaticrouting,thesourceblindly routesto a sin-
gle groupof links, thoughthis setis typically larger thanthe set
identi�ed by QoSrouting. Thus,whenthe updateperiodgrows
quitelarge,staticroutingis moresuccessfulatbalancingloadand
reducingconnectionblocking.Theexactcrossoverpoint between
the two routing algorithmsis very sensitive to the distribution of
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traf�c in thenetwork.For example,in thepresenceof “hot-spots”
of heavy load, QoSrouting canselectlinks that circumvent the
congestion(subjectto thedegreeof staleness).Undersucha non-
uniform load,QoSroutingcontinuesto outperformstaticrouting
evenfor large updateperiods.For example,experimentswith the
non-homogeneousMCI backbonetopologyshow thatQoSrouting
consistentlyachieveslower blockingprobability thanstaticrout-
ing overa wide rangeof updaterates.
Path length and bandwidth requirements: Fluctuationsin link
statehaveamoreperniciouseffectonconnectionsbetweendistant
source-destinationpairs,sinceQoSroutinghasa largerchanceof
mistakenlyselectinga pathwith at leastoneheavily-loadedlink.
This is especiallytrue when links do not report their new state
at the sametime, dueto skews in the updateperiodsat different
switches.In otherexperiments,wecomparedconnectionblocking
probability to severalalternative measuresof blocking [25]. The
hop-countblockingprobability is de�ned asthe ratio of thehop-
countof blockedconnectionsto thehop-countof all connections;
bandwidthblocking is de�ned analogouslyrelative to requested
bandwidth.Comparedto conventionalconnectionblocking,these
metricsgrow morequickly in the presenceof staleinformation.
In general,bandwidthblockingexceedshop-countblocking,sug-
gestingthathigh-bandwidthconnectionsareeven harderto route
thanhigh hop-countconnections,thoughlink-statestalenessdoes
notseemto affect onemetricmorethantheother.
Connectionholding times: Despitethefact thatstalenessdueto
periodicupdatescan substantiallyincreaseconnectionblocking,
thenetworkcanlimit theseeffectsby controlling which typesof
traf�c employQoSrouting.For example,otherexperimentsshow
that longerholding timesallow theuseof 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 Paretodistri-
butionproducesa signi�cantly morerapidrisein blockingproba-
bility over thesamerangeof updateperiods(nearlytwice asfast
for somemeanholding times). Theheavier tail of theParetodis-
tribution resultsin many moreshorter-lived connectionsthanan
exponentialdistribution with thesamemean,implying that these

shorterconnectionsrequirevery frequentupdatesto achieve ac-
ceptablylow blockingprobability. Theseresultssuggestthat the
network could limit QoS routing to the longer-lived traf�c that
would consumeexcessive link resourcesif not routedcarefully,
while relegatingshort-lived traf�c to preprovisionedstaticroutes.
With somelogicalseparationof resourcesfor short-livedandlong-
lived traf�c, thenetworkcould tunethe link-stateupdatepolicies
to the arrival ratesand holding times of the long-lived connec-
tions. With appropriatemechanismsto identify or detectlong-
lived traf�c, suchas�o w detectionschemesfor groupingrelated
packets[4], thenetworkcanassignthissubsetof thetraf�c to QoS
routesandachieve goodrouting performancewith a lower link-
stateupdaterate.

3.2 TriggeredLink­State Updates
Although periodic updatesintroducea predictableoverhead

for exchanginglink-state information, triggeredupdatescan of-
fer moreaccuratelink-stateinformationfor thesameaveragerate
of updatemessages.Thegraphin Figure2(a)plotstheconnection
blockingprobabilityfor a rangeof triggersandseveralbandwidth
rangesin the MCI topology. In contrastto the experimentswith
periodiclink-stateupdates,we�nd thattheoverallblockingproba-
bility remainsrelatively constantasafunctionof thetrigger, across
awiderangeof connectionbandwidths,costmetrics,andloadval-
ues,with andwithout pruning,andwith andwithout hold-down
timers. Additional experimentswith the well-connectedregular
topologyshow thesametrend[25].
Blocking insensitivity to updatetrigger: To understandthisphe-
nomenon,considerthe two possibleeffectsof stalelink-statein-
formationon thepath-selectionprocesswhenpruningis enabled.
Stalenesscancauseinfeasiblelinks to appearfeasible,or cause
the switch to dismisslinks as infeasiblewhenthey could in fact
supportthe connection.Wheninfeasiblelinks look feasible,the
sourcemay mistakenlychoosea route that cannotactually sup-
port theconnection,resultingin a set-upfailure. However, if the
sourcehad accuratelink-state information, any infeasiblelinks
would have beenprunedprior to computinga route. In this case,
blockingis likely to occurbecausethesourcecannotlocatea fea-



sibleroute,resultingin a routingfailure. Insteadof increasingthe
connectionblockingprobability, thestaleinformationchangesthe
natureof blocking from a routing failure to a set-upfailure. Fig-
ure2(b) highlightsthis effect by plotting theblockingprobability
for both routing andset-upfailures. Acrossthe rangeof trigger
values,the increasein set-upfailures is offset by a decreasein
routingfailures.

Now, considerthe other scenarioin which stalenesscauses
feasiblelinks to look infeasible. In this case,stale information
would result in routing failuresbecauselinks would be unneces-
sarily prunedfrom thelink-statedatabase.Althoughthis casecan
sometimesoccur, it is very unlikely, sincethe triggering mech-
anismensuresthat the sourceswitch hasrelatively accuratein-
formationaboutheavily-loadedlinks. For example,a connection
terminatingon a fully-utilized link would result in an extremely
large changein availablebandwidth,which would activatemost
any trigger. Moreover, a well-connectedtopologyoftenhasmore
than one available route betweenany two nodes;the likelihood
of pruning links incorrectlyon all of the feasibleroutesis quite
low. Hence,theblockingprobabilityis dominatedby theprevious
scenario,namelymistakinginfeasiblelinks asfeasible.Additional
experimentsillustratethatthetrade-off betweenroutingandset-up
failurespersistsevenin thepresenceof hold-down timers,though
thehold-down timer increasestheoverallblockingprobabilityand
rateof signallingfailures.

However, in a loosely-connectednetworks,an incorrectprun-
ing decisioncancausethesourceto erroneouslyconsidernonmin-
imal routes.For example,therandomtopologyhashigherblock-
ing rateswith smaller trigger valueswhen trying to routehigh-
bandwidthconnections[25]. Unlike theothertwo topologies,the
randomgraphtypically doesnothave multiple equal-lengthpaths
betweena pair of nodes. As a result, pruningan infeasiblelink
along the shortestpath resultsin the selectionof a nonminimal
route. In the end,this increasesthe overall blocking probability,
sincethesenonminimalroutesconsumeextra resources.If, in-
stead,thesourcechosenot to prunethis infeasiblelink (say, due
to stalelink-stateinformation),thentheconnectionwouldattempt
to signalalongtheshortestpath. Althoughtheconnectionwould
block uponencounteringthe infeasiblelink, the networkwould
bene�t by decidingnot to accepttheconnection.Having slightly
out-of-dateinformationhasa throttling effect in this case;in fact,
theuseof asmallhold-down timerhasasimilareffect,resultingin
much�atter curvesfor blockingasa functionof thetrigger. Still,
it is generallyunwiseto apply pruningfor high-bandwidthcon-
nectionswhenthetopologydoesnothavemultipleroutesof equal
(or similar) length.For mostrealisticscenarios,blockingremains
largely insensitive to thetriggervalue.
Link-state update rate: Despitethe increasein set-upfailures,
largetriggervaluessubstantiallyreducethenumberof updatemes-
sagesfor a givenblockingprobability, asshown in Figure3. For
very �ne-grainedtriggers,everyconnectionestablishmentandter-
minationgeneratesan updatemessageon eachlink in the route,
resulting in an updaterate of ��
 � %

)

��� in a network with �

switches, � links, and an averagepath length of %

)

hops. For
theparametersin this experiment,theexpressionreducesto ��� �

�

link-stateupdatemessagesperunit time, which is closeto the � -
interceptin Figure3; additionalexperimentsshow that the link-
stateupdaterateis not sensitive to theconnectionholding times,
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consistentwith the ��
 � %

)

� � expression.In Figure3, the larger
bandwidthvalueshave a slightly lower link-stateupdaterate for
small triggers; high-bandwidthconnectionsexperiencea higher
blocking rate,which decreasesthe proportionof calls that enter
thenetworkandgeneratelink-statemessages.Whentriggersare
coarse,however, moreconnectionsaresignalledin the network
(due to fewer routing failures),and the high-bandwidthconnec-
tions triggermoreupdatessincethey creategreater�uctuation in
link state.

Unlike routing failures,set-upfailurescangeneratelink-state
updatemessages,since reservingand releasinglink resources
changeslink state,even if the connectionultimately blocksat a
downstreamnode.The increasein route�apping andset-upfail-
uresfor larger triggersslows the reductionin the updaterate in
Figure3 asthe trigger grows. Theexact effect of set-upfailures
dependson thenumberof successfulhopsbeforetheconnection
blocks. Also, if the networksupportscrankbackoperations,the
attemptto signal the connectionon oneor morealternateroutes
couldgenerateadditionallink-stateupdatemessages.Finally, asa
secondaryeffect,pruninginfeasiblelinks at thesourceswitchcan
in�ate theupdaterateby selectingnonminimalroutesthatreserve
(and release)resourceson extra links. Overall, though,modest
trigger valuesareeffective at reducingthe link-stateupdaterate
by abouta factor of threeto four. Also, for a �x ed updaterate,
triggerscansigni�cantly reducetheproportionof set-upfailures
whencomparedwith periodicupdates.For instance,settingthe
triggerto around���

�

� resultsin anaverageupdateinterarrival of 3
(for

� �

� �"! ��� ��� # ) and � + � of theblockingoccursin signalling.
Whenusingperiodicupdatesat thesamefrequency, set-upfailures
accountfor +�� � of theblockedconnections,andtheblockingrate
is muchhigher.

4 Link-Cost Parameters

In this sectionwe considerthe impactof thelink-costparam-
eters( ! and � ) of the routingalgorithmon blockingprobability
androutecomputationcomplexity.
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4.1 Number of CostLevels( ! )
Theexperimentsin Section3 evaluatea link-costfunctionwith

a large numberof costlevels, limited only by machineprecision.
With such�ne-grain costinformation,thepath-selectionalgorithm
can effectively differentiatebetweenlinks to locate the “cheap-
est” shortest-pathroute. Figure4(a) evaluatesthe routing algo-
rithm over a rangeof costgranularityandlink-stateupdateperi-
ods. To isolatethe effectsof the costfunction, the routing algo-
rithm doesnot attemptto prune(seemingly)infeasiblelinks be-
fore invoking the shortest-pathcomputation. The ! cost levels
aredistributedthroughouttherangeof link utilizationsby setting

� � � � � � . Comparedto the high blockingprobability for static
routing( ! � � ), largervaluesof ! tendto decreasetheblocking
rate,particularlywhenthe networkhasaccuratelink-stateinfor-
mation,asshown in the“period=1” curve in Figure4(a).

Fine-graincost metricsare lessuseful, however, when link-
stateinformationis stale.For example,having morethanfour cost
levels doesnot improve performanceoncethe link-stateupdate
period reaches��� times the averageinterarrival time. Although
�ne-grain costmetricshelp the routing algorithmdistinguishbe-
tweenlinks, largervaluesof ! alsolimit thenumberof links that
theroutingalgorithmconsiders,whichcancauseroute�apping. In
contrast,coarse-graincostinformationgeneratesmore“ties” be-
tweenthemultiple shortest-pathroutesto eachdestination,which
effectively dampenslink-state�uctuations by balancingthe load
acrossseveral alternateroutes. In fact, understaleinformation,
small valuesof ! cansometimesoutperformlarge valuesof ! ,
but this crossover only occursoncethe updateperiodhasgrown
so large that QoSrouting hasa higherblocking probability than
staticrouting. Thedegradationin performanceunderhigh update
periodsis lesssigni�cant in theMCI andrandomtopologies,due
to thelowerlikelihoodof having multipleminimum-hoppathsbe-
tweenpairsof nodes.

The appropriatenumberof costlevels dependson the update
periodandtheconnection-bandwidthrequirements,aswell asthe
overheadsfor routecomputation.Largervaluesof ! increasethe
complexity of theDijkstra shortest-pathcomputationwithout of-

fering signi�cant reductionsin theconnectionblockingprobabil-
ity. Fine-graincostinformationis moreusefulin conjunctionwith
triggeredlink-stateupdates,asshown in Figure4(b). Westill �nd,
however, that experimentswith a �nite numberof ! valuesare
consistentwith the resultsin Section3.2; that is, the connection
blocking probability remainsconstantover a wide rangeof trig-
gers. Sincethe triggervaluedoesnot affect theoverall blocking
probability, Figure4(b) plotsonly thesignallingfailures. In con-
trastto theexperimentwith periodicupdates,increasingthenum-
berof costlevelsbeyond ! � � continuesto reducetheblocking
rate.Sincetriggeredupdatesdo not aggravate�uctuations in 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, increasingthenumberof costlevels eventuallyoffers
diminishingreturns.

4.2 Link­Cost Exponent ( � )
To maximizethe utility of coarse-grainload information, the

costfunctionshouldassigneachcostlevel toacritical rangeof link
utilizations.Under�ne-grain link costs(large ! ), ourexperiments
show that the exponent � doesnot have muchimpacton perfor-
mance;valuesof �
� � have nearlyidenticalperformance.These
resultsholdacrossa rangeof link-stateupdateperiods,suggesting
that largevaluesof � do not introducemuchextra route�apping.
This is importantfor pathselectionalgorithms,sinceit suggests
that widest shortest-pathandcheapestshortest-pathshouldhave
similar performanceunderstalelink-stateinformation. However,
thechoiceof exponent� playsamoreimportantrolein cost-based
routingwith coarse-grainlink costs.Theseexperimentsshoweda
sharpdrop in the blocking probability dueto the transitionfrom
staticrouting ( � � � ) to QoSrouting ( �

�

� ), followed by an
increasein blockingprobabilityfor largervaluesof � [25]. When

� is too large,thelink-costfunctionconcentratesmostof thecost
informationin a verysmall,high-loadregion.

For large � and small ! , someof the cost intervals are so
narrow that the arrival or departureof a singleconnectioncould



changethe link costby oneor morelevels. For example,when
� �

�

and ! � ��� , the link-cost function hasfour cost levels
in the � � – � � � � range. This sensitivity exacerbatesroute �ap-
ping andalsolimits theroutingalgorithm's ability to differentiate
betweenlinks with lower utilization. Furtherexperimentsdemon-
stratethat pruning lowersthe differencesbetweenthe curves for
different ! values. This occursbecausepruning providesaddi-
tional differentiationbetweenlinks, even for small valuesof ! .
We alsoexploredtheeffectsof thelink-stateupdateperiodon the
connectionblockingprobabilityas � is increased,for a �x edvalue
of ! . Interestingly, largerupdateperiodsdampenthedetrimental
effectsof largevaluesof � , resultingin a�atter blockingprobabil-
ity curve. Although large valuesof � limit thegranularityof the
costinformation,thedrawbackof a largevalueof � is largely off-
setby thebene�t of additional“ties” in theroutingalgorithmwhen
informationis stale.Hence,theselectionof � isactuallymoresen-
sitive whentheQoS-routingalgorithmhasaccurateknowledgeof
link state.

5 Conclusionsand Futur eWork
The performanceandcomplexity of QoSrouting dependson

the complex interactionbetweena large setof parameters.This
paperhas investigatedthe scaling propertiesof source-directed
link-staterouting in large corenetworks. Our simulationresults
show thattheroutingalgorithm,networktopology, link-costfunc-
tion, andlink-stateupdatepolicy eachhaveasigni�cant impacton
the probability of successfullyrouting new connections,as well
as the overheadsof distributing network load metrics. Our key
observationsare:
Periodic link-state updates:Thestalenessintroducedby periodic
link-stateupdatemessagescauses�apping that substantiallyin-
creasestherateof set-upfailures.Thisincreasesconnectionblock-
ing and also consumessigni�cant resourcesinside the network,
sincemostof the failuresoccurduringconnectionset-upinstead
of during pathselection. In extremecaseswith large updatepe-
riods,QoSroutingactuallyperformsworsethat load-independent
routing, dueto excessive route�apping. Our resultsshow that a
purelyperiodiclink-stateupdatepolicy cannotmeetthedualgoals
of low blockingprobabilityandlow updateoverheadsin realistic
networks.
Bandwidth and hop-count: Connectionswith large bandwidth
requirementsexperiencehigherblockingprobabilities,but theef-
fectsof increasinglink-statestalenessareonly slightly worserel-
ative to lower-bandwidthconnections.However, stalelink-state
informationhasastrongin�uence onconnectionsbetweendistant
source-destinationpairs,sincelong pathsaremuchmorelikely to
haveat leastoneinfeasiblelink thatlooksfeasible,or onefeasible
link that looks infeasible.Theseeffectsdegradetheperformance
of QoSrouting in large networkdomains,unlessthe topologyis
designedcarefullyto limit theworst-casepathlength.
Holding times: Longer connectionholding times changethe
timescaleof thenetworkandallow theuseof larger link-stateup-
dateperiods.Staleinformationhasa moredramaticeffect under
heavy-tailedholding-timedistributions,dueto therelatively large
numberof short-lived connectionsfor the sameaverageholding
time. Our �ndings suggestthat the networksshouldlimit QoS
routingto long-lived connections,while carryingshort-lived traf-

�c on preprovisionedstaticroutes.Thenetworkcansegregatethe
traf�c in short-andlong-lived�o wsbypartitioninglink bandwidth
for the two classes,anddetectinglong-lived �o ws at theedgeof
thenetwork[7].
Triggeredlink-state updates:Triggeredlink-stateupdatesdonot
signi�cantly affect theoverallblockingprobability, thoughcoarse-
graintriggersdo increasetheamountof blockingthatstemsfrom
moreexpensiveset-upfailures.Triggersreducetheamountof un-
necessarylink-statetraf�c but requirea hold-down timer to pre-
ventexcessive updatemessagesin shorttime intervals. However,
largerhold-down timersincreasetheblockingprobabilityandthe
numberof set-upfailures. Hence,our �ndings suggestusing a
combinationof a relatively coarsetrigger with a modesthold-
down timer.
Pruning infeasiblelinks: In general,pruninginfeasiblelinks im-
provesperformanceunderlow-to-moderateloadby allowing con-
nectionsto considernonminimalroutes,andavoidingunnecessary
set-upfailuresby blockingmoreconnectionsin theroutecompu-
tationphase.However, underheavy load,thesenonminimalroutes
consumeextra link resources,at theexpenseof otherconnections.
Pruningbecomeslesseffective understalelink-stateinformation,
loosely-connectedtopologies,and high-bandwidthconnections,
sincethesefactors increasethe amountof traf�c that follows a
nonminimalroute,even whena minimal routeis feasible.These
resultssuggestthat largenetworksshoulddisablepruning,unless
most source-destinationpairs have multiple routesof equal (or
nearequal)length.Alternatively, thenetworkcouldimposelimits
on theresourcesit allocatesto nonminimalroutes.
Rich network topologies:Thetrade-off betweenroutingandset-
up failuresalsohasimportantimplicationsfor theselectionof the
network topology. Although densetopologiesoffer more rout-
ing choices,the advantagesof multiple short pathsdissipateas
link-stateinformationbecomesmorestale.Capitalizingon dense
networktopologiesrequiresmorefrequentlink-stateupdates,and
techniquesto avoiding excessive link-statetraf�c. For example,
thenetworkcouldbroadcastlink-stateupdatesin a spanningtree,
andpiggybacklink-stateinformationin signallingmessages.
Coarse-grain link costs: Computationalcomplexity can be re-
ducedby representinglink cost by a small numberof discrete
levels without signi�cantly degradingperformance.This is espe-
cially truewhenlink-stateinformationis stale,suggestingastrong
relationshipbetweentemporalandspatialinaccuracy in the link
metrics. In addition, coarse-grainlink costshave the bene�t of
increasingthe numberof equal-costroutes,which improves the
effectivenessof alternaterouting. We exploit thesecharacteristics
in our recentwork on precomputationof QoSroutes[26].
Exponent alpha: Under �ne-grain link costs(large ! ), routing
performanceis not very sensitive to theexponent� ; anexponent
of � or � performswell, andlargervaluesdonotappearto increase
route �apping, even undervery staleinformation. Theseresults
suggestthatselectingroutesbasedwidestshortest-pathsor cheap-
estshortest-pathswouldhavesimilarperformanceunderstalelink
state.Coarse-grainlink costsrequiremorecarefulselectionof � ,
to ensurethateachcostlevel providesusefulinformation,andthat
the detailedcost informationis focusedin the expectedload re-
gion.
Theseobservationsrepresentan initial stepin understandingand
controlling the complex dynamicsof quality-of-servicerouting



understale link-state information. We �nd that our distinction
betweenrouting andset-upfailures,andsimulationexperiments
undera wide rangeof parameters,provide valuableinsightsinto
the underlyingbehavior of the network. Our ongoingwork fo-
cuseson exploiting thesetrendsto reducethe computationaland
protocoloverheadsof QoSroutingin largebackbonenetworks.
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