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Two well-known approachesto reducingcomplexity in large-scalecommunication
networksare�o w andnetwork aggregation. Flow aggregationbundlestogethera
groupof individual �o ws andjointly managesandswitchestheminsidea network
or subnetwork. Network aggregationhierarchicallygroupsnetwork elementsinto
subnetworks andapproximatelyrepresentseachsubnetwork's statein a compact
form which reducestheoverheadsof informationexchangein traf�c management
algorithms.

In the �o w aggregation area,we �rst explore the bene�ts of aggregating
multicastdemandson Virtual Path (VP) trees. We show that this caneffectively
reducecapacityrequirements,balancenetwork loads,and reducethe numberof
VP treesrequired.Realnetworkshave time-varyingdemandsand�nite signaling
resources,so we develop adaptive resourceallocationalgorithmsfor aggregated
�o wssubjectto suchconstraints.

In somecasesit is desirableto modify the mannerin which �o ws areag-
gregated(theVP layout),sowe investigatealgorithmsto migratefrom onelayout
to another. For incrementalchanges,the potentialfor performancelossesduring
migrationin termsof call blockingis minimal. However, whendramaticchangesin
theVP layoutarewarranted,it is desirableto enhanceperformanceby implement-
ing asimpledecentralizedalgorithmthatwehaveproposed.
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In thenetwork aggregationarea,wedevelopanimplicit representationof the
congestionlevel of asubnetworkwhichis basedonadistributedcomputationof the
averageimplied costto go throughor into the subnetwork. We prove that both a
synchronousandasynchronouscomputationof the implied costswill converge to
a uniquesolutionundera light loadcondition,andanalternative,moreaggressive
approximationbasedon additionallocal averagingwill convergeunderany traf�c
conditionssubjectto suf�cient damping.Our experimentsshow thatour costsare
indeedquiteaccurate.

Basedonthisrepresentationfor congestion,weproposeaQualityof Service-
sensitiveroutingalgorithmthatis ableto appropriatelyroutehigh-level �o wswhile
signi�cantly reducingcomplexity. Thealgorithmuseseffectivebandwidthsto cap-
turetraf�c behavior, andit adaptively selectshierarchicalroutessoasto maximize
network revenue,while allowing low-level dynamicroutingwithin subnetworksto
respondto traf�c �uctuations.
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Chapter 1

Intr oduction

Aggregation,thecollectingof unitsor partsinto a massor whole,is a well-known
techniquefor managing“complexity” in many typesof large-scalesystems[17].1

Theaimof thisdissertationis to advancethestateof theart in applyingaggregation
to large-scalecommunicationnetworksin two domains:theaggregationof network
�o wsandnetwork elements.

With �o w aggregation,a groupof individual �o ws is bundledtogetherand
jointly managedandswitchedinsidea network or subnetwork. By carefully ag-
gregating�o ws,we canallocateresourceswith tolerablelossesin ef�ciency while
reapingsuchbene�tsasreducedcall processingloadsandsimpli�ed Qualityof Ser-
vice (QoS)provisioning. However, becausetraf�c demands�uctuate andnetwork
resourcesarelimited, resourceallocationsmayneedto beadaptedover time. More
extremechangesin the demandsmaywarrantmigrationto a new arrangementof
aggregated�o ws.

Network aggregationhierarchicallygroupsnetwork elementsinto subnet-
worksandrepresentseachsubnetwork's statein a compactform. This is doneto
reduceoverheadsin controllingandmanagingthenetwork traf�c. Having a repre-
sentationwhich capturesthecongestionlevel of a subnetwork while takingtraf�c
interdependenciesinto accountis usefulbothto network operatorsandto hierarchi-
cal routingalgorithms.

Aggregationdoeshave a downside:a possiblelossin ef�ciency and/orac-
curacy. We might askif thegrowth in thecomplexity of communicationnetworks

1We will usethetermcomplexity to looselydiscussa varietyof problemsrelatedto thenumber
of �o wsand/orsizeof futurelarge-scalenetworks.

1



really warrantsits use?While thevariousplayersin thetelecommunicationsbusi-
nessarecompetingto determinehow to realizethepromisesof the“informationsu-
perhighway,” thereis no doubtthatthenetwork will begeographicallywidespread
andlargein capacity. As a referencecase,thegrowth of theInternetis astounding.
It hasgrown from 1.3 million to 30 million hostsin the past� ve years2 with the
numberof usersestimatedat10 timesthenumberof hosts.Thetelephonenetwork
hasbeengrowing steadilythroughoutthe century, althoughnever at the paceof
theInternet.Currently, thereareroughly700million terminationsworldwide,and
AT&T handles210million voice,data,andimagecallsperbusinessday. CableTV
is anotherrising industry. As of 1996,Time Warnerhad12.3million subscribers
with a subscriptionrateof 65% for passedhomes,an increaseof 5 million sub-
scribersin just two years.Thesetrendssuggestthatthesheernumberof usersand
heterogeneityof servicesarelikely to dramaticallyincreasethecomplexity of the
communicationinfrastructure.

As networksgrow larger in capacityandextent,companieshave embraced
the vision of a broadbandnetwork which canusethe sameinfrastructureto cost
effectively multiplex all kinds of traf�c including voice, video, and data. Such
multiservicenetworksaretypically modeledasmultiratecircuit-switchednetworks
at thecall level [19, 26,52,63], but is thisagoodmodelfor thefuture?Theanswer
centersaroundwhetherfuturebroadbandnetworkswill have characteristicswhich
areakin to “connection-oriented”networkswhich in turn dependson therolesthat
resourcereservation, call admission,routing, priority schemes,and pricing will
play [65]. We will speculatebrie�y on this below afterdiscussingthe impactof a
connection-orientedenvironmentonnetwork performanceandcontrol.

Todaywe have both connection-orientednetworks, suchas the telephone
network, andconnectionlessnetworks,suchasthe Internet. Oneparticularlyim-
portantdifferencebetweenconnectionlessandconnection-orientednetworksishow
congestionmightdevelopanddissipate.Considerasingle-packetmessagesentinto
a connectionlessnetwork providing only best-effort service(e.g.,the Internet). If
thepacket encounterscongestionat a particularlocation,it mayberoutedaround
the congestion.Thus,hopefully, the congestionwill dissipatelocally. If enough
packetscontinueto besenttowardthatlocation,thecongestioncouldspreadslowly
outwardfrom thatpoint,eventuallycausing“global” congestion.Now considerthe
otherextreme:acall is setupin acircuit-switchednetwork with resourcesreserved

2Source:Network Wizards(www.nw.com).

2



alongthe chosenroute for the call's lifetime. Insteadof queueingas in the pre-
vious case,congestionhereresultsin call blocking. If a call is blocked due to
congestionat a particularlocation,thenanalternate,typically longerroutemaybe
selected,andresourceswould be reserved accordingly. The problemhereis that
if congestionpersists,it canspreadvery quickly into globalcongestiondueto the
interactionsbetweenoverlappingroutes.In otherwords,dueto thenetwork-wide
interactionsamongroutes,thereis agreaterpotentialfor “knock-on” effectswhere
local congestionpropagatesto otherpartsof the network [36]. Thustraf�c man-
agementalgorithmsfor connection-orientednetworkstypically take a globalview
of network performancein orderto makegoodroutingdecisions.Of centralimpor-
tanceis thenotionof animpliedcost[36] for aconnectionalongagivenpathwhich
measurestheopportunitycostor expectedlossof revenueresultingfrom accepting
a connection.Using implied costs,we canquantify the potentialfor “knock-on”
effectsin routingandcapacityallocationdecisions.

In an integratednetwork supportingmultiple typesof traf�c with multiple
Qualitiesof Service,it is almostcertainthatat leastsomeclassesof applications
will desireguaranteedQoSin theform of anexplicit or implicit minimal rateguar-
antee.Thequestionis how will this QoSbeprovidedandwill thenetwork indeed
look connection-oriented?TheInternettodayprovidesonly best-effort service,and
applicationthroughputcandrop to essentiallyzeroduring timesof extremecon-
gestion.This is acceptablefor “elastic” applications[65], but not for applications
wheretheperformancedegradationis unacceptablebelow a certainminimumrate,
e.g. Internettelephony. Barring the viability of a solution basedon overprovi-
sioning,sometypeof resourcereservationandcall admissionmechanismwill be
needed.Oneperhapsoverzealousmechanismis usedin AsynchronousTransfer
Mode(ATM) networkswheretherouteandresourcereservationsareestablishedat
connectionsetupaccordingto thedesiredQoSandheldfor aconnection's lifetime.
The resourceReSerVation Protocol(RSVP) [11, 77], a proposedQoSextension
to the Internet,is an intermediateapproachbetweenthe “hard” resourcereserva-
tionsin ATM andthenonexistentresourcereservationsin thecurrentInternet.3 In
RSVP, packet �o ws reserve resourcestemporarilyat routersalong the “current”
pathfrom sourceto destination,but thesereservationsare“soft” in thesensethat
they will time out if not renewed,thusallowing �o ws to bererouted(or “connec-

3Alternatively, resourcereservationsin thecurrentInternetcanbe thoughtof asoccurringim-
plicitly for apacket right beforebeingservedata router.
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tions” repacked[38]) asnecessary. Combinationsof theabove approachesexist in
variousproposalsfor an IP over ATM switchingenvironment,whereIP �o ws are
mappedto ATM virtual circuits[13,28]. Weconcludethatif aresourcereservation
mechanismfor network �o ws is eventuallyestablishedand/orthe routefor a �o w
changesinfrequently, thenetwork will look connection-orientedfrom asystemper-
spective, even if theunderlyingcommunicationlayer is connectionless.Basedon
this assumption,we rely heavily on modelsfor circuit-switchednetworksandthe
computationof impliedcoststhroughoutthiswork.

In light of the above, our goal is to �nd workabletradeoffs betweenef�-
ciency, QoS,and “complexity.” The �rst methodwe explore for reducingcom-
plexity is �o w aggregation.Onewidely known exampleof �o w aggregationis the
useof Virtual Paths(VPs)in ATM networkswhich cancarrymultiple Virtual Cir-
cuits (VCs). VPs areespeciallyapplicablein large-scalenetworks, andalthough
ef�ciency maybecompromised,they canbean effective meansfor reducingcall
processingloadsaswell assimplifying connectionadmissioncontrol,routing,and
provisioningof QoSrequirements.

In Chapter2,weconsidertheaggregationof multicastdemandsonVP trees.
We proposea pre- or post-processingstepto the VP multicast layout problem,
which either reducesthe complexity of the requiredoptimizationor further im-
provesuponobtainedsolutions. This is an importanttopic becausemulticastap-
plications,suchasvideoconferencing,will likely generatea substantialportionof
futurenetwork traf�c.

To handlechangingdemandson networks with limited resources,suchas
signalingcapacity, bandwidth,buffers, etc., we needto be able to adjustthe re-
sourcesallocatedto aggregated�o ws. Chapter3 beginsby arguing thatsignaling
resourcesmay not be suf�cient for future demandson ATM networks. The key
issueis how to achieve a tradeoff amongthescarceresourcesin futurenetworks.
With this in mind,we presenta framework for adaptingVP capacitiesin a variety
of settings,andwe developandevaluatealgorithmsfor migratingfrom onesetof
VP capacitiesto another.

In Chapter4, we considernetwork aggregation,our secondmethodfor re-
ducingcomplexity in large-scalenetworks.By exploiting network aggregation,we
cansigni�cantly reducetheoverheadsof informationexchangeneededto form an
approximateglobal view of theentirenetwork state.We presenta novel applica-
tion of implied coststo implicitly representthe stateof a subnetwork. The key

4



elementof our schemeis a decentralizedcomputationof theaverageimplied cost
to go throughor into asubnetwork whichre�ects thecongestionin thesubnetwork
aswell asthe interdependenciesamongtraf�c streamsin thenetwork. We incor-
poratethis implicit staterepresentationinto a QoS-sensitive routingalgorithmthat
adaptively selectshierarchicalroutessoasto maximizenetwork revenue.

Finally, Chapter5 concludeswith a summaryof our mainresults,a discus-
sionof applyingourmethodsto areasoutsideof ATM, anda list of futureresearch
directions.

5



Chapter 2

Flow Aggregation: Aggregating
Multicast Demandson VP Trees

2.1 Intr oduction

In ATM networks,VirtualPaths(VPs)thatcancarrymultipleVirtualCircuits(VCs)
areallocatedto reducethecomplexity of call setupandtraf�c managementat the
possibleexpenseof ef�ciency. A VP layout consistsof a vectorof capacitiesal-
locatedto VPs that areset up on a subsetof network routeson a permanentor
semi-permanentbasis. This logical partitioningmay be doneperiodicallyfor the
purposeof adaptive resourceallocationdueto changingnetwork conditions.

Given a set of multicastdemandsfor a network incorporatingmulticast-
capableswitches,a layoutof VP treescouldbeestablishedusinganalgorithmsuch
asthe onefound in [42]. Settingup an SwitchedVirtual Circuit (SVC) tree is a
relatively expensive operation,so even with low multicastdemands,creatingand
usingVP treeson a slower timescalethanconnectionholdingtimescanbeworth-
while. In thischapterwearguethatdueto statisticalmultiplexing,onemayactually
savecapacityby aggregatingheterogenousmulticastdemandsonthesameVP tree.
Takingadvantageof this fact,we proposea pre-or post-processingstepto theVP
multicastlayoutproblem,which eitherreducesthecomplexity of therequiredop-
timizationor furtherimprovesuponobtainedsolutions.If theVP multicastlayout
is alreadydetermined,thenour procedurecouldbea post-processingstep;if not,
it would bea pre-processingstepwhich is discussedfurther in Sec.2.5. Theneed

6
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Figure2.1: In this example,aggregatingthemulticastdemandsprovidescapacity
savings,betterloadbalancing,anda reductionin VP setupandmanagementloads.

for aggregatingmulticastdemandsontoVP or VC treesto avoid VP/VC explosion
haspreviouslybeensuggestedin thecontext of anIP overATM environment[10].
Supposewe have a destinationsetof size10. Thenthereare1023possiblenon-
emptysubsetsof destinations,andit is likely to beimpracticalto setup a separate
treefor eachsubsetwith nonzerodemand.

Considerthesituationillustratedin Fig.2.1.Thereisasinglesourceandtwo
destinationswith a demandr 1 for multicastconnectionsto bothdestinationsanda
demandr 2 for unicastconnectionsto only onedestination.Supposethatacapacity
of 1 on eachlink is ableto accommodatethedemandsat thedesiredcall blocking
probability. Furthermore,supposethatif thedemandsareaggregated,acapacityof
1.4oneachlink is required.In thiscase,despitethefactthatconnectionsof type2
areneedlesslyusingboth links, we obtainbene�ts from aggregatingthemulticast
demandsin threeareas:the total requiredcapacityis less,the link capacitiesare
moreevenlybalanced,andoneVP tree,ratherthantwo, is required.

Moregenerally, supposewearegivendemandsr 1 andr 2 for multicastcon-
nectionsrequiringunit bandwidthfrom a commonsourceto destinationsetsD1

andD2, respectively, whereD2 �

D1.1 Assumingthenetwork switcheshave the
propermulticastcapabilities,wewantto establishVP treesfor setsD1 andD2. The
questionis whetherwe shouldestablishtwo separatetreesor a singletreeto ac-

1Of course,onedestinationsetdoesnothave to bea subsetof another, but this caseleadsto the
simplestalgorithmsandthegreatestpotentialsavings. In themoregeneralcase,a sharedVP tree
wouldhave to reachdestinationsin thesmallestsetcontainingbothD1 andD2.
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commodatethedemandsr 1 andr 2, i.e.,will thebene�t of additionalmultiplexing
at the call andcell levels outweighthe bandwidthwastedby connectionsfor the
smallersetD2 usingthelargertree?Thissituationis illustratedin Fig. 2.2.

To answerthis question,we �rst introducethefunctiona � r � B� whichgives
thelink capacityneededto accommodatethedemandr ataspeci�edcall blocking
probability B. This function may accountfor statisticalmultiplexing at the call
level, theburstlevel, thecell level, or somecombinationof thethree.To determine
the capacityneededfor the VPs in eachcase,we solve for C1 �

a � r 1 � B� , C2 �

a � r 2 � B� , andCs �

a � r 1
�

r 2 � B� . For separateVP treesT1 andT2, thetotalcapacity
neededisC

�

�

T1
�

C1
�

�

T2
�

C2, where
�

T
�

is thenumberof links in multicasttreeT .
WhensharingtreeT1, thetotal capacityneededis C �

�

�

T1
�

Cs. If C��� C, it would
bebene�cial to useasingletree.We canrewrite thisconditionas

Cs �

C1

C2
�

�

T2
�

�

T1
�
	 (2.1)

It shouldbe notedthat thereare additionalbene�ts to sharingVP treesbesides
capacitysavings:e.g.,

� savingsin Virtual PathIdenti�er (VPI) usage— sharingVP treeswould re-
ducethenumberof VPs,andhenceVPIs,neededfor aparticularlayout,

� a reductionin VP setupandmanagementloadsaswell assetupdelaysfor a
connection,

8



� a moreevenbalancingof loadacrossthenetwork — sharingVP treestends
to reducethevariancein theallocatedlink capacities,and

� possiblesavingsin thesizeof buffersneededat theinputof eachVP treedue
to theincreasedcell level multiplexing from combiningdemands.

After indicating the relatedwork in this areain Sec.2.2, we explore the
useof the Erlang B formula to implicitly determinethe function a in Sec.2.3,
andthenfurther considera Gaussiantraf�c model. Givenan initial collectionof
destinationsets,heuristicsfor �nding anaggregationof demandsrequiringtheleast
total capacityareproposedandevaluatedthroughsimulationin Sec.2.4. Finally,
in Sec.2.5,we presentmethodsfor dealingwith unknown topologies,andSec.2.6
concludesthechapterwith a few additionalcomments.

2.2 Relatedwork

Flow aggregationusingvirtual pathsis akey componentof thetraf�c management
speci�cationfor ATM networks [15, 72]. Althoughmuchresearchhasaddressed
eithertheVP layoutproblemor themulticastroutingproblemseparately, e.g.[1,
3, 7, 12, 23, 58, 75], to our knowledgeKim is theonly oneto speci�cally address
theVP multicastlayoutproblem[42]. Theaggregationof multicastdemandswhich
we proposein this chapterbuilds on his work on theVP multicastlayoutproblem
by eitherreducingthecomplexity of therequiredoptimizationor furtherimproving
uponanobtainedsolution.Theneedfor suchaggregationhasbeensuggestedin the
context of anIP overATM environment[10], but we foundnospeci�c researchon
this topic in the literature.Part of thematerialin this chapterhasbeenpreviously
presented[54].

2.3 Speci�c examples

Herein,we assumea largepopulation(in�nite sources)modelwherethe requests
for multicastconnectionsarrive asPoissonprocesses.2 In this case,theErlangB
formulacanbeusedto implicitly determinethefunctiona andassessthebene�tsof

2Note that aggregatingdemandsandsharinga treewill increasethe populationof sourcesre-
questingaccessto thetreeandwill serve to strengthenthisassumption.
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Figure2.3: For ablockingprobabilityof 10�

3, thethresholdfor capacitysavingsis
plottedfor valuesof

�

T2
��� �

T1
�

rangingfrom0.5to 0.9.Below eachline, thecapacity
savingsis greaterthanzero.

call level multiplexing alone[70]. For theabovesetup,we mustsolveE � r 1 � C1 �

�

E � r 2 � C2 �

�

E � r 1
�

r 2 � Cs�

�

B for C1, C2, andCs, andthentesttheconditionfor
sharingthe larger tree as expressedin (2.1). Basedon the Erlang function and
a blocking probabilityof 10�

3, Fig. 2.3 shows the thresholdfor capacitysavings
(maximumvalueof r 2 for agivenr 1) as

�

T2
��� �

T1
�

is variedfrom 0.5to 0.9.Below
eachline, thecapacitysavingsis greaterthanzero. Note that,becauseof thesub-
additivity propertyexplainedbelow, the thresholdfor

�

T2
��� �

T1
�

�

1 would be a
verticalline at r 1 �

0.
In Fig. 2.4, we seethat for a constantblockingprobabilityB, the function

C
�

g � r � , de�ned implicitly by Erlang's formula,is concaveandsub-additive[70].
Thesub-additivity property, i.e.,g � r 1

�

r 2 � � g � r 1 �

�

g � r 2 � , impliesthattwo sep-
aratelinks requiremorecapacitythana singlelink with thesametotal traf�c, or in
otherwords,it assessesthebene�tsof call level multiplexing. Furthermore,asthe
desiredcall blockingprobability is decreased,themultiplexing bene�tsgetbetter.
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However, evenfor a modestblockingprobabilityof 10�

3, we canachieve signi�-
cantcapacitysavingsfrom aggregation.

The potentialcapacitysavings aregraphedfor somedifferentscenariosin
Figs.2.5 to 2.9 for a call level blocking probability of 10�

3. Figs.2.5, 2.6, and
2.7 exhibit thepotentialsavings in capacitywhenaggregating2 multicastgroups.
The savings are given by 100� C

�

C �
�

�

C, whereC andC� are the total required
capacitiesfor separateVP treesanda sharedVP tree,respectively, so the values
shown are relative savings percentages.Fig. 2.5 shows resultsfor the situation
shown in Fig. 2.2 where

�

T1
�

�

5 and
�

T2
�

�

4. The treesizesarevaried in the
remaining�gures. In Figs.2.8and2.9,therearemmulticastgroupswith D1 being
thelargestdestinationset,andthesavingsgraphedin the�gures area comparison
betweenusingm separateVP treesandaggregatingall m groupsontoa singletree
T1.

Figs.2.5, 2.6, 2.7, and2.9 show that low valuesof r 1, r 2, 	 	 	 , r m leadto
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highersavings. This is dueto the fact that the savings percentagefrom the sub-
additivity of theinverseErlangfunction,C

�

g � r � , introducedabove is greaterfor
smallervaluesof r (seeFig. 2.4). Note that the low offered load regime is not
unrealisticin practice.Indeed,currentlytheutilizationsachievedonATM/SONET
links areaslow as10–20%dueto overheadsandsparecapacityreserved for 1+1
failureprotection[66]. This would meanthata 10 Gbpslink would have around2
Gbpsof usablecapacity. Whenthiscapacityis furtherpartitionedinto a logicalVP
layout,with say100VPs,theneachVP would have a capacityof 20 Mbps. Each
VP could,for instance,accommodate20 videoconnectionsat 1 Mbps,or in other
words,theVP capacitywouldbeC

�

20circuits.
Aggregationof larger treesalsoleadsto highersavings,ascanbe seenin

Figs.2.6,2.7,2.8,and2.9,becausethewastedbandwidthdueto acall for asmaller
setof destinationsusingthe larger treebecomeslessrelative to the total required
bandwidth.Theincrementalgainin savingsdecreasesasthetreesizesgrow larger
becauseasymptotically, for �x edofferedloads,thesavingsapproachesa constant.
For example,in Fig.2.6,thesavingsfor agivenr andB is �

�

T1
�

C1
�

�

�

T1
�

�

1� C2 �

�

T1
�

Cs�

�

�

�

T1
�

C1
�

�

�

T1
�

�

1� C2 � whereC1 �

C2 �

a � r � B� , Cs �

a � 2r � B� , anda is
the inverseErlangfunction. As

�

T1
�

� ¥ , the savings approaches1
�

�

Cs
�

� C1
�

C2 ��� , i.e., thesavingsthatarisesfrom combiningtreesof thesamesize.
FromFig. 2.8,we seethataggregationof moreandmoretrees(increasing

m) increasessavings,but it tapersoff. In fact,asm approachesin�nity , thesavings
approachesaconstantfor �x edofferedloads,�x edtreesizes,andconstantblocking
probability. For the Erlang function, if the offered load andcapacityare scaled
proportionally, wehave that,for r � C (heavy traf�c), [35]

E � mr � mC �

m� ¥
� � �

� 1
�

C
r

	 (2.2)

Our scalingis not linear in both r andC becauseas the numberof groups(m)
grows, the offeredload to the sharedtreeis scaledlinearly but the capacityonly
grows enoughto keepthe blockingprobability constant(seeFig. 2.4). However,
for largeenoughm, weareindeedin theheavy traf�c or overloadedregimebecause
theblockingprobabilitymustremaingreaterthanzeroandin thecritical andun-
derloadedregimestheblockingprobabilitygoesto zeroasthecapacitygrows large
[51]. Therefore,letting a � r � B� representthe inverseErlangfunction,we canuse
(2.2) to obtainthe roughapproximationa � mr � B��� mr � 1

�

B� for large m. Let-
ting r

�

r i �

constant,thesavingsin Fig.2.8is 1
�

�

�

T1
�

a � mr � B���

�

�

�

T1
�

a � r � B�

�

17



�

�

T1
�

�

1� � m
�

1� a � r � B� � whichasymptotically, asm � ¥ , becomes

1
�

�

T1
�

r � 1
�

B�

�

�

T1
�

�

1� a � r � B�

	

Now supposewe combinethelast two situationsandscalebothm and
�

T1
�

asin Fig. 2.9. Usingtheaboveapproximation,asm
�

�

T1
�

approachesin�nity , the
savingsfor �x edr

�

r i is

1
�

r � 1
�

B�

a � r � B�

	 (2.3)

Thesecondtermin (2.3)canbeinterpretedastheinverseof thebandwidthrequired
perconnection.Thebandwidthperconnectionincreasesasr decreasesbecauseof
lessmultiplexing, so for smallerr , the inverseof thebandwidthperconnectionis
smallerwhich leadsto higherpotentialsavings.As anexample,for B

�

0 	 001and
r

�

10, the limit in (2.3) implies a maximumsavings of 52.1%;for r
�

100 the
maximumsavingsis 21.9%.Thesevaluesarequitereasonablein light of Fig. 2.9,
wherefor m

�

�

T1
�

�

20 andr
�

10 we have a savingsof 40.3%,andfor r
�

100
thesavingsis 14.0%.

Finally, weseefrom Fig.2.7thatthereis athresholdfor thesmallertreesize
below which it neverpaysto aggregatetwo candidatetrees.

Although the bene�ts of call level multiplexing aresigni�cant, even more
capacitysavingscanbeexhibitedby incorporatinga burstor cell level model. As
a simpleexample,we couldmodelthecell arrival rateof eachcall by a Gaussian
randomvariablewith meanl andvariances 2. For abufferlesslink with N ongoing
connections,it canbeshown thatthecapacityrequirementis roughlygivenby

b � N �

�

Nl
�

k
�

Ns2
� (2.4)

wherek is aQoSparameterdeterminedby thedesiredcell lossprobability(seee.g.
[69]). For instance,acell lossprobabilityof 10�

6 wouldrequirek
�

4 	 7534.Letting
a � r � B� representthe inverseErlang function, we needto allocateb � a � r � B� � to
satisfythecall level andcell level QoSrequirementsfor �x edcell lossprobability
andtraf�c parameters(l � s2). We will explore the impactof the Gaussiantraf�c
modelin thesimulationsof Sec.2.4.
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2.4 Heuristics

We now considerthe moregeneralproblemof having multicastdemandsfrom a
commonsourcetomdestinationsetswith Di

� D1 for i
�

2 � 3 �

	 	 	

� m. LetN
�

�

D1
�

.
ThesubsetsDi , i

�

2 � 3 �

	 	 	

� m, canhavefrom 1 to N
�

1 elements.First,weassume
thatDm

� Dm
�

1
�

� ���

� D1, andlaterwewill dropthisassumption.
If eachsethasa known VP treeTi , the brute force approachto �nding a

groupingof setswith the leasttotal requiredcapacityis simply to try all possible
combinationsandkeepthebestcombination.Themsetscanbedividedinto 1 to m
groups.Thenumberof possiblewaysto divide theminto k groupsis equivalentto
�nding thenumberof waysto placemdistinguishableballsinto k indistinguishable
cellssuchthatnocell is empty. Thisis givenby aStirlingnumber[60] of thesecond
kind S� m� k� where

S� m� k �

�

1
k!

k

å
i � 0

�

�

1�

i
�

k
i �

� k
�

i �

m
	

For eachcombination,we must �nd the capacityneededby the k groups,so the
computationalcomplexity is proportionalto å m

k� 1 kS� m� k � which grows exponen-
tially. For example,for m

�

2, å m
k� 1kS� m� k �

�

3, for m
�

4, it is 37,andfor m
�

8,
it is 17,007.Thus,for reasonablylargem, heuristicswith polynomialcomplexity
wouldbepreferableto theexponentialcomplexity of thebruteforceapproach.

Althoughwe cannotguaranteeoptimality, it seemsreasonableto try com-
biningpairsof setsstartingfrom thelargestsetD1, assuggestedby theobservation
madein Sec.2.3 thataggregationof larger treesleadsto highersavings. Further-
more,we expect to get the mostsigni�cant savings from combiningtreeswhich
areclosetogetherin size. Theseideasleadto thefollowing (clustering)algorithm
with complexity O � m� . We�rst describethealgorithmin wordsandthengivepseu-
docodefor thealgorithm. In thepseudocode,thefunctioncombine� i � j � combines
thedemandsfor Di andD j into asingledemandfor Di (i.e.,r i :

�

r i
�

r j ; r j :
�

0;)
andreturnstrue if theconditionin (2.1) holds. Otherwise,it doesnothingandre-
turnsfalse.

Algorithm 2.1. Startingwith thelargestdestinationsetD1, combinethedemands
for D1 andD2 into a singledemandfor D1 if theconditionin (2.1) holds. If suc-
cessful,try to combinedemandsfor D1 andD3, andcontinueonuntil unsuccessful
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with candidatesD1 andDi , 2
�

i
�

m. If i � m,repeattheprocedurestartingwith
Di andDi � 1, continuingonuntil reachingDm.

1 begin
2 i :

�

1; j :
�

2;
3 while j

�

mdo
4 if � combine� i � j � then i :

�

j ; endif;
5 j :

�

j
�

1;
6 endwhile;
7 end

Note that eachcombinationmadewould result in capacitysavings, so re-
gardlessof the �nal grouping,theprocedurewould beworthwhile,but not neces-
sarilyoptimal.As acomparisonto Algorithm2.1,wealsoproposethefollowingal-
gorithmwhichattemptsto makeasmany combinationsaspossiblewith thecurrent
destinationsetbeforemoving on,resultingin analgorithmof complexity O � m2

� :

Algorithm 2.2. Startingwith thelargestdestinationsetD1, combinethedemands
for D1 andD2 into a singledemandfor D1 if theconditionin (2.1)holds.Next try
to combinedemandsfor D1 andD3, andcontinueon with candidatesD1 andDi

until i
�

m. If a successfulcombinationwasmade, repeatthe procedure starting
with D1 andD2 (skippingsetswhich havepreviouslybeenabsorbed).Whena pass
withouta successfulcombinationhasbeenmade, movefromD1 to thenext smallest
setD j thathasnotbeenaggregatedandrepeatfromthebeginningstartingwith D j

andD j � 1.

1 begin
2 for i :

�

1 to m
�

1 step1 do
3 if r i � 0 then (thedemandfor Di is nonzero)
4 k :

�

1;
5 while k � 0 do
6 k :

�

0;
7 for j :

�

i
�

1 to mstep1 do
8 if r j � 0 � combine� i � j � then k :

�

k
�

1; endif;
9 endfor;

10 endwhile;
11 endif;
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12 endfor;
13 end

In Algorithm 2.2,we make anotherpassthroughthedestinationsetswhen-
ever a successfulcombinationis made.Thereasonfor this is that theofferedload
of the larger sethasbeenincreasedand,ascanbe seenfrom Fig. 2.3, sincethe
thresholdis monotonicallyincreasing,the rangeof offered loadsfor the smaller
treeallowing for capacitysavingswhensharinghasalsobeenincreased.Therefore,
new combinationscouldpotentiallybemadethatwerenot allowedon a previous
passthroughthedestinationsets.

To seehow closeto optimalAlgorithms2.1and2.2mightbein practice,we
ransimulationsof Algorithms2.1and2.2andthebruteforceapproachusingcom-
monrandomnumbers.Thereweremdestinationsetswith Dm

� Dm
�

1
�

��� �

� D1,
andthetreesizeswere1 � 2 �

	 	 	

� m, respectively. Theofferedloadswererandomly
generatedaccordingto a uniform distribution between0 andr max. For eachcase,
theresultsobtainedare95%con�denceintervalsbasedonindependentreplications.
Thecall blockingprobabilitywasheldconstantat10�

3.
From the resultsshown in Table2.1, we seethat Algorithm 2.1 is consis-

tently betterin total capacitythanAlgorithm 2.2andis quitecloseto theoptimal.
As expected,the savings percentagedropsoff signi�cantly asr max grows larger,
but it improvesasthesizeandnumberof thedestinationssetsmincreases.For this
scenario,Algorithm 2.1appearsto beagoodcompromisebetweencomplexity and
performance.

Two additionalstatisticsareshown in Table2.2: the link capacitystandard
deviationandthe�nal numberof treesobtainedafterrunningthealgorithms.3 Un-
like theotherstatistics,thelink capacitystandarddeviation is topology-dependent,
andfor our currentexperimentswe employeda topologysimilar to thatshown in
Fig.2.10for m

�

5. Thelink capacitystandarddeviationgivesusameasureof how
well theloadis balancedacrossthelinks of thenetwork with a standarddeviation
of zerosignifyingthatall links havethesamecapacity. As canbeseenin Table2.2,
theloadis indeedbetterbalancedafterrunningouralgorithms,with Algorithms2.1
and2.2 bothbeatingthebruteforcealgorithm. Thebene�ts aremostdramaticat
low loadsandtail off asr max increases.Also, thebene�ts increaseasthenumber

3Notethatif we tried to optimizein termsof thelink capacitystandarddeviationor thenumber
of treesinsteadof thetotal requiredcapacity, wewouldalwaysendupwith onetree.
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Figure2.10:One-level treetopology, shown with m
�

5, usedto determinethelink
capacitystandarddeviation in thesimulations.

of destinationsetsm increases.Althoughit is dif�cult to quantify, we expectthat
similar load-balancingbene�ts might be seenfor othermoregeneraltopologies.
Theresultsfor the�nal numberof treesarealsoquiteencouraging.Onceagain,the
greatestbene�tsoccurfor smallerr max, andthey grow asmincreases.Thesavings
in thenumberof treestranslatesto reducedVPI usageanda signi�cant reduction
in VP setupandmanagementloads.

We repeatedthesimulationswith theadditionof theGaussiantraf�c model
discussedat the endof Sec.2.3. For eachconnection,the meanandvarianceof
the cell arrival ratewas given by l

�

1 ands 2
�

1, respectively. The cell loss
probabilitywasheldconstantat 10�

6 which translatesto a valueof 4 	 7534for the
QoSparameterk in (2.4).Theresults,shown in Tables2.3and2.4,exhibit thesame
generaltrendsasthepreviousexperimentsbut with a largeincreasein thecapacity
savingspercentages.Thereis alsoa moresigni�cant reductionin thelink capacity
standarddeviation andthe �nal numberof trees.AlthoughtheGaussianmodelis
certainlynot thebestcell level model,it doeseffectively demonstratethepotential
bene�tsif ratemultiplexing is takeninto accountwhenaggregatingmulticasttrees.

Weshallnow droptheassumptionthatDm
� Dm

�

1
�

�����

� D1. Westill keep
the lessrestrictive assumptionthatDi

� D1 for i
�

2 � 3 �

	 	 	

� m, sowith N
�

�

D1
�

,
the subsetsDi , i

�

2 � 3 �

	 	 	

� m, can have from 1 to N
�

1 elements,and we can
form equivalenceclassesbasedon how many elementsare in eachset. We can
also constructrelationshipsbasedon which destinationsetsare subsetsof other
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destinationsets.Accordingly, we presenta modi�ed versionof Algorithm 2.1 that
proceedsdown thehierarchyby equivalenceclass.

Algorithm 2.3. Startwith thelargestdestinationsetD1 andtheequivalenceclass
directly belowD1 with N

�

1 elementsper destinationset. For each Di in that
equivalenceclass(takenin anyorder),combinethedemandsfor D1 andDi into a
singledemandfor D1 if theconditionin (2.1)holds.If successfulin combiningall
membersin thatequivalenceclasswith D1 (or if theequivalenceclassis empty),try
to combinedemandsfor D1 and themembers of theequivalenceclasswith N

�

2
elements.Continueon until reaching an equivalenceclassin which all members
are not combinedwith D1. Now repeattheprocedure startingwith each destina-
tion setof that class(in anyorder) andrestrictingcombinationsto destinationsets
which are subsetsof thecurrentdestinationset. Continueon recursivelyuntil all
destinationsetshaveeitherbeenabsorbedor haveservedastheprimarycandidate
to which otherdestinationsetsmaybecombined.

1 begin
2 for n :

�

N to 2 step
�

1 do
3 foreachi ��� 1 � 2 �

	 	 	

� m � suchthat
�

Di
�

�

n � r i � 0 do
4 q :

�

n
�

1; k :
�

0;
5 while q � 1 � k

�

0 do
6 foreach j ��� 1 � 2 �

	 	 	

� m � suchthat
�

D j
�

�

q � r j � 0 do
7 if D j

� Di � � combine� i � j � then k :
�

k
�

1; endif;
8 endfor;
9 q :

�

q
�

1;
10 endwhile;
11 endfor;
12 endfor;
13 end

For completeness,wealsode�ne amodi�ed versionof Algorithm 2.2.

Algorithm 2.4. Startwith thelargestdestinationsetD1 andtheequivalenceclass
directly belowD1 with N

�

1 elementsper destinationset. For each Di in that
equivalenceclass(takenin anyorder),combinethedemandsfor D1 andDi into a
singledemandfor D1 if theconditionin (2.1)holds.Next try to combinedemands
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for D1 and the members of the equivalenceclasswith N
�

2 elements,and con-
tinueon until reaching theequivalenceclasswith thesmallestnumberof elements
per destinationset. If a successfulcombinationwasmade, repeatthe procedure
startingwith D1 andtheequivalenceclasswith N

�

1 elementsper destinationset
(skippingsetswhich havepreviouslybeenabsorbed).Whena passwithouta suc-
cessfulcombinationhasbeenmade, move from D1 to the equivalenceclasswith
thelargestnumberof elementsperdestinationsetthathasmemberswhich havenot
beenaggregated,andrepeatfromthebeginningstartingwith each destinationset
of that class(in anyorder) andrestrictingcombinationsto destinationsetswhich
are subsetsof the current destinationset. Continueon recursivelyuntil all desti-
nationsetshaveeitherbeenabsorbedor haveservedas theprimary candidateto
which otherdestinationsetsmaybecombined.

1 begin
2 for n :

�

N to 2 step
�

1 do
3 foreachi ��� 1 � 2 �

	 	 	

� m � suchthat
�

Di
�

�

n � r i � 0 do
4 k :

�

1;
5 while k � 0 do
6 k :

�

0;
7 for q :

�

n
�

1 to 1 step
�

1 do
8 foreach j ��� 1 � 2 �

	 	 	

� m � suchthat
�

D j
�

�

q � r j � 0 do
9 if D j

� Di � combine� i � j � then k :
�

k
�

1; endif;
10 endfor;
11 endfor;
12 endwhile;
13 endfor;
14 endfor;
15 end

To simulateAlgorithms2.3and2.4,we beganwith a destinationsetof size
m andfrom the2m

�

2 propersubsets(excludingtheemptyset)chosem
�

1 other
destinationsetsat randomat the beginning of eachreplication. This meansthat
the majority of the destinationsetschosenwill have closeto m

�

2 members.As
before,thetreesizeswereequalto thedestinationsetsizes,theofferedloadswere
randomlygeneratedaccordingto a uniform distribution between0 andr max, and
theresultsobtainedare95%con�denceintervalsbasedonindependentreplications.
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To computethelink capacitystandarddeviation,weusedaone-level treetopology,
similarto thatshown in Fig.2.10,but now thedestinationsetsarechosenatrandom
from all possiblecombinations.We performedsimulationswith andwithout the
Gaussiantraf�c modelusingthesametraf�c parametersandblockingprobabilities
asbefore.

Theresultsfor theseexperimentsaregivenin Tables2.5through2.8.Wedo
notrepeattheresultsfor m

�

2asthey arethesameasbefore.Algorithm2.3isclose
to theoptimalin totalcapacity, but, in contrastto before,it is nolongerconsistently
betterthanAlgorithm2.4.Thesavingspercentageshavebeenreducedsigni�cantly,
but they arestill quitegoodwhentheGaussiantraf�c modelis included.Theresults
for thelink capacitystandarddeviationandthe�nal numberof treesgenerallyex-
hibit thesametrendsasbeforeexceptthatthevaluesfor Algorithm 2.3tendto bea
bit higherthantheothertwo algorithms.Overall,theimpactof includingtheGaus-
siantraf�c modelis moresigni�cant thanbefore,andAlgorithm 2.3still appearsto
beagoodcompromisebetweencomplexity andperformance.

2.5 Roleof topologyand pre-processing

In this section,we restrictourselvesto thecasewheretheVP multicastlayouthas
notyetbeendetermined,andourprocedureis apre-processingstep.As in Sec.2.1,
we considerthesituationwith a commonsourceandtwo destinationsetsD1 and
D2 suchthatD2 �

D1. Supposethatwe do notknow theactualnetwork topology,
but we do know the distancesfrom the sourceto all destinationsin the larger set
D1. Theexactratio

�

T2
��� �

T1
�

is thenunknown, but we canboundit for all possible
treesT1 andT2 with thespeci�ed distancesto eachdestination.In the following,
h � d � is thenumberof hopsto destinationd.

Lemma 2.1. Letu � D �

�

å d � D h � d � andl � D �

�

�

D
�

�

å M
�

1
j � 1 1 � j

�

�

h � d ��� d � D � ,
where M

�

maxd � D h � d � and 1 �

�

� is the indicator function. Then,for any trees
T1 and T2 satisfyingthe distanceconstraints h � d ��� d � D1 or D2, respectively,
andconnectinga commonsourceto destinationsetsD1 andD2, respectively, with
D2 �

D1, wehave

l � D2 �

u � D1 �

�

�

T2
�

�

T1
�

�

u � D2 �

l � D1 �

	 (2.5)
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Proof: To prove thelemma,we show thatl � D �

�

�

T
�

�

u � D � for any treeT con-
nectinga sourceto destinationsetD. Thelargestnumberof links occurswhenthe
treeT hasdisjoint pathsfrom thesourceto every destination,i.e., the root of the
treehas

�

D
�

branchesandno links aresharedby two or moresource-destination
paths.Therefore,

�

T
�

�

å d � D h � d �

�

u � D � . To establishthelower bound,we as-
sumethatno two destinationsarecollocated.(If not,simplycombinethedemands
for the collocateddestinationsinto a demandfor a singlecombineddestination.)
First,supposethat � h � d �

�

d � D �

�

� 1 � 2 �

	 	 	

� M � . ThenthetreeT with thesmallest
numberof links occurswhenthedestinationsareconnectedin astraightline. Thus,

�

T
�

�

M
�

�

D
�

. If anotherdestinationis addedat a duplicatedistance1
�

j
�

M,
thenanotherbranchmustbeaddedoriginatingfrom a nodeat distancej

�

1. If a
destinationis removedatdistance1

�

j � M suchthatnow j
�

� � h � d �

�

d � D � , then
a branchcannotbe removedbecausethe treewould becomedisconnected.Thus,
by construction,

�

T
�

�

�

D
�

�

å M
�

1
j � 1 1 � j

�

�

h � d � � d � D �

�

l � D � .
Theboundsin Lemma2.1 arenot very tight. For example,de�ne G� D �

�

� h � d �

�

d � D � , andsupposethatG� D2 �

�

� 3 � 5 � andG� D1 �

�

� 2 � 3 � 5 � . Thenwe
have 5

10
�

�

T2
�

�

T1
�

� 8
5.

Now considera similar setupwith theadditionalrequirementthatT2 �

T1.
Tighterboundsthanbeforecanbeobtainedasstatedin thefollowing lemma.We
useD1 �

D2 to designatethesetof elementsin D1 thatarenot in D2.

Lemma 2.2. Letu � D �

�

å d � D h � d � andl � D �

�

�

D
�

�

å M
�

1
j � 1 1 � j

�

�

h � d ��� d � D � ,
where M

�

maxd � D h � d � and 1 �

�

� is the indicator function. Then,for any trees
T1 and T2 satisfyingthe distanceconstraints h � d ��� d � D1 or D2, respectively,
andconnectinga commonsourceto destinationsetsD1 andD2, respectively, with
D2 �

D1 andT2 �

T1, wehave

l � D2 �

l � D2 �

�

u � D1 �

�

u � D2 �

�

�

T2
�

�

T1
�

�

min
�

u � D2 �

l � D1 �

� 1 �

	 (2.6)

Proof: SinceT2 �

T1,
�

T2
�

�

�

T1
�

, andso
�

T2
��� �

T1
�

�

1. From Lemma2.1, we
alsoknow that

�

T2
� � �

T1
�

�

u � D2 �

�

l � D1 � , thusestablishingtheupperbound.For the
lowerbound,letT12 beaseparatetreefor D1 �

D2. FromLemma2.1,weknow that
�

T12
�

�

u � D1 �

D2 �

�

u � D1 �

�

u � D2 � . SinceT2 �

T1,
�

T1
�

�

�

T2
�

�

u � D1 �

�

u � D2 � .
Sowehave

�

T2
�

�

T2
�

�

u � D1 �

�

u � D2 �

�

�

T2
�

�

T1
�

	 (2.7)
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To �nd thelowerboundoverall treesT2, wedifferentiatetheleft-handsideof (2.7)
with respectto

�

T2
�

. Thederivative, � u � D1 �

�

u � D2 � �

�

�

�

T2
�

�

u � D1 �

�

u � D2 � �

2, is
alwayspositivebecauseu � D1 �

�

u � D2 � � 0. Therefore,theleft-handsideof (2.7)
is anincreasingfunctionof

�

T2
�

. Hence,thesmallestpossiblevalueof
�

T2
�

, which
is l � D2 � , is substitutedfor

�

T2
�

to establishthelowerbound.
UsingLemma2.2,theboundsfor our previousexampleare 5

7
�

�

T2
�

�

T1
�

�

1, a signi�-
cantimprovement.

By substitutingthelowerboundof Lemma2.1or preferablyLemma2.2for
�

T2
� � �

T1
�

in (2.1),we canconservatively decidewhetheror not to combinethede-
mandsfor D1 andD2 intoasingledemandfor thelargersetD1 withoutknowing the
full network topology. As con�rmed by Lemma2.2andFig. 2.3, largedestination
sets(l � D2 � large)with smalldifferencesbetweenthem(u � D1 �

�

u � D2 � small)will
producea lower boundfor

�

T2
��� �

T1
�

closeto 1 (themaximumvalue)andimprove
the likelihoodof achieving positive capacitysavings by combiningthe demands.
Without knowing thedistancesto therelevantdestinations,aswe have assumedin
this section,it is not feasibleto bound

�

T2
� � �

T1
�

andmake any decisionsaspartof
apre-processingstep.

2.6 Additional remarks

In conclusion,we commenton thepracticalityof thecommonsourceassumption
for large numbersof destinationsets. Insteadof an endsystem,the sourcecould
very well be a “core” nodeinside the network from which core-basedtreesare
establishedfor multicastrouting, an architecturebeingproposedfor the Internet
[5, 6]. A multicastroutewouldconsistof aVirtual PathConnection(VPC)or SVC
from the sourceto the corenodefollowed by the establishedVP tree. Also, the
destinationsmaybegateway nodesinsteadof endsystems,in which casetheVP
treeswouldbeentirelycontainedwithin thebackboneof thenetwork.

It is alsoworth notingthatafteraggregation,it maybedesirableto perform
trunkreservationwithin aVP treebecauseof thevaryingrevenuesgeneratedby in-
comingconnections[37]. For example,with two typesof connections,it is optimal
(in termsof total revenuegenerated)to reserveacertainamountof capacityfor the
connectionswhichgeneratemorerevenue[25].
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Chapter 3

AdaptiveResourceAllocation for
AggregatedFlows

3.1 Intr oduction

While the �e xibility of ATM networks to supporta varietyof serviceclassesand
othervalueaddedservicesis likely to materialize,network operatorswill befaced
with increasinglycomplex operationalconstraintsandtradeoffs amongoverallnet-
work throughput,processingloadson thesignalingsystem,andQoSrequirements
at both the call level, e.g.,blocking probabilities,andcell level, e.g.,cell lossor
delaycharacteristics.Oneway to controlthedauntingcomplexity of thesystemis
to aggregate�o ws, i.e., useVirtual PathConnections(VPCs)or con�gure virtual
networks,andmake a priori �x edor adaptive resourceallocations.With �o w ag-
gregation,a groupof individual �o ws is bundledtogetherandjointly managedand
switchedinsidea network or subnetwork. This typeof aggregationcanreducethe
sizeof routing tablesor the signaling/processingloads(e.g.,ConnectionAdmis-
sionControl)at theswitches,reducecall setuptimes,and/orreducethenumberof
connectionlabelsneededinsideanetwork.

After notingtherelatedwork in thisareain Sec.3.2,the�rst concernof this
chapteris to provideanoverview andcrudeevaluationin Sec.3.3of theincreasing
signalingloadsthatlarge-scale,connection-orientednetworkswill needto support.
Sec.3.4considerstherole thatcon�guring anoverlayVP network andtraf�c man-
agementalgorithmscanplayin controllingwhatwecurrentlyperceiveasapossible
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lackof scalabilityfor ATM networks.Wepresentsomespeci�c VP capacityalloca-
tion schemesfor bothVP-onlyandmixedVP/VC switchingenvironments.Finally,
in Sec.3.5,we proposeandevaluatealgorithmsfor migratingfrom oneVP layout
to another. Sec.3.6concludeswith achaptersummary.

3.2 Relatedwork

The performanceof SVC signalingin ATM networks hasonly received limited
attentionin theliterature.Onenotableattemptatquantifyingthesignalingoverhead
throughanempiricalstudyis foundin [55]. In contrast,muchwork hasbeenaimed
at VP capacityallocationin a VP-only switchingenvironment,e.g. [19, 50, 57,
61]. Thematerialin Sec.3.4.1is basedprimarily on thework in [19]. Additional
backgroundmaterialon implied costscanbe found in [36]. Very little research
hasaddressedadaptive VP capacityallocationin a VP/VC switchingenvironment
wherecall processingcapabilitiesarea limiting factor. The only other research
in this particularsettingthat we are aware of is found in [4]. In [41], a global
tradeoff betweencall processingcostsandmultiplexing gain is consideredwhile
jointly designingthe VP layout, capacityallocation,androuting. Our particular
formulation in Sec.3.4.2 basedon signaling�o w constraintsand implied costs
appearsto benew. To our knowledge,theperformanceof thegeneralVP capacity
migrationproblemwhich we addressin Sec.3.5 hasnot beenpreviously studied.
Partof thematerialin thatsectionhasbeenpreviouslypresented[54].

3.3 SVC signaling: loads, complexity, and technol-
ogy

Hereinwe will focuson thesignalingoverheadsandprocessingrequiredto estab-
lish SwitchedVirtual Circuits(SVCs)in high-speednetworks.Thereareof course
a varietyof othersignalingtasksthatwill loadup thenetwork resourcesandwill
eventuallybe of concern. For example,a recentstudy of the Private Network-
Network Interface(PNNI) signalingoverheadsrequiredin advertisingavailableca-
pacityin thenetwork suggestedit would totally overloadthechannel[62].

Considera 155Mbpslink. It couldin principlesupportat least2500voice
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Signal Line rate Call processingrates
STS-1 51.84Mbps 3 cps
STS-3 155.52Mbps 10cps
STS-12 622.08Mbps 43cps
STS-48 2.488Gbps 172cps
STS-192 9.953Gbps 691cps

Table3.1: Call processingraterequirementsvs.bandwidthgrowth.

connections.1 Assumingthe averageconnectiondurationis 3 minutes,then the
maximumaveragecall processingratethatmightberequiredfor sucha link would
be roughly 14 calls per second(cps). For higher line rates,with the samelink
utilization,thenecessarycall processingthroughputwouldeventuallyscalepropor-
tionally with bandwidth.2 Thus,for example,Table3.1showstheaveragesignaling
ratesthatwouldneedto besustainedfor variouslinks giventhefollowing assump-
tions: they areoperatedat80%utilization,voiceconnectionsrequire64Kbpseach,
andeachconnectionhasa meanholdingtime of 3 minutes.Thesenumbersgive a
roughideaof themannerin whichcall processingrateswouldgrow with bandwidth
for links carryinghomogeneousuncompressedcontinuousbit ratevoicetraf�c.

CurrentATM switchestypically supportcall processingusingasharedgen-
eralpurposeprocessor. High-endsystemscanachieve throughputson theorderof
100–215cps.Thusa switchsupporting16 OC-12links, subjectto theabove load-
ing assumption,could �nd that the requiredcall processingrate,688 cps, rather
thanbandwidthis the systembottleneck. This bottleneckcanbe overcomewith
dedicatedspecial-purposecall processorsper line card,but thedownsideis thein-
creaseddif�culty in makingupgradesandthepossibleincreasedcostcomparedto
asoftware-onlysolution.

Severalfactorsaffect thecall processingloadsthatswitcheswill see.In the
next sectionswe considerthe role of varioustypesof applications,themannerin

1Someof todaysATM coreswitchessupportvoice usingvariouscompressiontechniquesand
silencedetectionto extract the bene�ts of statisticalmultiplexing and substantiallyincreasethe
numberof connectionsthatcanbesupported.

2Statisticalmultiplexing would increasethe numberof concurrentconnectionsthat canbe ad-
mitted morethan linearly asthe line ratesincrease,but as they achieve truly high capacities,the
growth wouldeventuallybecomelinear.
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Figure3.1: Call processingratesversusdemandandmeanholdingtimes.

which the technologyandsignalingrequirementswill scalein a full-blown ATM
network, andtheissueof congestionin thesignalingnetwork.

3.3.1 What are the SVC hungry applications?

Different applicationswill placemarkedly varying burdenson the system. The
graphshownin Fig.3.1givesanideaof how variousloadswill impactthesystem.It
exhibitsthecall processingloadin cpsversusthedemand,measuredin Erlangs,and
themeanholding timesof connections.3 For our purposeshere,we shall assume
that therearesuf�cient network resourcesto meetmostof the demand.In other
words,we ignoreblockedcallswhich would in fact only further increasethecall
processingloadsonthesystem.Consider, for example,videoapplicationshaving a
meanholdingtimeof about1 hour. If theoverallsystemsustainsanaverageloadof
about10,000connections,thenthecall processingloadwouldnotexceed3 cps.In
contrast,considerdataapplicationssuchaswebbrowsingwith meanholdingtimes

3Notethedemand,measuredin Erlangs,i.e., averageconnectionrequestspermeanconnection
holding time, is also a rough estimatefor the averagenumberof concurrentconnectionsin the
system.

39



not exceedinga minuteanda total averageload of 100,000connections.In this
casetheresultingcall processingloadscouldeasilyexceed1000cps.Evenshorter
holdingtimeswould beassociatedwith thetransferof saya singleIP packet, and
suchtraf�c would far exceedthesetupratesthatarecurrentlyfeasible.Below we
commenton theseexamplesin somewhatmoredetail.

Video-on-demandandothervideo applicationsareconsideredto be amongthe
possible“killer” applicationfor broadbandATM networks.Becausethehold-
ing timesof videoconnectionsarerelatively long,thecall setuploadswould
berelatively small.Thus,only if databasevideoapplications,requestingsay
videoclips or still images,or smallersizedvideoprogramsbecomepopular,
will thesignalingloadbecomesigni�cant. Notehowever that if adaptive re-
sourceallocationwasto beusedonaperconnectionbasis,asproposedin the
RCBRprotocol[27], thisconclusionwouldchangedramatically.

Voice callsareestimatedto havea loadof 0.1Erlangsperline with a typicalvoice
connectionhaving a meanholding time of 3–5 minutes,which meansan
averageof 0.00042cpsper line. Assumingthat roughly 100,000lines are
supportedat a centralof�ce switch,this translatesto 42 cps. Coreswitches
will howeverseefargreaterratessincethey supportmuchhighermultiplexed
rates.Videoconferencingcallsshouldalsobeput in this category sincethey
have similar holdingtimes. Thesetypesof callscouldsigni�cantly increase
thecall processingloadsbecausethey aretypically multicastto severalpar-
ticipants.

Data is perhapsthemost“SVC hungry” application.SupportingLAN Emulation
(LANE) or Multiple ProtocoloverATM (MPOA) tocarryIP traf�c overATM
would resultin signi�cant signalingloads.In theworstcase,a userclicking
on an icon translatesto theunderlyingATM layersettingup anSVC to the
destinationrouteror server. This is theso-calledSVC cut-throughapproach.
Sincethedemandperuseris likely tobequitehigh,thesesolutionsto IP-over-
ATM areunlikely to scaleup in thepublicWAN environmentwithout taking
appropriatemanagementstepsto reducecomplexity. A possiblesolutionis a
topology-drivenapproachsuchasCisco's tagswitchingin whichdatais sent
onSVCsalreadysetupalongroutescomputedby theInternetprotocols.
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In summary, the averagedemandsfor call processingwill dependon the
overall demand,the connectionholding time, andthe capacityof the system.Of
particularconcerntodaywould beconnectionshaving shortholdingtimes,on the
orderof secondsor minutes,andhigh demand,suchasvoice or transactionpro-
cessingloadsthatfuturebusinessapplicationsmight require.

3.3.2 Dimensioninglargenetworks

Considerthe following simpli�ed scenario.Supposethat the overall load on the
systemis increasinglinearly, i.e.,asNr . In dealingwith increasingloads,network
serviceproviderscanessentiallyusetwo extremesin developingtheir infrastruc-
ture. At oneextreme,theprovider couldsimply increasethecapacityand/ornum-
berof portsof its switchessoasto meetthedemand.In thiscasethetotalsignaling
loadseenby theselargecoreswitchesgrows linearly sinceeachswitchwill seea
fraction of the total load Nr on the network. With this solution, if the call pro-
cessingresourcesdonot increasein speedlinearly, they will eventuallybecomethe
bottleneckof thesystem.

At theotherextreme,onecanbuild increasinglycomplex meshesby adding
moreswitchesto thenetwork, saylinearly in N, so asto increaseits carryingca-
pacity. Assumingan optimal hierarchicalcon�guration, the numberof switches
traversedby aconnectionwouldgrow logarithmically, i.e.,aslogN. Assumingthat
the load is spreaduniformly on thenetwork, thenthetotal loadon a givenswitch
wouldbeproportionalto

Nr �

logN
N �

r logN 	

With this approach,a switch's call processingcapacitywould only needto grow
logarithmicallywith the load. However, giventhe increasinglycomplex network,
thereis no guaranteethattheprocessingrequirementswould not increasewith the
numberof switchesin the system. Indeed,in [55], basedon an empiricalstudy,
theauthorssuggestthatthebulk of theprocessingdelayoccursin a smallbodyof
codefor which the processingtime dependson the sizeof the network. That is,
the processingratesarelikely to dependon the network size,further limiting the
capacityof theswitchingsystem.

The call processingrequirementsof a real systemmight thenscalesome-
wherebetweenthedesirablelogarithmicgrowth andtheworstcaselineargrowth.
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Thisbringsusto thefollowing question:whatcantechnologytodayachieve?

3.3.3 Technology

WhetherATM switcheswill beableto supporta linear increasein speedfor their
call processingcapacityis at this point dif�cult to predict. The type of process-
ing requiredat connectionsetupcan in fact be signi�cant andmay spanseveral
switchingsystemsandrequireadditionalupdatesduringthe lifetime of a connec-
tion. Tasksspanningthegamutfrom call admissionandassessmentandnegotiation
of QoSrequirements,to routing,will beincreasinglycomplex in multiservicenet-
works,andthusonewould expectthemto placeincreasinglyhigherloadson call
processingresources.Furthermoresigni�cant processingloadswouldbeassociated
with performanceandusagemonitoringaswell asbilling records.

Thereis little experienceoperatingATM networkstoday, andsincetheper-
formancecharacteristicsof signalingchannelsdependonacomplex interactionbe-
tweensoftwareandhardwareresourcesin a distributedenvironment,they aredif-
�cult to assess[55]. Nevertheless,somerelevantdatapointsgive a startingpoint.
Currentworkgroupswitches,suchastheForeRunnerLE155,advertisea connec-
tion setup time of 10 msec,that is 100cps.Coreswitchesrangefrom 215cpsfor
theForeRunnerASX-200BX to 3000cpsfor theAscendCBX 500wherethecall
processorsare implementedin hardwarewith a separateprocessorcardper port.
Notehoweverthataswitchmightneedto supportfull accountingcapabilities,such
asthegeneratingof billing recordsonaperconnectionbasis,thereforeit is dif�cult
to extrapolatewhatthroughputmightbeachieved.

While it is possibleto achieve a call setuprateon the orderof thousands
of cpsper switch with the help of call processorsimplementedin hardware, it is
hardto scalethesespeedsevenfurtherwithoutrunninginto thehighcoststhatsuch
systemsrepresent.Moreover, evenif thedesiredspeedcouldbeachievedongeneral
purposeworkstations,it is questionablethatsupportingthe full �e xibility of SVC
setupin softwarewill beworthwhilegiventheincreasedsoftwareandmaintenance
costs.Indeedwith theadventof multiservicebroadbandnetworks,thecomplexity
andmaintenancecostof call processingsoftwareis likely to increase,andin order
to control costsit may be advantageousto limit the amountof signalingandcall
processingperformedin thenetwork.
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3.3.4 Dealingwith congestionin signalingnetworks

Looking at theaveragethroughputthatnetwork elementscansustainis appropri-
ateasa �rst cut. However, sincecall requestsarrive asstochasticprocesses,the
variability in therateof requestsis likely to leadto queuingandsetupdelays,and
congestionwill eventuallyleadto lost calls. Thusoneeventuallyneedsto take ap-
propriateactionin controllingdemandandsignaling�o ws in thenetwork soasto
reducefocusedcongestionandallocateresourcesfairly.

As areferencecase,currentIntelligentNetwork (IN) servicestypically have
muchgreaterprocessingrequirementsthanPlain Old TelephoneService(POTS).
Indeed,IN servicesmight requirea databaselookup andauthenticationin addi-
tion to routingandcall admission.With theadventof multiservicenetworks, the
requirementsatcall setup,in termsof call admission,authentication,QoSnegotia-
tion, billing, etc.,will farexceedthoseof currentsystems.

A signi�cant amountof effort hasyet to beinvestedin optimizingprotocols
and implementationsto enhanceperformance.Somestudiessuggestthat much
work will needto be carriedout beforede�niti ve performancecomparisonsand
numberscanbecollected[32, 55].

3.4 Controlling processingand complexity costsvia
VP networks

By con�guring VPCs,thenetworkmanagercanreducetheprocessingrequirements
placedon intermediateswitchingnodesin thebackboneby deferringcall process-
ing to a VPC's endnodes[20]. Thecostof this approachis a possiblelossof ef�-
ciency sincecapacitywouldnow besegregatedperVPC.Thustheserviceprovider
needsto �nd acompromisebetweenlimiting theprocessingloadonnetwork nodes
andmaximizingthelarge-scalenetwork's throughput/revenue.

In factonecanview thevirtualpathlayerasanintermediateresourcealloca-
tion layerwhereallocationdecisionsaremadeonaslow timescalebut coordinated
overthenetwork [19]. Wecontendthatby allowingadaptiveresourceallocationfor
VPnetworksbasedondemandestimatesand/oron-lineestimates,possiblelossesin
ef�ciency resultingfrom limiting theresourcesavailablefor multiplexingSVCcon-
nectionsmaybeovercome.Thecon�gurationof VP networksis likely to become
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Switching VP VP/VC
VPs single-or multiple-link end-to-end

Algorithm centralized decentralized
(periodic) (incremental)

Table3.2: A taxonomyof approachesto VP allocation.

an effective strategy for not only limiting signalingrequirementsin the network
core,but also,andin somecasesmoreimportantly, it will enablenetwork operators
to handletheincreasingcomplexity of multiservicenetworks,e.g.,by simplifying
connectionadmissioncontrol,routing,andprovisioningof QoSrequirements,and
by aiding in addressingnetwork reliability concernsaswell asa varietyof traf�c
managementissues.

A varietyof approachesareavailablefor allocatingVPs. In Table3.2, the
approachesareclassi�ed accordingto the type of switchingavailablein the net-
work, theextentof theVPs,andthestructureof theallocationalgorithm,resulting
in eight distinct combinations.In Sec.3.4.1,we discussalgorithmsproposedfor
a VP switchingenvironment,andin Sec.3.4.2,we presentour original algorithms
for aVP/VC switchingenvironment.

3.4.1 VP switching

In this section,we considera corenetwork thatonly switchesVPs,andwe present
a methodto periodicallyadjustthe VP capacities.We will �rst treat the caseof
single-or multiple-link VPs anda centralizedalgorithmthat is run periodically.
This setuphasbeenpreviously consideredin [19]. We assumetheroutingis �x ed
or quasi-staticwith loadsharingoccurringbetweenroutesconnectinga particular
source/destinationpair. Thephysicalnetwork consistsof a setJ of links with ca-
pacitiesCj for j � J. The logical network is de�ned by a setV of virtual paths.
The matrix V

�

� Vjv � j � J � v � V � is a 0–1 matrix with Vjv �

1 if VP v passes
throughlink j andVjv �

0 otherwise.By assumingthe existenceof V , we have
bypassedtheVP layoutproblem,a dif�cult problemin its own right thathasbeen
addressedelsewhere,e.g.[12, 23]. We areassumingthatthelayoutwould change
infrequently. For simplicity, westartwith asingle-servicelossnetwork model,i.e.,
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all calls requireunit bandwidth,call holding timesareindependent(of all earlier
arrival times and holding times) and identically distributed with unit mean,and
blockedcallsarelost.4

EachVP canbe consideredto be a logical link from the point of view of
routing,andin fact,we de�ne a route(VPC) r � R to bea collectionof VPsfrom
V . The matrix A

�

� Avr � v � V � r � R � is a 0–1 matrix with Avr �

1 if route r
passesthroughVP v andAvr �

0 otherwise.De�ne the vectorx
�

� xv � v � V � to
bethecapacitiesallocatedto eachVP. Thevectorn

�

� nr � r � R � denotestherates
of independentPoissonarrival processesfor eachroute. We usewr to denotethe
revenuegeneratedby acceptinga connectionon route r, and Lr is the blocking
probabilityon router.

Our goal is to maximizethe rateof network revenue,so the optimization
problemcanbestatedas

maximize W � n; x�

� å
r � R

wrnr � 1
�

Lr � (3.1)

subjectto Vx
�

C (3.2)

over x � 0 	

Theconstraint(3.2)is aphysicalcapacityconstrainton theVPs.
To calculatetherevenuesensitivities,we must�rst �nd theblockingprob-

ability Lr for eachroute r, an importantperformancemeasurein its own right.
Steady-stateblockingprobabilitiescanbeobtainedthroughthe invariantdistribu-
tion of thenumberof calls in progresson eachroute. However, thenormalization
constantfor this distribution canbe dif�cult to compute,especiallyfor large net-
works.Therefore,theblockingprobabilitiesareusuallyestimatedusingtheErlang
�x edpointapproximation[26, 38].

Let B
�

� Bv � v � V � bethesolutionto theequations

Bv �

E � r v � xv � � v � V � (3.3)

4Onerealisticexampleof a single-serviceenvironmentis a single-classembeddednetwork. Al-
ternatively, our modelis roughlyequivalentto a network with very highbandwidthlinks wherethe
realresourceconstraintis thatof labels(e.g.,virtualpathor virtualcircuit identi�ers) for connections
on links. Theunit bandwidthrequirementpercall canbeconsideredto beaneffectivebandwidth
[16, 40].
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where

r v � å
r � R

Avrnr Õ
u � r

�

�

v�

� 1
�

Bu � (3.4)

andthefunctionE is theErlangB formula[8]

E � r v � xv �

�

r xv
v

xv!

�

xv

å
n� 0

r n
v

n! �

�

1

	 (3.5)

ThevectorB is calledtheErlang�x edpoint; its existencefollowsfrom theBrouwer
�x edpoint theoremanduniquenesswasprovedin [35]. UsingB, anapproximation
for theblockingprobabilityon router is

Lr � 1
� Õ

v � r
� 1

�

Bv �

	 (3.6)

The ideabehindthe approximationis asfollows. EachPoissonstreamof ratenr

thatpassesthroughVP v is thinnedby afactor1
�

Bu ateachVP u � r
�

� v � before
being offered to v. Assumingthesethinningsare independentboth from VP to
VP andover all routes,thenthe traf�c offeredto VP v is Poissonwith rater v as
givenin (3.4),theblockingprobabilityat VP v is Bv asgivenin (3.3),andtheloss
probabilityon router is exactlyLr asgivenin (3.6).

Startingfrom the Erlang �x ed point approximationand by extendingthe
de�nition of theErlangB formula(3.5)to non-integralvaluesof xv via linearinter-
polation,5 thesensitivity of therateof revenuewith respectto thecapacityof VP v
hasbeenderivedby Kelly [36] andis givenby

¶
¶xv

W � n; x�

�

cv (3.7)

wheretheimpliedcostsc arethe(unique)solutionto theequations

cv �

hv � 1
�

Bv �

�

1 å
r � R

Avrnr � 1
�

Lr � � wr � å
u � V

Aurcu
�

cv � � v � V 	 (3.8)

In theseequations,hv �

E � r v ��� xv �

1� �

�

E � r v ��� xv � � ; Bv, r v, andLr areobtained
from theErlang�x edpoint approximation.Note that,basedon (3.7), the implied
costsc alsohaveaninterpretationasshadow prices.

5At integer valuesof xv, de�ne the derivative of E � r v �

xv 	

with respectto xv to be the left
derivative.
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Using thepartialderivativesof the rateof network revenue(3.7), theopti-
mizationproblemcanbe solved (at periodicintervals) usinga standardgradient-
basedhill-climbing procedureover a convex feasibility region de�ned by linear
inequalities. An executionof this centralizedalgorithmcould be triggeredby a
combinationof a time limit anda window for therevenuefunctionW � n; x� . If the
currentrateof revenuereachestheupperor lower limits of thewindow or thetime
limit is reached,thena new optimizationwould beexecuted.Subsequently, a new
window wouldbecomputedbasedon thecurrentrateof revenue.Upperandlower
boundsfor W � n; x� canbecomputed[19, 52] giving anideaof how we aredoing.
Theseboundsareonly valid for theparticularVP layoutbeingused;amoredif�cult
problemis to �nd tight boundsover all possibleVP layouts. Boundsof this type
wouldhelpto gaugewhentheVP layoutshouldbeadjusted.An alternativewould
be to adjustthe layouton a daily or hourly basiswith the VP capacitiesadjusted
morefrequentlyfor �ne-tuning usingthe algorithmproposedhere. We notethat,
in general,W � n; x� is not concave. However, Kelly hasshown that it is asymptot-
ically linearasn andx areincreasedin proportion[36], andit is possiblethat the
stochastic�uctuations in theofferedtraf�c mayallow theoptimizationprocedure
to escapeanonoptimallocalmaximum.

If theVPsareconstrainedtobeend-to-end,theneachroutetraversesasingle
logical link. Sinceweareallocatingend-to-endVPs,theblockingprobabilityLr �

E � nr � xv � for the VP v suchthat Avr �

1. Therefore, ¶
¶xv

Lr �

Avr � E � nr � � xv � �

�

E � nr ��� xv �

1� � �

� �

Avrhv, andtherevenuesensitivity is

¶
¶xv

W � n; x�

�

hv å
r � R

Avrwrnr 	 (3.9)

Comparedto (3.7),thissensitivity canbecomputedindependentlyof theotherVPs.
In a decentralizedalgorithm, eachVP would be responsiblefor comput-

ing its own sensitivity. In thesingle-or multiple-link VP case,this would involve
exchangingvalueswith otherVPsin aniterative fashion.Oncecomputed,thesen-
sitivities would beusedto guideVP capacityallocationanddeallocationrequests
madeto link controllers.Thelink controllerswould enforcethelink capacitycon-
straintsandgrantor deny requestsasappropriatebasedontherevenuesensitivities.
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3.4.2 VP/VC switching

In thissection,weaddresstheproblemof anetwork thatcansimultaneouslyswitch
VPsandVCs wheretheconstrainton call processingcapacityis a limiting factor.
As arguedabove, thissituationmayor maynotmaterializein thefuture. If it does,
theunderlyingtradeoff is betweennetwork ef�ciency, which we representvia the
overall network revenueor throughput,and the switch call processingcapacity.
Basedon modelsfor circuit-switchednetworks,we formulatethis problemasone
of maximizingnetwork revenuesubjectto call processingconstraints.Thereis at
leastonesimilar formulation[4], wherethey useanM/M/1 modelto approximate
call setupdelays.However, ourgoalis to designanadaptivemechanismthat,based
on on-linemeasurementsof thenetwork loads,slowly dimensionsandcon�gures
VPsto enhancenetwork performance.

Our framework in this sectionconsistsof a setJ of links with capacitiesC j

for j � J, asetR of routeswhichareusedfor switchedvirtual circuits,andasetV
of routescorrespondingto virtual paths.As before,we startwith a single-service
lossnetwork model. The initial algorithmthat we presentwill be for end-to-end
VPsin a decentralizedsetting.

De�ne thevectorx
�

� xv � v � V � to bethecapacitiesallocatedto eachVPC.
Thematrix A

�

� A j r � j � J � r � R � is a 0–1matrix with A j r �

1 if router passes
throughlink j andA j r �

0 otherwise.The matrix V
�

� Vjv � j � J � v � V � is the
analogous0–1 matrix for the VPCs. The residualcapacitiesleft to the SVCsare
givenby thevectorCs

�

C
�

Vx. Thevectorn
�

� nr � r � R � denotesthe ratesof
independentPoissonarrival processesfor eachroute.Thevectorx

�

� xv � v � V � is
theanalogousdemandvectorfor theVPCs. We usewr (wv) to denotetherevenue
generatedby acceptingaconnectiononrouter (VPCv), andLr (Lv) is theblocking
probabilityon router (VPC v). Theremaybemultiple VPCsandroutesavailable
for SVCsbetweeneachorigin/destinationpair, soto retainthePoissonassumption,
we will assumethat load sharingoccursbetweenthe choicesavailable for each
origin/destinationpair. Thepercentageroutedto theavailableVPCsis determined
separatelyfrom ouralgorithmfor adjustingtheVPCcapacities.Notethatthis type
of routingcoupledwith the lossnetwork assumptionprovidesanupperboundon
the amountof blocking that would occur with a more realisticalternaterouting
scheme(in which theVPCsareattempted�rst). Hence,ourestimatefor therateof
revenuegeneratedis conservative.
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To modelthesignalingconstraint,we de�ne a vectorµ
�

� µ j � j � J � repre-
sentingtheservicerateavailablefor settingupSVCsonaperlink (or, equivalently,
perport)basis.Thesignalingcapacityof eachswitchis in proportionto thenumber
of input (or output)links, sowe simply take theaverageavailableto eachlink. We
will de�ne thesignalingconstraintasa �o w constraintµ on theamountof traf�c
desiringSVCs.

For a givenn andx (anda uniform amountof revenueperconnection),the
rateof revenuefor the network will be maximizedwhenno capacityis allocated
to VPCsbecauseallocatingcapacityfor anend-to-endVPC reducestheamountof
capacityavailable(andthusincreasesblocking)for SVCsusingthoselinks. How-
ever, we will be forcedto allocatecapacityto a VPC if thesignalingconstraintis
violatedatoneor moreof theswitches.Ouroptimizationproblemcanbestatedas

maximize W � n; x; x; C �

� å
v � V

wvxv � 1
�

Lv �

� å
r � R

wrnr � 1
�

Lr � (3.10)

subjectto Vx
�

C (3.11)

and An
�

µ (3.12)

over x � 0 	

The secondconstraint(3.12) is the signalingconstraintfor SVCs. We have con-
servatively chosento constraintheofferedload (without thinning) to be lessthan
thesignalingcapacity. If this constraintis violated,thenthedelaysfor call setup
are becomingunacceptableat the affectedswitches. We note that, in general,
W � n; x; x; C � is not concave with respectto theVPC capacitiesx becauseof the
secondtermin (3.10).

Therevenuesensitivity with respectto theVPC capacityxv canbederived
asfollows. In the�rst termof (3.10), only Lv dependsonxv. Sinceweareallocating
end-to-endVPCs,theblockingprobabilityLv �

E � xv � xv � wherethe functionE is
theErlangB formula. As before,we extendtheErlangB formulato non-integral
valuesof xv via linear interpolation,and, at integer valuesof xv, we de�ne the
derivativeof E � xv � xv � with respectto xv to betheleft derivative.Therefore, ¶

¶xv
Lv �

E � xv ��� xv � �

�

E � xv ��� xv �

1� �

� �

hv.
To treatthesecondtermof (3.10), wenotethattheresidualcapacitiesCs to-

getherwith thedemandvectorn comprisea lossnetwork in whichwecancompute
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impliedcostsaccordingto [36]

cs
j �

hs
j � 1

�

Bs
j �

�

1 å
r � R

A j rnr � 1
�

Lr � � wr � å
k � J

Akrc
s
k

�

cs
j � � j � J � (3.13)

wherehs
j �

E � r j � Cs
j �

1�

�

E � r j � Cs
j � , andr j andBs

j aretheofferedloadandblock-
ing probability for SVCsat link j, respectively. Bs

j , r j , andLr areobtainedfrom
eithertheErlang�x edpointapproximationor on-linemeasurement.

In [36], for a revenuefunctionWs
� n; Cs

�

�

å r � R wrnr � 1
�

Lr � , Kelly de-
rivedthesensitivity of therateof revenuewith respectto Cs

j to becs
j . Noting that

¶
¶xv

Ws
� n; Cs

�

�

å j � J
¶

¶xv
Cs

j
¶

¶Cs
j
Ws

� n; Cs
� andcombiningthiswith our resultfor the

�rst term,wehave

¶
¶xv

W � n; x; x; C �

�

wvxvhv � å
j � J

Vjvcs
j 	 (3.14)

The �rst term in (3.14) representsthe increasein revenuethat would result from
additionalcallsacceptedonVPCv afterincreasingxv, while thesecondtermquan-
ti�es the loss in revenuethat would occur from decreasingthe residualcapacity
alongpathv availableto SVCs.

Our on-linealgorithmfor adjustingtheVPCcapacitiescanbedescribedin-
tuitively asfollows. Eachswitch(port)monitorstheprocessingloadsgeneratedby
eachroute. If the aggregateofferedload is seento reacha link' s signalingcon-
straint, thena VPC is initiated. To determinewhich �o w of traf�c to aggregate,
theswitchescoordinatea calculationof therevenuesensitivitieswith respectto al-
locatingcapacityto the possibleVPCs�o wing throughthe overloadedlink.6 A
VPC is con�gured on the routewith thehighestrevenuesensitivity, i.e., likely to
causethe leastlossof network revenue.This procedureis carriedout slowly and
adaptively to meetchangingdemands.As thecall processingloadson thenetwork
relax,it becomesadvantageousto eliminateVPCsallowing for betterusageof net-
work resources.In thiscasea lower thresholdonmeasuredloadswould initiate the
removal of VPCs. We proposea mechanismincorporatinga hysteresisloop with
two thresholdsin orderto avoid makingexcessivechangesdueto �uctuationsof the
network processingloads. In addition,theactualmeasurementsof theprocessing
loadscanbedampedby exponentialweightedaveraging.

6Note that this requirescoordinationbecausethe revenuesensitivities dependon the network
topology, routes,andloadsat thatmomentin time.
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Figure3.2: VP allocationscenariowith two VPCssubjectto call processingcon-
straints.

A simpleillustrationof this processis shown in Fig. 3.2 for a link with two
possibleVPCs. In this particularcase,therevenuesensitivity for VPC 1 is higher,
soit wouldbechosen�rst for capacityallocationasthecall processingloadsat the
link increase.

We now de�ne moreformally a decentralizedprotocolfor adaptation.We
assumethat eachnodein the network hascompletetopologyandrouteinforma-
tion andthatadecentralizedcomputationof theimpliedcostsfor theresidualSVC
network is carriedout at appropriateintervals. Initially, x

�

0, i.e., no capacity
is allocatedto VPCs. For eachlink, thereis a link controller (or port monitor)
which is responsiblefor checkingthesignalingconstraint.If theconstraintis vi-
olatedfor a particularlink, thenthe controllercomputesthe revenuesensitivities
for all VPCswhich arealternateroutesfor routesin R passingthroughthis link.
Increasethe capacityby a unit amount(subjectto the capacityconstraint)of the
VPC with thehighestsensitivity subjectto not passingthrougha bottlenecklink j
with å v � V Vjvxv

�

Cj . After allowing the loadvectorsn andx to readjust,repeat
asnecessaryuntil thesignalingconstraintat thatlink is notviolated(assumingthis
is feasible).Capacityshouldbe removed in unit decrementsfrom a VPC v when
å r � R A j rnr �

µ j
�

ej for all j � v whereµ j
�

ej is apredeterminedthreshold.
If theVPsarenotconstrainedto beend-to-end,thenroutescanuseamixture
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of VCsandVPswheremultiple-linkVPsaretreatedassinglelogical links. Implied
costscanbe computedfor all “links” whetherthey be VPs or actuallinks with a
residualcapacityCs

j �

Cj �

å v � V Vjvxv. Therevenuesensitivity with respectto the
capacityof VP v wouldbe

¶
¶xv

W � n; x; C �

�

cv � å
j � J

Vjvcs
j 	 (3.15)

It is unclearwhetherthealgorithmtoadjusttheVP capacitieswouldworkaswell as
theend-to-endVPCcasein limiting thecall processingloadsfor SVCs.Increasing
the capacityof a VP may not increasethe capacityavailableto routesusingthat
VP becauseof bottleneckselsewhere.For this reason,it maybewiseto restrictthe
candidateVPs for an increaseto thosepassingdirectly throughthe link with the
signalingconstraintviolation. Thiswould increasetheprobabilityof aVP capacity
increaseactuallydecreasingtheSVCsetuptraf�c throughthatlink.

Anotheralternativeis to runacentralizedalgorithmatperiodicintervals.For
instance,givenfuturedemandestimatesandaverageholdingtimes,theaveragecps
perlink canbeconstrainedbelow a certainvalueby limiting thecapacityavailable
to SVCs.Theremainingcapacityin thenetwork canbeallocatedto VPsusingthe
methodproposedin Sec.3.4.1for a VP-only environment. The algorithmcould
thenberepeatedperiodicallyto adaptto changingdemands.

3.4.3 Additional remarks

A multiserviceenvironmentcouldaccommodatetraf�c fromseveraldifferentband-
width classes.Theimplied costswould now be indexedby (logical) link andser-
vice type,andwith thechoiceof anappropriateblockingfunctionat eachlink, the
implied costequationscanbe derived by extendingthe approachof Kelly to the
multiratecase[19, 52]. Theformulationin [19] is particularlyrelevantheresince
they considera situationsimilar to that in Sec.3.4.1. We will have moreto say
aboutthemultiratecasein Chapter4 whenwediscussnetwork aggregation.

Our goal herewasto presenta framework for adaptingVP capacitiesin a
varietyof settings.EstablishinganoptimalVP layoutandsetof capacitiesis ahard
combinatorialproblem,andnocomprehensivesolutionhasbeenpresentedto date.
We have tried to decoupletheproblemasmuchaspossiblefrom theeffectsof the
routingalgorithm,but in fact,therearesubtleinteractionsbetweentheroutingand
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VP capacityallocationalgorithmsthat affect the ultimatesuccessof the methods
proposedhere.

3.5 VP capacitymigration

If we run a centralizedalgorithmto updatethe VP capacities,thenwe arefaced
with the following problem: given two setsof VP capacities,how do we migrate
from onesetto another?This may involve changingthecapacitiesof thecurrent
VP layout or changingto an entirely different layout.7 As discussedpreviously,
suchchangesmaybetriggeredby acentralizedoptimizationthatis runperiodically
for the purposeof allocatingresourcesmoreef�ciently [50]. They may alsobe
carriedout in responseto a failure in the network, in which case,enoughspare
(unallocated)capacitymustbeavailableto handletherecon�guration.Call priority
levelsmightbeusedto determinewhichcallsarereconnectedif thereis notenough
roomto accommodateall callswhich weredroppeddueto thefailure. For a non-
failurerelatedrecon�guration,it is reasonableto assumethatongoingcallscannot
bepreempted.As we will seein thesequel,this assumptionadmitsthepossibility
of migrationtakingasigni�cant amountof time.

We can divide the VPs that must changecapacitiesinto two groups,Vd

andVi, consistingof thosethatmustdecreasetheir capacitiesandthosethatmust
increasetheir capacities,respectively. For a given VP v, let xv denoteits current
capacity, xt

v its target capacity, andyv its currentutilization. For eachv � Vd, we
assumethatongoingcallscannotbepreemptedandthatno new callsareadmitted
until the decreasein capacityis accomplished.For v � Vd suchthat yv � xt

v, the
VP mustwait for enoughcalls to completeto make yv

�

xt
v beforerequestingthe

decreasein capacity. (It could alsomake changesincrementally.) VPs in Vi can
still admitcallsasusual.

In themigrationalgorithmsthatwewill present,it is assumedthatlinks and
VPshave associated“intelligences”thatenablecommunicationbetweenthe links

7We will saythatwe arechanginglayoutsif at leastoneVP is beingcreatedor destroyed.This
distinctionis, in reality, arbitraryas the samealgorithmis usedfor migrationwhetheror not the
layout is beingchanged.We make the distinctionbecausechangingVP layoutswill, in general,
take longerthanincrementalcapacityadjustments,andin practice,it is expectedthattheVP layout
will bechangedlessfrequentlythantheVP capacities,asthecreationor destructionof VPscauses
additionaloverhead.
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andVPs. In addition,for a centralizedoptimization,we musthave thecapability
to broadcastthenew capacitiesto existingVPsandarrangefor thecreationof new
VPs.

3.5.1 Basicalgorithm

A simplisticalgorithmfor accomplishingthemigrationis to �rst broadcastthenew
capacitiesto VPs in Vd, wait for all of themto decrease,andthenbroadcastthe
new capacitiesto VPs in Vi . After presentingpseudocodefor this algorithm,we
will show by wayof examplethatit canbeextremelyinef�cient.

Algorithm 3.1.

1 begin
2 foreachv � Vd do xv :

�

max� yv � xt
v � ; endfor;

3 while
�

v � Vd �

�

xv � xt
v �

�

�

/0 do
4 wait for acall completion;
5 r :

�

routeonwhichcall completed;
6 foreachv � r suchthatxv � xt

v do
7 xv :

�

xv �

1;
8 endfor;
9 endwhile;

10 foreachv � Vi do xv :
�

xt
v; endfor;

11 end

3.5.2 Migration example

Considera homogeneoussituationin which all calls requireunit bandwidthand
holdingtimesareindependentandexponentiallydistributedwith meanµ �

1. Sup-
posen of the VPs in Vd have yv �

xt
v �

1 while the remainingVPs in Vd have
yv

�

xt
v. For eachVP, thetime until onecall completesis exponentiallydistributed

with mean � yvµ�
�

1. For simplicity, assumeyv �

y for all VPswith yv � xt
v. Let T

bearandomvariabledenotingthetimeuntil all VPsin Vd candecreasecapacityto
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xt
v. Then,

���

T �

�

1
nyµ

�

1
� n

�

1� yµ
�

�����

�

1
yµ

�

1
yµ

�

1
n

�

1
n

�

1
�

��� �

�

1�

�

1
yµ

� logn
�

0 	 5772� for largen �

where0.5772is Euler's constant[64]. However, thetail of thedistribution of T is
givenby �

� T � t �

�

1
�

�

� T
�

t �

�

1
�

� 1
�

e�

yµt
�

n by independence

� ne�

yµt for larget 	

Therefore,for largen, themeanmigrationtime grows logarithmicallyin n,
but the tail probabilities,for a large, �x ed time t, grow linearly in n. For hold-
ing timedistributionsotherthanexponential,thetail canpotentiallygrow fasteror
slower. For example,it grows fasterfor a Paretodistribution. Thesegrowth rates
andlimiting distributionsarestudiedmorecarefullyin [21].

The primary observation hereis that in large networks wheresigni�cant
adjustmentsarebeingmade,we might on occasionhave verypoor“performance.”
By that,we meana signi�cant numberof connectionswhich wereblockedduring
migrationcouldhave beenadmittedundera migrationprocessmoresophisticated
thanAlgorithm 3.1.Themigrationprocessitself is a transientoccurrence,yet if the
durationis lengthyand/orupdateson VP layoutsaremadequiteoften,theoverall
impactonperformancemaybesigni�cant. Roughlyspeaking,wearelikely to have
signi�cant blockingduringmigrationwhenholding timesarelong, e.g.,thereare
lots of videoconnections,and/ortherearelots of VPsbeingdecreasedto a small
capacity, i.e., whenn is large andyµ is small. As we will seein the experiments
below, thesituationcanpotentiallybeverybadif we aremakingdramaticchanges
in theVP layout.

3.5.3 Re�nements to the basicalgorithm

ImprovedalgorithmsrequiremorecoordinationbetweenVPsandlinks asthey at-
temptto increasethe capacityof VPs in Vi beforeall VPs in Vd have decreased
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to their target levels. Thehopeis that this will make a differenceastheexpected
time until the �rst call completesis muchlessthan

� �

T � . In the exampleabove
with then VPsandyv �

xt
v �

1, the averagetime until the �rst call completionis
1

�

nyµ, which is muchlessthan
���

T � for large n. The performancemetric of in-
terestis how many extra connectionsareadmittedthatwould have otherwisebeen
blocked. Note thatour improvedalgorithmswill have thesamemigrationtime as
Algorithm 3.1because(ignoringpropagationandprocessingdelays)thelengthof
themigrationprocessis determinedsolelyby thetime it takesfor enoughongoing
calls to completeto bring theutilization levelsof all VPs in Vd below their target
capacities.

Wenow brie�y outlinetwo enhancedalgorithmsthatcanbeimplementedin
a decentralizedfashion.In the following, let xv; j denotethecapacityallocatedto
VP v at link j, andlet Vi; j be thesetof VPs in Vi thatpassthroughlink j. Note
thatthattheactualcapacityof VP v is xv �

minj � vxv; j . Supposethat,at link j, as
VPs in Vd releasecapacity, availablebandwidthunits areallocatedoneat a time
to theVP in Vi; j with themaximumremainingincreaseto its targetcapacity, i.e.,
maxv � Vi; j

� xt
v �

xv; j � . Tiesarebrokenin anarbitraryfashion.We have omittedthe
breakingof ties in the following descriptionandhave assumedthat calls require
unit bandwidth.

Algorithm 3.2.

1 begin
2 foreachv � Vd do
3 xv :

�

max� yv � xt
v � ;

4 foreach j � v do xv; j :
�

xv; endfor;
5 endfor;
6 foreach j � J do
7 c :

�

sparecapacityat link j;
8 while c � 0 do
9 z:

�

argmaxv � Vi; j
� xt

v �

xv; j � ;
10 if xt

z � xz; j then xz; j :
�

xz; j
�

1; xz :
�

mink � zxz; k; endif;
11 c :

�

c
�

1;
12 endwhile;
13 endfor;
14 while

�

v � Vd �

�

xv � xt
v �

�

�

/0 do
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15 wait for acall completion;
16 r :

�

routeonwhichcall completed;
17 foreachv � r suchthatxv � xt

v do
18 xv :

�

xv �

1;
19 foreach j � v do
20 xv; j :

�

xv;
21 z:

�

argmaxw � Vi; j
� xt

w �

xw; j � ;
22 if xt

z � xz; j then xz; j :
�

xz; j
�

1; xz :
�

mink � zxz; k; endif;
23 endfor;
24 endfor;
25 endwhile;
26 foreachv � Vi do xv :

�

xt
v; endfor;

27 end

We cande�ne a morere�ned algorithmthatusesanextrapieceof informa-
tion, the currentutilization levels, to try to anticipatewhich VPs in Vi arelikely
to block soon.In this algorithm,whenallocatinga unit of bandwidthat link j, we
choosetheVP in Vi; j with theminimumavailablecapacity, i.e., minv � Vi; j

� xv; j �

yv � , giventhatxt
v �

xv; j � 0. Tiesarebrokenby choosingtheVP with themaximum
remainingincreaseasin Algorithm 3.2,with furthertiesbrokenarbitrarily. Theas-
sumptionthatlinks know theutilizationlevelsof VPsis abadonebecauseit breaks
theinterfaceabstractionbetweenVPsandlinks. Nonetheless,it is instructiveto see
how well thisalgorithmperformscomparedto Algorithm 3.2.Onceagain,wehave
omittedthebreakingof ties in the following description,andinsteadof repeating
mostof Algorithm 3.2,weonly specifywhatis different.

Algorithm 3.3. Substitutethe following for lines9–10and for lines21–22in Al-
gorithm3.2.

1 z:
�

argmin �

w � Vi; j
�

xt
w

� xw; j �

� xw; j �

yw � ;

2 if z is valid then xz; j :
�

xz; j
�

1; xz :
�

mink � zxz; k; endif;

Variousotheralgorithmscanbede�ned basedon whetheror not link j is a
bottleneckfor a particularVP, i.e.,whetheror not xv �

xv; j . Theideawould beto
only allocatecapacityto VPsfor which link j is a bottleneck.In our experiments,
thesealgorithmsdid not performsigni�cantly betterthanAlgorithms3.2 and3.3,
sowe havenot includedtheirdescriptionshere.
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Figure3.3: An illustrationof asinglelink dividedinto VPsmigratingfrom capacity
10 to 5 and5 to 10. ArrivalsarePoissonwith rates4 and3, respectively.

3.5.4 Simulation results

To evaluatethe algorithms,we conductedseveral simulations. We beganwith a
situationresemblingtheexampleabove. Supposewe have a singlelink of capac-
ity 1500supportinga total of 200VPs,where100VPs have capacity10 andthe
remaining100 have capacity5. TheVPs establisha logical (or overlay)network
uponwhich routesarede�ned usingtheVPsaslogical links. For thissinglephysi-
cal link, supposethereare200routes,oneperVP, with Poissoncall arrivalsatrate4
for theVPswith capacity10andatrate3 for theVPswith capacity5. As before,all
calls requireunit bandwidthandholding timesareindependentandexponentially
distributedwith meanµ �

1
�

1. Duringmigration,theVPssimplyswapcapacities,
i.e.,all VPswith capacity10 moveto 5 andvice versa.Thissituationis illustrated
in Fig. 3.3.

The resultsquotedbelow are95% con�denceintervals basedon indepen-
dent replications. Suf�cient warmuptime was allowed for eachreplicationand
commonrandomnumberswereusedwhencomparingthevariousalgorithms.For
this experiment,which we refer to asLink-Incr, the averagemigrationtime was
0 	 90

�

0 	 05 time units,andthetotal numberof offeredcallsduringmigrationwas
631

�

34on average.For Algorithm 3.1,anaverageof 132
�

8 callswereblocked
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Figure3.4: Hypotheticalcorenetwork. Thedoublelines indicate90 Mbps links.
All otherlinks are45Mbps.

during migration. For both Algorithms 3.2 and3.3, 103
�

7 calls were blocked
duringmigration.

Now considerasimilarsetupbasedonchangingVP layoutsin whichthelink
capacityis 500,100of theVPsaredecreasedfrom 5 to 0, andtheother100VPs
areincreasedfrom 0 to 5. Onehundredrouteswith anofferedloadof 2.5eachare
de�ned for theVPscurrentlyat capacity5, andthey areimmediatelyshiftedto the
other100VPswhenmigrationcommences.For thisexperiment,whichwereferto
asLink-Layout, theaveragemigrationtime jumpedto 6 	 10

�

0 	 14 time units. The
averagenumberof offeredcallsduringmigrationwas1628

�

38,all of whichwere
blockedwhenusingAlgorithm 3.1.Thenumberof extraconnectionsadmittedwas
quitelargein this examplewith 198

�

4 callsbeingblockedfor Algorithm 3.2and
181

�

4 callsbeingblockedfor Algorithm 3.3.
We experimentedwith several larger, multi-link networks,oneexampleof

which is shown in Fig. 3.4. This representsa hypotheticalcore network and is
borrowed from [52]. For eachpair of endpoints,we de�ned an end-to-endVP
alongthe shortestpath. We alsode�ned a single-link VP for eachphysicallink.
We speci�ed threeroutesfor eachpair of endpoints:the end-to-endVP andtwo
alternateroutesusing the single-link VPs. The arrival ratesfor the routeswere
inverselyproportionalto thenumberof links traversedwith shorterroutesreceiving
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greaterofferedloads. In all, therewere38 VPs and84 routes. Using this setup,
we performedtwo experiments:the Mesh-Increxperimentwhich correspondsto
a plausibleincrementalchangein VP capacities,andtheMesh-Layoutexperiment
which, in additionto theMesh-Incrchanges,simulatesthe replacementof the45
Mbpslink betweenPrincetonandCollegePark with a separate90 Mbpslink. The
resultsof thelink andmeshexperimentsaresummarizedin Table3.3.

TheperformancedifferencebetweenAlgorithm 3.1andAlgorithms3.2and
3.3 is especiallydramaticwhenchanginglayouts.In a sense,theLink-Layoutex-
perimentsimulatesaworst-casescenariosinceall existingVPsarereplacedduring
migration.Themigrationtime for theMesh-Increxperimentis soshortthathardly
any callsareblocked.If thelink capacitiesandnumberof VPswereincreasedby an
orderof magnitude,thenumberof blockedcallswould becomesigni�cant similar
to theLink-Incr experiment.In all cases,Algorithm 3.3 is not signi�cantly better
thanAlgorithm 3.2. We notethat, in general,moreperformancecanbegainedby
our improvedalgorithmswhenVPsdonot traversemany physicallinks becauseto
increaseits capacity, aVP hasto wait for eachlink in its pathto allocateadditional
capacityto it.

Wealsoperformedexperimentswith holdingtimedistributionshaving more
varianceandlarger tails thanthe exponentialsuchastwo-stagehyperexponential
[49] andParetodistributions[33]. As expected,migration timescanpotentially
bemuchlonger, especiallywhenchangingVP layouts,makingthecasefor imple-
mentingimprovedalgorithmsevenstronger. For example,we repeatedthe Link-
Incr andLink-Layoutexperimentswith ameanholdingtimeof 3 for threedifferent
distributions:astandardexponential,a two-stagehyperexponentialwith astandard
deviation thatwastwice themean,anda Paretodistribution. (We chosea meanof
3 becausetheParetodistributioncannothavea meanof 1.) Theofferedloadswere
divided by 3 to keepthe blocking probabilitiesroughly the sameasbefore. The
resultsaresummarizedin Table3.4.

It is interestingto notethatboththefastestmigrationin theLink-Incr exper-
imentandtheslowestmigration(by far) in theLink-Layoutexperimentoccursfor
theParetodistribution. This makessensebecausetheParetodistribution typically
hasa greaternumberof bothshortcallsandvery long callswhencomparedto the
otherdistributions.

We concludethat for small incrementalchanges,VP capacitymigrationis
not muchof a problem,but whendramaticallychangingVP layouts,it would be
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wise to implementa simplealgorithmsuchasAlgorithm 3.2. Algorithm 3.3 and
other“smarter”decentralizedalgorithmsdo not exhibit enoughperformancegains
overAlgorithm 3.2to warranttheiradditionalcomplexity.

3.6 Chapter summary

WhereasChapter2 wasconcernedwith �o w aggregationin a staticenvironment,
thethemeof thischapterhasbeenadaptiveresourceallocationfor aggregated�o ws
in thefaceof time-varyingdemandsand�nite signalingresources.We arguedthat
signalingresourcesmay not be suf�cient for future demandson ATM networks,
andwepresentedaframework basedonimpliedcostsfor adaptingVP capacitiesto
handletheincreasedprocessingandcomplexity costs.

In somecasesit is desirableto modify themannerin which �o wsareaggre-
gated(theVP layout). In this context we investigatedalgorithmsto migratefrom
onelayoutto another, andwe foundthatfor incrementalchanges,thepotentialfor
performancelossesduringmigrationin termsof call blockingis minimal.However,
whendramaticchangesin the VP layoutarewarranted,it is desirableto enhance
performanceby implementingAlgorithm 3.2,asimpledecentralizedalgorithmthat
wehaveproposed.
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Chapter 4

Network Aggregation: Hierarchical
SourceRouting Using Implied Costs

4.1 Intr oduction

In orderto provideguaranteedQoS,communicationsystemsareincreasinglydraw-
ing on “connection-oriented”techniques.ATM networks areconnection-oriented
by design,allowing oneto properlyprovision for QoS.Similarly, QoSextensions
to theInternet,suchasRSVP[11, 31, 77], makesuchnetworksakin to connection-
orientedtechnologies.Indeed,theunderlyingideais to reserveresourcesfor packet
�o ws, but to do it in a �e xible mannerusing“soft state”which allows �o ws to be
rerouted(or “connections”repacked [38]). Similar commentsapply to an IP over
ATM switchingenvironment,whereIP �o ws aremappedto ATM virtual circuits.
In light of theabove trendsandthepushtowardglobalcommunication,our focus
in this work is on how to make routingeffective andmanageablein a large-scale,
connection-orientednetworkby usingnetworkaggregation.Weshall�rst introduce
hierarchicalsourcerouting,explainthebasicsof ourroutingalgorithm,andgivean
exampleof thecomplexity reductionthatit canachieve.

4.1.1 Hierarchical sourcerouting: motivation and example

In a large-scalenetwork, there are typically multiple pathsconnectinga given
source/destinationpair, and it is the job of the routing algorithmto split the de-
mandamongtheavailablepaths.Theroutingalgorithmwhichwe introducein this
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chapter�ts nicely into theATM PrivateNetwork-Network Interface(PNNI) frame-
work [71], but it canalsobe thoughtof asa candidatefor replacingthe Border
Gateway Protocol(BGP) [31] in the Internetthatwould split �o ws in “IP/RSVP”
routing. Centralto our algorithmis the implied cost [36] for a connectionalong
a givenpathwhich measurestheopportunitycostor expectedlossof revenuere-
sulting from acceptinga connection.Using implied coststakes into accountthe
possibilityof “knock-on”effects(dueto blockingandsubsequentalternaterouting)
[36] andis gearedtowardsachieving anetworkoptimalroutingalgorithm.

To make gooddecisionsandprovideacceptableQoS,it is desirableto have
a globalview of thenetwork at thesourcewhenmakingroutingdecisionsfor new
connections.Thus,sourcerouting,wherethesourcespeci�estheentirepathfor the
connection,is anattractive routingmethod.It hastheadditionaladvantagethat,in
contrastto hop-by-hoprouting,thereis noneedto runastandardizedroutingalgo-
rithm to avoid loopsandpolicy issuessuchasproviderselectionareeasilyaccom-
modated.Propagatinginformationfor eachlink throughoutthe network quickly
becomesunmanageableasthesizeof thenetwork increases,soahierarchicalstruc-
tureisneeded,suchasthatproposedin theATM PNNIspeci�cation[71]. Groupsof
switchesareorganizedinto peergroups(alsoreferredto asclouds), andpeergroup
leadersarechosento coordinatethe representationof eachgroup's state. These
collectionsof switchesthenform peergroupsat thenext level of thehierarchyand
soon. Nodeskeepdetailedinformationfor elementswithin their peergroup. For
otherpeergroups,they only haveanapproximateview for thecurrentstate,andthis
view canbecomecoarserasthe“distance”to remoteareasof thenetwork increases.
Wereferto theformationof peergroupsasnetworkaggregation. Besidesreducing
theamountof exchangedinformation,a hierarchicalstructurealsomakesaddress-
ing feasiblein a large-scalenetwork, asdemonstratedby the network addressing
of IP, andit permitstheuseof differentroutingschemesat differentlevelsof the
hierarchy. Prior work in theareaof routingin networkswith aggregated,andthus
inaccurateinformation,canbefoundin [29, 48].

By combininga hierarchicalnetwork with (loose1) sourcerouting,we have
a form of routing referredto as hierarchical source routing. As an illustration,
Fig. 4.1 shows a fragmentof a larger network (Network 0) in which PeerGroup

1In loosesourcerouting,only thehigh-level pathis speci�ed by thesource.Thedetailedpath
througha remotepeergroupis determinedby a borderswitchof thatpeergroup.
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Figure4.1: Illustrationof hierarchicaladdressingandsourcerouting.

2 containsNodes1, 2, and3.2 Thesenodescontain3, 5, and4 switches,respec-
tively. To specify, for example,thesourceatSwitch2 of Node1 of PeerGroup2 in
Network 0, we usethe4-tuple0.2.1.2.Theexamplein Fig. 4.1 shows a sourceat
0.2.1.2anddestinationat0.2.3.4.Thesource0.2.1.2hasspeci�c informationabout
its peerswitches0.2.1.1and0.2.1.3,but only aggregatedinformationaboutnodes
0.2.2and0.2.3. Theresultof performingsourceroutingis a tentative hierarchical
pathto reachthedestination,e.g.,0 � 2 � 1 � 2 � 0 � 2 � 1 � 1 � 0 � 2 � 2 � 0 � 2 � 3 which spec-
i�es theexactpathlocally (0 � 2 � 1 � 2 � 0 � 2 � 1 � 1) thenthesequenceof remotenodes
to reachthedestination( � 0 � 2 � 2 � 0 � 2 � 3). Uponinitiating theconnectionrequest,
the speci�ed path is �eshed out, and, if successful,a (virtual circuit) connection
satisfyingprespeci�edend-to-endQoS requirementsis set up. In this case,the
borderswitches0.2.2.4and0.2.3.2in Nodes2 and3, respectively, areresponsible
for determiningthedetailedpathto follow within their respective group. Further-
more,eachswitch will have a local ConnectionAdmissionControl (CAC) algo-
rithm which it usesto determinewhethernew connectionrequestscanin fact be

2Thesenodesare peergroupsin their own right, but we usethe term “node” hereto avoid
confusionwith thepeergroupsat thenext level of thehierarchy.
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admittedwithoutdegradedperformance.If theattemptfails,crankback occurs,and
new attemptsaremadeat routingtherequest.(Ourmodelwill ignorecrankback.)

4.1.2 Explicit vs. implicit representationsof available capacity

To do routingin this hierarchicalframework, we mustdecidehow to representthe
“available” capacityof a peergroup,eitherexplicitly or implicitly. The explicit
representationtakesthephysicaltopologyandstateof a peergroupandrepresents
it with alogicaltopologyplusametricdenotingavailablecapacitythatis associated
with eachlogical link. Theremayalsobeothermetricssuchastheaveragedelay
associatedwith logical links.

Typically, the �rst stepin forming theexplicit representationis to �nd the
maximumavailablebandwidthpathbetweeneachpair of bordernodes,i.e., nodes
directly connectedto a link that goesoutsidethe peergroup. If we then create
a logical link betweeneachpair of bordernodesandassignit this bandwidthpa-
rameter, we have takenthefull-meshapproach[45]. If we collapsetheentirepeer
groupinto asinglepointandadvertiseonly oneparametervalue(usuallythe“worst
case”parameter),wehavetakenthesymmetric-pointapproach[45]. Mostproposed
solutionslie somewherebetweenthesetwo extremes.

In theATM PNNI speci�cation[71], thebaselinerepresentationis a starin
which eachspoke hasthesameparametervalueassociatedwith it. More complex
representationsarepermittedin which exceptionshave a differentassociatedpa-
rametervaluethanthedefault. Theseexceptionscanbea spoke of thestaror an
additionallogical link thatconnectsapairof bordernodes.

Anotheralternative is to startwith the full-meshapproachandencodethe
meshin amaximumweightspanningtree[45]. Externalnodescanrecoverthefull-
meshrepresentationfrom thespanningtreeif they desire.Whereasthesymmetric
startopologyapproximatesthe“capacityregion” of thepeergroupby ahyper-cube
region,thespanningtreeapproximatesit with ahyper-rectangle.A simpleexample
will helpclarify themeaningof the term“capacityregion.” Supposewe have the
three-linkpeergroupshown in Fig.4.2with availablelink capacitiesC1, C2, andC3

androutesr1 andr2. Let f1 ( f2) bethecurrentamountof capacityin useby connec-
tionson routesr1 (r2). Thenwe have threelink constraints:f1

�

C1, f2
�

C2, and
f1

�

f2
�

C3, plustherequirementthat f1 � 0 and f2 � 0. Theseconstraintsde�ne
thecapacityregionasshown in Fig.4.3.Thesymmetricstartopologyapproximates
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Figure4.2: Peergroupwith threelinks andtwo routes.

the capacityregion with a squarede�ned by f1
�

min
�

C1 � C2 � , f2
�

min
�

C1 � C2 � ,
f1 � 0, and f2 � 0. The spanningtreeapproximatesit with a rectanglegivenby
f1

�

C1, f2
�

C2, f1 � 0, and f2 � 0. It shouldbeclearfrom Fig. 4.4 thatneither
of theseapproachescapturesthesharingof capacityby routesr1 andr2 on link 3,
leadingto asomewhatoptimisticadvertisedcapacity.

A third approachis to approximatethe capacityregion with a hyperplane
[76]. For theexampleshown in Fig. 4.3,onepossiblechoicewouldbethetriangle
given by f1

�

f2
�

C3, f1 � 0, and f2 � 0 (seeFig. 4.4). When coupledwith
predictionof offeredloads,thehyperplaneapproachhasthepotentialto provide a
moreaccuratepictureof theavailablecapacitythanthestaror thespanningtree.

Noneof the explicit representations,however, arewithout problems. For
example,asmentionedearlier, the maximumavailablebandwidthpathsbetween
differentpairsof bordernodesmayoverlap,causingtheadvertisedcapacityto be
toooptimistic.Anotherquestionableareaisscalabilityto largernetworkswith more
levelsof hierarchy.

4.1.3 QoSrouting basedon implied costs

A moreimportantproblemis how therepresentationcoupleswith routing.Canwe
reallydeviseanaccuraterepresentationthatis independentof thechoiceof routing
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alongthetwo routes.

algorithm?Noneof theexplicit representationsaddresstheeffect thatacceptinga
callwouldhaveonthecongestionlevelbothwithin thepeergroupandin otherparts
of thenetwork dueto interdependenciesamongtraf�c streams.For this reason,we
introduceanimplicit representationbasedontheaverageimpliedcostto gothrough
or into a peergroupthatdirectly addressesthis issueandis an integral partof the
adaptivehierarchicalsourceroutingalgorithmthatwepropose.

Suchimpliedcostsre�ect thecongestionin peergroupsaswell astheinter-
dependenciesamongtraf�c streamsin thenetwork, and,independentof their use
in a routingalgorithm,they maybeusefulto network operatorsfor thepurposeof
assessingcurrentcongestionlevels. A roughmotivationbehindusingtheaverage
is that, in a large network with diverserouting, a connectioncominginto a peer
groupcanbethoughtof astakinga randompaththroughthatgroup,andhencethe
expectedcostthata call would incur would simply be theaverageover all transit
routesthroughthatgroup.Wewill developtwo closelyrelatedapproximations:one
in which thecomputedaverageimplied costsarenever usedfor the local portion
of a route,anda moreaggressiveapproximationin which theaverageimpliedcost
is usedlocally aswell asremotelyfor transitroutestraversingmorethanonepeer
group. This secondapproximationwill enableus to guaranteeconvergenceof the
implied costcomputationunderany traf�c conditions,not just underlight loads.
With this approach,a routetransitingthrougha peergroupcanbe thoughtof as
consuminganamountof bandwidthon eachlink in thatpeergroupthat is propor-
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tional to thefractionof actualtransittraf�c in thatpeergroupwhichpassesthrough
thatlink.

In orderfor our schemeto succeed,we needa hierarchicalcomputationof
the implied costsanda complementaryroutingalgorithmto selectamongvarious
hierarchicalpaths. The pathselectionwill be donethroughadaptive (sometimes
calledquasi-static)routing,i.e.,slowly varyinghow demandis split betweentransit
routesthattraversemorethanonepeergroup,with thegoalof maximizingtherate
of revenuegeneratedby thenetwork. After eliminatingrouteswhichdonotsatisfy
theQoSconstraints,e.g.,end-to-enddelay,3 thedemandfor transitroutesconnect-
ing a given source/destinationpair canbe split basedon the revenuesensitivities
which arecalculatedusingtheimplied costs.Within peergroups,we feel thatdy-
namicroutingshouldbeusedbecauseof theavailability of accuratelocal routing
information.

By usingan adaptive algorithmbasedon implied costs,we take the point
of view that �rst it is of essenceto designan algorithmthat doesthe right thing
on the “average,” or say in termsof orientingthe high-level �o ws in the system
toward a desirablesteadystate. In order to make the routing schemerobust to
�uctuations,appropriateactionswould needto betakenuponblocking/crankback
to ensuregood,equitableperformancein scenarioswith temporaryheavy loads.

4.1.4 Usinghierarchy to reducecomplexity

We now give an exampleof the complexity reductionachievablewith our algo-
rithm. Considera network consistingsolelyof PeerGroup2 in Fig. 4.1. As will
be explainedin Sec.4.4, the implied costsarecomputedvia a distributed, itera-
tive computation.At eachiteration,the links mustexchangetheir currentvalues.
Making theassumptionthatNodes1, 2, and3 areconnectedlocally usingabroad-
castmedium,this would require81 messagesper iterationif we did not employ
averaging.With our algorithmfor computingtheimplied costs,only 41 messages
per iterationwould beneeded,a savingsof 49%. The memorysavingswould be
commensuratewith thesenumbers,andthe computationalcomplexity of the two
algorithmsis roughly thesame.This reductionis signi�cant becauseinformation
updatein analgorithmsuchasPNNI is arealproblem,asit caneasilyoverloadthe

3In our model,effectivebandwidth[16, 40] allocationis usedto controlqueueingdelayswhich
translatesto a limit onhopcountspluspropagationdelayin orderto satisfya givendelaybound.
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network elements[62].

4.1.5 Chapter roadmap

Therestof thischapteris organizedasfollows. Sec.4.2summarizestheprior work
directly relevant to the materialin this chapter. Sec.4.3 explainsour modeland
notation. The theoreticalbasisof our adaptive routingschemeandits relationto
Kelly'swork is givenin Sec.4.4.An alternativeapproximationof theimpliedcosts
thatworksunderany traf�c conditionsis developedin Sec.4.5. Sec.4.6 presents
somecomputationalresultswhichattemptto quantifyrouting“errors” dueto inac-
curaciescausedby aggregation. In Sec.4.7, we discusson-linemeasurementsof
somenecessaryparameters,andSec.4.8 brie�y outlinesextensionsto a multiser-
viceenvironment.Finally, Sec.4.9concludeswith a chaptersummary.

4.2 Relatedwork

Hierarchicalroutinghasbeenwidely studiedandusedin both telephoneanddata
networks [14, 26, 34, 43, 68]. Generally, only simpleroutingmetricssuchashop
counthave beenusedto selectappropriatepaths. With the currenttrendtoward
integratedbroadbandnetworks, interestin QoS-sensitive routing algorithmshas
beenincreasing[47, 59, 74]. In addition,thedesirefor large-scalenetworking has
madeacombinationof theabove,hierarchicalQoS-sensitiveroutingalgorithms,an
importantareaof study[29, 48, 56, 71]. For thespeci�c caseof routing in ATM
networks, which supportsQoS and makes useof hierarchyand is consequently
quite complex, a goodoverview canbe found in [2]. As an aside,we note that
QoSroutingproblemssuchastheconstrainedshortestpathproblemaretypically
NP-complete[22, 74].

As part of the researchon hierarchicalQoS-sensitive routing, the explicit
representationof availablesubnetwork capacityhasbeenstudiedin detail [45, 46,
71,76]. However, our implicit representationbasedon implied costsis new. Here
wehaveextendedthework of Kelly andothersonthecomputationof impliedcosts
and their usein adaptive routing schemesin single-serviceandmultiservice�at
networks[19, 36, 52]. Our proposedroutingalgorithmlies in theclassof network
optimalalgorithmsasit attemptsto maximizetherateof revenuefor thenetwork
insteadof greedilytrying to individually maximizeeachuser's bene�t. Network
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versususeroptimizationandthepossibleeffectsonstability in QoS-sensitiverout-
ing is an issueworthy of further study. An earlierversionof the materialin this
chaptercanbefoundin [53].

4.3 Model and notation

Our modelis thatof a lossnetwork servinga singletype of traf�c, 4 i.e., all calls
requireunit bandwidth,call holding times are independent(of all earlierarrival
timesandholding times)andidenticallydistributedwith unit mean,andblocked
callsarelost. Theunit bandwidthrequirementpercall canbeconsideredto bean
effectivebandwidth[16, 40] which capturesthe traf�c behavior. The capacityof
eachlink j � J isCj units,andtherearea totalof J links in thenetwork. Eachlink
j is anelementof a singlenoden � j �

� N , whereanaggregatednoden is de�ned
asacollectionof links thatform apeergroupor thatconnecttwo peergroups.5 We
de�ne E jn to beanindicatorfunctionfor theeventthatlink j is anelementof node
n, andPjk is anindicatorfunctionfor theeventthatlink j is apeerof link k (i.e., in
thesamenode).A routeis consideredto bea collectionof links in J; router � R
usesA j r circuitson link j � J, whereA j r

� � 0 � 1 � .6 A transit routeis de�ned as
a routethatcontainslinks in morethanonenode,andTnr is an indicatorfunction
for theevent that transitrouter passesthroughnoden. A call requestingrouter
is acceptedif thereareat leastA j r circuitsavailableon every link j. If accepted,
the call simultaneouslyholdsA j r circuits from link j for the holding time of the
call. Otherwise,thecall is blockedandlost. Calls requestingrouter arrive asan
independentPoissonprocessof ratenr . For convenience,de�nitions of thesymbols
we will beusingarecollectedin Table4.1. Whereappropriate,all valuesreferred
to in thischapteraresteady-statequantities.

For simplicity, weonly consideranetworkwith onelevelof aggregationlike
thatshown in Fig.4.5.Thisnetwork hasthreepeergroups,consistingof 3, 5, and4
switches,respectively. Thelogical view of thenetwork from a givenpeergroup's
perspectiveconsistsof completeinformationfor all links within thepeergroupbut
onlyaggregatedinformationfor linksbetweenpeergroupsandin otherpeergroups.

4Extensionsto multiservicenetworkswill bepresentedin Sec.4.8.
5Theremaybemultiple links connectingtheborderswitchesof two peergroups.Thissetof one

or moreinterconnectinglinks is consideredto beaseparateaggregatednodein ourmodel.
6In general,theseroutesmight includemulticastroutes.
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Symbol Description
J

�

J � Number(set)of links in thenetwork.
Cj Capacityof link j in circuits.

R
�

R � Number(set)of routesde�ned in thenetwork.
N

�

N � Number(set)of nodeswherea nodeis de�ned asa collectionof links that
form apeergroupor thatconnecttwo peergroups.

n
�

j � Link j is anelementof noden
�

j � .
A jr Numberof circuits(or unitsof capacity)usedby router on link j.
E jn Indicatorfunctionfor theeventthatlink j is anelementof noden.
Tnr Indicatorfunctionfor theeventthattransitrouter passesthroughnoden.
Pjk Indicatorfunctionfor theeventthatlink j is apeerof link k (i.e.,in thesame

node).
nr Rateof independentPoissonarrival processfor router.
Lr Blockingprobabilityfor router.
l r Throughputachievedon router.
B j Blockingprobabilityat link j.
r j Reducedloadat link j from thinnedPoissonstreamswhichpassthroughj.
q j Throughputachievedthroughlink j.
h j The expectedincreasein blocking probability at link j from removing a

singlecircuit.
dj The expectednumberof calls blocked at link j asa resultof removing a

singlecircuit for unit time.
wr Revenuegeneratedby acceptingaconnectionon router.

W
�

n; C � Rateof revenuefor thenetwork.
cj Implied costto latercallswhich areblocked dueto acceptinga connection

throughlink j.
cn

r Sumof impliedcostsfor links in router thatlie in noden.
c̄n Averageimpliedcostof transitingthroughnoden.
sr Surplusvalue(revenueminuscosts)of anadditionalconnectiononrouter.

sr; j Surplusvalueof anadditionalconnectiononrouter from theperspective of
link j � r (in thehierarchicalframework).

Hn Setof hierarchicalpathsfrom thepointof view of noden.
H jh Numberof circuitsusedexplicitly by hierarchicalpathh on link j.
Lh Blockingprobabilityfor hierarchicalpathh.
l h Throughputachievedonhierarchicalpathh.
sh; j Surplusvalueof anadditionalconnectionon hierarchicalpathh of which j

is anexplicit member.

Table4.1: De�nition of symbolsfor single-servicemodel.
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Theotherpeergroupsconceptuallyhave logical links which connecteachpair of
borderswitchesandconnecteachborderswitchto eachinternaldestination.These
logical links haveanassociatedimpliedcost, i.e.,marginalcostof usingthis logical
resource,which is approximatedfrom the real link implied costs. Currently, we
calculatean averageimplied costfor any transitroutethatpassesthroughor into
a node,i.e., all of the logical links in a nodehave thesameimplied cost,andthis
valueis thenadvertisedto otherpeergroups.Fig. 4.6showsthelogicalview of the
examplenetwork from theperspectiveof peergroup1.

4.4 Approximationsto revenuesensitivity

To calculatetherevenuesensitivities,wemust�rst �nd theblockingprobabilityfor
eachroute,animportantperformancemeasurein its own right. Steady-stateblock-
ing probabilitiescanbeobtainedthroughtheinvariantdistributionof thenumberof
calls in progresson eachroute. However, thenormalizationconstantfor this dis-
tribution canbedif�cult to compute,especiallyfor largenetworks. Therefore,the
blockingprobabilitiesareusuallyestimatedusingthe Erlang�x ed point approxi-
mation[26, 38]. For easeof reference,we repeatthe presentationof the Erlang
�x edpointapproximationalreadygivenin Sec.3.4.1.

Let B
�

� B j � j � J � bethesolutionto theequations

B j �

E � r j � Cj � � j � J � (4.1)

where

r j � å
r � R

A j rnr Õ
k � r

�

�

j �

� 1
�

Bk � (4.2)

andthefunctionE is theErlangB formula[8]

E � r j � Cj �

�

r
Cj
j

Cj !

�

Cj

å
n� 0

r n
j

n! �

�

1

	 (4.3)

ThevectorB is calledtheErlang�x edpoint; its existencefollowsfrom theBrouwer
�x edpoint theoremanduniquenesswasprovedin [35]. UsingB, anapproximation
for theblockingprobabilityon router is

Lr � 1
� Õ

k � r
� 1

�

Bk �

	 (4.4)
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The ideabehindthe approximationis asfollows. EachPoissonstreamof ratenr

that passesthroughlink j is thinnedby a factor1
�

Bk at eachlink k � r
�

� j �

beforebeingofferedto j. Assumingthesethinningsareindependentbothfrom link
to link andoverall routes,thenthetraf�c offeredto link j is Poissonwith rater j as
givenin (4.2),theblockingprobabilityat link j is B j asgivenin (4.1),andtheloss
probabilityon router is exactlyLr asgivenin (4.4).

Alternatively, insteadof using the Erlang �x ed point to approximatethe
blocking probabilities,it may be moreaccurateandef�cient to measurethe rel-
evant quantities. Speci�cally, Lr , l r (the throughputachieved on route r), and
q j �

å r � R A j r l r (the total throughputthroughlink j) canbe obtainedbasedon
moving-averageestimates.This will in turn allow us to computethe associated
impliedcostsandhencetheapproximaterevenuesensitivities. We will discussthe
subjectof on-linemeasurementsmorefully in Sec.4.7.

Assumingthata call acceptedon router generatesanexpectedrevenuewr ,
therateof revenuefor thenetwork is

W � n; C �

� å
r � R

wr l r 	 (4.5)

Startingfrom theErlang�x edpointapproximationandby extendingthede�nition
of theErlangB formula(4.3) to non-integral valuesof C j via linearinterpolation,7

the sensitivity of the rate of revenuewith respectto the offered loadshasbeen
derivedby Kelly [36] andis givenby

¶
¶nr

W � n; C �

�

� 1
�

Lr � sr (4.6)

where

sr �

wr � å
k � J

Akrck (4.7)

is the surplusvalueof an additionalconnectionon router, andthe link implied
costsarethe(unique)solutionto theequations

c j �

h j � 1
�

B j �

�

1 å
r � R

A j r l r � sr
�

c j � � j � J � (4.8)

7At integer valuesof Cj , de�ne the derivative of E � r j �

Cj 	

with respectto Cj to be the left
derivative.
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whereh j �

E � r j � Cj �

1�

�

E � r j � Cj � . B j , r j , andLr areobtainedfrom theErlang
�x edpointapproximation,andl r �

nr � 1
�

Lr � .

Remark.In a �at network, the offered load for a given source/destinationpair
shouldbe split amongthe available routesbasedon the revenuesensitivities in
(4.6).An additionalcall offeredto router will beacceptedwith probability1

�

Lr .
If accepted,it will generaterevenuewr , but at a costof c j for each j � r. The
implied costsc quantify the potentialknock-oneffects or expectedloss in rev-
enuedue to acceptinga call. The goal of the routing algorithm is to maximize
therateof network revenueW � n; C � by adaptively adjustingthesplitting for each
source/destinationpair over time in responseto changingtraf�c conditions. The
splitting for a source/destinationpair shouldfavor routesfor which � 1

�

Lr � sr has
apositivevaluesinceincreasingtheofferedtraf�c on theserouteswill increasethe
rateof revenue. Routesfor which � 1

�

Lr � sr is negative shouldbe avoided,with
all adjustmentsof thesplittingmadegraduallyto guardagainstsuddencongestion.
We notethat, in general,W � n; C � is not concave, so theremay exist nonoptimal
local maxima.However, Kelly hasshown that it is asymptoticallylinearasn and
C areincreasedin proportion[36]. Furthermore,eventhoughtheroutingalgorithm
couldpotentiallyreacha nonoptimallocal maximumof the revenuefunction, the
stochastic�uctuations in the offeredtraf�c may allow it to escapethat particular
region.

To performaggregationby peergroup,we �rst de�ne thequantity Åcn asthe
weightedaverageof the implied costsassociatedwith piecesof transitroutesthat
passthroughor enternoden (or, equivalently, over the links in n visited by such
routes)where,in thefollowing, cn

r �

å j � J A j rE jnc j :

Åcn �

å r � R Tnrl rcn
r

å r � R Tnrl r

�

å j � J E jn � å r � R TnrA j r l r � c j

å r � R Tnrl r
	 (4.9)

Thisaveragingis illustratedin Fig. 4.7.Werede�nethesurplusvaluefor a routeas
a functionof thelocal link implied costsandtheremotenodalimplied costs,from
theperspectiveof link j � r (seeFig. 4.8):

sr; j �

wr � å
k � J

AkrPkjck � å
n

�

� n � j �

Tnr Åcn 	 (4.10)
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Thelink impliedcostsarenow calculatedas

c j �

h j � 1
�

B j �

�

1 å
r � R

A j r l r � sr; j
�

c j � � j � J 	 (4.11)

In the sequel,we will addressthe following issues:the existenceof a uniqueso-
lution to theseequations,convergenceto thatsolution,andtheaccuracy relative to
Kelly's impliedcosts.

Eq. (4.11)canbe solved iteratively in a distributedfashionvia successive
substitution.If wede�ne a linearmappingf :

� J �

� J by f
�

� f1 � f2 �

	 	 	

� fJ � ,

f j � x�

�

h j � 1
�

B j �

�

1 å
r � R

A j r l r � wr � å
k

�

� j
AkrPkjxk � å

n
�

� n � j �

Tnr Åxn � � (4.12)

thensuccessivesubstitutioncorrespondsto calculatingthesequencef i
� x� � i

�

1 � 2 �

	 	 	 , wheref i
� x� is theresultof iteratingthelinearmappingi times.

De�ne anormon
� J by

�

x
�

M �

max
j � r

� A j r � å
k

�

� j
AkrPkj

�

xk
�

� å
n

�

� n � j �

Tnr
�

x
�

n � � (4.13)

where

�

x
�

n �

å j � J E jn � å r � R TnrA j r l r �

�

x j
�

å r � R Tnrl r
	

For any positivevectora, wede�ne theweightedmaximumnormon
� J by

�

x
� a
¥ �

maxj
� x j
a j

�

, wherewe suppressthe index a if a j �

1 for all j . Also, let d
�

� d1 � d2 �

	 	 	

� dJ � , wheredj �

h j r j denotesErlang's improvementformula.

Theorem4.1. Supposethat
�

d
�

M � 1. Thenthemappingf :
� J �

� J is a contrac-
tion mappingunderthenorm

�

�

�

M, andthesequencef i
� x� � i

�

1 � 2 �

	 	 	 , converges
to c� , theuniquesolutionof (4.11), for anyx �

� J .

Proof: Choosex � x�

�

� J . Then,� j � J,

f j � x�

�

f j � x�

�

� �

h j � 1
�

B j �

�

1 å
r � R

A j r l r
�

å
k

�

� j
AkrPkj � xk �

x�k �

� å
n

�

� n � j �

Tnr � Åxn �

Åx�n ���
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Therefore
�

f j � x�

�

f j � x�

�

�

�

h j � 1
�

B j �

�

1 å
r � R

A j r l r
�

å
k

�

� j
AkrPkj

�

xk �

x�k
�

� å
n

�

� n � j �

Tnr
�

Åxn �

Åx�n
�

�

�

h j � 1
�

B j �

�

1 å
r � R

A j r l r
�

x
�

x�

�

M

�

h j r j
�

x
�

x�

�

M 	

Takingthenormonbothsides,wehave

�

f � x�

�

f � x�

�

�

M
�

�

d
�

M
�

x
�

x�

�

M 	

So f �

�

� is a contractionmappingif
�

d
�

M � 1. Using the de�nition of a contrac-
tion mappingandthe propertiesof norms,onecaneasilyshow that the sequence
f i

� x� � i
�

1 � 2 �

	 	 	 , convergesto c� , theuniquesolutionof (4.11),for any x �

� J .

Remark.Theproducth j r j increasesto 1 asr j , theofferedloadat link j, increases
[36]. So

�

d
�

M � 1 canbe referredto as a light load condition. If the network
haslong routesand/orheavily loadedlinks, this constraintmaybeviolated,but at
moderateutilization levels,we expectthat it will hold. As anexample,considera
lossnetwork in whichall links havecapacityC

�

150andthereducedloadateach
link from thinnedPoissonstreamsis r

�

100. Furthermore,for simplicity, assume
thateachtransitrouteacrossa nodehasthesamelength.Thend

�

3 	 3 � 10�

5 for
eachlink, andthe condition

�

d
�

M � 1 requiresthe maximumroute lengthto be
at most30,717links. The blockingprobability for a routeof maximumlengthis
approximately2% (underthe link independenceassumption).If r is increasedto
120for eachlink, themaximumroutelengthis 33 links with ablockingprobability
of approximately3% alongsucha route. At r

�

140, themaximumroutelength
is 3 links with a blockingprobabilityof approximately8%. For this example,link
utilizationsup to about80%arecertainlyfeasibleunderour “light load” condition.
As thecapacitiesof thelinks increase(relative to bandwidthrequests),evenhigher
utilizationsarepossiblebeforethemaximumroutelengthbecomestoosmalland/or
blockingbecomesprohibitive.

The convergenceproved in Thm. 4.1 assumesiteratesarecomputedsyn-
chronously. In a large-scalenetwork, synchronouscomputationmaybeinfeasible,
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so we will show that our light load condition is suf�cient for convergenceof an
asynchronouscomputationin thefollowing sense[9]:

Assumption4.1. (Total Asynchronism)Eachlink performsupdatesin�nitely of-
ten, andgiven any time t1, thereexists a time t2 � t1 suchthat for all t � t2, no
componentvalues(link and averageimplied costs)usedin updatesoccurringat
timet werecomputedbeforet1.

Notethat,underthisassumption,old informationis eventuallypurgedfrom
the computation,but the amountof time by which the variablesareoutdatedcan
becomeunboundedast increases.

Theorem4.2. Supposethat
�

d
�

M � 1 and d � 0. Then,under Assumption4.1
(total asynchronism),the sequencef i

� x� � i
�

1 � 2 �

	 	 	 , converges to c� , the unique
solutionof (4.11), for anyx �

� J .

Proof: Rewrite (4.11) in matrix form as f � x�

�

Gx
�

b. Thegoal is to show that
G correspondsto a weightedmaximumnorm contraction. For, in that case,we
cansatisfythe conditionsof the AsynchronousConvergenceTheoremin [9] (see
Sec.6.2 and 6.3, pp. 431–435),which guaranteesasynchronousconvergenceto
the unique�x ed point c� . In the following, we used asthe weight vectorfor the
weightedmaximumnorm; in orderto do so,we requiretheconditiond � 0. (We
areguaranteedthatd � 0, but in all practicalcasesd � 0 aswehaveassumed).

Choosex � x�

�

� J . Then,� j � J,

�

f j � x�

�

f j � x�

�

�

�

h j � 1
�

B j �

�

1 å
r � R

A j r l r
�

å
k

�

� j
AkrPkj

�

xk �

x�k
�

� å
n

�

� n � j �

Tnr
�

Åxn �

Åx�n
�

�
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Therefore

�

�

�

�

f j � x�

�

f j � x� �

dj

�

�

�

�

�

h j � 1
�

B j � �

1

dj
å

r � R
A j r l r

�

å
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�

� j
AkrPkjdk

�
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�

�

xk �

x�k
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�

�

�

�

� å
n

�

� n � j �

Tnr

å l � J Eln � å q � R TnqAlql q � dl �

�

�

xl
�

x
�

l
dl

�

�

�

å q � R Tnql q �

�

h j � 1
�

B j � �

1

dj
å

r � R
A j r l r

�

å
k

�

� j
AkrPkjdk

� å
n

�

� n � j �

Tnr
å l � J Eln � å q � R TnqAlql q � dl

å q � R Tnql q �

�

x
�

x�

� d
¥

sincetheweightedmaximumnorm
�

x
� d
¥ �

maxj � J
� x j
d j

�

. Takingthenormon both
sides,wehave

�

f � x�

�

f � x�

�

� d
¥

�

�

G
� d
¥

�

x
�

x�

� d
¥

wheretheinducedmatrix norm
�

G
� d
¥ �

maxj � J
� 1

d j
å k � J

�

g jk
�

dk � [9]. SoG corre-

spondsto a weightedmaximumnormcontractionif
�

G
� d
¥ � 1. This follows from

�

d
�

M � 1 because

�

G
� d
¥ �

max
j � J

h j � 1
�

B j � �

1

dj
å

r � R
A j r l r

�

å
k

�

� j
AkrPkjdk

� å
n

�

� n � j �

Tnr
å l � J Eln � å q � R TnqAlql q � dl

å q � R Tnql q �

�

max
j � J

h j � 1
�

B j � �

1

dj
å

r � R
A j r l r

�

d
�

M

�

�

d
�

M

sincer j �

� 1
�

B j �

�

1å r � R A j r l r anddj �

h j r j .

Remark.With theadditionalrestrictionof boundedcommunicationdelays,thecon-
vergencerateof anasynchronousiterationsatisfyingtheconditionsof Thm.4.2 is
geometricandcanactuallybe fasterthanthe correspondingsynchronousversion
which hasto wait for all valuesfrom the previous iterationto be distributedbe-
fore performingthe next update. See[9, pp. 441–443]for the detailsof a situa-
tion analogousto ourswhich has“f ast” local communication(within peergroups)
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and“slower” remotecommunication(betweenpeergroups)andwherethe asyn-
chronousconvergencerateis fasterif thereis a “strongcoupling”amongthelocal
variables(i.e.,thelocal impliedcosts),aconditionwhichshouldtypically holdtrue
in a hierarchicalnetwork if the amountof local traf�c dominatesthe amountof
remotetraf�c in eachpeergroup.

Theorem4.3. Supposethat
�

d
�

M � 1 anddenotec andc� asthesolutionsto (4.8)
and (4.11), respectively. De�ne D

�

maxn � r
� Tnr å m

�

� nTmr
�

cm
r �

Åcm
�

� where cm
r �

å j � J A j rE jmc j and Åcm is de�nedby (4.9). Thenwehave

�

s
�

s�

�

¥
�

D
�

d
�

1
�

¥

1
�

�

d
�

M
(4.14)

where by
�

s
�

s�

�

¥ wemeanmaxj � r: j � r
�

sr �

s�r; j
�

.

Proof: Wehave, � j � J,

c� j �

c j �

h j � 1
�

B j �

�

1 å
r � R

A j r l r
�

å
k

�

� j
AkrPkj � ck �

c�k �

� å
n

�

� n � j �

Tnr � cn
r �

Åc�n ���

	

Hence

�

c� j �

c j
�

�

h j � 1
�

B j �

�

1 å
r � R

A j r l r
�

å
k

�

� j
AkrPkj

�

ck �

c�k
�

� å
n

�

� n � j �

Tnr
�
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r �

Åcn
�

Åcn �

Åc�n
�

�

�

h j r j �

�

c�

�

c
�

M
�

D�

	 (4.15)

TakingtheM-normonbothsidesandrearranging,wehave

�

c�

�

c
�

M
�

D
�

d
�

M

1
�

�

d
�

M
	 (4.16)

Wealsohave, � j � r suchthat j � r,

sr �

s�r; j � å
k � J

AkrPkj � c�k �

ck �

� å
n

�

� n � j �

Tnr � Åc�n �
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r �
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Hence

�

sr �

s�r; j
�

�

å
k � J

AkrPkj
�

c�k �
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�

� å
n

�

� n � j �

Tnr
�

Åc�n �

Åcn
�

Åcn �
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r

�

�

�

c� j �

c j
�

�

�

c�

�

c
�

M
�

D sinceA j r �

1
�

h j r j �

�

c�

�

c
�

M
�

D�

�

�

c�

�

c
�

M
�

D using(4.15)

�

� dj
�

1� �

�

c�

�

c
�

M
�

D�

�

� dj
�

1�

D
1

�

�

d
�

M
using(4.16).

Takingthemaximumnormonbothsides,theresultfollows.

Remark.Theerrorbetweenour modi�ed implied costsandKelly's implied costs
will beminimizedunderlight loads(

�

d
�

M
� 1) andif thedifferencebetweentran-

sit routecostsandthe averagefor eachnodeis small (D closeto 0). We usethe
maximumnormof s

�

s� asa comparisonbecauseit directly affectsthedifference
in the revenuesensitivity in (4.6) usingthe �at andhierarchicalframeworks. The
measuredvalueof Lr usedin (4.6)mayalsobedifferentfrom thatin a �at network
becauseit ispotentiallyaveragedoverseveralrouteswith thesamehierarchicalpath
from agivennode'spointof view. Whenmakingadaptiveroutingdecisions,weare
reallyonlyconcernedwith therelativevaluesof ¶

¶nr
W � n; C � amongroutessharinga

commonsource/destinationpair. It is unclearin whatsituationsour approximation
mightaffect thisordering.

4.5 An alternativeapproximation

In this section,we considera moreaggressive averagingmechanism.In the pre-
viousapproach,we usedexact informationfor resourceswithin a peergroupand
aggregatedmetricsto representits remotepeers.By contrast,hereinwe alsoper-
form localaveragingamongroutestransitingthroughor into alocalpeergroup.We
will show thatthis alternativeapproximationhasasimilar structureto theprevious
case,althoughtherelationto theexactimpliedcostsis further“removed.” Thekey
advantageof thisapproachis that,subjectto suf�cient damping,onecanshow con-
vergenceto new approximateimplied costsunderany traf�c conditionsandroute
topology. In fact,therequireddampingwithin a peergroupdependsonly on local
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information,thenumberof links within thepeergroup,andaggregatedglobal in-
formation,thetotalnumberof peergroups.Thus,thedampingfactorwithin a peer
grouponly requiresinformationthatis consistentwith its hierarchicallyaggregated
view of thenetwork,andthenonlocalknowledgerequired,namelythetotalnumber
of peergroups,is notdetrimentalto thedecentralizednatureof thecomputation.

De�ne thematrix ÅA with elementsÅA j r
�

�

0 � 1� suchthat

ÅA j r �

�

���

å q � R Tn � j � qA jql q

å q � R Tn � j � ql q
if Tn � j � r �

1 �

A j r if Tn � j � r �

0 	

(4.17)

Local routesremainunchanged:they take a singlecircuit on eachlink that they
traverse. However, transit routescanbe thoughtof asconsuminga fraction of a
circuit on every link in eachnodethat they traverse.This fraction is equalto the
fraction ÅA j r of transittraf�c in noden � j � whichpassesthroughthatlink. Notethat
theofferedloadr j at link j remainsthesamewhetherit is computedbasedon the
�at network'sroutingmatrixA or theaggregatedroutingmatrix ÅA. Indeed,for �x ed
l r , we haver j �

� 1
�

B j �
�

1å r � R A j r l r �

� 1
�

B j �
�

1å r � R ÅA j r l r .
By substitutingÅA for A in (4.8), we have the following implied costequa-

tions:

c j �

h j � 1
�

B j �

�

1 å
r � R

ÅA j r l r � wr � å
k

�

� j

ÅAkrck � � j � J 	 (4.18)

We canrewrite theseequationsin variouswaysto bring out theconnectionswith
bothour �rst aggregationmethod(4.9)andtheoriginal impliedcostequations(4.8)
for a �at network. First,wenotethatfor agivenlink j androuter suchthatTn � j � r �

1, we have å k � J ÅAkrPkjck �

Åcn � j �

, which illuminatesthe role of ÅA j r in performing
additionalaveragingof implied costsat the local level; comparethis with (4.9).
Second,wecanrewrite (4.18)as

c j �

h j � 1
�

B j �

�

1 å
r � R

ÅA j r l r � wr � å
k

�

� j

ÅAkrPkjck � å
n

�

� n � j �

Tnr Åcn � (4.19)

�

h j � 1
�

B j �

�

1 å
r � R �

� 1
�

Tn � j � r � A j r l r � wr � å
k � J

Akrck
�

c j �

�

Tn � j � r ÅA j r l r � wr � å
n � N

Tnr Åcn
� ÅA j rc j �	�

	 (4.20)
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Eq.(4.19)indicatestheconnectionwith our previousequations(4.11)for a hierar-
chicalnetwork, theonly differencebeingtheuseof the ÅA matrix locally. In (4.20),
we seethat theequationfor c j is a combinationof theoriginal equation(4.8) for
routesnot transitingthroughnoden � j � andanequationbasedon “averaged”sur-
plusvaluessr �

wr �

å n � N Tnr Åcn for routestransitingthroughnoden � j � plus the
useof ÅA j r insteadof A j r .

Basedon theabove, we de�ne a new linearmapping f̃ :
� J �

� J by f̃
�

� f̃1 � f̃2 �

	 	 	

� f̃J � ,

f̃ j � x�

�

h j � 1
�

B j �

�

1 å
r � R

ÅA j r l r � wr � å
k

�

� j

ÅAkrxk � � (4.21)

where f̃ i
� x� is the result of iterating the linear mappingi times. De�ne f̃

� g�

:
� J �

� J to be a dampedversionof the iteration f̃ �

�

� for g
�

diag� gj � j where
gj

�

� 0 � 1� � j � J:

f̃
� g�

� x�

�

� I
�

g� x
�

gf̃ � x�

	 (4.22)

If wede�ne anormon
� J by

�

x
�

M̃ �

max
j � r

� 1 �

ÅA j r � 0� å
k

�

� j

ÅAkr
�

xk
�

� � (4.23)

thenThms.4.1and4.2canbeshown to holdfor f̃ � x� underthecondition
�

d
�

M̃ � 1.
However, ourmaininteresthereliesin provingconvergenceof thedampediteration
f̃

� g�

� x� without requiring
�

d
�

M̃ to belessthanone.
Theproofsof thefollowing two theoremscloselyresemblethedevelopment

in [36, Sec.4]. Notethatall vectorsareconsideredto becolumnvectors.

Theorem4.4. Theequations(4.18)havea uniquesolutionc̃.

Proof: Rewrite (4.18)in theequivalentform

c j �

h j � 1
�

d̃j �

�

1
� 1

�

B j �

�

1 å
r � R

ÅA j r l r � wr � å
k � J

ÅAkrck � � (4.24)

whered̃j �

h j � 1
�

B j �
�

1å r � R ÅA2
jr l r

�

h j r j . Let g̃
�

� g̃1 � g̃2 �

	 	 	

� g̃J � whereg̃ j � c�

denotestheright-handsideof (4.24).Also, de�ne thepositivediagonalmatrices

l
�

diag� l r � r � z
�

diag� h j � 1
�

d̃j �

�

1
� 1

�

B j �

�

1
� j 	
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Thenwecanwrite (4.24)in matrix form as

c
�

g̃ � c�

�

z ÅAl � w
�

ÅATc�

	

De�ne the positive diagonalmatricesz
1
2 , z �

1
2 componentwise.The equationc

�

g̃ � c� is equivalentto � I
�

z ÅAl ÅAT
� c

�

z ÅAl w. Multiplying bothsidesof thisequation
on theleft by z �

1
2 , wehave

� I
�

z
1
2 ÅAl ÅATz

1
2

� z �

1
2c

�

z
1
2 ÅAl w	

The symmetricmatrix � I
�

z
1
2 ÅAl ÅATz

1
2

� is positive de�nite and henceinvertible.
Thustheequationc

�

g̃ � c� hasauniquesolution

c̃
�

z
1
2

� I
�

z
1
2 ÅAl ÅATz

1
2

�

�

1z
1
2 ÅAl w� (4.25)

which is alsotheuniquesolutionto (4.18).
In thefollowing, let Jn denotethenumberof links in noden, andrecallthat

N denotesthetotalnumberof aggregatednodesin thenetwork.

Theorem4.5. If gj
�

� NJn � j �

� �

1
� j � J, then the sequencef̃ i

� g�

� x� � i
�

1 � 2 �

	 	 	 ,

convergesto c̃, theuniquesolutionof (4.18), for anyx �

� J .

Proof: It is enoughto establishthat the sequencef̃ i
� g�

� x� � i
�

1 � 2 �

	 	 	 , converges

sincethe limit vectormust solve (4.18) by the continuity of f̃
� g�

�

�

� . De�ne the
diagonalmatrices

l
�

diag� l r � r � b
�

diag� 1
�

B j � j � h
�

diag� h j � j � d̃
�

diag� h j r̃ j � j �

wherer̃ j �

� 1
�

B j �
�

1å r � R ÅA2
jr l r . Thenin matrix form

f̃ � x�

�

hb �

1 ÅAl w
�

hb �

1 ÅAl ÅATx
�

d̃x �

andso
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� x�

�

�

I
�

g� I
�

d̃�

�

ghb�

1 ÅAl ÅAT
� x

�

ghb�

1 ÅAl w	
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Thesequencẽf i
� g�

� x� � i
�

1 � 2 �

	 	 	 , will convergeprovidedtheeigenvaluesof theiter-

ationmatrix
�

I
�

g� I
�

d̃�

�

ghb�

1 ÅAl ÅAT
� lie in theinterval �

�

1 � 1� . Theeigenvalues
of thismatrixcoincidewith theeigenvaluesof thematrix
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1
2h �

1
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1
2
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1 ÅAl ÅAT
� b �
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1
2 g

1
2
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g
1
2h

1
2b �

1
2 ÅAl ÅATb �

1
2h

1
2g

1
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I
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�
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1
2 ÅATb �

1
2h

1
2g

1
2

�

T
� l

1
2 ÅATb �

1
2h

1
2g

1
2

�

whichisof theform I
�

� D
�

M � whereD isadiagonalmatrixandM isasymmetric,
positivesemi-de�nitematrixof theform M

�

YTY. Theeigenvaluesof D areequal
to its diagonaltermsd j � j � J. Let r � D � denotethe spectralradiusof D, i.e., the
maximumof themagnitudesof its eigenvalues.Since0

�

d̃j
�

h j r j � 1 andgj
�

� 0 � 1� for all j � J, wehave that0 � d j � 1 � j � J, andthusr � D � � 1.
Next, we determinea boundon thespectralradiusof M. Let

�

�

�

2 denote
theEuclideannorm,andde�ne theinducedmatrixnorm

�

M
�

2 asmax�

x
�

2 � 1
�

Mx
�

2.
SinceM is symmetric,it canbeshown that r � M �

�

�

M
�
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x
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2 � 1
�

xTMx
�

�
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x
�

2 � 1
�

xTYTYx
�

�

max�

x
�

2 � 1
�

Yx
� 2
2. We will show thatr � M � is guaranteedto

belessthanoneif wechoosegj
�

� NJn � j �

� �

1
� j � J. Wehave thefollowing:

�
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1
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1
2 h

1
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1
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�

å
r � R �

å
j � J

l
1
2
r ÅA j rb �

1
2

j h
1
2
j g

1
2
j x j �
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1
2

�

�

å
r � R

�

å
j � J

l r ÅA2
jrb �

1
j h jgj �

�

x
� 2
2

�

1
2

by theCauchy-Schwarzinequality

�

�

å
j � J

d̃jgj
�

1
2 �

x
�

2
�

�

å
j � J

gj
�

1
2 �

x
�

2
�

�

å
j � J

1
NJn � j �

�

1
2 �

x
�

2

�

�

å
n � N

å
j � J

E jn

NJn
�

1
2 �

x
�

2 �

�

å
n � N

1
N �

1
2 �

x
�

2 �

�

x
�

2 	

Therefore,r � M �

�

�

M
�

2 �

max�

x
�

2 � 1
�

Yx
� 2
2

�

1.
SinceD is a diagonalmatrix with positive terms,D

�

M is symmetricand
positivede�nite. Therefore,itseigenvaluesarestrictlypositive,andit canbewritten
in the form SKS�

1 whereK is a diagonalmatrix with thesameeigenvalues.The
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maximumeigenvalueof D
�

M is strictly lessthan2 because

r � D
�

M �

�

�

D
�

M
�

2
�

�

D
�

2
�

�

M
�

2 �

r � D �

�

r � M � � 2 	

Hence,thetermsof K lie in theinterval � 0 � 2� , andsothetermsof I
�

K lie in the
interval �

�

1 � 1� . But thesetermsaretheeigenvaluesof I
�

� D
�

M � because

S� I
�

K � S�

1
�

I
�

SKS�

1
�

I
�

� D
�

M �

	

Thus,theeigenvaluesof theoriginal iterationmatrix lie in theinterval �

�

1 � 1� , and
thesequencẽf i

� g�

� x� � i
�

1 � 2 �

	 	 	 , convergesto c̃.

Remark.Theconvergenceprovedin Thm.4.5 is basedon synchronousiterations.
To prove totally asynchronousconvergenceof the dampedcomputation,it is suf-
�cient to show that the iteration matrix G

�

�

I
�

g� I
�

d̃�

�

ghb�

1 ÅAl ÅAT
� corre-

spondsto a weightedmaximumnormcontraction,or equivalently, thatr �

�

G
�

� � 1,
wherer �

�

G
�

� is thespectralradiusof thematrix
�

G
�

having aselementstheabso-
lute values

�

g jk
�

of the elementsof G. The proof of Thm. 4.5 showed that with
gj

�

� NJn � j �

� �

1
� j � J, we have r � G� � 1. However, the off-diagonalentries

of G arenonpositive, andits structureis suchthat no matterhow small we make
g � 0, we cannotguaranteethat r �

�

G
�

� � 1 without requiringthe light load con-
dition

�

d
�

M̃ � 1. Our conjectureis thatundera partially asynchronousmodel[9],
i.e., thereis a �x edboundD on theamountof time by which theinformationused
atalink canbecomeoutdated,thealgorithmwill convergeif weuseasmallenough
stepsizeg. As theasynchronismmeasureD or thenumberof links J increases,we
wouldhave to decreasegto mitigatetheeffectsof asynchronism.

4.6 Computational results

In thissection,weexplorethecomputationof theimpliedcostsatonepoint in time
for a givensetof offeredloads.We usetheErlang�x edpoint equationsto obtain
therouteblockingprobabilities,andtheninputtheresultsto theimpliedcostcalcu-
lations.Let c, c� , andc̃ denotethesolutionsto (4.8),(4.11),and(4.18),respectively.
Thesurplusvaluessands� arecomputedaccordingto (4.7)and(4.10), respectively.
For our alternative approximation,we computes̃r �

wr �

å k � J ÅAkr c̃k. Becausewe
usethesamerouteblockingprobabilitiesL in computingtherevenuesensitivities
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Figure4.9: Symmetricnetwork with a singlelevel of aggregation.

for all threecases,theexpectedandmaximumrelativesurplusvaluedifferencesare
equalto theexpectedandmaximumrelative revenuesensitivity errors.Theresults
discussedbelow aresummarizedin Tables4.2and4.4.

Westartwith thesymmetricnetwork shown in Fig.4.9andassignacapacity
of 20 to eachlink. We de�ne a total of 45 routeswith offeredloadsrangingfrom
1 	 0 to 3 	 0 in sucha way thattheofferedloadsat eachlink in thethreepeergroups
arethe sameandall transit routesuseonly onelink in the peergroupsthat they
passthrough. Eachacceptedconnectiongeneratesa revenueof 1 	 0. Underthese
conditions,thecalculatedimpliedcostscandc� arethesame.Thus,

�

� s
�

s� �

�

s
�

¥ �

maxj � r: j � r
�

� sr �

s�r; j �

�

sr
�

�

0, and,asa result,therevenuesensitivitiesarealsothe
same.For eachlink in thepeergroups,c j �

0 	 015.For thelinksconnectingthepeer
groups,c j �

0 	 129.Comparedto ouralternativeapproximation,thedifferencesare
quitesmall:

�

� c
�

c̃�

�

c
�

¥ �

0 	 7%,and
�

� s
�

s̃�

�

s
�

¥ �

0 	 04%.
Next, we take thesymmetriccaseandincreasetheloadon thelinks in peer

group1 to nearcapacityby increasingthe offered loadsfor local routesin peer
group1 to threeandahalf timestheirpreviousvalues.Thiscausestheimpliedcost
calculationsfor c andc� to differ slightly, resultingin

�

� c
�

c� �

�

c
�

¥ �

0 	 3% and
�

� s
�

s�
�

�

s
�

¥ �

1 	 5%. Due to the heavy loadsin peergroup1, the implied costs
c̃ arenot asaccurate:

�

� c
�

c̃�

�

c
�

¥ �

9 	 0%, and
�

� s
�

s̃�

�

s
�

¥ �

97	 5%. (Despite
thelatterresult,we notethat

� �

� s
�

s̃�

�

s�

�

å r � R � nr � sr �

s̃r �

�

sr �

�

å r � R nr is only
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15	 0%.8) To demonstratethe changein revenuesensitivities from the symmetric
case,considerthe two alternative routesconsistingof the following setsof links:
r1 �

� 2 � 9 � 3 � andr2 �

� 10� 6 � 11� 5 � . In thesymmetriccase,therevenuesensitives
for r1 and r2 are0 	 823 and0 	 684, respectively. In the presentoverloadedcase,
the revenuesensitivities changeto approximately0 	 416 and0 	 772, respectively.9

Thelongerrouteis now favoredbecauseit avoidspassingthroughtheoverloaded
peergroup. We notethat,usingour �rst hierarchicalapproximation,the revenue
sensitivity may vary alonga particularroutedependingon which link is making
the calculation(dueto the sr; j term). To be exact, all links of a routein a given
peergroupwill computethe samesensitivity, but links of the routein a different
peergroupmay computea differentvalue. For our currentexample,the revenue
sensitivitiesvaryonly slightly alongroutes,ontheorderof 0 	 004in theworstcase.

As anotherexampleof an overloadscenario,we startwith the symmetric
caseandincreasethe loadson transitroutesbetweenpeergroups1 and2 by one
anda half times,causinglink 9 to benearcapacity. For this case,thedifferences
betweenthe�rst two approximationsaregreaterthanin thepreviousoverloadsce-
nario,

�

� c
�

c� �

�

c
�

¥ �

1 	 1%and
�

� s
�

s� �

�

s
�

¥ �

5 	 0%,but thesurplusvaluess̃ fare
muchbetter:

�

� c
�

c̃�

�

c
�

¥ �

18	 1% and
�

� s
�

s̃�

�

s
�

¥ �

4 	 4%. This is dueto the
factthattheoverloadednodeconsistsof only asinglelink, mitigatingtheerrorsdue
to local averagingof transitroutecosts.Therevenuesensitivities for r1 andr2 are
approximately0 	 335and0 	 686,respectively, which would causetheroutingalgo-
rithm to sendmoretraf�c aroundtheoverloadasdesired.Comparedto theprevious
case,thereis greatervariationin therevenuesensitivitiesalongeachrouteusings� ,
on theorderof 0 	 013in theworstcase.

For a fourth experimentwith a morevariedtopology, we usethe network
shown in Fig. 4.5. We de�ne a total of 122routeswith offeredloadsrangingfrom
0 	 1 to 2 	 0. Two routesarede�ned betweeneachpair of switchesexcept for the
membersof peergroup2 which have only onelocal routebetweeneachpair. As
before,eachacceptedconnectiongeneratesa revenueof 1 	 0. The link capacities
arevariedbetweenpeergroups: links in peergroups1, 2, and3 have capacities
25, 40, and30, respectively, andtheconnectinglinks have a capacityof 35 each.
Despitethe lossof symmetry, the implied costcalculationsaresurprisinglyclose:

8Similarly, wede�ne
���

� c � c̃
	��

c��� å j 	 J � r j � c j � c̃ j 	
�

c j 	��

å j 	 J r j .
9Therevenuesensitivity valuespresentedin this sectionarecomputedusingthesurplusvalues

s. Usings� or s̃ resultsin slightly differentvaluesbut thesamerelativeordering.
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Rev. sens.error:
���

�

�

� �

�

�

¥

s
�

s�

s
s

�

s̃
s

¶W
�

¶n1 ¶W
�

¶n2

Symmetricload 0.0%/ 0.0% 0.01%/ 0.04% 0.823 0.684
Localoverload 0.2%/ 1.5% 15.0%/ 97.5% 0.416 0.772
Transitoverload 0.9%/ 5.0% 1.0%/ 4.4% 0.335 0.686
Asymmetricnet 2.4%/ 15.5% 2.2%/ 15.5% — —

Imp. costerror:
� �

�

�

� �

�

�

¥

c
�

c�

c
c

�

c̃
c

Lmax
�

d
�

M Iterations

Symmetricload 0.0%/ 0.0% 0.5%/ 0.7% 2.1% 0.297 5
Localoverload 0.1%/ 0.3% 5.7%/ 9.0% 25% 0.764 10–13
Transitoverload 0.4%/ 1.1% 6.3%/ 18.1% 16% 0.780 8–9
Asymmetricnet 0.7%/ 2.1% 1.9%/ 6.2% 3.8% 0.327 6–7

Table4.2: Computationalresultsfor thefour experiments.

the worst-casedifferencesare
�

� c
�

c� �

�

c
�

¥ �

2 	 1%,
�
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�

c̃�

�

c
�

¥ �

6 	 2%, and
�

� s
�

s�
�

�

s
�

¥ �
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� s
�

s̃�

�

s
�

¥ �

15	 5%.
Table4.2summarizesthemainresultsof the four experiments.Lmax is the

maximumrouteblocking probability; the high valuesfor the middle two experi-
mentsarefor a local routein peergroup1 anda transitroutefrom peergroup1
to 2, respectively. The iterationscolumndenotesthe rangeof iterationsneeded
for convergenceof the threeimplied costcomputations.Note that the light load
condition

�

d
�

M � 1 holdsin everycase.
Two commentson theabove experimentsarein order. First, usingour �rst

hierarchicalapproximationscheme,onecanunfortunatelyconstructcaseswhere
the revenuesensitivities vary enoughalonga routeto causean orderingbetween
alternativeroutesfrom thesource'spointof view thatis differentfrom thatobtained
in a �at network. This would causetheadaptive routingalgorithmto temporarily
shift offeredloadsin thewrongdirectionuntil thesensitivitiesbecamefartherapart.
As aresult,theroutingalgorithmwouldadaptmoreslowly, but it is unclearwhether
this is a commonor troublingsituation.Second,theboundin Thm.4.3appearsto
beratherweak.It wastoohighby anorderof magnitudein thetwo overloadcases.
In thefourthexperiment,however, it waslessthantwice theactualvalue.
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Figure4.10:A largersymmetricnetwork.

We alsoperformedexperimentson the larger network shown in Fig. 4.10
with a variablenumberof de�ned groups. The groupmembershipsin termsof
the links in eachgroup are listed in Table 4.3. We de�ne a total of 247 routes
with offeredloadsrangingfrom 0 	 2 to 3 	 0. As before,eachacceptedconnection
generatesa revenueof 1 	 0. Thelink capacitiesvary from 20 to 30,andno attempt
wasmadeto equalizetheofferedloadson thelinks.

Table4.4summarizesthemainresultsof thesesix experiments.In termsof
relativeimpliedcostandrevenuesensitivity errors,the6 groupscaseperformedthe
best,andthe6 alternategroupsand9 groupsperformedtheworst.For theseexper-
iments(with �x edroutesandofferedloads),theerrorresultsseemto becorrelated
to the numberof transit routesper groupwith a lower averagenumberof transit
routestendingto producebetterresults.We alsocomputethenumberof messages
periterationundertheassumptionthatthegroupsof threeswitchesin atriangleare
connectedlocally usinga broadcastmedium,i.e., only onemessageis requiredto
reachthethreelink controllersin thetriangle.For a �at network, 807messagesper
iterationarerequired,so eachgroupstructuretestedprovidesa signi�cant reduc-
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3 groups � 0–11,36�

� 12–23,38�

� 24–35,37�

6 groups � 0–11�

� 12–23�

� 24–35�

� 36�

� 37�

� 38�

6 alt. groups � 0–2,9–10�

� 3–8,11,36�

� 12–14,18–20,22,38�

� 15–17,21,23�

� 24–29,33,37�

� 30–32,34–35�

9 groups � 0–2,9 �

� 3–5,11,36�

� 6–8,10�

� 12–14,21�

� 15–17,23�

� 18–20,22,38�

� 24–26,33,37�

� 27–29,35�

� 30–32,34�

12groups � 0–2,9 �

� 3–5,11�

� 6–8,10�

� 12–14,21�

� 15–17,23�

� 18–20,22�

� 24–26,33�

� 27–29,35�

� 30–32,34�

� 36�

� 37�

� 38�

21groups � 0–2�

� 3–5�

� 6–8�

� 9 �

� 10�

� 11�

� 12–14�

� 15–17�

� 18–20�

� 21�

� 22�

� 23�

� 24–26�

� 27–29�

� 30–32�

� 33�

� 34�

� 35�

� 36�

� 37�

� 38�

Table4.3: Groupmembershipsfor theexperimentson thelargernetwork.

tion. Themostsavingsoccurswith the6 alternategroupsandthe9 groupswhich,
asnotedabove,providetheworstperformancein termsof revenuesensitivity error.

4.7 On-line measurements

We now return to the subjectof on-line measurements,as brie�y mentionedin
Sec.4.4. Insteadof using the Erlang �x ed point approximation,we show how
estimatesof thecarriedloadsandblockingprobabilitiescanbeusedto implement
a hierarchicaladaptive routingscheme.Our discussionfollows thatof Kelly [36],
with additionaloptimizationsto takeadvantageof thehierarchicalframework.

We saythat two routeshave the samehierarchical path from the point of
view of link j if they usethe samesetof links in peergroupn � j � andfollow the
samesequenceof peergroupsoutsideof n � j � . Let Hn be the setof hierarchical
pathsfrom thepointof view of noden, andlet H jh betheamountof bandwidthused
explicitly by hierarchicalpathh � Hn on link j. (H jh is 0 for all links j outsideof
n.) If wemaketheassumptionthatwr1 �

wr2 for two routesr1 andr2 with thesame
hierarchicalstructurefrom the point of view of link j � r1 � r2, thensr1; j �

sr2; j .
Recallingthatr j � 1

�

B j �

�

å r � R A j r l r anddj �

h j r j , wecanrewrite (4.11)as

c j �

dj å
h � Hn � j �

H jh
�o w carriedonpathh

�o w carriedthroughlink j
� sh; j

�

c j � � j � J 	 (4.26)
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Rev. sens.error:
� �

�

�

� �

�

�

¥ Imp. costerror:
���

�

�

� �

�

�

¥

s
�

s�

s
s

�

s̃
s

c
�

c�

c
c

�

c̃
c

3 groups 3.7%/ 63.9% 2.8%/ 120.1% 0.7%/ 2.9% 1.6%/ 5.9%
6 groups 0.3%/ 12.2% 0.7%/ 16.2% 0.05%/ 0.3% 1.7%/ 3.9%
6 alt. groups 6.8%/ 159.1% 7.1%/ 163.1% 1.9%/ 4.5% 4.9%/ 8.3%
9 groups 10.1%/ 136.8% 6.9%/ 98.4% 4.0%/ 9.6% 4.3%/ 9.1%
12groups 7.7%/ 48.6% 4.1%/ 46.7% 4.5%/ 8.9% 4.2%/ 7.7%
21groups 2.7%/ 13.5% 2.5%/ 13.5% 1.0%/ 2.9% 2.2%/ 8.2%

Messages Avg. TransitRoutes Avg. LocalRoutes
perIteration perGroup perGroup

3 groups 303 14.7 75.0
6 groups 312 12.2 36.5
6 alt. groups 234 49.0 18.0
9 groups 249 43.9 9.7
12groups 294 35.1 7.0
21groups 447 31.0 3.1

Table4.4: Computationalresultsfor thelargernetwork.
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Supposewe have on-linemeasureŝL h � t � andQ̂ j � t � of thecarried�o ws on
path h and link j, respectively, over the interval

�

t � t
�

1� . Smoothed,moving-
averageestimateŝl h � t � andq̂ j � t � of themeancarried�o wscanbecomputedusing
theiterations

l̂ h � t
�

1�

�

� 1
�

g� l̂ h � t �

�

gL̂ h � t �

q̂ j � t
�

1�

�

� 1
�

g� q̂ j � t �

�

gQ̂ j � t �

whereg �

� 0 � 1� . If weconsiderlink j to bein isolationwith Poissontraf�c offered
at rater j , we canestimater j (andthusd j ) by solving the equationq̂ j �

r j
�

1
�

E � r j � Cj � � to obtainr̂ j . Thenwewouldhave d̂j �

r̂ j
�

E � r̂ j � Cj �

1�

�

E � r̂ j � Cj � � .
Now supposethattheimpliedcostsĉ andtheassociatedsurplusvaluesŝhave

beencomputedusingtheseestimatesandsuccessivesubstitution.Supposealsothat
theblockingprobabilityLh hasbeenestimatedfor eachhierarchicalpath,possibly
usingamoving-averageestimatesimilar to theabove. Therevenuesensitivity � 1

�

L̂h � ŝh; j tellsusthenetexpectedrevenuethatacall onpathh will generatefrom the
perspectiveof link j. Traf�c from asourceto agivendestinationpeergroupshould
besplit amongthepossiblehierarchicalpathsbasedon theserevenuesensitivities.
A greatershareof thetraf�c shouldbeofferedto a paththathasa highervalueof

� 1
�

L̂h � ŝh; j thantheothers.Also, if � 1
�

L̂h � ŝh; j is negative for a particularpath,
thatpathshouldnot beusedsincea net lossin revenuewould occurby accepting
connectionsonthatpath.Any adjustmentsof thesplittingshouldbedonegradually
to preventsuddencongestion.Notethatwehaveassumedthatroutesnotsatisfying
theQoSconstraintsof a particularconnectionwill beeliminatedprior to choosing
apathbasedon therevenuesensitivities.

4.8 Multiser viceextensions

To accommodatedifferenttypesof services,our modelcanbeextendedto a mul-
tirate lossnetwork. Now we allow A j r

�

�

� . Severaladditionalproblemsarisein
this context. First andforemost,theErlangB formulano longersuf�ces to com-
putetheblockingprobabilityat a link for eachtypeof call. Let p j � n� denotethe
steady-stateprobabilityof n circuitsbeingin useat link j. Thentheblockingprob-
ability for router at link j is B j r �

å
Cj
n� Cj

�

A jr � 1p j � n� . We cancomputep j using
a recursive formulaof complexity O � CjK j � whereK j denotesthenumberof traf�c

97



classes(distinctvaluesof A j r � 0) arriving at link j [63]. This resultwasderived
independentlyby KaufmanandRoberts.To reducecomplexity, many asymptotic
approximationshave beenproposedin the literatureas the offeredload and link
capacityarescaledin proportion[30, 44, 51, 61, 67, 73]. We have found Mitra
andMorrison'sUniform AsymptoticApproximation(UAA) [51] to beparticularly
accurate.

TheErlang�x edpoint approximationcanbeextendedin a straightforward
mannerto themultiservicecaseusinganappropriateblockingfunctionateachlink.
Notethat,in this case,the�x edpoint is no longerguaranteedto beunique[63].10

Basedonthisapproximation,impliedcostequationscanbederived[19,52], where
we now have a different implied costat eachlink for eachtype of service. The
straightforwardextensionto our hierarchicalsettingis to furthercomputeanaver-
ageimplied costfor eachtypeof servicepassingthrougheachpeergroup. Com-
puting a singleaverageimplied cost for eachpeergroup is attractive but would
probablyresultin anunacceptablelossin accuracy.

De�ne Sto bethesetof servicesofferedby thenetwork andpartitionR into
setsRs

� s � S. Let s� r � denotetheservicetypeassociatedwith router.11 Also, let
r j r �

l r
�

� 1
�

B j r � , andde�ne h j rq �

B j r �

�

r j �

�

A j � Cj �

A jq �

�

B j r �

�

r j �

�

A j � Cj � , which
is theexpectedincreasein blockingprobabilityat link j for router giventhatA jq

circuitsareremovedfrom link j. Themultiserviceimpliedcostssatisfythefollow-
ing systemof equations:

c jq � å
r: j � r

h j rqr j r � sr; j
�

c j r � � j � J � q � R � (4.27)

where

sr; j �

wr � å
k � r

Pkjckr � å
n

�

� n � j �

Tnr Åcns� r �

(4.28)

and

Åcns �

å r � Rs Tnrl r � å j � r E jnc j r �

å r � Rs Tnrl r
	 (4.29)

10Usinga certainsingle-linkblockingfunction,convergenceto aunique�x edpointwasrecently
provedin thelight loadregimeonly [73].

11Notethatwhenmultipleservicetypesarecarriedbetweentwo points,weassignvariousroutes
thatmayfollow thesamepath.
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Notethatc j r �

c jq if A j r �

A jq. In a largecapacitynetwork, wecanfurtherreduce
(4.27)to a systemof only J equationsby employing theUAA [52]. If we rede�ne
ournormon

� JR (R is thetotalnumberof routes)as

�

x
�

M �

max
j � r: j � r

� å
k

�

� j :k � r
Pkj

�

xkr
�

� å
n

�

� n � j �

Tnr
�

x
�

ns� r �

� � (4.30)

let d
�

� d11 � d12 �

	 	 	

� d1R � d21 �

	 	 	

� dJR� wheredjq �

å r: j � r h j rqr j r , andde�ne D
�

maxn � r
� Tnr å m

�

� nTmr
�

cm
r �

Åcms� r �

�

� wherecm
r �

å j � r E jmc j r , thenThms.4.1,4.2,and
4.3canbeeasilyshown to hold for themultiservicecase.

4.9 Chapter summary

Thischapteris basedon thepremisethattheuseof hierarchicalsourceroutingis a
key to bothreducingcomplexity andproviding acceptableQoSin a large-scalenet-
work. Althoughaggregatingnetwork elementsinto subnetworksis anold idea,we
have takena uniqueapproachto representingthe“available” capacityof a subnet-
work by formulatingan implicit representationbasedon theaverageimplied cost
to gothroughor into thesubnetwork. Thisaverageimpliedcostre�ects theconges-
tion in thesubnetwork andcapturestheinterdependenciesamongtraf�c streams,a
featuresorelylackingin explicit representationsof availablecapacity.

We proved that both a synchronousandasynchronousdistributedcompu-
tation of the approximateimplied costswill converge to a uniquesolutionunder
a light load condition. Furthermore,we presenteda more aggressive averaging
mechanismthatalsoperformslocal averagingamongroutestransitingthroughor
into a local subnetwork. We proved that with suf�cient damping,a synchronous
distributedcomputationof thesenew approximateimpliedcostswill convergeto a
uniquesolutionunderany traf�c conditions.Our experimentalresultsshowedthat
theseapproximationsarereasonablyaccurate.

Basedonthisrepresentationfor availablesubnetwork capacity, weproposed
a hierarchicalsourceroutingalgorithmthatadaptively selectshigh-level routesso
asto maximizenetwork revenue.Prior to pathselection,routesnot likely to meet
prespeci�edQoSconstraints,suchasend-to-enddelay, areeliminatedfrom consid-
eration.Ourschemecanincorporateon-linemeasurements,andit canbeextended
to a multiserviceenvironment.The low-level routingwithin subnetworkswasde-
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liberatelynot speci�ed, aswe feel that someform of dynamicrouting would be
bene�cial in copingwith traf�c �uctuationsat thatlevel.
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Chapter 5

Conclusion

5.1 Summary of main results

Thegoalof this dissertationwasto advancethestateof theart in applyingaggre-
gationto large-scalecommunicationnetworks in two domains:theaggregationof
network �o wsandnetworkelements.In the�o w aggregationarea,we�rst explored
thebene�tsof aggregatingmulticastdemandson VP trees.We proposeda pre-or
post-processingstepto theVP multicastlayoutproblem,which eitherreducesthe
complexity of the requiredoptimizationor further improvesuponobtainedsolu-
tions,andwe showedthat it canbeeffectively reducecapacityrequirements,bal-
ancenetwork loads,andreducethenumberof VP treesrequired.

Real networks have time-varying demandsand �nite signalingresources.
We arguedthat signalingresourcesmay not be suf�cient for future demandson
large-scale,connection-orientednetworks,andwedevelopedadaptiveVP capacity
allocationalgorithmsthatarebasedon impliedcostsandaddresstheseconstraints.

In somecasesit is desirableto modify themannerin which �o wsareaggre-
gated(theVP layout). In this context we investigatedalgorithmsto migratefrom
onelayoutto another, andwe foundthatfor incrementalchanges,thepotentialfor
performancelossesduringmigrationin termsof call blockingis minimal.However,
whendramaticchangesin the VP layoutarewarranted,it is desirableto enhance
performanceby implementinga simpledecentralizedalgorithmthatwe have pro-
posed.

In the network aggregationarea,we developedan implicit representation
of theavailablecapacityof a subnetwork which is basedon a distributedcompu-
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tationof theaverageimplied costto go throughor into thesubnetwork. Suchim-
pliedcostsre�ect thecongestionin thesubnetwork aswell astheinterdependencies
amongtraf�c streamsin thenetwork. Weprovedthatbothasynchronousandasyn-
chronousdistributedcomputationof theimpliedcostswill convergeto auniqueso-
lution undera light loadcondition.Wealsopresentedanalternativeapproximation
thatperformsaveragingamonglocal transitroutesin additionto remoteaveraging,
andwe provedthatwith suf�cient damping,distributedcomputationof thesenew
costswill convergeto a uniquesolutionunderany traf�c conditions.To assessac-
curacy, we deriveda boundon thedifferencebetweenour (original) implied costs
andthosecalculatedfor a �at network, andour experimentsshowedthatour costs
areindeedquiteaccurate.In addition,we showedhow on-linemeasurementscan
beincorporatedinto thecomputation,andwe outlinedextensionsto amultiservice
environment.

Basedonthisrepresentationfor availablesubnetwork capacity, weproposed
aQoS-sensitiveroutingalgorithmthatis ableto appropriatelyroutehigh-level �o ws
while signi�cantly reducingcomplexity. Thealgorithmuseseffective bandwidths
to capturetraf�c behavior, andit adaptively selectshierarchicalroutessoasto max-
imize network revenue,while allowing low-level dynamicrouting within subnet-
worksto respondto traf�c �uctuations.

5.2 Application to other areas

Theresearchfor this dissertationwasperformedprimarily in thecontext of ATM
networks. We madeuseof VPs in the �o w aggregationarea,andPNNI routing
motivatedtheframework for ourhierarchicalroutingscheme.However, it isunclear
at this time whetherATM will prevail as the network technologyof choice. As
arguedin Chapter1, whatever architectureprevails, it is likely that it will at least
appearto beconnection-orientedat thecall level becauseof resourcereservations
andcall admission.If this is thecase,muchof our work will berelevantto future
broadbandnetworks.

For instance,aggregation of multicastdemandsis useful in any context
wheremulticastapplicationsneedresourcereservationsto meettheir QoSrequire-
ments,e.g.,animportantvideoconferenceor live surgical imagesmulticastto sev-
eralspecialistsat a busy time of day. In an IP/RSVPnetwork, basedon estimates
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for demandsfor thesetypesof multicastapplications,network resourcescouldbe
pre-reservedandsharedamongseveralcore-basedtrees,increasingthesuccessrate
for receiverswho subsequentlyrequestresourcesdynamicallythroughRSVP. Our
pre- or post-processingstepcouldbeappliedto this “layout” of core-basedtrees.
Thesetypesof layoutswould alsoprovide a suitablesettingfor adaptive capacity
allocationandmigration.

Our implicit representationfor subnetwork congestionis also�e xible in its
application.Independentof theroutingalgorithm,it couldbeusedto easeperfor-
mancemonitoringby network operatorsaswell asto provide informationvaluable
for determiningthe bestlocationfor future capacityupgradesandhow muchwe
shouldbewilling to payfor them.

The proposedhierarchicalrouting algorithm is at the level of the Border
Gateway Protocol(BGP)in theInternet[31]. BGPimplementsshortestpathrout-
ing for packets,so many modi�cations would be neededto supportour scheme.
However, to copewith suchissuesasprovider selection,charging for traf�c, and
resourcereservationsthroughRSVP, modi�cationsin thedirectionof asourcerout-
ing protocolfor IP �o wsmaybeforthcomingmakingouralgorithmmoreviable.

5.3 Futur e research dir ections

In the�o w aggregationarea,theadaptiveVPcapacityallocationschemefor amixed
VP/VC switchingnetwork wouldneedmorework if signalingcapacitiesemergeas
a bindingconstraint.Heuristicsfor choosingthethresholdparametersandperfor-
manceevaluationthroughsimulationswouldbetopicsof importance.

In thenetwork aggregationarea,thereareseveraltopicsfor futureresearch
directly relatedto our routingalgorithm,including

� extensionsto morethantwo levelsof hierarchy,

� theoptimalsubnetworksizeandswitcharrangementtoachievethebesttrade-
off betweenaccuracy andreducedoverheads,

� therobustnessof theimpliedcostsandroutingto link failures,

� investigationof theneedto reservecapacityfor local traf�c usingtrunkreser-
vation,and
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� theroleof ouralgorithmin a layeredapproachto IP overATM routing[18].

Oneissuethathasnotbeenaddressedat lengthin thisdissertationis hetero-
geneityin QoSrequirements.We have assumeda homogeneousmodelwith unit
bandwidthper connectionandhave outlinedextensionsto multiservicenetworks
wheremultiplebandwidthclassesareoffered.Severaladditionalquestionsarisein
amultiserviceenvironmentsuchaswhattypesof �o wsshouldweaggregate(video,
videoplusaudio,webtraf�c, etc.)?Is it ever a problemthattheErlang�x edpoint
is no longerguaranteedto beunique?

Anotherfundamentalissueis thechoiceof network versususeroptimization
in QoS-sensitive routing.Our proposedalgorithmlies in theclassof network opti-
mal algorithms.Greedyshortestpathalgorithmsareuseroptimalin thesensethat
the bestroute is chosenfrom the user's perspective without regardto the overall
systemeffect. Our generalfeeling is thatshortestpathroutingof high-level �o ws
mayleadto instabilitiesin a large-scalenetwork [24, 39]. If this is true,algorithms
basedon implied costswould beessentialto ensuringgoodperformancein future
broadbandnetworks.
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[73] F. ThébergeandR. R. Mazumdar, “New reducedloadheuristicfor computing
blocking in large multirate loss networks,” IEE Proceedings:Communica-
tions, vol. 143,no.4, pp.206–211,Aug. 1996.

[74] Z. Wang and J. Crowcroft, “Quality-of-servicerouting for supportingmul-
timediaapplications,” IEEE Journal on SelectedAreasin Communications,
vol. 14,no.7, pp.1228–1234,Sept.1996.

[75] J.P. WongandR.K. Pankaj,“A diameterbasedmethodfor virtual pathlayout
in ATM networks,” in BroadbandCommunications:Global Infrastructurefor
the InformationAge (L. MasonandA. Casaca,eds.),pp. 501–512,London:
Chapman& Hall, 1996.

[76] W.-L. Yang,“Estimationandabstractionof availablecapacityin large-scale
networks,” Master's thesis,The University of Texas at Austin, Austin, TX
78712,1997.

[77] L. Zhang,S.Deering,D. Estrin,S.Shenker, andD. Zappala,“RSVP: A new
resourceReSerVationProtocol,” IEEENetwork, vol. 7, no.5, pp.8–18,Sept.
1993.

111



Vita

MichaelCharlesMontgomerywasbornin OakRidge,TennesseeonMay 25,1971,
the sonof CharlesandLinda Montgomery. He graduatedfrom Oak RidgeHigh
Schoolin June1989andenrolledatVirginiaTechin thefall. As anundergraduate,
hemajoredin computerengineeringandgraduatedwith SummaCumLaudehonors
in May 1993. During thesummersof 1991and1992,heworked in theScienti�c
WorkstationSupportgroupatOakRidgeNationalLaboratory.

A week after receiving his Bachelorof Sciencedegree,Michael married
HeatherDugan,a native of Blacksburg andalsoa studentat Virginia Tech.He be-
gangraduatestudiesin electricalengineeringthatsummerandcompletedhisMas-
terof Sciencedegreein July1994.Heenrolledat theUniversityof TexasatAustin
that fall andcompletedhis Ph.D.in electricalengineeringin August1998. He is
now amemberof theNetwork ResearchgroupatOakRidgeNationalLaboratory.

PermanentAddress:126NewhavenRoad,OakRidge,Tennessee37830

Thisdissertationwastypesetwith LATEX 2e1 by theauthor.

1LATEX 2e is the latestversionof LATEX, a documentpreparationsystemdevelopedby Leslie
Lamportasa specialversionof DonaldKnuth'sTEX program.TEX is a trademarkof theAmerican
MathematicalSociety.

112


