Copyright
by
MichaelCharlesviontgomery

1998



Managing Complexity in Lar ge-ScaleNetworks via
Flow and Network Aggregation

by

Michael Charles Montgomery, B.S.,M.S.

Dissertation
Presentedtb the Faculty of the Graduateschoolof
TheUniversityof Texasat Austin
in Partial Ful llment
of theRequirements

for the Degreeof

Doctor of Philosopty

The University of Texasat Austin

August1998



Managing Complexity in Lar ge-ScaleNetworks via

Flow and Network Aggregation

Approved by
Dissertation Committee:




Acknowledgments

| would like to thank my supervisar Dr. Gustao de Veciana,for his invaluable
adviceandguidancehroughoutmy tenureasa graduatestudentat the University
of Texasat Austin. | would alsolik e to thankDr. Aristotle ArapostathisDr. Vijay
Gaug, Dr. San-qiLi, andDr. Harrick Vin for servingon my committee.

Most of all, | am gratefulto JesusChrist, my Lord and Savior, andto my
wife Heatherfor herpatienceprayersandenduringsupport.

This materialis baseduponwork supportedindera NationalScienceFoun-
dationGraduateResearchrellovshipanda Du PontGraduatd-ellonshipin Elec-
trical Engineering.

MICHAEL CHARLES MONTGOMERY

The Universityof Texasat Austin
August1998



Managing Complexity in Lar ge-ScaleNetworks via

Flow and Network Aggregation

PublicationNo.

MichaelCharlesMontgomeryPh.D.
TheUniversityof Texasat Austin, 1998

SupervisorGustao de Veciana

Two well-known approaches reducingcompleity in large-scalecommunication
networksare o w andnetwork aggreation. Flow aggrgationbundlestogethera
groupof individual o ws andjointly managesndswitchesheminsidea network
or subnetvark. Network aggre@ationhierarchicallygroupsnetwork elementsnto
subnetwarks and approximatelyrepresent®achsubnetwork’s statein a compact
form which reduceghe overhead®of informationexchangen trafc management
algorithms.

In the ow aggregationarea,we rst explore the bene ts of aggreating
multicastdemand=on Virtual Path (VP) trees. We show that this can effectively
reducecapacityrequirementsbalancenetwork loads,and reducethe numberof
VP treesrequired. Realnetworks have time-varyingdemandsand nite signaling
resourcesso we develop adaptve resourceallocationalgorithmsfor aggreated

0 ws subjectto suchconstraints.

In somecasest is desirableto modify the mannerin which o ws areag-
gregated(the VP layout), sowe investigatealgorithmsto migratefrom onelayout
to another For incrementakchangesthe potentialfor performancdossesduring
migrationin termsof call blockingis minimal. However, whendramaticchangesn
the VP layoutarewarrantedit is desirableo enhancgerformancdy implement-
ing asimpledecentralizedlgorithmthatwe have proposed.

Vv



In thenetwork aggreationareawe developanimplicit representatioof the
congestiortevel of asubnetwork whichis basedn adistributedcomputatiorof the
averageimplied costto go throughor into the subnetvark. We prove thatbotha
synchronousndasynchronousomputationof the implied costswill cornvergeto
auniquesolutionundera light load condition,andan alternatve, moreaggressie
approximatiorbasedon additionallocal averagingwill converge underary trafc
conditionssubjectto sufcient damping.Our experimentsshawv thatour costsare
indeedquiteaccurate.

Basednthisrepresentatiofor congestionwe proposeaQuality of Service-
sensitveroutingalgorithmthatis ableto appropriatelyoutehigh-level o wswhile
signi cantly reducingcompleity. Thealgorithmuseseffective bandwidthdo cap-
turetraf c behaior, andit adaptvely selectshierarchicaroutessoasto maximize
network revenue while allowing low-level dynamicroutingwithin subnetverksto
respondo trafc uctuations.
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Chapter 1

Intr oduction

Aggregation,the collectingof unitsor partsinto amassor whole,is awell-knovn
techniquefor managing'‘complexity” in mary typesof large-scalesystemg17].1
Theaim of thisdissertations to advancethe stateof theartin applyingaggreation
to large-scaleommunicatiometworksin two domainsitheaggregationof network
o ws andnetwork elements.

With o w aggr@ation,a groupof individual o wsis bundledtogetherand
jointly managednd switchedinside a network or subnetwrk. By carefully ag-
gregating o ws, we canallocateresourcesvith tolerablelossesan ef ciency while
reapingsuchbene tsasreducedall processingoadsandsimpli ed Qualityof Ser
vice (QoS)provisioning. However, becauséraf c demandsuctuate andnetwork
resourcesrelimited, resourcellocationanayneedto be adaptedvertime. More
extremechangesn the demandsnay warrantmigrationto a new arrangemenof
aggrgated o ws.

Network aggreation hierarchicallygroupsnetwork elementsnto subnet-
works andrepresentgachsubnetvork’s statein a compactform. Thisis doneto
reduceoverheadsn controllingandmanaginghenetwork traf c. Having arepre-
sentatiorwhich captureghe congestiorievel of a subnetvork while takingtrafc
interdependenciasto accountis usefulbothto network operatorsandto hierarchi-
calroutingalgorithms.

Aggregationdoeshave a downside: a possiblelossin ef ciency and/orac-
curagy. We might askif the growth in the compleity of communicatiometworks

we will usethetermcompleity to looselydiscussa variety of problemsrelatedto the number
of owsand/orsizeof futurelarge-scaleetworks.



really warrantsits use?While the variousplayersin the telecommunicationbusi-
nessarecompetingo determineéhow to realizethe promisef the“informationsu-
perhighvay,” thereis no doubtthatthe network will be geographicallywidespread
andlargein capacity As areferencecasethe growth of the Internetis astounding.
It hasgrown from 1.3 million to 30 million hostsin the past ve yearg with the
numberof usersestimatedat 10 timesthe numberof hosts.Thetelephonenetwork
hasbeengrowing steadilythroughoutthe century althoughnever at the paceof
theInternet.Currently thereareroughly 700 million terminationsvorldwide,and
AT&T handle210million voice,data,andimagecallsperbusinessiay CableTV
is anotherrising industry As of 1996, Time Warnerhad 12.3million subscribers
with a subscriptionrate of 65% for passechomes,anincreaseof 5 million sub-
scriberdn justtwo years.Thesetrendssuggesthatthe sheemumberof usersand
heterogeneitpf servicesarelikely to dramaticallyincreasehe compleity of the
communicationnfrastructure.

As networks grow largerin capacityandextent,companiesave embraced
the vision of a broadbandcetwork which canusethe sameinfrastructureto cost
effectively multiplex all kinds of trafc including voice, video, and data. Such
multiservicenetworksaretypically modeledasmultiratecircuit-switchechetworks
atthecalllevel[19, 26,52,63], butis thisagoodmodelfor thefuture? Theanswer
centersaroundwhetherfuture broadbandetworkswill have characteristicsvhich
areakinto “connection-orientedietworkswhichin turn depend®ntherolesthat
resourceresenation, call admission,routing, priority schemesand pricing will
play [65]. We will speculatdorie y on this belav afterdiscussingheimpactof a
connection-orientedrvironmenton network performanceandcontrol.

Today we have both connection-orientedetworks, suchasthe telephone
network, and connectionlessetworks, suchasthe Internet. One particularlyim-
portantdifferencebetweerconnectionlesandconnection-orientedetworksis how
congestiomightdevelopanddissipate Consideasingle-packtmessagsentinto
a connectionlessetwork providing only best-efort service(e.g.,the Internet). If
the paclet encountergongestiorat a particularlocation,it may be routedaround
the congestion.Thus, hopefully the congestionwill dissipatelocally. If enough
pacletscontinueto besenttowardthatlocation,thecongestiorcouldspreadslonly
outwardfrom thatpoint, eventuallycausing‘global” congestionNow consideithe
otherextreme:acallis setupin acircuit-switchechetwork with resourcesesened

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



alongthe chosenroute for the call's lifetime. Insteadof queueingasin the pre-
vious case,congestiorhereresultsin call blocking. If a call is blocked due to

congestiorat a particularlocation,thenanalternatetypically longerroutemaybe

selectedandresourcesvould be resened accordingly The problemhereis that
if congestiorpersistsjt canspreadvery quickly into global congestiordueto the

interactionsbetweenoverlappingroutes. In otherwords,dueto the network-wide
interactionsamongroutes thereis a greatemotentialfor “knock-on” effectswhere
local congestiorpropagateso other partsof the network [36]. Thustrafc man-
agementlgorithmsfor connection-orientedetworks typically take a global view

of network performancen orderto make goodroutingdecisions Of centralimpor-

tances thenotionof animpliedcost[36] for aconnectioralongagivenpathwhich

measuregheopportunitycostor expectedossof revenueresultingfrom accepting
a connection.Using implied costs,we canquantify the potentialfor “knock-on”

effectsin routingandcapacityallocationdecisions.

In anintegratednetwork supportingmultiple typesof trafc with multiple
Qualitiesof Service,it is almostcertainthat at leastsomeclasse®f applications
will desireguarantee@oSin theform of anexplicit or implicit minimal rateguar
antee.The questionis how will this QoSbe providedandwill the network indeed
look connection-orientedPhelnternettodayprovidesonly best-efort serviceand
applicationthroughputcandrop to essentiallyzero during times of extremecon-
gestion. This is acceptabldor “elastic” applicationg65], but not for applications
wherethe performancealegradations unacceptableelav a certainminimumrate,
e.g. Internettelephory. Barring the viability of a solution basedon overprovi-
sioning,sometype of resourcaesenation andcall admissionrmechanisnwill be
needed. One perhapsoverzealousnechanismnis usedin Asynchronouslransfer
Mode (ATM) networkswheretherouteandresourceesenationsareestablisheat
connectiorsetupaccordingo thedesiredQoSandheldfor a connectiorslifetime.
The resourceReSer\ation Protocol(RSVP)[11, 77], a proposedQoS extension
to the Internet,is an intermediateapproachbetweenthe “hard” resourceresena-
tionsin ATM andthe noneistentresourceesenationsin the currentinternet® In
RSVR paclet o ws resene resourcegsemporarilyat routersalongthe “current”
pathfrom sourceto destinationput thesereserationsare“soft” in the sensethat
they will time outif notrenaved,thusallowing o ws to be rerouted(or “connec-

3Alternatively, resourceresenationsin the currentinternetcanbe thoughtof asoccurringim-
plicitly for apacletright beforebeingsenedatarouter



tions” repacled[38]) asnecessaryCombinationf the above approachesxist in
variousproposaldor anIP over ATM switchingervironment,wherelP o ws are
mappedo ATM virtual circuits[13, 28]. We concludethatif aresourceesenration
mechanisnfor network o wsis eventuallyestablishe@nd/orthe routefor a ow
changesnfrequently thenetwork will look connection-orientefitom asystenmper
spectve, evenif the underlyingcommunicatioriayeris connectionlessBasedon
this assumptionye rely heavily on modelsfor circuit-switchednetworks andthe
computatiorof implied coststhroughouthis work.

In light of the above, our goalis to nd workabletradeofs betweenef -
cieng, QoS,and“complexity.” The rst methodwe explore for reducingcom-
plexity is o w aggr@ation. Onewidely known exampleof o w aggreationis the
useof Virtual Paths(VPs)in ATM networks which cancarry multiple Virtual Cir-
cuits (VCs). VPs areespeciallyapplicablein large-scalenetworks, and although
ef ciency may be compromisedthey canbe an effective meansfor reducingcall
processindoadsaswell assimplifying connectioradmissiorcontrol, routing,and
provisioningof QoSrequirements.

In Chapter2, we considetheaggre@ationof multicastdemand®&n VP trees.
We proposea pre- or post-processingtepto the VP multicastlayout problem,
which either reducesthe complity of the requiredoptimizationor further im-
provesuponobtainedsolutions. This is an importanttopic becausenulticastap-
plications,suchasvideoconferencingwill likely generatea substantiaportion of
futurenetwork traf c.

To handlechangingdemandon networks with limited resourcessuchas
signalingcapacity bandwidth,buffers, etc., we needto be ableto adjustthe re-
sourcesallocatedto aggrgated o ws. Chapter3 begins by arguing thatsignaling
resourcesnay not be sufcient for future demandson ATM networks. The key
issueis how to achieve a tradeof amongthe scarceresourcesn future networks.
With thisin mind, we presenta framework for adaptingVP capacitiesn a variety
of settings,andwe develop andevaluatealgorithmsfor migratingfrom onesetof
VP capacitiego another

In Chapterd, we considemetwork aggreation,our secondnethodfor re-
ducingcompleity in large-scalenetworks. By exploiting network aggreation,we
cansigni cantly reducethe overhead®f informationexchangeneededo form an
approximateglobal view of the entire network state. We presenta novel applica-
tion of implied coststo implicitly representhe stateof a subnetwork. The key



elementof our schemads a decentralizedomputatiorof the averageimplied cost
to gothroughor into asubnetvork whichre ects the congestionn thesubnetvork
aswell astheinterdependenciemmongtrafc streamsn the network. We incor-
poratethis implicit staterepresentatiomto a QoS-sensitie routingalgorithmthat
adaptvely selectshierarchicakoutessoasto maximizenetwork revenue.

Finally, Chapter5 concludeswith a summaryof our mainresults,a discus-
sionof applyingour methodgo areasoutsideof ATM, andalist of futureresearch
directions.



Chapter 2

Flow Aggregation: Aggregating
Multicast Demandson VP Trees

2.1 Intr oduction

In ATM networks,Virtual Paths(VPs)thatcancarrymultiple Virtual Circuits(VCs)
areallocatedto reducethe complexity of call setupandtrafc managemerdat the
possibleexpenseof ef ciency. A VP layout consistsof a vectorof capacitiesal-
locatedto VPs that are setup on a subsetof network routeson a permanenbr
semi-permanertasis. This logical partitioningmay be doneperiodicallyfor the
purposeof adaptve resourcellocationdueto changingnetwork conditions.
Given a set of multicastdemanddfor a network incorporatingmulticast-
capableswitchesalayoutof VP treescouldbe establishedisinganalgorithmsuch
asthe onefoundin [42]. Settingup an SwitchedVirtual Circuit (SVC) treeis a
relatively expensve operation,so even with low multicastdemandsgreatingand
usingVP treeson a slowertime scalethanconnectiorholdingtimescanbeworth-
while. In thischaptemwe arguethatdueto statisticaimultiplexing, onemayactually
save capacityby aggrgatingheterogenousiulticastdemande®nthesameVP tree.
Taking advantageof this fact, we proposea pre- or post-processingtepto the VP
multicastlayout problem,which eitherreduceghe complity of the requiredop-
timizationor furtherimprovesuponobtainedsolutions.|If the VP multicastlayout
is alreadydeterminedthenour procedurecould be a post-processingtep;if not,
it would be a pre-processingtepwhichis discussedurtherin Sec.2.5. Theneed
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Figure2.1: In this example,aggr@atingthe multicastdemandgrovidescapacity
savings, betterloadbalancingandareductionin VP setupandmanagemeribads.

for aggrgatingmulticastdemand®ntoVP or VC treesto avoid VP/VC explosion
haspreviously beensuggesteth the contect of anlP over ATM ervironment[10].
Supposeve have a destinatiorsetof size 10. Thenthereare 1023 possiblenon-
emptysubset®f destinationsandit is likely to beimpracticalto setup a separate
treefor eachsubsetvith nonzerodemand.

Considethesituationillustratedin Fig. 2.1. Thereis asinglesourceandtwo
destinationsvith ademand 1 for multicastconnectiongo bothdestinationgnda
demand ; for unicastconnectionso only onedestination Supposehata capacity
of 1 on eachlink is ableto accommodatéhe demandsat the desiredcall blocking
probability Furthermoresupposeéhatif thedemandsreaggregateda capacityof
1.4oneachlink is required.In this case despitehefactthatconnection®f type 2
areneedlesslysingbothlinks, we obtainbene ts from aggrgatingthe multicast
demandsn threeareas:the total requiredcapacityis less,the link capacitiesare
moreevenly balancedandoneVP tree,ratherthantwo, is required.

More generallysupposeave aregivendemands ; andr » for multicastcon-
nectionsrequiring unit bandwidthfrom a commonsourceto destinationsetsD1
andD,, respectiely, whereD, D;.! Assumingthe network switcheshave the
propermulticastcapabilitiesye wantto establisi/P treesfor setsD; andD». The
guestionis whetherwe shouldestablishtwo separatdreesor a singletreeto ac-

10f coursepnedestinatiorsetdoesnot have to be a subsebf anotheybut this casdeadsto the
simplestalgorithmsandthe greatespotentialsarzings. In the moregeneralcase,a sharedvP tree
would have to reachdestinationsn the smallestsetcontainingoothD4 andD..
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Figure 2.2: Establishingseparate/P treesto accommodatelemands 1 andr »
would requirea total capacityof T; C; T, C,. Sharingthe larger tree would
requirecapacity T, Cs.

commodateéhedemands 1 andr o, i.e.,will thebene t of additionalmultiplexing
at the call andcell levels outweighthe bandwidthwastedby connectiondor the
smallersetD, usingthelargertree?This situationis illustratedin Fig. 2.2.

To answetthis questionwe rst introducethefunctiona r B whichgives
thelink capacityneededo accommodatéhedemand ataspeci ed call blocking
probability B. This function may accountfor statisticalmultiplexing at the call
level, the burstlevel, thecell level, or somecombinatiorof thethree.To determine
the capacityneededor the VPsin eachcase,we solveforC; ari B, C
arpB,andCs ar; r, B.Forseparat&Ptreesl; andT,, thetotalcapacity
neededsC T;C; T,Cy whereT isthenumberoflinksin multicasttreeT .
Whensharingtree Ty, thetotal capacityneededs C T.Cs. IfC C,itwould
bebene cialto useasingletree.We canrewrite this conditionas

G C T
C2 T
It shouldbe notedthat there are additionalbene ts to sharingVP treesbesides
capacitysavings:e.g.,

2.1)

savingsin Virtual Path Identi er (VPI) usage— sharingVP treeswould re-
ducethenumberof VPs,andhenceVPls, neededor a particularlayout,

areductionin VP setupandmanagemeribadsaswell assetupdelaysfor a
connection,



amoreevenbalancingof load acrosghe network — sharingVP treestends
to reducethevariancen theallocatedink capacitiesand

possiblesarzingsin thesizeof buffersneededttheinputof eachVP treedue
to theincreasedell 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 functiona in Sec.2.3,
andthenfurther considera Gaussiartrafc model. Givenaninitial collectionof
destinatiorsets heuristic§or nding anaggrgationof demandsequiringtheleast
total capacityare proposedandevaluatedthroughsimulationin Sec.2.4. Finally,
in Sec.2.5,we presenmethoddor dealingwith unknavn topologiesandSec.2.6
concludeghechaptemwith afew additionalcomments.

2.2 Relatedwork

Flow aggregationusingvirtual pathsis akey componenbf thetraf c management
speci cationfor ATM networks[15, 72]. Althoughmuchresearchhasaddressed
eitherthe VP layout problemor the multicastrouting problemseparatelye.g.[1,
3,7,12, 23 58, 75, to our knowledgeKim is the only oneto speci cally address
theVP multicastlayoutproblem[42]. Theaggregationof multicastdemandsvhich
we proposen this chapterbuilds on his work on the VP multicastlayoutproblem
by eitherreducingthe compleity of therequiredoptimizationor furtherimproving
uponanobtainedsolution. Theneedfor suchaggreationhasbeensuggesteth the
contect of anIP over ATM environment[10], but we foundno speci c researclon
this topicin the literature. Part of the materialin this chapterhasbeenpreviously
presenteds4].

2.3 Speci c examples

Herein,we assumea large population(in nite sourcesmodelwherethe requests
for multicastconnectionsarrive as Poissonprocesses. In this case the ErlangB
formulacanbeusedo implicitly determinghefunctiona andassesthebene tsof

°Note that aggreyatingdemandsand sharinga treewill increasethe populationof sourcesre-
guestingaccesdo thetreeandwill sene to strengtherhis assumption.

9



Threshold for capacity savings when sharing a VP tree
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Figure2.3: For ablockingprobabilityof 10 3, thethresholdor capacitysavingsis
plottedfor valuesof T, T; rangingfrom 0.5t00.9. Below eachline, thecapacity
savingsis greaterthanzero.

call level multiplexing alone[70]. For theabove setup,we mustsolveE r; C;
EroC Eri1 roCs BforCq, Gy, andCs andthentestthe conditionfor
sharingthe larger tree as expressedn (2.1). Basedon the Erlang function and
a blocking probability of 10 2, Fig. 2.3 shows the thresholdfor capacitysavings
(maximumvalueofr , for agivenrj)as T, Ty isvariedfrom 0.5t0 0.9. Below
eachline, the capacitysavingsis greaterthanzero. Note that, becausef the sub-
additivity propertyexplainedbelow, the thresholdfor T, T; 1 would be a
verticallineatr, 0.

In Fig. 2.4, we seethatfor a constantlocking probability B, the function
C g r ,denedimplicitly by Erlangsformula,is concae andsub-additve [70].
Thesub-addiwity propertyi.e.,grq r2 gri gr2,impliesthattwo sep-
aratelinks requiremorecapacitythanasinglelink with thesametotaltrafc, orin
otherwords,it assessethe bene tsof call level multiplexing. Furthermoreasthe
desiredcall blocking probability is decreasedhe multiplexing bene ts getbetter

10



Concavity of inverse Erlang function
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Figure2.4: For agivendemand, the capacityneededo achiese blocking prob-
abilitiesrangingfrom 10 1 to 10 ° is plotted. Theline C r is alsoplottedasa
comparison.

However, evenfor a modestblocking probabilityof 10 3, we canachieve signi -
cantcapacitysavingsfrom aggreation.

The potentialcapacitysavings are graphedior somedifferentscenariosn
Figs. 2.5 to 2.9 for a call level blocking probability of 10 2. Figs. 2.5, 2.6, and
2.7 exhibit the potentialsavingsin capacitywhenaggrgating2 multicastgroups.
The savings aregivenby 100C C C, whereC andC are the total required
capacitiedor separate/P treesanda sharedVP tree,respecitrely, sothevalues
shown arerelatve sarings percentages.Fig. 2.5 shaws resultsfor the situation
shavn in Fig. 2.2where Ty 5and T, 4. Thetreesizesarevariedin the
remaining gures. In Figs.2.8and2.9,therearem multicastgroupswith D1 being
the largestdestinatiorset,andthe savingsgraphedn the gures area comparison
betweerusingm separat&/P treesandaggreatingall m groupsontoa singletree
T;.

Figs.2.5,2.6,2.7,and2.9 show thatlow valuesofr 1, ro, , rmleadto
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Capacity savings when sharing a VP tree
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Figure2.5: The capacitysavingsshovn arefor sharingVP tree T1 betweer2 mul-
ticastgroupswith offeredloadsr ; andr,, x edtreesizes Ty, 5and T, 4,
andablockingprobabilityB 0 001.
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Capacity savings when sharing a VP tree

30 \ T T T T T T ' I I
\3\‘1\ 2 -
\\ 5 77777777
20 | Tt 10 -
15
< 10F e = |
e\/ . e TR - T . .
> \ e e
g O P T
T
n
-10 |
20 | _
-30 S S S

0O 10 20 30 40 50 60 70 80 90 100
r

Figure2.6: Thecapacitysavingsshovn arefor sharingVP tree T1 betweer2 mul-
ticastgroupswith offeredloadsr1 r, r,asmallertreesize T, T; 1,and
ablockingprobabilityB 0 001.
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Capacity savings when sharing a VP tree
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Figure2.7: The capacitysavingsshovn arefor sharingVP tree T1 betweer2 mul-
ticastgroupswith offeredloadsr; r, r, alargertreesize Ty 20, anda
blockingprobabilityB 0 001.
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Capacity savings when sharing a VP tree
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Figure2.8: The capacitysavingsshowvn arefor sharingVP tree T, betweerm mul-
ticastgroupswith destinatiorsetsD; D; andtreesizes T; T, 1forgroups
i 23 m, offeredloadsr1 r2 rm 50, anda blocking probability
B 0001.
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Capacity savings when sharing a VP tree

70 \ , : ; T T T T T T
_\‘ 2 e |
60 |- 5
50 | mhon _
. ‘.‘\"\\. 15 _—
40 L _
S 30 _
(7]
g2 S
: o
g o e _
o\ T
10 | _
20 | _
-30 . | 1 1 1 1 1 1 1

0O 10 20 30 40 50 60 70 80 90 100
r

Figure 2.9: The capacitysavings shavn are for sharingVP tree T; betweenm
multicastgroups(m  T; ) with destinationsetsD; D; andtreesizes T;

T, 1forgroupsi 23 m, offeredloadsr, r» rm ,anda
blockingprobabilityB 0 001.
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highersavings. This is dueto the fact that the savings percentagdrom the sub-
additvity of theinverseErlangfunction,C g r , introducedaboveis greaterfor
smallervaluesof r (seeFig. 2.4). Note thatthe low offeredload regime is not
unrealisticin practice.Indeed currentlythe utilizationsachiezedon ATM/SONET
links areaslow as 10-20%dueto overheadsandsparecapacityreseredfor 1+1
failure protection[66]. Thiswould meanthata 10 Gbpslink would have around2
Gbpsof usablecapacity Whenthis capacityis further partitionedinto alogical VP
layout, with say100VPs,theneachVP would have a capacityof 20 Mbps. Each
VP could,for instanceaccommodat@0 video connectionsat 1 Mbps,or in other
words,the VP capacitywouldbeC 20 circuits.

Aggregationof larger treesalsoleadsto highersarings, ascanbe seenin
Figs.2.6,2.7,2.8,and2.9,becaus¢hewastecbandwidthdueto a call for asmaller
setof destinationaisingthe larger tree becomegessrelative to the total required
bandwidth.Theincrementabainin savingsdecreaseasthetreesizesgrow larger
becausasymptoticallyfor x edofferedloads,the savingsapproachesa constant.
For example,in Fig. 2.6,thesavingsfor agivenr andBis T:C; T, 1GC
TG Ti1C, T; 1C, whereC; C, ar B,Cs a2r B,andais
theinverseErlangfunction. As T; ¥, thesavingsapproached Cs C;
C, ,i.e.,thesavingsthatarisesrom combiningtreesof the samesize.

From Fig. 2.8, we seethataggregationof moreandmoretrees(increasing
m) increasesavings, but it tapersoff. In fact,asmapproaches nity , thesavings
approacheaconstanfor x edofferedloads, x edtreesizesandconstanblocking
probability For the Erlangfunction, if the offeredload and capacityare scaled
proportionallywe havethat,forr  C (heavy trafc), [35]

Emmc "¥1 & (2.2)
r

Our scalingis not linear in bothr andC becauseas the numberof groups(m)
grows, the offeredload to the sharedreeis scaledlinearly but the capacityonly
grows enoughto keepthe blocking probability constantseeFig. 2.4). However,
for largeenoughm, we areindeedn theheary traf c or overloadedegimebecause
the blocking probability mustremaingreaterthanzeroandin the critical andun-
derloadedegimestheblockingprobabilitygoesto zeroasthe capacitygrows large
[51]. Thereforelettinga r B representhe inverseErlangfunction, we canuse
(2.2) to obtaintheroughapproximatiora mr B nmr 1 B for largem. Let-
tingr r; constantthesavingsinFig.2.8is1 Tia nmr B T,ar B
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T, 1 m 1ar B whichasymptoticallyasm ¥, becomes

Tlrl B
T, larB

Now supposeave combinethelasttwo situationsandscalebothmand Ty
asin Fig. 2.9. Usingthe above approximationasm  T; approaches nity , the
savingsfor x edr rjis

(2.3)

Thesecondermin (2.3)canbeinterpretedastheinverseof thebandwidthrequired
perconnection.Thebandwidthperconnectiorincreasessr decreasebecaus®f
lessmultiplexing, sofor smallerr , the inverseof the bandwidthper connections
smallerwhich leadsto higherpotentialsaszings. As anexample,for B 0 001land
r 10, thelimit in (2.3) impliesa maximumsavings of 52.1%;for r  100the
maximumsavingsis 21.9%. Thesevaluesarequite reasonablén light of Fig. 2.9,
whereform T; 20andr 10we have asavingsof 40.3%,andforr 100
thesavingsis 14.0%.

Finally, we seefrom Fig. 2.7thatthereis athresholdor thesmallertreesize
below whichit never paysto aggreatetwo candidatdrees.

Although the bene ts of call level multiplexing are signi cant, even more
capacitysavings canbe exhibited by incorporatinga burstor cell level model. As
a simpleexample,we could modelthe cell arrival rate of eachcall by a Gaussian
randomvariablewith meanl andvariances?. For abufferlessink with N ongoing
connectionsit canbe shavn thatthe capacityrequirements roughlygivenby

bN Nk Ns2 (2.4)

wherek is aQoSparametedeterminedy thedesiredcell lossprobability (seee.g.
[69]). Forinstanceacelllossprobabilityof 10 6 wouldrequirek 4 7534.Letting
a r B representhe inverseErlang function, we needto allocateb a r B to
satisfythe call level andcell level QoSrequirementgor x ed cell lossprobability
andtrafc parametergl s2). We will explore the impactof the Gaussiartraf c

modelin the simulationsof Sec.2.4.
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2.4 Heuristics

We now considerthe more generalproblemof having multicastdemanddgrom a
commonsourceo mdestinatiorsetswith D; Dy fori 2 3 m. LetN D;.
Thesubsetd;,i 2 3 m, canhavefrom1toN 1 elementsFirst,weassume
thatDy, Dm 1 D1, andlaterwe will dropthisassumption.

If eachsethasa known VP tree T, the bruteforce approachto nding a
groupingof setswith the leasttotal requiredcapacityis simply to try all possible
combinationandkeepthe bestcombination.Them setscanbedividedinto 1 tom
groups.Thenumberof possiblewaysto divide theminto k groupsis equivalentto
nding thenumberof waysto placem distinguishabléallsinto k indistinguishable
cellssuchthatnocellis empty Thisis givenby a Stirling numbe60] of thesecond
kindS m k where

For eachcombination,we must nd the capacityneededoy the k groups,so the
computationatompleity is proportionalto &' ; kS m k which grows exponen-
tially. Forexampleform 2,47 ;kSmk  3,form 4,itis37,andform 8,
it is 17,007. Thus,for reasonablyarge m, heuristicswith polynomialcomplexity
would be preferabldo the exponentialcompleity of the bruteforceapproach.

Although we cannotguarante@ptimality, it seemgeasonabléo try com-
bining pairsof setsstartingfrom thelargestsetD1, assuggestethy the obsenation
madein Sec.2.3thataggre@ationof largertreesleadsto highersavings. Further
more, we expectto getthe mostsigni cant savings from combiningtreeswhich
areclosetogetherin size. Theseideasleadto thefollowing (clustering)algorithm
with complity O m . We rst describehealgorithmin wordsandthengive pseu-
docodefor thealgorithm. In the pseudocodehe functioncombinei j combines
thedemandsor D; andD; into asingledemandor D; (i.e.,ri: ri rj;rj: 0;)
andreturnstrueif the conditionin (2.1) holds. Otherwise jt doesnothingandre-
turnsfalse.

Algorithm 2.1. Startingwith thelargestdestinationsetD1, combinethedemands
for D1 and D, into a singledemandor D if the conditionin (2.1) holds. If suc-
cessfultry to combinedemandgor D1 and D3, andcontinueon until unsuccessful
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with candidatedD; andD;,2 i m.Ifi m,repeattheprocedue startingwith
D; andD; 1, continuingon until reacing Dy,

1 begin

2 i 1 2

3 whilej mdo

4 if combinei | theni: |; endif;
5 jo] L

6 endwhile;

7 end

Note that eachcombinationmadewould resultin capacitysavings, sore-
gardlessof the nal grouping,the procedurevould be worthwhile, but not neces-
sarily optimal. As acomparisorio Algorithm 2.1, we alsoproposehefollowing al-
gorithmwhich attemptgo make asmary combinationsaspossiblewith thecurrent
destinatiorsetbeforemoving on, resultingin analgorithmof complecity O m? :

Algorithm 2.2. Startingwith thelargestdestinationsetD1, combinethedemands
for D; and D, into a singledemandor D; if theconditionin (2.1) holds. Next try
to combinedemanddor D; and D3, and continueon with candidatedD; and D;
until i m. If a successfutombinationwasmade repeatthe procedue starting
with D1 and D, (skippingsetswhich havepreviouslybeenabsorbed) Whena pass
withouta successfutombinatiorhasbeenmade movefromD; to thenext smallest
setD; thathasnotbeenaggregatedandrepeatfromthebeginningstartingwith D
andD; .

1 begin

2 fori: ltom 1stepldo

3 if ri Othen (thedemandor D; is nonzero)
4 k: 1;

5 whilek 0do

6 k: O;

7 forj: I 1ltomstepldo

8 ifrj O combinei j thenk: k 1; endif,
9 endfor;

10 endwhile;

11 endif;
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12 endfor;
13 end

In Algorithm 2.2, we make anothempassthroughthe destinatiorsetswhen-
ever a successfutombination's made.Thereasorfor thisis thatthe offeredload
of the larger sethasbeenincreasedand, as canbe seenfrom Fig. 2.3, sincethe
thresholdis monotonicallyincreasing the rangeof offeredloadsfor the smaller
treeallowing for capacitysavingswhensharinghasalsobeenincreasedTherefore,
nev combinationscould potentiallybe madethat werenot allowed on a previous
passhroughthedestinatiorsets.

To seehow closeto optimal Algorithms2.1and2.2mightbein practice we
ransimulationsof Algorithms2.1and2.2 andthe bruteforceapproachusingcom-
monrandomnumbersTherewerem destinatiorsetswith Dy, Dmy 1 D,
andthetreesizeswerel 2 m, respectirely. The offeredloadswererandomly
generatedccordingto a uniform distribution betweer0 andr nax. For eachcase,
theresultsobtainedare95%con denceintervalsbasednindependenteplications.
Thecall blockingprobabilitywasheld constantit 10 3.

From the resultsshavn in Table2.1, we seethat Algorithm 2.1 is consis-
tently betterin total capacitythanAlgorithm 2.2 andis quite closeto the optimal.
As expected,the savings percentagelropsoff signi cantly asr max grows larger,
but it improvesasthesizeandnumberof the destinationsetsm increaseskor this
scenarioAlgorithm 2.1 appears$o bea goodcompromiséetweercompleity and
performance.

Two additionalstatisticsareshown in Table2.2: thelink capacitystandard
deviation andthe nal numberof treesobtainedafterrunningthe algorithms? Un-
like the otherstatisticsthelink capacitystandardieviationis topology-dependent,
andfor our currentexperimentsve emplo/ed a topology similar to thatshavn in
Fig.2.10form 5. Thelink capacitystandardleviationgivesusa measur®f how
well theloadis balancedacrosghelinks of the network with a standardieviation
of zerosignifyingthatall links have the samecapacity As canbeseenn Table2.2,
theloadis indeedbetterbalancedfterrunningouralgorithmswith Algorithms2.1
and2.2 both beatingthe bruteforce algorithm. The bene ts aremostdramaticat
low loadsandtail off asr max increasesAlso, the bene tsincreaseasthe number

3Notethatif we tried to optimizein termsof thelink capacitystandardieviation or the number
of treesinsteadof thetotal requiredcapacity we would alwaysendup with onetree.
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Figure2.10:One-level treetopology shaovn with m 5, usedto determinghelink
capacitystandardieviationin the simulations.

of destinatiorsetsm increasesAlthoughit is dif cult to quantify, we expectthat
similar load-balancingoene ts might be seenfor other more generaltopologies.
Theresultsfor the nal numberof treesarealsoquiteencouragingOnceagain the
greatesbene tsoccurfor smallerr max, andthey grow asmincreasesThesavings
in the numberof treestranslatedo reducedvPI usageanda signi cant reduction
in VP setupandmanagemeribads.

We repeatedhe simulationswith theadditionof the Gaussiarraf c model
discussedt the endof Sec.2.3. For eachconnectionthe meanandvarianceof
the cell arrival ratewasgivenby | 1 ands? 1, respectiely. The cell loss
probabilitywasheld constantit 10 © which translateso a valueof 4 7534for the
QoSparametekin (2.4). Theresultsshovnin Tables2.3and2.4,exhibit thesame
generalrendsasthe previousexperimentsut with alargeincreasen the capacity
savzings percentagesThereis alsoa moresigni cant reductionin thelink capacity
standarddeviation andthe nal numberof trees. Althoughthe Gaussiaimodelis
certainlynot the bestcell level model,it doeseffectively demonstratéhe potential
bene tsif ratemultiplexing is takeninto accounwhenaggregatingmulticasttrees.

Weshallnow droptheassumptiothatD,, Dp, 1 D1. Westill keep
the lessrestrictve assumptiorthatD; D fori 2 3 m, sowithN Dj,
the subsetd;, i 23 m, canhave from 1 to N 1 elementsandwe can

form equivalenceclassesasedon how mary elementsarein eachset. We can
also constructrelationshipsbasedon which destinationsetsare subsetf other
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destinatiorsets.Accordingly we presenta modi ed versionof Algorithm 2.1 that
proceedsiown thehierarchyby equvalenceclass.

Algorithm 2.3. Startwith thelargestdestinatiorsetD; andthe equivalencelass
directly belowD; with N 1 elementger destinationset. For each D;j in that
equivalencelass(takenin anyorder), combinethe demandgor D1 andD; into a
singledemandor D; if the conditionin (2.1) holds. If successfuin combiningall

membesin thatequivalencelasswith D1 (or if theequivalencelassis empty)try

to combinedemanddor D; andthe membes of the equivalenceslasswith N 2

elements.Continueon until reading an equivalenceclassin which all membes

are not combinedwith D;. Now repeatthe procedue starting with ead destina-
tion setof that class(in anyorder) andrestrictingcombinationgo destinatiorsets
which are subset®f the current destinationset. Continueon recussivelyuntil all

destinatiorsetshaveeitherbeenabsorbedr haveservedastheprimary candidate
to which otherdestinationsetsmaybe combined.

1 begin

2 forn: Nto2step 1do

3 foreachi 12 m suchthat D; n r; 0do

4 g: n 1;k: O

5 whileqg 1 k 0do

6 foreachj 12 m suchthatDj q r; 0Odo
7 if D; D combinei j thenk: k 1; endif,
8 endfor;

9 q: g 1

10 endwhile;

11 endfor;

12 endfor;

13 end

For completenessye alsode ne amodi ed versionof Algorithm 2.2.

Algorithm 2.4. Startwith thelargestdestinatiorsetD; andthe equivalencelass
directly belowD; with N 1 elementger destinationset. For each D;j in that
equivalencelass(takenin anyorder), combinethe demandgor D1 andD; into a
singledemandor D; if theconditionin (2.1) holds. Next try to combinedemands
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for D; and the membes of the equivalenceclasswith N 2 elementsand con-
tinue on until reading the equivalencelasswith the smallestnumberof elements
per destinationset. If a successfutombinationwas made repeatthe procedue
startingwith D1 andtheequivalencelasswith N 1 elementper destinatiorset
(skippingsetswhich havepreviouslybeenabsorbed).Whena passwithouta suc-
cessfulcombinationhas beenmade move from D; to the equivalenceclasswith
thelargestnumberof elementgper destinatiorsetthathasmembes which havenot
beenaggregated,and repeatfromthe beginning starting with eat destinationset
of that class(in any order) and restrictingcombinationdo destinationsetswhich
are subsetof the current destinationset. Continueon recussivelyuntil all desti-
nation setshaveeitherbeenabsorbedor haveservedasthe primary candidateto
which otherdestinatiorsetsmaybe combined.

1 begin

2 forn: Nto2step 1do

3 foreachi 12 m suchthat Di n r; Odo

4 k: 1;

5 whilek 0do

6 k: O;

7 forq: n 1tolstep 1do

8 foreachj 12 m suchthatD;j q r; 0Odo
9 if Dj Di combinei j thenk: k 1; endif;
10 endfor;

11 endfor;

12 endwhile;

13 endfor;

14 endfor;

15 end

To simulateAlgorithms2.3and?2.4,we beganwith a destinatiorsetof size
mandfromthe2™ 2 propersubsetgexcludingthe emptyset)chosem 1 other
destinationsetsat randomat the beginning of eachreplication. This meansthat
the majority of the destinationsetschosenwill have closeto m 2 members.As
before thetreesizeswereequalto the destinatiorsetsizes the offeredloadswere
randomlygeneratedccordingto a uniform distribution between0 andr ax, and
theresultsobtainedare95%con denceintervalsbasednindependenteplications.
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To computethelink capacitystandardieviation, we useda one-level treetopology
similarto thatshavnin Fig. 2.10,but now thedestinatiorsetsarechoseratrandom
from all possiblecombinations.We performedsimulationswith andwithout the
Gaussiartraf c modelusingthesametrafc parameterandblockingprobabilities
asbefore.

Theresultsfor theseaxperimentsaregivenin Tables2.5through2.8. We do
notrepeatheresultsfor m 2 asthey arethesameasbefore.Algorithm 2.3is close
to theoptimalin total capacitybut, in contrasto before,it is nolongerconsistently
betterthanAlgorithm 2.4. Thesavingspercentagelsave beernreducedsigni cantly,
but they arestill quitegoodwhentheGaussiatraf c modelisincluded.Theresults
for thelink capacitystandardieviationandthe nal numberof treesgenerallyex-
hibit thesametrendsasbeforeexceptthatthevaluesfor Algorithm 2.3tendto bea
bit higherthantheothertwo algorithms.Overall,theimpactof includingthe Gaus-
siantraf c modelis moresigni cant thanbefore,andAlgorithm 2.3still appearso
beagoodcompromisébetweercompleity andperformance.

2.5 Roleof topologyand pre-processing

In this section,we restrictoursehesto the casewherethe VP multicastlayouthas
notyetbeendeterminedandour proceduras apre-processingtep.Asin Sec.2.1,

we considerthe situationwith a commonsourceandtwo destinationsetsD, and
D, suchthatD, D;. Supposehatwe do notknow the actualnetwork topology

but we do know the distancesrom the sourceto all destinationsn the larger set
D1. Theexactratio T, T; isthenunknavn, but we canboundit for all possible
treesT, and T, with the speci ed distancego eachdestination.In the following,

h d isthenumberof hopsto destinatiord.

Lemma2.l. LetuD &gphdand D D &}'1j hd d D,
wheeM max phd and1l is theindicator function. Then,for any trees
T, and T, satisfyingthe distanceconstaintshd d Dj or Dy, respectively
and connectinga commorsource to destinationsetsD; and Do, respectivelywith
D, Dj, wehave

| D2 T2 u D2
u D]_ T]_ | Dl

(2.5)
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Proof: To prove thelemma,we shaw thatl D T uD forarytreeT con-
nectinga sourceto destinatiorsetD. Thelargestnumberof links occurswhenthe
tree T hasdisjoint pathsfrom the sourceto every destinationj.e., the root of the
treehas D branchesandno links are sharedby two or more source-destination
paths.Therefore, T &4 phd u D . To establisithelower bound,we as-
sumethatno two destinationsrecollocated.(If not, simply combinethe demands
for the collocateddestinationsnto a demandfor a single combineddestination.)
First,suppos¢hat hd d D 12 M . ThenthetreeT with thesmallest
numberof links occurswhenthedestinationgreconnectedn astraightline. Thus,
T M D. If anotherdestinationis addedataduplicatedistancel | M,
thenanothebranchmustbe addedoriginatingfrom a nodeatdistancej 1. If a
destinatiorisremovedatdistancel j M suchthatnovj hd d D ,then
a branchcannotbe removed becausehe tree would becomedisconnectedThus,
by construction, T D &};'1j hd d D ID. m
Theboundsin Lemma2.1 arenot very tight. For example,de ne G D

hd d D ,andsuppose¢hatG D, 35 andGD; 235 . Thenwe
have 2 + g

Now considera similar setupwith the additionalrequirementhatT,  T;.

Tighterboundsthanbeforecanbe obtainedasstatedin the following lemma. We

useD; D, to designatehe setof elementsn D, thatarenotin D-.

Lemma2.2. LetuD &yphdandiD D &) 1j hd d D,
whee M maxy phd and1l is theindicator function. Then,for any trees
T, and T satisfyingthe distanceconstaintsh d d Dj or Dy, respectively
andconnectinga commorsourceto destinatiorsetsD; and D,, respectivelywith
D, D;andT, T, wehave

| Dy T> . u D,
| D2 u Dl u D2 T1 min | D1 1 (2.6)
Proof: SinceT, Ty, To T,,andso T, T; 1. FromLemmaZ2.1, we
alsoknowthat T, T; u D, | D; ,thusestablishingheupperbound.Forthe
lowerbound et T;, beaseparatéreefor D; D,. FromLemma2.1,weknow that
T12 u D1 D2 u Dl u D2 . SinCGTz Tl, Tl T2 u D1 u D2 .
Sowe have

T2 T2
T2 u D1 u D2 Tl

2.7)
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To nd thelowerboundoverall treesT,, we differentiatetheleft-handsideof (2.7)
with respecto T, . Thederivative, u D1 u D T, uD;y uD, 2 is
alwayspositve becausel D;, u D, 0. Therefore theleft-handsideof (2.7)
is anincreasingunctionof T, . Hencethe smallesipossiblevalueof T, , which
is| D5 ,issubstitutedor T, to establisithelowerbound. m
UsingLemmaz2.2,theboundsfor our pr(-:viousexampleare5—73 %— 1,asigni-
cantimprovement.

By substitutinghelower boundof Lemma2.1 or preferablylemma2.2for
T, Ti in(2.1),we canconseratively decidewhetheror notto combinethe de-
mandgor D1 andD» into asingledemandor thelargersetD; withoutknowing the
full network topology As con rmed by Lemma2.2 andFig. 2.3, large destination
sets(l D, large)with smalldifferencedetweerthem(u D;  u Dy small)will
producea lower boundfor T, T; closeto 1 (the maximumvalue)andimprove
the likelihood of achiering positive capacitysavings by combiningthe demands.
Without knowing the distancego therelevantdestinationsaswe have assumedhn
this section,it is not feasibleto bound T, T, andmake ary decisionsaspartof
apre-processingtep.

2.6 Additional remarks

In conclusionwe commenton the practicalityof the commonsourceassumption
for large numbersof destinationsets. Insteadof an end system the sourcecould
very well be a “core” nodeinside the network from which core-basedreesare
establishedor multicastrouting, an architecturebeing proposedor the Internet
[5, 6]. A multicastroutewould consistof a Virtual PathConnectionVPC) or SVC
from the sourceto the core nodefollowed by the established/P tree. Also, the
destinationsnay be gatevay nodesinsteadof endsystemsjn which casethe VP
treeswould beentirelycontainedwithin the backboneof the network.

It is alsoworth notingthatafteraggreation,it maybe desirableo perform
trunkresenationwithin a VP treebecausef thevaryingrevenuegeneratedby in-
comingconnection$37]. For example with two typesof connectionsit is optimal
(in termsof total revenuegeneratedjo resere a certainamountof capacityfor the
connectionsvhich generatenorerevenue[25].
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Chapter 3

Adaptive Resouice Allocation for
AggregatedFlows

3.1 Intr oduction

While the e xibility of ATM networksto supporta variety of serviceclassesand
othervalueaddedservicess likely to materialize network operatorswill befaced
with increasinglycomplex operationatonstraintandtradeofs amongoverall net-
work throughputprocessindoadson the signalingsystemandQoSrequirements
at both the call level, e.g.,blocking probabilities,and cell level, e.g.,cell lossor
delaycharacteristicsOneway to controlthe dauntingcompleity of the systemis
to aggr@ate o ws, i.e., useVirtual Path ConnectiongVPCs)or con gure virtual
networks,andmake a priori x edor adaptve resourceallocations.With o w ag-
gregation,a groupof individual o wsis bundledtogetherandjointly managednd
switchedinsidea network or subnetwrk. This type of aggrgationcanreducethe
size of routing tablesor the signaling/processintpads(e.g., ConnectionAdmis-
sion Control) atthe switchesyeducecall setuptimes,and/orreducethe numberof
connectiorlabelsneedednsidea network.

After notingtherelatedwork in thisareain Sec.3.2,the rst concerrof this
chapteiis to provide anovervien andcrudeevaluationin Sec.3.3of theincreasing
signalingloadsthatlarge-scaleconnection-orientedetworkswill needto support.
Sec.3.4considergherole thatcon guring anoverlay VP network andtrafc man-
agemenalgorithmscanplayin controllingwhatwe currentlyperceve asapossible
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lackof scalabilityfor ATM networks. We presensomespeci ¢ VP capacityalloca-
tion schemesor bothVP-only andmixedVP/VC switchingenvironments Finally,
in Sec.3.5, we proposeandevaluatealgorithmsfor migratingfrom oneVP layout
to another Sec.3.6 concludesvith achaptersummary

3.2 Relatedwork

The performanceof SVC signalingin ATM networks hasonly receved limited

attentionin theliterature.Onenotableattempiat quantifyingthesignalingoverhead
throughanempiricalstudyis foundin [55]. In contrastmuchwork hasbeenaimed
at VP capacityallocationin a VP-only switching ervironment,e.g.[19, 50, 57,

61]. Thematerialin Sec.3.4.1is basedorimarily on thework in [19]. Additional

backgroundmaterialon implied costscanbe foundin [36]. Very little research
hasaddresseddaptve VP capacityallocationin a VP/VC switchingervironment
wherecall processingcapabilitiesare a limiting factor The only otherresearch
in this particularsettingthat we are aware of is foundin [4]. In [41], a global

tradeof betweencall processingcostsand multiplexing gain is consideredvhile

jointly designingthe VP layout, capacityallocation,androuting. Our particular
formulationin Sec.3.4.2 basedon signaling o w constraintsand implied costs
appeargo benew. To our knowledge the performancef the generalVP capacity
migrationproblemwhich we addressn Sec.3.5 hasnot beenpreviously studied.
Part of thematerialin thatsectionhasbeenpreviously presented54].

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

Hereinwe will focuson the signalingoverheadsandprocessingequiredto estab-
lish SwitchedVirtual Circuits (SVCs)in high-speedetworks. Thereareof course
a variety of othersignalingtasksthatwill load up the network resourcegandwill
eventually be of concern. For example, a recentstudy of the Private Network-
Network Interface(PNNI) signalingoverheadsequiredn adwertisingavailableca-
pacityin thenetwork suggested would totally overloadthe channe[62].
Considera 155Mbpslink. It couldin principle supportat least2500voice
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Signal Line rate | Call processingates
STS-1 | 51.84Mbps 3cps

STS-3 | 155.52Mbps 10cps
STS-12 | 622.08Mbps 43 cps
STS-48 | 2.488Gbps 172cps
STS-192| 9.953Ghps 691cps

Table3.1: Call processingaterequirementss. bandwidthgrowth.

connections. Assumingthe averageconnectiondurationis 3 minutes,then the
maximumaveragecall processingatethatmightberequiredfor suchalink would
be roughly 14 calls per second(cps). For higherline rates,with the samelink
utilization,thenecessargall processinghroughputvould eventuallyscalepropor
tionally with bandwidth? Thus,for example, Table3.1shovstheaveragesignaling
ratesthatwould needto be sustainedor variouslinks giventhefollowing assump-
tions: they areoperatedit 80%utilization,voiceconnectionsequire64 Kbpseach,
andeachconnectiorhasa meanholdingtime of 3 minutes. Thesenumbergyive a
roughideaof themannein which call processingateswould grow with bandwidth
for links carryinghomogeneousncompressedontinuoudit ratevoicetraf c.

CurrentATM switchegypically supportcall processingisinga sharedyen-
eral purposeprocessarHigh-endsystemscanachieze throughputn the orderof
100-215¢cps. Thusa switchsupportingl6 OC-12links, subjectto theabove load-
ing assumptioncould nd thatthe requiredcall processingate, 688 cps, rather
than bandwidthis the systembottleneck. This bottleneckcan be overcomewith
dedicatedspecial-purposeall processorgerline card,but the downsideis thein-
creasedlif culty in makingupgradesndthe possibleincreasedostcomparedo
asoftware-onlysolution.

Severalfactorsaffect the call processindgoadsthatswitcheswill see.In the
next sectionswe considertherole of varioustypesof applicationsthe mannerin

1Someof todaysATM core switchessupportvoice usingvariouscompressioriechniquesand
silencedetectionto extract the bene ts of statisticalmultiplexing and substantiallyincreasethe
numberof connectionghatcanbesupported.

2Statisticalmultiplexing would increasethe numberof concurrenttonnectionghat canbe ad-
mitted morethanlinearly asthe line ratesincreaseput asthey achieve truly high capacitiesthe
growth would eventuallybecomdinear.
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Figure3.1: Call processingatesversusdemandandmeanholdingtimes.

which the technologyandsignalingrequirementswvill scalein a full-blown ATM
network, andtheissueof congestionn the signalingnetwork.

3.3.1 What arethe SVC hungry applications?

Differentapplicationswill place markedly varying burdenson the system. The
graphshavnin Fig. 3.1givesanideaof how variousloadswill impactthesystem.lt
exhibitsthecall processindpadin cpsversughedemandmeasureéh Erlangsand
the meanholding timesof connections. For our purposesere,we shallassume
thatthereare sufcient network resourceso meetmostof the demand.In other
words, we ignoreblocked calls which would in factonly furtherincreasehe call
processingoadsonthesystem.Considerfor example,videoapplicationhaving a
meanholdingtime of aboutl hour. If theoverall systensustain@naveragdoadof
about10,000connectionsthenthecall processingoadwould notexceed3 cps.In
contrastconsiderdataapplicationssuchaswebbrowsingwith meanholdingtimes

3Notethedemandmeasuredn Erlangs,i.e., averageconnectiorrequestper meanconnection
holding time, is also a rough estimatefor the averagenumberof concurrentconnectionsn the
system.
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not exceedinga minute and a total averageload of 100,000connections.In this
casetheresultingcall processingoadscouldeasilyexceed1000cps. Evenshorter
holdingtimeswould be associatedvith the transferof saya singlelP paclet, and
suchtrafc would far exceedthe setupratesthatarecurrentlyfeasible.Belov we
commenibn theseexamplesn somavhatmoredetail.

Video-on-demandand othervideo applicationsare consideredo be amongthe
possiblekiller” applicatiorfor broadbandTM networks. Because¢hehold-
ing timesof videoconnectionsrerelatively long, the call setuploadswould
berelatvely small. Thus,only if databas&ideoapplicationsrequestingsay
videoclips or still images,or smallersizedvideo programshecomepopular
will thesignalingload becomesigni cant. Note howeverthatif adaptve re-
sourceallocationwasto beusedon aperconnectiorbasis asproposedn the
RCBR protocol[27], this conclusionvould changedramatically

Voice callsareestimatedo have aloadof 0.1 Erlangsperline with atypical voice
connectionhaving a meanholding time of 3-5 minutes,which meansan
averageof 0.00042cps per line. Assumingthat roughly 100,000lines are
supportecht a centralof ce switch, this translatego 42 cps. Coreswitches
will howeverseefar greaterratessincethey supporimuchhighermultiplexed
rates.Videoconferencingalls shouldalsobe putin this category sincethey
have similar holdingtimes. Thesetypesof calls could signi cantly increase
the call processindoadsbecause¢hey aretypically multicastto several par
ticipants.

Data is perhapgshe most“SVC hungry” application.SupportingLAN Emulation
(LANE) or Multiple ProtocoloverATM (MPOA) to carrylPtraf c overATM
would resultin signi cant signalingloads. In the worstcase a userclicking
on anicon translateso the underlyingATM layer settingup an SVC to the
destinatiorrouteror sener. Thisis theso-calledSVC cut-throughapproach.
Sincethedemandgerusers lik ely to bequitehigh,thesesolutiongo IP-over-
ATM areunlikely to scaleupin the public WAN environmentwithouttaking
appropriatananagemergtepso reducecompleity. A possiblesolutionis a
topology-drvenapproachsuchasCisco's tag switchingin which datais sent
on SVCsalreadysetup alongroutescomputedy the Internetprotocols.
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In summary the averagedemanddor call processingwill dependon the
overall demandthe connectionholding time, andthe capacityof the system. Of
particularconcerntodaywould be connectiondaving shortholding times,on the
orderof secondr minutes,and high demand suchasvoice or transactiorpro-
cessindoadsthatfuturebusinessapplicationsnightrequire.

3.3.2 Dimensioninglargenetworks

Considerthe following simpli ed scenario. Supposehatthe overall load on the
systemis increasindinearly, i.e.,asNr . In dealingwith increasindoads,network
serviceproviderscanessentiallyusetwo extremesin developingtheir infrastruc-
ture. At oneextreme,the provider couldsimply increasehe capacityand/ornum-
berof portsof its switchessoasto meetthedemandIn this casethetotal signaling
load seenby theselarge core switchesgrows linearly sinceeachswitchwill seea
fraction of the total load Nr on the network. With this solution, if the call pro-
cessingesourceslo notincreasan speedinearly, they will eventuallybecomehe
bottleneckof the system.

At the otherextreme,onecanbuild increasinglycomplex meshesy adding
more switchesto the network, saylinearly in N, so asto increasadts carryingca-
pacity Assumingan optimal hierarchicalcon guration, the numberof switches
traversedby a connectiorwould grow logarithmicallyi.e.,aslogN. Assumingthat
theloadis spreaduniformly on the network, thenthe total load on a given switch
would be proportionalto

logN

N — logN
r N rlog

With this approacha switch's call processingcapacitywould only needto grow
logarithmicallywith the load. However, giventhe increasinglycomplex network,
thereis no guaranteghatthe processingequirementsvould notincreasewith the
numberof switchesin the system. Indeed,in [55], basedon an empirical study
theauthorssuggesthatthe bulk of the processinglelayoccursin a smallbody of
codefor which the processingime dependson the size of the network. Thatis,
the processingatesarelikely to dependon the network size, furtherlimiting the
capacityof the switchingsystem.

The call processingequirement®f a real systemmight thenscalesome-
wherebetweerthe desirabldogarithmicgrowth andthe worst caselinear growth.
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This bringsusto thefollowing question:whatcantechnologytodayachieve?

3.3.3 Technology

WhetherATM switcheswill be ableto supporta linearincreasen speedor their
call processingcapacityis at this point dif cult to predict. The type of process-
ing requiredat connectionsetupcanin fact be signi cant and may spanseveral
switchingsystemsandrequireadditionalupdatesduring the lifetime of a connec-
tion. Tasksspanninghegamutfrom call admissiorandassessmemtndnegotiation
of QoSrequirementsto routing,will beincreasinglycomplec in multiservicenet-
works, andthusonewould expectthemto placeincreasinglyhigherloadson call
processingesourceskurthermoresigni cant processindgpadswouldbeassociated
with performancendusagemonitoringaswell asbilling records.

Thereis little experienceoperatingATM networkstoday andsincethe per
formancecharacteristicsf signalingchannelslepencnacomple interactionbe-
tweensoftwareandhardwareresourcesn a distributedervironment,they aredif-

cult to asses$55]. Neverthelesssomerelevantdatapointsgive a startingpoint.
Currentworkgroupswitches,suchasthe ForeRunnerLEL55, adwertisea connec-
tion setup time of 10 msec thatis 100cps. Coreswitchesrangefrom 215 cpsfor
the ForeRunneASX-200BX to 3000cpsfor the AscendCBX 500wherethe call
processorsreimplementedn hardware with a separatgrocessorcard per port.
Note howeverthata switchmightneedto supportfull accountingcapabilitiessuch
asthegeneratingf billing recordson aperconnectiorbasis thereforat is dif cult
to extrapolatewhatthroughpuimight beachieved.

While it is possibleto achieve a call setuprate on the order of thousands
of cpsper switchwith the help of call processorsmplementedn hardware, it is
hardto scalethesespeed®venfurtherwithoutrunninginto the high coststhatsuch
systemsepresentMoreover, evenif thedesiredspeedctouldbeachieredongeneral
purposeworkstationsjt is questionabléhat supportingthe full e xibility of SVC
setupin softwarewill beworthwhilegiventheincreasedoftwareandmaintenance
costs.Indeedwith the adventof multiservicebroadbandetworks, the compleity
andmaintenanceostof call processingoftwareis likely to increaseandin order
to control costsit may be advantageouso limit the amountof signalingand call
processingerformedn the network.

42



3.3.4 Dealingwith congestionin signaling networks

Looking at the averagethroughputthat network elementscan sustainis appropri-
ateasa rst cut. However, sincecall requestsarrive as stochastiqorocesseshe
variability in the rateof requestss likely to leadto queuingandsetupdelays,and
congestiowill eventuallyleadto lost calls. Thusoneeventuallyneedgo take ap-
propriateactionin controllingdemandandsignaling o ws in the network soasto
reducegfocusedcongestiorandallocateresourcesairly.

As areferencecasegcurrentintelligentNetwork (IN) servicegypically have
muchgreatermprocessingequirementshanPlain Old TelephoneService(POTS).
Indeed,IN servicesmight requirea databasdookup and authenticationn addi-
tion to routing andcall admission.With the adwent of multiservicenetworks, the
requirementsit call setup,in termsof call admissionauthenticationQoSnegotia-
tion, billing, etc.,will farexceedthoseof currentsystems.

A signi cant amountof effort hasyetto beinvestedn optimizingprotocols
and implementationgo enhanceperformance. Somestudiessuggesthat much
work will needto be carriedout beforede niti ve performancecomparisonsand
numbersanbecollected[32, 55].

3.4 Controlling processingand complexity costsvia
VP networks

By con guring VPCs,thenetwork managecanreduceheprocessingequirements
placedon intermediateswitchingnodesin the backboneoy deferringcall process-
ing to aVPC's endnodeq20]. The costof this approachs a possiblelossof ef -
cieng sincecapacitywould now besegregatedperVPC. Thusthe serviceprovider
needd¢o nd acompromisdetweerlimiting the processindgoadon network nodes
andmaximizingthelarge-scalenetwork's throughput/reenue.

In factonecanview thevirtual pathlayerasanintermediateesourcealloca-
tion layerwhereallocationdecisionsaremadeon a slow time scalebut coordinated
overthenetwork [19]. We contendhatby allowing adaptve resourcellocationfor
VP networksbasedndemandestimatesind/oron-lineestimatespossibldossesn
ef ciency resultingfrom limiting theresourcesvailablefor multiplexing SVC con-
nectionsmay be overcome.The con gurationof VP networksis likely to become
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Switching VP VPINC
VPs single-or multiple-link  end-to-end
Algorithm centralized decentralized
(periodic) (incremental)

Table3.2: A taxonomyof approaches VP allocation.

an effective stratgy for not only limiting signalingrequirementsn the network
core,but also,andin somecasesnoreimportantly it will enablenetwork operators
to handlethe increasingcompleity of multiservicenetworks, e.g.,by simplifying
connectioradmissiorcontrol, routing,andprovisioningof QoSrequirementsand
by aidingin addressingietwork reliability concernsaswell asa variety of trafc
managemenssues.

A variety of approachesre availablefor allocatingVPs. In Table3.2,the
approachesreclassi ed accordingto the type of switchingavailablein the net-
work, the extentof the VPs,andthe structureof the allocationalgorithm,resulting
in eightdistinct combinations.In Sec.3.4.1,we discussalgorithmsproposedor
a VP switchingervironment,andin Sec.3.4.2,we presenbur original algorithms
for aVP/VC switchingervironment.

3.4.1 VP switching

In this sectionwe considera corenetwork thatonly switchesvVPs,andwe present
a methodto periodicallyadjustthe VP capacities.We will rst treatthe caseof
single- or multiple-link VPs and a centralizedalgorithmthatis run periodically
This setuphasbeenpreviously consideredn [19]. We assumeheroutingis x ed
or quasi-statievith load sharingoccurringbetweernroutesconnectinga particular
source/destinatiopair. The physicalnetwork consistsof a setJ of links with ca-
pacitiesC; for j J. Thelogical network is de ned by a setV of virtual paths.
ThematrixV Vjyj Jv V isaO-1matrixwith Vjy, 1if VP v passes
throughlink j andVj, 0 otherwise.By assuminghe existenceof V, we have
bypassedhe VP layoutproblem,a dif cult problemin its own right thathasbeen
addresseélsavhere,e.g.[12, 23]. We areassuminghatthelayoutwould change
infrequently For simplicity, we startwith a single-servicéossnetwork model,i.e.,
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all callsrequireunit bandwidth,call holding timesareindependentof all earlier
arrival times and holding times) and identically distributed with unit mean,and
blockedcallsarelost?

EachVP canbe consideredo be a logical link from the point of view of
routing,andin fact,we de ne aroute(VPC)r R to beacollectionof VPsfrom
V. ThematrixA Ay, Vv V r R isa0-1matrixwith A, 1if router
passeshroughVP v andA,, 0 otherwise.De ne thevectorx x,v V to
bethecapacitiemllocatedo eachVP. Thevectorn n, r R denotegherates
of independenPoissonarrival processe$or eachroute. We usew; to denotethe
revenuegeneratedyy acceptinga connectionon router, andL, is the blocking
probabilityonrouter.

Our goal is to maximizethe rate of network revenue,so the optimization
problemcanbe statedas

maximize W n;x wn, 1 L (3.1)
r R
subjecto Vx C (3.2)
over x O

Theconstraini(3.2)is a physicalcapacityconstrainion the VPs.

To calculatethe revenuesensitvities, we must rst nd the blocking prob-
ability L, for eachrouter, an importantperformancemeasurdn its own right.
Steady-statdlocking probabilitiescanbe obtainedthroughthe invariantdistribu-
tion of the numberof callsin progresson eachroute. However, the normalization
constanffor this distribution canbe dif cult to compute especiallyfor large net-
works. Thereforetheblockingprobabilitiesareusuallyestimatedisingthe Erlang
X edpointapproximatior[26, 38].

LetB By, v V bethesolutiontotheequations

B Eryxy Vv V (3.3)

4Onerealisticexampleof a single-servicervironmentis a single-clase@mbeddeahetwork. Al-
ternatively, our modelis roughlyequivalentto a network with very high bandwidthlinks wherethe
realresourceonstrainis thatof labels(e.g.,virtual pathor virtual circuitidenti ers) for connections
on links. The unit bandwidthrequiremenper call canbe consideredo be an effectivebandwidth
[16, 40].
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where

~

rv aAmn O 1 By (3.4)

r R ur v

andthefunctionE is theErlangB formula[8]

1
i
Ervx = a- (3.5)
X!

=

ThevectorBis calledtheErlang x edpoint; its existenceollowsfrom theBrouwer
x edpointtheoremanduniquenessvasprovedin [35]. UsingB, anapproximation
for the blockingprobabilityonrouter is

L 1 O1 B (3.6)

Theideabehindthe approximations asfollows. EachPoissonstreamof raten,
thatpasseshroughVP visthinnedby afactorl By ateachvVPu r v before
being offeredto v. Assumingthesethinningsare independenboth from VP to
VP andover all routes,thenthetrafc offeredto VP v is Poissonwith rater , as
givenin (3.4),the blockingprobabilityat VP v is By asgivenin (3.3),andtheloss
probabilityonrouter is exactly L, asgivenin (3.6).

Startingfrom the Erlang x ed point approximationand by extendingthe
de nition of theErlangB formula(3.5)to non-integral valuesof xy via linearinter-
polation? the sensitvity of therateof revenuewith respecto the capacityof VP v
hasbeendervedby Kelly [36] andis givenby

‘Hiwi n, X Cy (3.7)

wheretheimplied costsc arethe (unique)solutionto theequations

o h1 B *aAn1l Lw dA & Vv V (38
r R uVv

In theseequationshy, Ery, x 1 Eryv x ;By,ry andL, areobtained
from the Erlang x ed point approximation.Note that, basedon (3.7), theimplied
costsc alsohave aninterpretatiorasshadaev prices.

SAt integer valuesof x,, de ne the derivative of E r, x, with respectto x, to be the left
derwative.
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Using the partial derivativesof the rate of network revenue(3.7), the opti-
mization problemcanbe solved (at periodicintervals) using a standardgradient-
basedhill-climbing procedureover a corvex feasibility region de ned by linear
inequalities. An executionof this centralizedalgorithm could be triggeredby a
combinationof atime limit andawindow for therevenuefunctionW n; x . If the
currentrateof revenuereacheshe upperor lower limits of thewindow or thetime
limit is reachedthena new optimizationwould be executed.Subsequent/ya new
window would be computedasedn thecurrentrateof revenue.Upperandlower
boundsfor W n; x canbecomputed19, 52] giving anideaof how we aredoing.
Theseboundsareonly valid for theparticulaVP layoutbeingused;amoredif cult
problemis to nd tight boundsover all possibleVP layouts. Boundsof this type
would helpto gaugewhenthe VP layoutshouldbe adjusted An alternatve would
be to adjustthe layout on a daily or hourly basiswith the VP capacitiesadjusted
morefrequentlyfor ne-tuning usingthe algorithmproposedere. We notethat,
in generalW n; x is notconcae. However, Kelly hasshavn thatit is asymptot-
ically linearasn andx areincreasedn proportion[36], andit is possiblethatthe
stochasticuctuationsin the offeredtrafc may allow the optimizationprocedure
to escapa nonoptimallocal maximum.

If theVPsareconstrainedo beend-to-endtheneachroutetraversesasingle
logicallink. Sincewe areallocatingend-to-end/Ps,theblockingprobabilityL,

E n x, for the VP v suchthatA,, 1. Therefore,.LL, Ay En, X

T Xy
En x 1 Ayrhy, andtherevenuesensitvity is
1 . o
—Wn; x hya Arwn, (3.9)
xv r R

Comparedo (3.7),thissensitvity canbecomputedndependentlpf theotherVPs.
In a decentralizedalgorithm, eachVVP would be responsiblefor comput-
ing its own sensitvity. In the single-or multiple-link VP case this would involve
exchangingvalueswith otherVPsin aniterative fashion.Oncecomputedthe sen-
sitivities would be usedto guide VP capacityallocationanddeallocatiorrequests
madeto link controllers.Thelink controllerswould enforcethelink capacitycon-
straintsandgrantor dery requestasappropriatdbasedn therevenuesensitvities.
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3.4.2 VP/VC switching

In this sectionwe addressheproblemof anetwork thatcansimultaneouslgwitch
VPsandVCs wherethe constrainton call processingapacityis a limiting factor
As alguedabore, this situationmay or maynot materializein thefuture. If it does,
the underlyingtradeof is betweemetwork ef ciency, which we represenvia the
overall network revenueor throughput,and the switch call processingcapacity
Basedon modelsfor circuit-switchednetworks, we formulatethis problemasone
of maximizingnetwork revenuesubjectto call processingonstraints.Thereis at
leastonesimilar formulation[4], wherethey usean M/M/1 modelto approximate
call setupdelays.However, our goalis to designanadaptve mechanisnthat,based
on on-line measurementsf the network loads,slowly dimensionsandcon gures
VPsto enhancenetwork performance.

Ourframavork in this sectionconsistof asetJ of links with capacitie<;
for j J,asetR of routeswhichareusedfor switchedvirtual circuits,andasetV
of routescorrespondingo virtual paths. As before,we startwith a single-service
lossnetwork model. The initial algorithmthatwe presentwill be for end-to-end
VPsin adecentralizedetting.

De ne thevectorx x, v V tobethecapacitiesllocatedo eachVPC.
Thematrix A Aj j Jr R isa0-1matrixwith Aj, 1 if router passes
throughlink j andAj; O otherwise. ThematrixV ~ Vj, j Jv V isthe
analogou-1 matrix for the VPCs. The residualcapacitiedeft to the SVCsare
givenby thevectorCS C Vx. Thevectorn n, r R denoteghe ratesof
independenPoissorarrival processefor eachroute. Thevectorx  xy vV is
the analogouslemandvectorfor the VPCs. We usew; (W) to denotethe revenue
generatedby acceptingaconnectioronrouter (VPCVv), andL, (Ly) is theblocking
probabilityonrouter (VPCv). Theremay be multiple VPCsandroutesavailable
for SVCsbetweereachorigin/destinatiorpair, soto retainthe Poissorassumption,
we will assumethat load sharingoccursbetweenthe choicesavailable for each
origin/destinatiorpair. The percentageoutedto the availableVPCsis determined
separatelyrom our algorithmfor adjustingthe VPC capacitiesNotethatthistype
of routing coupledwith the lossnetwork assumptiorprovidesan upperboundon
the amountof blocking that would occurwith a more realistic alternaterouting
schemdin whichtheVPCsareattemptedrst). Hence our estimatefor therateof
revenuegenerateds conserative.
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To modelthesignalingconstraintwe de ne avectorp  p; j J repre-
sentingtheservicerateavailablefor settingup SVCsonaperlink (or, equivalently,
perport) basis.Thesignalingcapacityof eachswitchis in proportionto thenumber
of input (or output)links, sowe simply take the averageavailableto eachlink. We
will de ne the signalingconstraintasa o w constraintu on the amountof trafc
desiringSVCs.

For a givenn andx (anda uniform amountof revenueper connection)the
rate of revenuefor the network will be maximizedwhenno capacityis allocated
to VPCsbecausallocatingcapacityfor anend-to-end/PC reducegshe amountof
capacityavailable(andthusincreaseblocking)for SVCsusingthoselinks. How-
ever, we will beforcedto allocatecapacityto a VPCif the signalingconstraintis
violatedat oneor moreof the switches Our optimizationproblemcanbe statedas

maximize Wn; x;xC Q wxy 1 L, Q wn 1 L (3.10)
vV r R
subjecto Vx C (3.11)
and An (3.12)
over x O

The secondconstraint(3.12) is the signalingconstraintfor SVCs. We have con-
senatively choseno constrainthe offeredload (without thinning) to be lessthan
the signalingcapacity If this constraints violated,thenthe delaysfor call setup
are becomingunacceptablat the affected switches. We note that, in general,
W n; x; x; C is not concae with respecto the VPC capacitiex becausef the
secondermin (3.10).

The revenuesensitvity with respecto the VPC capacityx, canbe derived
asfollows. Inthe rst termof (3.10) only L, depend®nx,. Sincewe areallocating
end-to-endVPCs,the blocking probabilityL, E xy x, wherethefunctionE is
the ErlangB formula. As before,we extendthe ErlangB formulato non-integral
valuesof x, via linear interpolation,and, at integer valuesof x,, we de ne the
derwvativeof E xy Xy with respecto x, to betheleft derivative. Therefore,ﬂiXV Ly
E xy X Exy x 1 hy.

To treatthesecondermof (3.10) we notethattheresidualcapacitie<s to-
gethemwith thedemandrectorn comprisealossnetwork in whichwe cancompute
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implied costsaccordingo [36]

¢ hi1 B ' Aml Lkw aAAG ¢ j J (3.13)
r R k J

whereh ErjC’ 1 ErjC}, andr;andBsaretheofferedloadandblock-
ing probabilityfor SVCsatlink j, respectrely. B]s, rj, andL, areobtainedfrom
eithertheErlang x ed pointapproximatioror on-linemeasurement.

In [36], for arevenuefunctionWs n; C5 &, rwn, 1 L, , Kelly de-
rivedthe sensitvity of therateof revenuewith respecto Cf to be cf Noting that

ﬂ' . o . 1'[ 1'[ . P . .
ﬂ—XVWS nC® &a;, ﬂ—XVCf'ﬂ—C}-,WS n; C° andcombiningthis with ourresultfor the

rst term,we have

1W nx; xC  wxhy a Vjve; (3.14)
ixv i J

The rst termin (3.14) representshe increasen revenuethat would resultfrom
additionalcallsacceptean VPCyv afterincreasingy, while thesecondermquan-
ti es thelossin revenuethat would occurfrom decreasinghe residualcapacity
alongpathv availableto SVCs.

Ouron-linealgorithmfor adjustingthe VPC capacitiecanbedescribedn-
tuitively asfollows. Eachswitch(port) monitorsthe processingoadsgeneratedby
eachroute. If the aggrgateofferedload is seento reacha link's signalingcon-
straint,thena VPC is initiated. To determinewhich ow of trafc to aggr@ate,
the switchescoordinatea calculationof the revenuesensitvities with respecto al-
locating capacityto the possibleVPCs o wing throughthe overloadedink.® A
VPC is con gured on the routewith the highestrevenuesensitvity, i.e., likely to
causethe leastlossof network revenue. This proceduras carriedout slowly and
adaptvely to meetchangingdemandsAs the call processingoadson the network
relax,it becomesdwantageouso eliminateVPCsallowing for betterusageof net-
work resourcesln this casealowerthresholdon measuredbadswould initiate the
removal of VPCs. We proposea mechanismncorporatinga hysteresidoop with
two thresholdsn orderto avoid makingexcessve changeslueto uctuationsof the
network processindoads. In addition,the actualmeasurementsf the processing
loadscanbedampedby exponentialweightedaveraging.

6Note that this requirescoordinationbecausehe revenuesensitvities dependon the network
topology routes,andloadsat thatmomentin time.

50



VPC1: capacityX; C

release

Ng X —» bandwidth VPCs
allocated
to VPCs initiate
. VPC
VPC2: capacityXo , S/ o
call processing M
I
Ny Xo oads
W w
X1 Tx
. _ _ If necessary,
Signaling constraint:n; Nz | increase the bandwidth
Capacity constraint:X; X C X1 on VPCL.

Figure3.2: VP allocationscenariowith two VPCssubjectto call processingon-
straints.

A simpleillustrationof this processs shavn in Fig. 3.2 for alink with two
possibleVPCs. In this particularcase the revenuesensitvity for VPC 1 is higher
soit would bechosenrst for capacityallocationasthecall processindgoadsatthe
link increase.

We now de ne moreformally a decentralizegrotocolfor adaptation.We
assumehat eachnodein the network hascompletetopologyandrouteinforma-
tion andthata decentralize@omputatiorof theimplied costsfor theresidualSVC
network is carriedout at appropriateintenvals. Initially, x 0, i.e., no capacity
is allocatedto VPCs. For eachlink, thereis a link controller (or port monitor)
which is responsibldor checkingthe signalingconstraint.If the constraintis vi-
olatedfor a particularlink, thenthe controllercomputeghe revenuesensitvities
for all VPCswhich arealternateroutesfor routesin R passingthroughthis link.
Increasethe capacityby a unit amount(subjectto the capacityconstraint)of the
VPC with the highestsensitvity subjectto not passinghrougha bottlenecKink |
with &, v Vjw  Cj. After allowing the loadvectorsn andx to readjustrepeat
asnecessaryntil thesignalingconstraintatthatlink is notviolated(assuminghis
is feasible). Capacityshouldbe remavedin unit decrement$rom a VPC v when
ar RAm: 1 ejforallj vwherey; ejisapredeterminethreshold.

If theVPsarenotconstrainedo beend-to-endthenroutescanusea mixture
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of VCsandVPswheremultiple-link VPsaretreatedassinglelogicallinks. Implied
costscanbe computedor all “links” whetherthey be VPs or actuallinks with a
residualcapacityC; Cj &, v Vjuwx. Therevenuesensitvity with respecto the
capacityof VP v would be
il W n x Q \/. ~S
wWnxC o a Vi (3.15)
Xy i3
It is uncleamwhetherthealgorithmto adjustthe VP capacitiesvouldwork aswell as
theend-to-end/PC casein limiting thecall processindgoadsfor SVCs.Increasing
the capacityof a VP may not increasethe capacityavailableto routesusingthat
VP becaus®f bottleneckslsavhere.For thisreasonjt maybewiseto restrictthe
candidatevPs for anincreaseo thosepassingdirectly throughthe link with the
signalingconstrainiolation. Thiswouldincreasehe probabilityof a VP capacity
increaseactuallydecreasinghe SVC setuptraf ¢ throughthatlink.
Anotheralternatveis to runacentralizedalgorithmat periodicintervals. For
instancegivenfuturedemandestimateandaverageholdingtimes,theaveragecps
perlink canbe constrainedelov a certainvalueby limiting the capacityavailable
to SVCs. Theremainingcapacityin the network canbe allocatedo VPsusingthe
methodproposedn Sec.3.4.1for a VP-only ervironment. The algorithm could
thenberepeategeriodicallyto adaptto changingdemands.

3.4.3 Additional remarks

A multiserviceervironmentcouldaccommodateraf ¢ from severaldifferentband-
width classes.Theimplied costswould now be indexed by (logical) link andser
vice type,andwith the choiceof anappropriatéblockingfunctionat eachlink, the
implied costequationscan be derived by extendingthe approachof Kelly to the
multiratecase[19, 52]. Theformulationin [19] is particularlyrelevantheresince
they considera situationsimilar to thatin Sec.3.4.1. We will have moreto say
aboutthe multiratecasein Chapted whenwe discussetwork aggrgation.

Our goal herewasto presenta framework for adaptingVP capacitiesn a
varietyof settings Establishinganoptimal VP layoutandsetof capacitiess ahard
combinatoriabroblem,andno comprehense solutionhasbeenpresentedo date.
We have tried to decouplehe problemasmuchaspossiblefrom the effectsof the
routingalgorithm,but in fact, therearesubtleinteractiondetweertheroutingand
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VP capacityallocationalgorithmsthat affect the ultimate succes®f the methods
proposedere.

3.5 VP capacity migration

If we run a centralizedalgorithmto updatethe VP capacitiesthenwe arefaced
with the following problem: giventwo setsof VP capacitieshow do we migrate
from onesetto another?This may involve changingthe capacitief the current
VP layout or changingto an entirely differentlayout.” As discussedreviously,
suchchangesnaybetriggeredoy a centralizedptimizationthatis run periodically
for the purposeof allocatingresourcesnore ef ciently [50]. They may alsobe
carriedout in responsdo a failure in the network, in which case,enoughspare
(unallocatedtapacitymustbeavailableto handletherecon guration.Call priority
levelsmightbeusedto determinewhich callsarereconnected thereis notenough
roomto accommodateall calls which weredroppeddueto thefailure. For anon-
failurerelatedrecon guration,it is reasonabléo assumehatongoingcalls cannot
be preemptedAs we will seein the sequelthis assumptioradmitsthe possibility
of migrationtakinga signi cant amountof time.

We candivide the VPs that must changecapacitiesinto two groups,Vq
andV;, consistingof thosethatmustdecreas¢heir capacitiesandthosethat must
increasetheir capacitiesyespectrely. For a given VP v, let x, denoteits current
capacity x! its target capacity andyy its currentutilization. For eachv Vg, we
assumehatongoingcalls cannotbe preemptecindthatno new callsareadmitted
until the decreasén capacityis accomplishedForv Vg suchthaty, x!, the
VP mustwait for enoughcallsto completeto makey, x! beforerequestinghe
decreasén capacity (It could also make changesncrementally) VPsin Vi can
still admitcallsasusual.

In themigrationalgorithmsthatwe will presentit is assumedhatlinks and
VPs have associatedintelligences”that enablecommunicatiorbetweerthe links

"We will saythatwe arechangingayoutsif atleastoneVP is beingcreatecr destryed. This
distinctionis, in reality, arbitraryasthe samealgorithmis usedfor migrationwhetheror not the
layoutis beingchanged.We male the distinctionbecausehangingVP layoutswill, in general,
take longerthanincrementatapacityadjustmentsandin practicejt is expectedthatthe VP layout
will be changedessfrequentlythanthe VP capacitiesasthe creationor destructiorof VPscauses
additionaloverhead.
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andVPs. In addition,for a centralizedoptimization,we musthave the capability
to broadcasthe new capacitiego existing VPsandarrangefor the creationof new
VPs.

3.5.1 Basicalgorithm

A simplisticalgorithmfor accomplishinghemigrationis to rst broadcasthenew
capacitiego VPsin Vq, wait for all of themto decreaseandthenbroadcasthe
new capacitieso VPsin V. After presentingpseudocodéor this algorithm,we
will shav by way of examplethatit canbeextremelyinef cient.

Algorithm 3.1.
1 begin
2 foreachv Vgdox,: maxy, x!; endfor;
3 while v Vg x, xX{ 0do
4 wait for a call completion
5 r . routeonwhichcall completed
6 foreachv r suchthatx, x!do
7 Xv. X 1;
8 endfor;
9 endwhile;
10 foreachv Vjdox,: x!; endfor;

11 end

3.5.2 Migration example

Considera homogeneousituationin which all calls requireunit bandwidthand
holdingtimesareindependenandexponentiallydistributedwith meanu 1. Sup-
posen of the VPsin Vg harey, x! 1 while the remainingVPsin Vy have
yv XL ForeachVP, thetime until onecall completess exponentiallydistributed
with mean y,u L. For simplicity, assumey, y for all VPswithy, x!. LetT
bearandomvariabledenotingthetime until all VPsin V4 candecreaseapacityto
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xi. Then,

1 1 1
T - - =

nyp n lyp YH
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— - — 1
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1
— logn 05772 forlargen
yu g 9

where0.5772is Euler's constan{64]. However, thetail of thedistributionof T is
givenby

T t 1 T t

1 1 eY™" pyindependence
ne Y* for larget

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

The primary obsenation hereis that in large networks where signi cant
adjustmentsrebeingmade we might on occasiorhave very poor“performanceé.
By that,we meana signi cant numberof connectionsvhich wereblocked during
migrationcould have beenadmittedundera migrationprocessnoresophisticated
thanAlgorithm 3.1. Themigrationprocesstself is atransienbccurrenceyetif the
durationis lengthyand/orupdateson VP layoutsare madequite often, the overall
impacton performancenaybesigni cant. Roughlyspeakingwe arelikely to have
signi cant blocking during migrationwhenholdingtimesarelong, e.g.,thereare
lots of video connectionsand/ortherearelots of VPs beingdecreasetb a small
capacityi.e.,whenn is large andyp is small. As we will seein the experiments
below, the situationcanpotentiallybe very badif we aremakingdramaticchanges
in the VP layout.

3.5.3 Re nementsto the basicalgorithm

ImprovedalgorithmsrequiremorecoordinationbetweerVPs andlinks asthey at-
temptto increasethe capacityof VPsin V; beforeall VPsin Vy4 have decreased
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to their targetlevels. The hopeis thatthis will make a differenceasthe expected
time until the rst call completeds muchlessthan T . In the exampleabove
with then VPsandy, x{ 1, the averagetime until the rst call completionis
1 nyp whichis muchlessthan T for large n. The performanceametric of in-
terestis how mary extra connectiongreadmittedthatwould have otherwisebeen
blocked. Note thatour improvedalgorithmswill have the samemigrationtime as
Algorithm 3.1 becausdignoring propagatiorandprocessinglelays)the lengthof
themigrationprocesss determinedsolelyby thetime it takesfor enoughongoing
callsto completeto bring the utilization levels of all VPsin V4 belawv their tamget
capacities.

We now brie y outlinetwo enhancee@lgorithmsthatcanbeimplementedn
a decentralizedashion. In the following, let x,; j denotethe capacityallocatedto
VP v atlink j, andlet V;. ; bethesetof VPsin V; thatpassthroughlink j. Note
thatthattheactualcapacityof VP vis x, minj yxy, j. Supposghat,atlink j, as
VPsin Vy releasecapacity available bandwidthunits are allocatedone at a time
to the VP in V;; ; with the maximunremainingincreaseto its target capacityi.e.,
max, v, | X\ Xy . Tiesarebrokenin anarbitraryfashion.We have omittedthe
breakingof ties in the following descriptionand have assumedhat calls require
unit bandwidth.

Algorithm 3.2.

1 begin
2 foreachv Vg4do

3 X maxyy x!;

4 foreachj vdoxyj: X, endfor;
5 endfor;

e foreachj Jdo

7 Cc: sparecapacityatlink j;

8 whilec 0do

9 z: agmax, v, X Xvj;

10 if xt Xzjthenxzj: Xzj 1;X: ming ;Xz; endif,
11 c. ¢ 1,

12 endwhile;

13 endfor;

14 while v Vg x, xt 0do
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15 wait for a call completion

16 r . routeonwhichcall completed
17 foreachv r suchthatx, x!do
18 Xv. X 1;

19 foreachj vdo

20 Xl X

21 Z: agmaXy v, Xy Xwj ;
22 if X! XzjthenXzj: Xzj 1;%: min ;X endif;
23 endfor;

24 endfor;

25 endwhile;

26 foreachv Vjdox,: x!; endfor;

27 end

We cande ne amorere ned algorithmthatusesanextra pieceof informa-
tion, the currentutilization levels, to try to anticipatewhich VPsin V; arelikely
to block soon.In this algorithm,whenallocatinga unit of bandwidthatlink j, we
choosethe VP in V. j with the minimum availablecapacityi.e., min, Vi Xvi ]

W , giventhatx! X, 0. Tiesarebrokenby choosingheVP with themaximum
remainingincreasesin Algorithm 3.2,with furthertiesbrokenarbitrarily. Theas-
sumptionthatlinks know theutilizationlevelsof VPsis abadonebecausé breaks
theinterfaceabstractiorbetweerVPsandlinks. Nonethelesst is instructveto see
how well this algorithmperformscomparedo Algorithm 3.2. Onceagain,we have

omittedthe breakingof tiesin the following description,andinsteadof repeating
mostof Algorithm 3.2,we only specifywhatis different.

Algorithm 3.3. Substitutehe following for lines9—-10andfor lines 21-22in Al-
gorithm3.2.

1Z: agmin Vi o xR Y
2 if zisvalidthenXxz j: Xzj 1;X%: ming ;X endif;

Variousotheralgorithmscanbe de ned basedon whetheror notlink j is a
bottleneckfor a particularVP, i.e., whetheror notx, X j. Theideawould beto
only allocatecapacityto VPsfor which link | is a bottleneck.In our experiments,
thesealgorithmsdid not performsigni cantly betterthanAlgorithms 3.2 and3.3,
sowe have notincludedtheir descriptiondere.
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Single Link Single Link

4 —— VP 1: 10 4 —— VP 1: 5
4 —— vP2: 10 4 —— VP 2: 5
4 —— VP 100: 10 migration 4 —— VP 100: 5
33— VP 101: 5 3 — VP 101: 10
33— VP 102: 5 3 — VP 102: 10
33— VP 200: 5 33— VP 200: 10

Figure3.3: An illustrationof asinglelink dividedinto VPsmigratingfrom capacity
10to 5and5to 10. ArrivalsarePoissorwith rates4 and3, respectely.

3.5.4 Simulation results

To evaluatethe algorithms,we conductedseveral simulations. We beganwith a
situationresemblingthe exampleabove. Supposeve have a singlelink of capac-
ity 1500supportinga total of 200 VPs, where100 VPs have capacityl0 andthe
remaining100 have capacity5. The VPs establisha logical (or overlay) network
uponwhichroutesarede ned usingthe VPsaslogicallinks. For this singlephysi-
callink, supposehereare200routes oneperVP, with Poissorcall arrivalsatrate4
for theVPswith capacitylOandatrate3 for theVPswith capacitys. As before all
callsrequireunit bandwidthandholdingtimesareindependenandexponentially
distributedwith meany * 1. During migration,the VPssimply swap capacities,
i.e.,all VPswith capacityl0 moveto 5 andvice versa.This situationis illustrated
in Fig. 3.3.

The resultsquotedbelon are 95% con denceintervals basedon indepen-
dentreplications. Sufcient warmuptime was allowed for eachreplicationand
commonrandomnumbersvereusedwhencomparinghe variousalgorithms.For
this experiment,which we refer to asLink-Incr, the averagemigrationtime was
090 0 05time units,andthe total numberof offeredcalls during migrationwas
631 34onaverage.For Algorithm 3.1,anaverageof 132 8 callswereblocked
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Cambridge

Argonne

Palo Alto

San Dieg0

Atlanta

Houston

Figure 3.4: Hypotheticalcore network. The doublelinesindicate90 Mbpslinks.
All otherlinks are45 Mbps.

during migration. For both Algorithms 3.2 and 3.3, 103 7 calls were blocked
duringmigration.

Now considemasimilarsetupbasednchanging/P layoutsin whichthelink
capacityis 500, 100 of the VPs aredecreasedrom 5 to 0, andthe other100 VPs
areincreasedrom 0 to 5. Onehundredrouteswith an offeredloadof 2.5eachare
de ned for theVPscurrentlyat capacitys, andthey areimmediatelyshiftedto the
other100VPswhenmigrationcommenceskor this experimentwhich we referto
asLink-Layout, the averagemigrationtime jumpedto 6 10 0 14time units. The
averagenumberof offeredcallsduringmigrationwas1628 38, all of whichwere
blockedwhenusingAlgorithm 3.1. Thenumberof extra connectionadmittedwas
quitelargein thisexamplewith 198 4 callsbeingblockedfor Algorithm 3.2and
181 4 callsbeingblockedfor Algorithm 3.3.

We experimentedvith severallarger, multi-link networks, one exampleof
which is shavn in Fig. 3.4. This represents hypotheticalcore network andis
borroved 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
inverselyproportionako thenumberof links traversedwith shorteroutesreceving

59



greaterofferedloads. In all, therewere 38 VPs and 84 routes. Using this setup,
we performedtwo experiments:the Mesh-Increxperimentwhich correspondso

aplausibleincrementathangan VP capacitiesandthe Mesh-Layoutexperiment
which, in additionto the Mesh-Incrchangessimulateshe replacemenof the 45

Mbpslink betweerPrincetonandCollege Park with a separat®0 Mbpslink. The
resultsof thelink andmeshexperimentsaresummarizedn Table3.3.

The performancelifferencebetweerAlgorithm 3.1 andAlgorithms3.2and
3.3is especiallydramaticwhenchangingayouts. In a sensethe Link-Layout ex-
perimentsimulatesaworst-casescenaricsinceall existing VPsarereplaceduring
migration. The migrationtime for the Mesh-Increxperimentis soshortthathardly
ary callsareblocked. If thelink capacitieandnumberof VPswereincreasedby an
orderof magnitudethe numberof blocked callswould becomesigni cant similar
to the Link-Incr experiment.In all casesAlgorithm 3.3 is not signi cantly better
thanAlgorithm 3.2. We notethat,in generalmoreperformanceanbe gainedby
ourimprovedalgorithmswhenVPsdo nottraversemary physicallinks becauséo
increasats capacitya VP hasto wait for eachlink in its pathto allocateadditional
capacityto it.

We alsoperformedexperimentswith holdingtime distributionshaving more
varianceandlarger tails thanthe exponentialsuchastwo-stagehypereponential
[49] and Paretodistributions[33]. As expected,migrationtimes can potentially
be muchlonger especiallywhenchangingVP layouts,makingthe casefor imple-
mentingimproved algorithmseven stronger For example,we repeatedhe Link-
Incr andLink-Layoutexperimentswith ameanholdingtime of 3 for threedifferent
distributions:a standardxponential a two-stagenyperexponentiawith a standard
deviation thatwastwice the mean,anda Paretodistribution. (We chosea meanof
3 becausehe Paretodistribution cannothave a meanof 1.) Theofferedloadswere
divided by 3 to keepthe blocking probabilitiesroughly the sameas before. The
resultsaresummarizedn Table3.4.

It is interestingo notethatboththefastesmigrationin theLink-Incr exper
imentandthe slowestmigration(by far) in the Link-Layoutexperimentoccursfor
the Paretodistribution. This makessensebecauséhe Paretodistribution typically
hasa greatemumberof bothshortcallsandvery long callswhencomparedo the
otherdistributions.

We concludethat for smallincrementakhangesVP capacitymigrationis
not muchof a problem,but whendramaticallychangingVP layouts,it would be
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wiseto implementa simplealgorithmsuchasAlgorithm 3.2. Algorithm 3.3 and
other“smarter”decentralize@lgorithmsdo not exhibit enoughperformanceyains
over Algorithm 3.2to warranttheir additionalcompleity.

3.6 Chapter summary

WhereasChapter2 wasconcernedvith o w aggr@ationin a staticenvironment,
thethemeof this chaptehasbeenadaptve resourceallocationfor aggrgyated o ws
in thefaceof time-varyingdemandsnd nite signalingresourcesWe amguedthat
signalingresourcesnay not be sufcient for future demandson ATM networks,
andwe presente@ frameavork basednimplied costsfor adaptingVP capacitieso
handletheincreasegrocessing@andcompleity costs.

In somecasest is desirabldo modify themannerin which o wsareaggre-
gated(the VP layout). In this context we investigatedalgorithmsto migratefrom
onelayoutto anotherandwe foundthatfor incrementathangesthe potentialfor
performancdossesluringmigrationin termsof call blockingis minimal. However,
whendramaticchangesn the VP layoutarewarrantedjt is desirableto enhance
performancdy implementingAlgorithm 3.2,asimpledecentralize@lgorithmthat
we have proposed.
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Chapter 4

Network Aggregation: Hierar chical
Source Routing Using Implied Costs

4.1 Intr oduction

In orderto provide guarantee@oS,communicatiorsystemsareincreasinglydraw-
ing on “connection-orientedtechniques. ATM networks are connection-oriented
by design,allowing oneto properlyprovision for QoS.Similarly, QoSextensions
to thelnternet,suchasRSVP[11, 31, 77], make suchnetworksakinto connection-
orientedtechnologiesindeedtheunderlyingideais to resene resourcesor paclet
ows, butto doit in a e xible mannersing“soft state”which allows o wsto be
rerouted(or “connections’repacled[38]). Similar commentsapplyto anlP over
ATM switchingervironment,wherelP o ws aremappedo ATM virtual circuits.
In light of the above trendsandthe pushtoward global communicationpur focus
in this work is on how to make routing effective andmanageablé a large-scale,
connection-orientedetwork by usingnetwork aggreation.We shall rst introduce
hierarchicakourcerouting,explainthe basicsof our routingalgorithm,andgive an
exampleof thecomplity reductionthatit canachieve.

4.1.1 Hierarchical sourcerouting: motivation and example

In a large-scalenetwork, there are typically multiple pathsconnectinga given
source/destinatiopair, andit is the job of the routing algorithmto split the de-
mandamongthe availablepaths.Theroutingalgorithmwhich we introducein this
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chapterts nicelyinto the ATM PrivateNetwork-Network Interface(PNNI) frame-
work [71], but it canalso be thoughtof asa candidatefor replacingthe Border
Gatevay Protocol(BGP)[31] in the Internetthatwould split o wsin “IP/RSVP”
routing. Centralto our algorithmis the implied cost[36] for a connectionalong
a given pathwhich measureshe opportunitycostor expectedlossof revenuere-
sulting from acceptinga connection. Using implied coststakesinto accountthe
possibilityof “knock-on” effects(dueto blockingandsubsequerdlternataouting)
[36] andis gearedowardsachiezing a networkoptimalroutingalgorithm.

To make gooddecisionsandprovide acceptabl®oS, it is desirableo have
aglobalview of the network at the sourcewhenmakingroutingdecisiongor nev
connectionsThus,sourcerouting,wherethesourcespeci estheentirepathfor the
connectionjs anattractve routingmethod.It hasthe additionaladwantagethat,in
contrasto hop-by-hoprouting,thereis no needto run a standardizedoutingalgo-
rithm to avoid loopsandpolicy issuessuchasprovider selectionareeasilyaccom-
modated. Propagatingnformationfor eachlink throughoutthe network quickly
becomesinmanageablasthesizeof thenetwork increasessoahierarchicabtruc-
tureis neededsuchasthatproposedn theATM PNNI speci cation[71]. Groupsof
switchesareorganizednto peergroups(alsoreferredto ascloud9, andpeergroup
leadersare chosento coordinatethe representatiof eachgroup's state. These
collectionsof switcheghenform peergroupsatthe next level of the hierarchyand
soon. Nodeskeepdetailedinformationfor elementswithin their peergroup. For
otherpeergroupsthey only have anapproximateview for thecurrentstate andthis
view canbecomecoarsersthe“distance’to remotearea®f thenetwork increases.
We referto theformationof peergroupsasnetworkaggregation Besidegeducing
theamountof exchangednformation,a hierarchicaktructurealsomakesaddress-
ing feasiblein a large-scalenetwork, asdemonstratedby the network addressing
of IP, andit permitsthe useof differentrouting schemest differentlevels of the
hierarchy Prior work in the areaof routingin networkswith aggregated,andthus
inaccuratenformation,canbefoundin [29, 48].

By combininga hierarchicahetwork with (loosé) sourcerouting, we have
a form of routing referredto as hierarchical souice routing As anillustration,
Fig. 4.1 shavs a fragmentof a larger network (Network 0) in which PeerGroup

LIn loosesourcerouting, only the high-level pathis speci ed by the source. The detailedpath
througha remotepeergroupis determinedy a borderswitchof thatpeergroup.
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Source Address: 0.2.1.2
. .. Peer C-_-_ro_up2

PeerGroup"l-.: _ Nodel h Peer Group 3

‘ D'esvtination Address: 0.2.3.4

Figure4.1: lllustrationof hierarchicabddressingindsourcerouting.

2 containsNodesl1, 2, and3.2 Thesenodescontain3, 5, and4 switches respec-
tively. To specify for example thesourceat Switch2 of Nodel of PeerGroup2 in
Network 0, we usethe 4-tuple0.2.1.2. The examplein Fig. 4.1 shavs a sourceat
0.2.1.2anddestinatiorat0.2.3.4.Thesourced.2.1.2Zhasspeci c informationabout
its peerswitches0.2.1.1and0.2.1.3,but only aggr@gatedinformationaboutnodes
0.2.2and0.2.3. Theresultof performingsourceroutingis a tentatve hierarchical
pathto reachthedestinationge.g.,0212 0211 022 02 3whichspec-
i es theexactpathlocally (0212 021 1)thenthe sequencef remotenodes
toreachthedestination 022 02 3). Uponinitiating theconnectiorrequest,
the speci ed pathis eshed out, and,if successfula (virtual circuit) connection
satisfyingprespeci edend-to-endQoS requirementss setup. In this case,the
borderswitches.2.2.4and0.2.3.2in Nodes2 and3, respecirely, areresponsible
for determiningthe detailedpathto follow within their respectre group. Further
more, eachswitch will have a local ConnectionAdmissionControl (CAC) algo-
rithm which it usesto determinewhethernew connectionrequestsanin fact be

2Thesenodesare peergroupsin their own right, but we usethe term “node” hereto avoid
confusionwith the peergroupsat the next level of the hierarchy
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admittedwithoutdegradedperformancelf theattempffails, crankba& occursand
new attemptsaremadeat routingtherequest(Our modelwill ignorecrankback.)

4.1.2 Explicit vs.implicit representationsof available capacity

To doroutingin this hierarchicaframeavork, we mustdecidehow to representhe
“available” capacityof a peergroup, eitherexplicitly or implicitly. The explicit
representatiotakesthe physicaltopologyandstateof a peergroupandrepresents
it with alogicaltopologyplusametricdenotingavailablecapacitythatis associated
with eachlogical link. Theremay alsobe othermetricssuchasthe averagedelay
associateavith logicallinks.

Typically, the rst stepin forming the explicit representatioms to nd the
maximumavailablebandwidthpathbetweereachpair of bordernodesj.e., nodes
directly connectedo a link that goesoutsidethe peergroup. If we then create
alogical link betweeneachpair of bordernodesandassignit this bandwidthpa-
rameterwe have takenthe full-meshapproacH45]. If we collapsethe entirepeer
groupinto asinglepointandadwertiseonly oneparametevalue(usuallythe“worst
case’parameter)we havetakenthesymmetric-poinapproach45]. Mostproposed
solutionslie somevherebetweerthesetwo extremes.

In the ATM PNNI speci cation[71], the baselineepresentatiors a starin
which eachspole hasthe sameparameteralueassociateavith it. More comple
representationare permittedin which exceptionshave a differentassociategba-
rametervaluethanthe default. Theseexceptionscanbe a spole of the staror an
additionallogicallink thatconnects pair of bordernodes.

Anotheralternatve is to startwith the full-meshapproachandencodethe
meshin amaximumweightspanningree[45]. Externalnodescanrecoverthefull-
meshrepresentatiofrom the spanningreeif they desire.Whereaghe symmetric
startopologyapproximateshe“capacityregion” of the peergroupby ahypercube
region,thespanningreeapproximates with ahyperrectangle A simpleexample
will help clarify the meaningof the term “capacityregion” Supposeve have the
three-linkpeergroupshavnin Fig. 4.2with availablelink capacitie€;, C, andCs
androutesr; andr,. Let f1 (f2) bethecurrentamountof capacityin useby connec-
tionsonroutesr; (r2). Thenwe have threelink constraints:f; Cg, fo Cp, and
f1  fo Cg, plustherequirementhatf; Oandf, 0. Theseconstraintsle ne
thecapacityregionasshovnin Fig. 4.3. Thesymmetricstartopologyapproximates
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Figure4.2: Peergroupwith threelinks andtwo routes.

the capacityregion with a squarede ned by f; minC; C,, f, minCy Cp,
f1 0,andf, 0. Thespanningireeapproximatest with a rectanglegiven by
fi Cp, fp Cp, f1 0,andfy 0. It shouldbeclearfrom Fig. 4.4 thatneither
of theseapproachesaptureghe sharingof capacityby routesr1 andr, onlink 3,
leadingto asomeavhatoptimisticadwertisedcapacity

A third approachs to approximatethe capacityregion with a hyperplane
[76]. For theexampleshawn in Fig. 4.3,0nepossiblechoicewould bethetriangle
givenby f; f, GCs f; 0,andf, O (seeFig. 4.4). When coupledwith
predictionof offeredloads,the hyperplaneapproachasthe potentialto provide a
moreaccurateictureof theavailablecapacitythanthe staror the spanningree.

None of the explicit representationdjowever, are without problems. For
example,as mentionedearlier the maximumavailable bandwidthpathsbetween
differentpairsof bordernodesmay overlap,causingthe adwertisedcapacityto be
toooptimistic. Anotherquestionablareas scalabilityto largernetworkswith more
levelsof hierarchy

4.1.3 QoSrouting basedon implied costs

A moreimportantproblemis how therepresentationoupleswith routing. Canwe
really deviseanaccuratgepresentatiothatis independentf the choiceof routing
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f1 C

Capacity
Region

Figure4.3: The capacityregion basednthelink constraintsmposedonthe o ws
alongthetwo routes.

algorithm?Noneof the explicit representationaddresghe effect thatacceptinga
callwouldhave onthecongestiorievel bothwithin thepeergroupandin otherparts
of thenetwork dueto interdependencieamongtraf c streamsFor thisreasonwe
introduceanimplicit representatiobasedntheaveragamplied costto gothrough
or into a peergroupthatdirectly addressethis issueandis anintegral partof the
adaptve hierarchicakourceroutingalgorithmthatwe propose.

Suchimplied costsre ect the congestionn peergroupsaswell astheinter-
dependencieamongtraf ¢ streamsn the network, and,independendf their use
in aroutingalgorithm,they may be usefulto network operatordor the purposeof
assessingurrentcongestiorievels. A roughmotivationbehindusingthe average
is that, in a large network with diverserouting, a connectioncominginto a peer
groupcanbethoughtof astakinga randompaththroughthatgroup,andhencethe
expectedcostthata call would incur would simply be the averageover all transit
routesthroughthatgroup.We will developtwo closelyrelatedapproximationsone
in which the computedaverageimplied costsare never usedfor the local portion
of aroute,anda moreaggressie approximationn which the averagemplied cost
is usedlocally aswell asremotelyfor transitroutestraversingmorethanonepeer
group. This secondapproximatiorwill enableusto guaranteeonvergenceof the
implied costcomputationunderary trafc conditions,not just underlight loads.
With this approacha route transitingthrougha peergroup can be thoughtof as
consuminganamountof bandwidthon eachlink in thatpeergroupthatis propor
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Figure4.4: Variousapproximationso the capacityregionin Fig. 4.3.
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tionalto thefractionof actualtransittraf ¢ in thatpeergroupwhich passeshrough
thatlink.

In orderfor our schemeo succeedywe needa hierarchicalcomputatiornof
theimplied costsanda complementaryouting algorithmto selectamongvarious
hierarchicalpaths. The pathselectionwill be donethroughadaptve (sometimes
calledquasi-staticyouting,i.e., slowly varyinghow demands split betweertransit
routesthattraversemorethanonepeergroup,with the goalof maximizingtherate
of revenuegeneratedby the network. After eliminatingrouteswhich do not satisfy
the QoSconstraintse.g.,end-to-endlelay? thedemandor transitroutesconnect-
ing a given source/destinatiopair canbe split basedon the revenuesensitvities
which arecalculatedusingthe implied costs.Within peergroups,we feel thatdy-
namicrouting shouldbe usedbecausef the availability of accuratdocal routing
information.

By usingan adaptve algorithmbasedon implied costs,we take the point
of view that rst it is of essenceéo designan algorithmthat doesthe right thing
on the “averagé€, or sayin termsof orientingthe high-level o ws in the system
toward a desirablesteadystate. In orderto make the routing schemerobust to

uctuations, appropriateactionswould needto be taken uponblocking/crankback
to ensureggood,equitableperformancen scenariosvith temporaryheary loads.

4.1.4 Usinghierarchy to reducecomplexity

We now give an exampleof the compleity reductionachiezable with our algo-
rithm. Considera network consistingsolely of PeerGroup?2 in Fig. 4.1. As will
be explainedin Sec.4.4, the implied costsare computedvia a distributed, itera-
tive computation.At eachiteration,the links mustexchangetheir currentvalues.
Making theassumptiorthatNodesl, 2, and3 areconnectedocally usinga broad-
castmedium,this would require81 messageger iterationif we did not employ
averaging.With our algorithmfor computingthe implied costs,only 41 messages
periterationwould be neededa savings of 49%. The memorysavings would be
commensuratavith thesenumbers,andthe computationacompleity of the two
algorithmsis roughly the same. This reductionis signi cant becausenformation
updaten analgorithmsuchasPNNI is arealproblem,asit caneasilyoverloadthe

3In our model,effectivebandwidth[16, 4] allocationis usedto control queueingdelayswhich
translatego alimit on hopcountsplus propagatiordelayin orderto satisfya givendelaybound.
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network elementg62].

4.1.5 Chapter roadmap

Therestof this chaptelis organizedasfollows. Sec.4.2summarizesheprior work
directly relevant to the materialin this chapter Sec.4.3 explainsour modeland
notation. The theoreticalbasisof our adaptve routing schemeandits relationto
Kelly'swork is givenin Sec.4.4. An alternatve approximatiorof theimplied costs
thatworks underary traf c conditionsis developedin Sec.4.5. Sec.4.6 presents
somecomputationatesultswhich attemptto quantifyrouting“errors” dueto inac-
curaciescausedoy aggrgation. In Sec.4.7, we discusson-line measurementsf
somenecessaryparametersandSec.4.8 brie y outlinesextensiongo a multiser
vice ervironment.Finally, Sec.4.9 concludesvith a chaptersummary

4.2 Relatedwork

Hierarchicalrouting hasbeenwidely studiedandusedin both telephoneanddata
networks[14, 26, 34,43, 68]. Generally only simplerouting metricssuchashop
counthave beenusedto selectappropriatepaths. With the currenttrend toward
integratedbroadbandhetworks, interestin QoS-sensitie routing algorithmshas
beenincreasing47, 59, 74]. In addition,the desirefor large-scalenetworking has
madea combinatiorof theabove, hierarchicalQoS-sensitie routingalgorithms an
importantareaof study[29, 48, 56, 71]. For the speci c caseof routingin ATM
networks, which supportsQoS and makes use of hierarchyandis consequently
quite comple, a goodoverview canbe foundin [2]. As an aside,we note that
QoSrouting problemssuchasthe constrainedshortesipathproblemaretypically
NP-completd22, 74].

As part of the researchon hierarchicalQoS-sensitie routing, the explicit
representationf availablesubnetverk capacityhasbeenstudiedin detail[45, 46,
71,76]. However, our implicit representatiobasedon implied costsis nen. Here
we have extendedhework of Kelly andotherson the computatiorof implied costs
andtheir usein adaptve routing schemesn single-serviceand multiservice at
networks[19, 36, 52]. Our proposedoutingalgorithmlies in the classof network
optimal algorithmsasit attemptgo maximizethe rate of revenuefor the network
insteadof greedilytrying to individually maximizeeachusers bene t. Network
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versususeroptimizationandthe possibleeffectson stability in QoS-sensitie rout-
ing is anissueworthy of further study An earlierversionof the materialin this
chaptercanbefoundin [53].

4.3 Model and notation

Our modelis that of a lossnetwork servinga singletype of trafc, # i.e., all calls
requireunit bandwidth,call holding times are independen{of all earlierarrival
timesandholding times)andidentically distributedwith unit mean,andblocked
callsarelost. The unit bandwidthrequiremenper call canbe consideredo be an
effectivebandwidth[16, 40] which captureghetrafc behaior. The capacityof
eachlink j JisC;j units,andthereareatotal of J links in thenetwork. Eachlink
j isanelementof asinglenoden j N, whereanaggrgatednoden is de ned
asacollectionof links thatform a peergroupor thatconnectwo peergroups® We
de ne Ej, to beanindicatorfunctionfor theeventthatlink j is anelemenbf node
n, andPjk is anindicatorfunctionfor theeventthatlink j is apeerof link k (i.e.,in
the samenode).A routeis consideredo bea collectionof links in J; router R
usesAj, circuitsonlink j J, whereAj; 0 1 .5 A transitrouteis de ned as
aroutethatcontaindinks in morethanonenode,and Ty, is anindicatorfunction
for the eventthattransitrouter passeshroughnoden. A call requestingouter
is acceptedf thereareat leastAj, circuits availableon everylink j. If accepted,
the call simultaneouslyholdsAj; circuits from link j for the holding time of the
call. Otherwisethecall is blocked andlost. Callsrequestingouter arrive asan
independen®oissorproces®f raten,. For corveniencegde nitions of thesymbols
we will beusingarecollectedin Table4.1. Whereappropriateall valuesreferred
to in this chapteraresteady-statguantities.

For simplicity, we only consideranetwork with onelevel of aggregationlike
thatshavnin Fig. 4.5. This network hasthreepeergroups.consistingof 3, 5, and4
switchesfespectiely. Thelogical view of the network from a givenpeergroup's
perspectie consistf completeinformationfor all links within the peergroupbut
only aggrgatednformationfor links betweerpeergroupsandin otherpeergroups.

4Extensiongo multiservicenetworkswill bepresentedh Sec.4.8.

STheremaybemultiple links connectinghe borderswitchesof two peergroups.This setof one
or moreinterconnectinginks is consideredo be a separataggrejatednodein our model.

6In generaltheseroutesmightincludemulticastroutes.
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Symbol

Description

JJ Number(set)of links in the network.
Ci Capacityof link j in circuits.
R R Number(set)of routesde nedin the network.
N N Number(set)of nodeswherea nodeis de ned asa collectionof links that
form apeergroupor thatconnectwo peergroups.
n j Link j isanelementof noden j .
Ajr Numberof circuits (or unitsof capacity)usedby router onlink j.
Ejn Indicatorfunctionfor theeventthatlink j is anelementof noden.
Tor Indicatorfunctionfor the eventthattransitrouter passeshroughnoden.
Pjk Indicatorfunctionfor theeventthatlink j isapeeroflink k (i.e.,in thesame
node).
n Rateof independenPoissorarrival procesdor router.
L, Blocking probabilityfor router.
I Throughputachievedonrouter.
Bj Blocking probabilityatlink j.
rj Reducedoadatlink j from thinnedPoissorstreamavhich passhroughj.
o] Throughputachievedthroughlink j.
hj The expectedincreasein blocking probability at link j from removing a
singlecircuit.
d; The expectednumberof calls blocked at link j asa resultof remaving a
singlecircuit for unit time.
W, Revenuegeneratedby acceptinga connectioronrouter.
W n; C  Rateof revenuefor the network.
Cj Implied costto later callswhich areblocked dueto acceptinga connection
throughlink j.
cr Sumof implied costsfor links in router thatlie in noden.
Cn Averagemplied costof transitingthroughnoden.
S Surplusvalue(revenueminuscosts)of anadditionalconnectioronrouter.
S Surplusvalueof anadditionalconnectioronrouter from the perspectie of
link j r (in thehierarchicaframeavork).
H, Setof hierarchicapathsfrom the point of view of noden.
Hijn Numberof circuitsusedexplicitly by hierarchicapathh onlink j.
Ln Blocking probabilityfor hierarchicalpathh.
I h Throughputachieved on hierarchicapathh.
Sh; j Surplusvalueof anadditionalconnectioron hierarchicapathh of which j

is anexplicit member

Table4.1: De nition of symbolsfor single-servicenodel.
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Peer Group

Peer Group 2 Peer Group 3

Figure4.5: Examplenetwork with a singlelevel of aggreation

/ Logical
S Links

Peer Group 2 Peer Group 3

Figure4.6: Logical view of the network from the perspectie of peergroupl. The
setof links connectingwo peergroupsis alsoconsideredo beanaggrgatednode

in our model.
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The otherpeergroupsconceptuallyhave logical links which connecteachpair of

borderswitchesandconnecieachborderswitchto eachinternaldestinationThese
logicallinks have anassociated@npliedcost i.e., mamginal costof usingthislogical

resourcewhich is approximatedrom the real link implied costs. Currently we

calculatean averageimplied costfor ary transitroutethat passeshroughor into

anode,i.e., all of thelogical links in a nodehave the sameimplied cost,andthis

valueis thenad\ertisedto otherpeergroups.Fig. 4.6 shavs thelogical view of the

examplenetwork from the perspectie of peergroupl.

4.4 Approximationsto revenuesensitvity

To calculateherevenuesensitvities,we must rst nd theblockingprobabilityfor
eachroute,animportantperformanceneasuren its own right. Steady-statblock-
ing probabilitiescanbeobtainedhroughtheinvariantdistribution of thenumberof
callsin progresson eachroute. However, the normalizationconstantfor this dis-
tribution canbe dif cult to compute gspeciallyfor large networks. Therefore the
blocking probabilitiesare usually estimatedusingthe Erlang x ed point approxi-
mation [26, 38]. For easeof referencewe repeatthe presentatiorof the Erlang
X edpointapproximatioralreadygivenin Sec.3.4.1.
LetB Bj j J bethesolutiontotheequations

Bi Er;C; i J (4.1)

where

~

ri aAm O 1 B 4.2)
r R kr j

andthefunctionE is theErlangB formula[8]
rc.:j Cj ¢n !

CC -
Er;C =

ci r?oﬁ (4.3)

ThevectorBis calledtheErlang x edpoint; its existenceollowsfrom theBrouwer
x edpointtheoremanduniquenessgvasprovedin [35]. UsingB, anapproximation
for the blockingprobabilityonrouter is

L 1 01 B (4.4)
kr
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Theideabehindthe approximations asfollows. EachPoissonstreamof raten,
that passeghroughlink j is thinnedby a factorl By ateachlink k r |
beforebeingofferedto j. Assumingthesehinningsareindependenbothfrom link
tolink andoverall routes thenthetrafc offeredtolink j is Poissorwith rater j as
givenin (4.2),theblockingprobabilityatlink j is Bj asgivenin (4.1),andtheloss
probabilityonrouter is exactlyL, asgivenin (4.4).

Alternatiely, insteadof usingthe Erlang x ed point to approximatethe
blocking probabilities,it may be more accurateand ef cient to measurehe rel-
evant quantities. Speci cally, L, | ; (the throughputachiezed on router), and
d; ar rAjrlr (thetotal throughputthroughlink j) canbe obtainedbasedon
moving-averageestimates. This will in turn allow us to computethe associated
implied costsandhencethe approximateevenuesensitvities. We will discusghe
subjectof on-linemeasuremenisorefully in Sec.4.7.

Assumingthata call acceptedn router generateanexpectedrevenuew,,
therateof revenuefor thenetwork is

WnC g wl, (4.5)
r R

Startingfrom the Erlang x edpointapproximatiorandby extendingthe de nition

of the ErlangB formula(4.3) to non-intgyral valuesof C; via linearinterpolation’
the sensitvity of the rate of revenuewith respectto the offered loadshasbeen
derivedby Kelly [36] andis givenby

iW n; C 1 L (4.6)

M

where

S W éAerk (4.7)
k J

is the surplusvalue of an additionalconnectionon router, andthe link implied
costsarethe (unique)solutionto the equations

ci hjl1 B; 1é_ Ajlr 5 ¢ i J (4.8)
r R

At integer valuesof Cj, de ne the derivative of E rj C; with respectto Cj to be the left
dervative.
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whereh; ErjC; 1 ErjCj.Bjrj, andL, areobtainedrom theErlang
x edpointapproximationandl , n 1 L; .

Remark.In a at network, the offered load for a given source/destinatiopair

shouldbe split amongthe available routesbasedon the revenuesensitvities in

(4.6). An additionalcall offeredto router will beacceptedvith probabilityl L,.

If acceptedijt will generataevenuew;, but at a costof ¢; for eachj r. The
implied costsc quantify the potentialknock-oneffects or expectedlossin rev-

enuedueto acceptinga call. The goal of the routing algorithmis to maximize
therateof network revenueW n; C by adaptvely adjustingthe splitting for each
source/destinatiopair over time in responsdo changingtrafc conditions. The
splitting for a source/destinatiopair shouldfavor routesfor which 1 L, s has
apositive valuesinceincreasinghe offeredtraf c ontheserouteswill increasehe
rateof revenue. Routesfor which 1 L, s is negative shouldbe avoided, with

all adjustmentsf the splitting madegraduallyto guardagainssuddercongestion.
We notethat, in generalW n; C is not concae, sotheremay exist nonoptimal
local maxima. However, Kelly hasshawn thatit is asymptoticallyinearasn and
C areincreasedn proportion[36]. Furthermoregventhoughtheroutingalgorithm
could potentiallyreacha nonoptimallocal maximumof the revenuefunction, the

stochasticuctuations in the offeredtrafc may allow it to escapdhat particular
region.

To performaggreationby peergroup,we rst de ne thequantity & asthe
weightedaverageof the implied costsassociatedvith piecesof transitroutesthat
passthroughor enternoden (or, equialently, over the links in n visited by such
routes)where,in thefollowing,ci' & jAjrEjnCj:

é.r RanI FCP

ér Ran|r
éj JEjl‘l ér RanAjr|r Cj (4.9)
ér Ran|r .

Thisaveragings illustratedin Fig. 4.7. We rede nethesurplusvaluefor arouteas
afunctionof thelocal link implied costsandthe remotenodalimplied costs,from
theperspectiveoflink j r (seeFig. 4.8):

S;j Wr é. A FjCk é Tor s (4.10)
k J

nnj
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Figure4.7: Computatiorof 4 for anaggregatednoden with two transitroutes.

Figure4.8: Implied costsfor aroutefrom the perspectie of link j.
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Thelink implied costsarenow calculatedas

¢ hjl1 B *aAdrsj ¢ | J (4.12)
r R
In the sequel,we will addresghe following issues:the existenceof a uniqueso-
lution to theseequationscorvergenceto thatsolution,andtheaccurag relatve to
Kelly'simplied costs.
EqQ. (4.11) canbe solved iteratively in a distributedfashionvia successie

substitutionIf we de ne alinearmappingf : Jpbyf f1fo f3,
1:j X hj 1 Bj ! é Ajrl r Wr é AkrijXk é an'é( (4.12)
r R K j nnj

thensuccessie substitutioncorrespondso calculatingthesequencd’ x i 1 2
, Wheref' x istheresultof iteratingthelinearmappingi times.
De ne anormon “ by

[] [e] I
Xm maxAjr aAchix a Tar X, (4.13)
1T K j nnj
where
— éj JEjn &r R TnrAjrl ¢+ X
X .
ar R Trl ¢

For ary positive vectora, wede ne theweightedmaximumnormon 7 by x &
max| ;—‘J , Wherewe suppresgheindex a if a;j 1 for all j . Also, letd
d; do d; , whered; hjr;j denote€rlangsimprovementformula.

Theorem4.1. Suppos¢hat d v 1. Thenthemappingf : Jisacontrac-

tion mappingunderthenorm  y, andthesequencd' x i 12 ,corvemes
to ¢, theuniquesolutionof (4.11) for anyx 7.

Proof: Choosex x 7. Then, j J,

r R

a T A A

nnj

fix fjx hj 1 B; 1éAjr|réAer<ij Xk
k j
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Therefore

fix fjx hj 1 B 1éAjr|réAer<ij Xy é Tor A éﬁ
r R k j nnj

hj 1 B; 1éAjr|rX X M
r R
hjrj X X m

Takingthe normon bothsideswe have
fx fx v dmXx X wm

Sof isacontractionmappingif d »y 1. Usingthede nition of a contrac-
tion mappingandthe propertiesof norms,one caneasilyshowv thatthe sequence
fix i 12 corvemgestoc,theuniquesolutionof (4.11),foraryx 7.

|

Remark.Theproducthjr j increaseso 1 asr j, theofferedloadatlink j, increases
[36]. So d v 1 canbereferredto asa light load condition. If the network
haslong routesand/orheaily loadedlinks, this constraintmay be violated,but at
moderateutilization levels, we expectthatit will hold. As anexample,considera
lossnetwork in which all links have capacityC ~ 150andthereducedoadateach
link from thinnedPoissorstreamssr  100. Furthermorefor simplicity, assume
thateachtransitrouteacrossa nodehasthe samelength. Thend 33 10 ° for
eachlink, andthe condition d y 1 requiresthe maximumroutelengthto be
at most30,717links. The blocking probability for a route of maximumlengthis
approximately2% (underthe link independencassumption)lIf r is increasedo
120for eachlink, themaximumroutelengthis 33 links with a blockingprobability
of approximately3% alongsucharoute. At r 140, the maximumroutelength
is 3 links with a blocking probability of approximately8%. For this example,link
utilizationsup to about80%arecertainlyfeasibleunderour “light load” condition.
As the capacitie®f thelinks increasdrelative to bandwidthrequests)evenhigher
utilizationsarepossiblebeforethemaximumroutelengthbecomesoo smalland/or
blockingbecomegrohibitive.

The corvergenceproved in Thm. 4.1 assumesteratesare computedsyn-
chronously In alarge-scaleetwork, synchronougomputatiormay beinfeasible,

81



sowe will shav that our light load conditionis sufcient for corvergenceof an
asynchronousomputationin thefollowing sensg9]:

Assumption4.1. (Total Asynchronism)Eachlink performsupdatesn nitely of-
ten, andgivenary time t1, thereexistsatimet, t; suchthatforallt tz, no
componentalues(link and averageimplied costs)usedin updatesoccurringat
timet werecomputedeforet;.

Notethat,underthis assumptionpld informationis eventuallypurgedfrom
the computation put the amountof time by which the variablesare outdatedcan
becomainboundedst increases.

Theorem4.2. Supposdhat d y 1andd 0. Then,under Assumptiord.1
(total asyntironism),thesequencef’ x i 12 |, convemesto c, the unique
solutionof (4.11) for anyx 7.

Proof: Rewrite (4.11)in matrixformasf x  Gx b. Thegoalis to shav that
G correspondgo a weightedmaximumnorm contraction. For, in that case,we
cansatisfythe conditionsof the AsynchronousCorvergenceTheoremin [9] (see
Sec.6.2 and 6.3, pp. 431-435),which guaranteegssynchronougorvergenceto
theunique x edpointc. In thefollowing, we used asthe weightvectorfor the
weightedmaximumnorm;in orderto do so, we requirethe conditiond 0. (We
areguaranteethatd 0, butin all practicalcasesl 0 aswe have assumed).
Choosex x  J.Then, j J,

fix fjx hj 1 B 1éAjr|réAer<ij Xy é Tor A éﬁ
r R K j nnj
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Therefore

fix fix hil1 B, 1 Xk
) d J ) d J é, Ajrl r é, Akrpkjdk d a
j j r R K j K
8 T &1 JBin &q R TndAgl ¢ di X|d|xI
nr o
n nj aq Ranl q
hi1 B; 1
% é AjrI r é Aerddk
] r R K j
3 anél JEin &q R TngAgl ¢ di J
nh dq RTndl g

sincethe weightedmaximumnorm x § maxj J g—i . Takingthe normon both
sideswe have

fx fx § G¢x x§

wheretheinducedmatrixnorm G § max J d—ljék J 9jk dk [9]. SoG corre-

sponddo a weightedmaximumnorm contractionf G g 1. Thisfollows from
d m 1because

d hj1 Bj 1, o
G§ macl= =l 3 Al A AcPick
] i r R K j
a) jEn & T, lqd
éanlJlnoanquqql
nonj dq R Tndl g
hj1 By !,
max————— g Ajlr dwy
iJ d; r R
d wm
sincer | 1 B 1érRAerranddj hjrj. [

Remark.With theadditionalrestrictionof boundedommunicatiomelaysthecon-
vergencerateof anasynchronougerationsatisfyingthe conditionsof Thm.4.2is
geometricand canactually be fasterthanthe correspondingynchronousersion
which hasto wait for all valuesfrom the previous iterationto be distributed be-
fore performingthe next update. See[9, pp. 441-443]for the detailsof a situa-
tion analogougo ourswhich has“fast” local communicatior(within peergroups)
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and“slower” remotecommunicationbetweenpeergroups)andwherethe asyn-
chronousconvemgencerateis fasterif thereis a“strongcoupling” amongthelocal
variableqi.e.,thelocalimplied costs) a conditionwhich shouldtypically holdtrue
in a hierarchicalnetwork if the amountof local trafc dominateshe amountof
remotetraf c in eachpeergroup.

Theorem4.3. Suppos¢hat d y 1anddenotec andc asthesolutionsto (4.8)
and (4.11) respectively Dene D maX,r Twdm nTmr " & whee "
8 3A;rEjmcj and A is de nedby (4.9). Thenwehave

Dd 1y

wheeby s s y wemeanmaxrj r & S -

Proof: Wehave, j J,

Ci G hj 1 B; 1éAjr|ré'A‘krF)ijk Ck é Tor Cf '%
r R k j

nnj

Hence
¢ ¢ hjl By Y& Ail: & AR o
r R K j
é. Tor CF A & &
nnj
hjri ¢ cm D (4.15)

Takingthe M-norm on bothsidesandrearrangingwe have

Ddwm

C Cwm
We alsohave, | r suchthatj r,

SR éAkrij G G é an;% cr
k J

nnj
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Hence

s S aARiax &« a Twh A A& ¢
k J

nnj
Cj Cj c cm D sinceAj; 1
hjri ¢ cm D c cm D using(4.15)
d 1 c¢c cwm D
d 12 using(4.16)
YT dw 9L 20)-
Takingthe maximumnormon bothsides theresultfollows. [

Remark. The error betweenour modi ed implied costsandKelly's implied costs
will beminimizedunderlight loads( d v 1) andif thedifferencebetweertran-
sit route costsandthe averagefor eachnodeis small (D closeto 0). We usethe
maximumnormof s s asacomparisorbecausdt directly affectsthe difference
in the revenuesensitvity in (4.6) usingthe at andhierarchicalframewnorks. The
measuredalueof L, usedin (4.6) mayalsobedifferentfrom thatin a at network
becausd is potentiallyaveragedverseveralrouteswith thesamehierarchicapath
from agivennodes pointof view. Whenmakingadaptve routingdecisionsye are
reallyonly concerneaith therelatve valuesof ﬂ—RW n; C amongroutessharinga
commonsource/destinatiopair. It is unclearn whatsituationsour approximation
mightaffectthis ordering.

4.5 An alternative approximation

In this section,we considera more aggressie averagingmechanism.In the pre-
vious approachwe usedexactinformationfor resourcesvithin a peergroupand
aggregatedmetricsto represenits remotepeers.By contrasthereinwe alsoper
form localaveragingamongroutestransitingthroughor into alocal peergroup.We
will shaw thatthis alternatve approximatiorhasa similar structureto the previous
casealthoughtherelationto theexactimplied costsis further“removed” Thekey
adwantageof thisapproachs that,subjectto sufcient dampingonecanshowv con-
vergenceto new approximateamplied costsunderary traf ¢ conditionsandroute
topology In fact,the requireddampingwithin a peergroupdependsnly on local
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information,the numberof links within the peergroup,andaggregatedglobalin-

formation,thetotal numberof peergroups.Thus,thedampingfactorwithin a peer

grouponly requiresnformationthatis consistentith its hierarchicallyaggregated

view of thenetwork, andthenonlocalknowledgerequired hamelythetotal number

of peergroups,s notdetrimentato the decentralizehatureof the computation.
De ne thematrix Awith elementsﬂé]r 0 1 suchthat

4q RTnj qAidl q it e 1

,é]r dgRTnjda

Ajr if T,;, O

(4.17)

Local routesremainunchangedthey take a single circuit on eachlink that they
traverse. However, transitroutescanbe thoughtof as consuminga fraction of a
circuit on every link in eachnodethatthey traverse. This fractionis equalto the
fraction,é]r of transittrafc in noden j which passeshroughthatlink. Notethat
the offeredloadr j atlink j remainghe samewhetherit is computedbasednthe
at netv\ork'sroutingmatrixAortheaggr@atedoutingmatrixﬂé.\ Indeedfor x ed
l,wehaver; 1 Bj & rAil: 1 Bj &, Rﬂé)rlr.

By substituting&\for A in (4.8), we have the following implied costequa-
tions:

¢, hj1 B ‘4 Al w Ao j J (4.18)
r R k j

We canrewrite theseequationsn variouswaysto bring out the connectionswith
bothour rst aggrgationmethod(4.9)andtheoriginalimplied costequationg4.8)
fora at network. First,we notethatfor agivenlink j androuter suchthatT, ;

1, we have § J&r&jck ,%j , which illuminatesthe role of ﬂé}r in performing
additionalaveragingof implied costsat the local level, comparethis with (4.9).
Secondywe canrewrite (4.18)as

¢ci hj1 B; 1 é ﬂé}r| r Wy é ArH(jCk é T A& (4.19)
r R K j nnj

hil Bj Y& 1 TojrArlrw & AcCk C
r R k J

Tn | r'é]rI r Wr é T A& ﬂé}er (4.20)
n N
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Eqg. (4.19)indicateshe connectiorwith our previousequationg4.11)for a hierar
chicalnetwork, the only differencebeingthe useof the Amatrix locally. In (4.20),
we seethatthe equationfor ¢; is a combinationof the original equation(4.8) for
routesnot transitingthroughnoden j andanequationbasedon “averaged’sur
plusvaluesss w &, N Tor & for routestransitingthroughnoden j plusthe
useof,é]r insteadof Aj;.

Basedon the above, we de ne a new linear mappingf : Jpy f
fy f2 fy,
fix h1 B & Al w & A&x (4.21)
r R K j

where f' x is the result of iterating the linear mappingi times. De ne f~g :
J J to be a dampedversionof the iteration f ~ for g diagg; ; where
g 01 j J

fgx 1 gx of x (4.22)

If wede ne anormon " by
xg max1A, 03 A x (4.23)
Jr k ]

thenThms.4.1and4.2canbeshavnto holdfor f x underthecondition d y 1.
However, ourmaininteresthereliesin proving corvergenceof thedampedteration

f ¢ x withoutrequiring d y; to belessthanone.
Theproofsof thefollowing two theoremsloselyresembleéhedevelopment
in [36, Sec.4]. Notethatall vectorsareconsideredo becolumnvectors.

Theorem4.4. Theequationg4.18)havea uniquesolutionc.

Proof: Rewrite (4.18)in theequialentform

¢ hj1 di 1 B '3 A, w & Ao (4.24)
r R k J

whered; hj1 Bj & rAI, hjirj.let§ §id § wheregc
denotegheright-handsideof (4.24).Also, de ne the positve diagonalmatrices

| diagl,, z diagh;1 d 1 B !,
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Thenwe canwrite (4.24)in matrixform as
c gc 2B w A

De ne the positve diagonalmatricesz%, z 2 componentwise The equationc
g c isequvalentto | BN ¢ ZAw. Multiplying bothsidesof thisequation
ontheleft by z %, we have

I Z%AA—Z%Z%C Z%AW

The symmetricmatrix | 2R A2 s positive de nite and henceinvertible.
Thustheequationc § ¢ hasauniquesolution

¢ z21 22AAZ: 128w (4.25)

whichis alsotheuniquesolutionto (4.18). ]
In thefollowing, let J, denotethe numberof links in noden, andrecallthat
N denoteghetotal numberof aggrg@atednodesn the network.

Theorem4.5. If g NJp Ly, thenthesequence‘jg xi 12
convemgesto €, theuniquesolutionof (4.18) for anyx 7.

Proof: It is enoughto establishthat the sequencefNig x i 12 ,corverges

sincethe limit vector mustsolve (4.18) by the continuity of fNg . De ne the
diagonalmatrices

| diagl;r b diagl Bjj h diaghj d diag h;f; j

wheref; 1 Bj 13, Rﬁ(’frl r. Thenin matrix form

fx hb *Aw hb A Ax dx
andso

| gl d ghb A& x ghb LA w

—y
(e}
X
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Thesequencefig x i 12 ,will corvergeprovidedtheeigemvaluesof theiter-

ationmatrix I gl d ghb A & Jieintheintenal 11 . Theeigervalues
of this matrix coincidewith the eigervaluesof the matrix

bzl gl d ghb YAA b zhig:

N
NI

g 2h

whichisoftheforml D M whereD isadiagonamatrixandM is asymmetric,
positive semi-de nitematrixof theformM  YTY. Theeigevaluesof D areequal
to its diagonaltermsd; j J. Letr D denotethe spectralradiusof D, i.e., the
maximumof the magnitude®f its eigervalues.Since0 aj hjr; 1andg
01 forallj J,wehavethat0 d; 1) J,andthusr D 1.

Next, we determinea boundon the spectralradiusof M. Let > denote
theEuclideamorm,andde ne theinducedmatrixnorm M zasmaxy , 1 Mx 2.
SinceM is symmetric,it canbe shavn thatr M M2 maxy, 1 xT Mx
maxy, 1 X'YTYX maxy, ;1 YX 3. Wewill shavthatr M is guaranteeto
belessthanoneif wechooseg;  NJy 1 j J. Wehavethefollowing:

1
1 111 22
Yx o 1:ADb thigx, & & 1#Anb, Thigix,
rR jJ
%
a al rﬁ@ﬁbj hijgg x%  bytheCauchy-Scharzinequality
rR jJ
1 1 1
o = 2 o 2 o 1 2
adg xz2 ag Xz adgyp- X
jJ i J j 3 N9nj
o o Ejn % o 1 %
a a TR a N X2 X2
nNjJ' N n N

Thereforey M M2 maxy, YX3 1

SinceD is a diagonalmatrix with positveterms,D M is symmetricand
positivede nite. Thereforeijts eigervaluesarestrictly positive,andit canbewritten
in theform SKS ! whereK is a diagonalmatrix with the sameeigemvalues. The
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maximumeigervalueof D M is strictly lessthan2 because

rb M D M D, M2 rD rM 2

Hence thetermsof K lie in theinterval 0 2 , andsothetermsof | K lie in the
interval 1 1. Butthesetermsaretheeigemvaluesofl D M because

SI KS! | kst | D ™

Thus,theeigervaluesof theoriginaliterationmatrixlie in theinterval 1 1, and
thesequencé'g X i 12 ,corvergestoC. [

Remark.The corvergenceprovedin Thm. 4.5is basedon synchronousterations.
To prove totally asynchronousornvemgenceof the dampedcomputationjt is suf-
cient to showv that the iterationmatrixG | gl d ghb 1A A corre-
sponddo aweightedmaximumnormcontractionpr equvalently thatr G 1,

wherer G is the spectralradiusof the matrix G having aselementghe abso-
lute values gjx of the elementsof G. The proof of Thm. 4.5 shaved that with

g NJ; ' j J wehaer G 1. However, the off-diagonalentries
of G arenonpositve, andits structureis suchthat no matterhow smallwe make
g 0, we cannotguaranteghatr G 1 without requiringthe light load con-
dition d y; 1. Ourconjecturds thatundera partially asynchronousmodel[9],

i.e.,thereis a x edboundD ontheamountof time by which theinformationused
atalink canbecomeoutdatedthealgorithmwill corvergeif we useasmallenough
stepsizag As theasynchronisnmeasured or the numberof links J increasesywe
would have to decreasgto mitigatethe effectsof asynchronism.

4.6 Computational results

In this sectionwe explorethecomputatiorof theimplied costsatonepointin time
for a givensetof offeredloads. We usethe Erlang x ed point equationgo obtain
therouteblockingprobabilities andtheninputtheresultsto theimplied costcalcu-
lations.Letc, ¢, and€ denotehesolutionsto (4.8),(4.11),and(4.18),respectrely.
Thesurplusvaluessands arecomputedaccordingo (4.7)and(4.10) respectrely.
For our alternatve approximationwe computes, w, 4y jAkCk. Becausave
usethe samerouteblocking probabilitiesL in computingthe revenuesensitvities
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Peer Group 1

Peer Grc;up 3

Peer Group 2

)

Figure4.9: Symmetricnetwork with a singlelevel of aggreation.

for all threecasesthe expectedandmaximumrelative surplusvaluedifferencesre
equalto the expectedandmaximumrelative revenuesensitvity errors. Theresults
discussedbelon aresummarizedn Tables4.2and4.4.

We startwith thesymmetricnetwork shavn in Fig. 4.9andassigracapacity
of 20to eachlink. We de ne atotal of 45 routeswith offeredloadsrangingfrom
1 0to 3 0in suchaway thatthe offeredloadsat eachlink in thethreepeergroups
arethe sameandall transitroutesuseonly onelink in the peergroupsthat they
passthrough. Eachacceptedconnectiongenerates revenueof 1 0. Underthese
conditionsthecalculatedmpliedcostscandc arethesame.Thus, s S Sy
maXrjr S S5 S 0, and,asaresult,therevenuesensitvities arealsothe
same For eachlink in thepeergroupsgcj 0 015.Forthelinks connectinghepeer
groupscj 0 129.Comparedo ouralternatve approximationthedifferencesre
quitesmall: ¢ € cy O07%,and s § sy 004%.

Next, we take the symmetriccaseandincreaseheloadonthelinks in peer
group 1 to nearcapacityby increasingthe offered loadsfor local routesin peer
groupl to threeanda half timestheir previousvalues.This causesheimplied cost
calculationsfor ¢ andc to differ slightly, resultingin ¢ ¢ cy 03%and

S S Sy 15%. Dueto theheary loadsin peergroupl, theimplied costs
Carenotasaccurate: ¢ € cy 90%,and s S sy 975%. (Despite
thelatterresult,wenotethat s § s a, r NS & S &, rNrisonly
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150%28) To demonstrat¢he changein revenuesensitvities from the symmetric
case,considerthe two alternatve routesconsistingof the following setsof links:
ri 293 andry 10 6 11 5 . In thesymmetriccase therevenuesensitves
for ry andry are0 823 and 0 684, respecitrely. In the presentoverloadedcase,
the revenuesensitvities changeto approximately0 416 and0 772, respectiely.®
Thelongerrouteis now favoredbecauseét avoids passinghroughthe overloaded
peergroup. We notethat, usingour rst hierarchicalapproximationthe revenue
sensitvity may vary alonga particularroute dependingon which link is making
the calculation(dueto the s; j term). To be exact, all links of a routein a given
peergroupwill computethe samesensitvity, but links of the routein a different
peergroupmay computea differentvalue. For our currentexample,the revenue
sensitvitiesvary only slightly alongroutes,ontheorderof 0 004in theworstcase.

As anotherexampleof an overloadscenariowe startwith the symmetric
caseandincreasehe loadson transitroutesbetweenpeergroupsl and2 by one
anda half times, causinglink 9 to be nearcapacity For this case the differences
betweerthe rst two approximationgsregreaterthanin the previousoverloadsce-
nario, ¢ ¢ cy 11%and s s sy 50%,butthesurplusvaluessfare
muchbetter: ¢ € cy 181%and s § sy 44%. Thisis dueto the
factthattheoverloadedthodeconsistof only asinglelink, mitigatingtheerrorsdue
to local averagingof transitroutecosts. The revenuesensitvities for r1 andr, are
approximately0 335and0 686, respectrely, which would causethe routingalgo-
rithm to sendmoretraf c aroundtheoverloadasdesired Comparedo theprevious
casethereis greatewariationin therevenuesensitvities alongeachrouteusings,
ontheorderof 0 013in theworstcase.

For a fourth experimentwith a more variedtopology we usethe network
shavnin Fig. 4.5. We de ne atotal of 122 routeswith offeredloadsrangingfrom
01to 20. Two routesarede ned betweeneachpair of switchesexceptfor the
membersf peergroup2 which have only onelocal route betweenreachpair. As
before,eachacceptectonnectiongenerates revenueof 1 0. Thelink capacities
arevariedbetweenpeergroups: links in peergroupsl, 2, and 3 have capacities
25,40, and 30, respectrely, andthe connectindinks have a capacityof 35 each.
Despitethelossof symmetry the implied costcalculationsare surprisinglyclose:

8Similarly, wedene ¢ ¢ ¢ &;3rjc & c & arj.
9The revenuesensitvity valuespresentedn this sectionare computedusingthe surplusvalues
s. Usings or §resultsin slightly differentvaluesbut the samerelative ordering.
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Rev. senserror: ¥
S S s §
T T W Mng. W 1n
Symmetridoad || 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: ¥
cc CC —CCC Lmax | d m | Iterations
Symmetridoad || 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: Computationatesultsfor thefour experiments.

the worst-caseadifferencesare ¢ ¢ cy 21%, ¢ € cy 62%,and
S S Sy s § sy 155%.

Table4.2 summarizeshe mainresultsof the four experiments.L nax is the
maximumroute blocking probability; the high valuesfor the middle two experi-
mentsarefor alocal routein peergroupl anda transitroutefrom peergroupl
to 2, respectrely. The iterationscolumndenotesthe rangeof iterationsneeded
for convergenceof the threeimplied costcomputations.Note that the light load
condition d »y 1holdsin everycase.

Two commentson the above experimentsarein order First, usingour rst
hierarchicalapproximationscheme one can unfortunatelyconstructcasesvhere
the revenuesensitvities vary enoughalonga routeto causean orderingbetween
alternatve routesfrom thesource$ pointof view thatis differentfrom thatobtained
in a at network. This would causethe adaptve routing algorithmto temporarily
shift offeredloadsin thewrongdirectionuntil thesensitvitiesbecamdartherapart.
As aresult,theroutingalgorithmwould adaptmoreslowly, butit is uncleamwhether
thisis acommonor troubling situation. Secondthe boundin Thm. 4.3 appeargo
beratherweak.It wastoo high by anorderof magnituden thetwo overloadcases.

In thefourth experimenthowever, it waslessthantwice theactualvalue.
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Figure4.10: A largersymmetricnetwork.

We also performedexperimentson the larger network shavn in Fig. 4.10
with a variablenumberof de ned groups. The group membershipsn termsof
the links in eachgrouparelistedin Table4.3. We de ne a total of 247 routes
with offeredloadsrangingfrom 0 2 to 3 0. As before,eachacceptedconnection
generatearevenueof 1 0. Thelink capacitiessary from 20to 30, andno attempt
wasmadeto equalizethe offeredloadsonthelinks.

Table4.4 summarizeshe mainresultsof thesesix experimentsin termsof
relatve implied costandrevenuesensitvity errors,the6 groupscaseperformedhe
best,andthe6 alternategroupsand9 groupsperformedheworst. For theseexper
iments(with x edroutesandofferedloads),the errorresultsseemto be correlated
to the numberof transitroutesper groupwith a lower averagenumberof transit
routestendingto producebetterresults.We alsocomputethe numberof messages
periterationundertheassumptiohatthegroupsof threeswitchedn atriangleare
connectedocally usinga broadcastnedium,i.e., only onemessagés requiredto
reachthethreelink controllersin thetriangle.For a at network, 807 messageper
iterationarerequired,so eachgroupstructuretestedprovidesa signi cant reduc-
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3 groups 0-11,36 12-23,38 24-3537

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 12-1421 15-17,23
18-20,22,38 24-26,33,37 27-29,35 30-32,34
12 groups 0-2,9 3-511 6-8,10 12-1421 15-17,23
18-20,22 24-26,33 27-2935 30-32,34 36
37 38

21 groups 0-2 35 6-8 9 10 11 12-14 15-17
18-20 21 22 23 24-26 27-29 30-32
33 34 3 36 37 38

Table4.3: Groupmembership$or theexperimentonthelargernetwork.

tion. Themostsavingsoccurswith the 6 alternategroupsandthe 9 groupswhich,
asnotedabove, provide theworstperformancen termsof revenuesensitvity error.

4.7 On-line measuements

We now returnto the subjectof on-line measurementsas brie y mentionedin
Sec.4.4. Insteadof usingthe Erlang x ed point approximation,we shov how
estimate®f the carriedloadsandblocking probabilitiescanbe usedto implement
a hierarchicaladaptve routing scheme.Our discussiorfollows that of Kelly [36],
with additionaloptimizationgo take advantageof the hierarchicaframework.

We saythattwo routeshave the samehierarchical path from the point of
view of link j if they usethe samesetof links in peergroupn j andfollow the
samesequenc®f peergroupsoutsideof n j . Let H,, bethe setof hierarchical
pathsfrom thepointof view of noden, andlet H;, betheamountof bandwidthused
explicitly by hierarchicapathh Hy, onlink j. (H;, is O for all links j outsideof
n.) If wemaketheassumptiorthatw,, w;, for two routesr; andr, with thesame
hierarchicalstructurefrom the point of view of link j ry rp, thens:j s, .
Recallingthatr; 1 Bj &, rAjlranddj hjrj, wecanrewrite (4.11)as

o 0 w carriedon pathh

- H: 3
Cj d ) ﬁ | I""o w carriedthroughlink | i
nj

Cj ji J (4.26)
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Rev. senserror: ¥ Imp. costerror: ¥
S s s § cC C c €
S S C 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%
12 groups 7.7%/ 48.6% 4.1%/46.7% | 4.5%/8.9% 4.2%/7.7%
21 groups 2.7%/13.5% 2.5%/13.5% | 1.0%/2.9% 2.2%/8.2%
Messages | Avg. TransitRoutes| Avg. Local Routes
perlteration 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
12 groups 294 35.1 7.0
21 groups 447 31.0 3.1

Table4.4: Computationatesultsfor thelargernetwork.
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Supposeve have on-linemeasureé , t and@,- t of thecarried owson
pathh andlink j, respectrely, over theinterval tt 1. Smoothedmoving-
averageestimates*: ht andfq,- t of themeancarried o ws canbecomputedusing
theiterations

fht 1 1 gfht gI:ht
git 1 1 ggit gQt

whereg 0 1. If weconsidelink j to bein isolationwith Poissortrafc offered
atrater j, we canestimater j (andthusd;) by solving the equationfq,- ril
Er; Cj toobtainr. Thenwewouldha/eaj rfEFjC 1 ET;C;
Now suppos¢hattheimpliedcostst andtheassociatedurplusvaluesShave

beencomputedisingtheseestimatesndsuccessie substitution Supposealsothat
theblocking probability Ly, hasbeenestimatedor eachhierarchicalpath,possibly
usinga moving-averageestimatesimilarto theabove. Therevenuesensitvity 1
L S, j tellsusthenetexpectedevenuethatacall on pathh will generatdérom the
perspectieof link j. Trafc from asourceo agivendestinatiorpeergroupshould
be split amongthe possiblehierarchicapathsbasedon theserevenuesensitvities.
A greatershareof thetrafc shouldbe offeredto a paththathasa highervalue of

1 L[h & thantheothers.Also,if 1 Ly & | is negative for a particularpath,
that pathshouldnot be usedsincea netlossin revenuewould occurby accepting
connection®nthatpath.Any adjustmentsf thesplitting shouldbedonegradually
to preventsuddercongestionNotethatwe have assumedhatroutesnot satisfying
the QoSconstraintof a particularconnectiorwill be eliminatedprior to choosing
apathbasedntherevenuesensitvities.

4.8 Multiservice extensions

To accommodatdifferenttypesof servicespour modelcanbe extendedto a mul-
tiratelossnetwork. Now we allow Aj, . Several additionalproblemsarisein
this context. First andforemost,the ErlangB formulano longersufces to com-
putethe blocking probability at a link for eachtype of call. Let pj n denotethe
steady-statprobabilityof n circuitsbeingin useatlink j. Thentheblockingprob-
ability for router atlink j is Bjr éﬁj c Ay 1PN We cancomputepj using
arecursve formulaof compleity O CjK; whereK; denoteshenumberof trafc
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classeddistinctvaluesof Aj;  0) arriving atlink j [63]. This resultwasderved
independentlyoy KaufmanandRoberts. To reducecompleity, mary asymptotic
approximationhave beenproposedn the literatureas the offeredload and link

capacityare scaledin proportion[30, 44, 51, 61, 67, 73]. We have found Mitra

andMorrison’s Uniform AsymptoticApproximation(UAA) [51] to be particularly
accurate.

The Erlang x ed point approximatiorcanbe extendedn a straightforvard
manneto themultiservicecaseusinganappropriatélockingfunctionateachlink.
Notethat, in this casethe x ed pointis no longerguaranteedo be unique[63].1°
Basedonthisapproximationimplied costequationcanbederved[19, 52], where
we now have a differentimplied costat eachlink for eachtype of service. The
straightforvard extensionto our hierarchicakettingis to further computean aver-
ageimplied costfor eachtype of servicepassinghrougheachpeergroup. Com-
puting a single averageimplied costfor eachpeergroupis attractve but would
probablyresultin anunacceptabléssin accurag.

De ne Sto bethesetof serviceofferedby thenetwork andpartitionR into
setsRSs S. Letsr denotetheservicetypeassociateavith router.1! Also, let
rie{ lr 1 Bjr,anddenehjq BjrjAjC;j Ajq Bj rjAj Cj,which
is the expectedincreasén blockingprobabilityatlink j for router giventhatAjq
circuitsareremovedfrom link j. Themultiserviceimplied costssatisfythefollow-
ing systemof equations:

Cig & Nigljr 5§ Cir j Ja R (4.27)
rjor
where

S;j W é. Pk Ckr é. an'%sr (4.28)
kr

nnj
and

ar rsTnrl r éj r EjnCjr
Eoir RSan|r

As (4.29)

10ysinga certainsingle-linkblockingfunction,corvergenceto aunique x edpointwasrecently
provedin thelight loadregimeonly [73].

Notethatwhenmultiple servicetypesarecarriedbetweertwo points,we assignvariousroutes
thatmayfollow the samepath.
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Notethatcj, cjqif Ajy  Ajq. In alargecapacitynetwork, we canfurtherreduce
(4.27)to a systemof only J equationdy employing the UAA [52]. If werede ne
ournormon R (Ris thetotal numberof routes)as

X M max é. H(] Xkl’ é. an7nsr (430)
Jr'Jrkj:kr nnj
letd di1 dio dir doq d;r wheredjq & (hjrqr jr, andde ne D
maxyr Tor@m nTmr 6" A Whered! & rEjmcCjr,thenThms.4.1,4.2,and
4.3canbeeasilyshavn to hold for the multiservicecase.

4.9 Chapter summary

This chapteris basedn the premisethatthe useof hierarchicakourceroutingis a
key to bothreducingcompleity andproviding acceptabl&€oSin alarge-scalenet-
work. Althoughaggre@atingnetwork elementsnto subnetvorksis anold idea,we
have taken a uniqueapproactto representinghe “available” capacityof a subnet-
work by formulatinganimplicit representatiobbasedon the averageimplied cost
to gothroughor into thesubnetwork. Thisaveragemplied costre ectstheconges-
tion in thesubnetwrk andcapturegheinterdependencieamongtrafc streamsa
featuresorelylackingin explicit representationsf availablecapacity

We proved that both a synchronousind asynchronouslistributed compu-
tation of the approximatamplied costswill corverge to a uniquesolutionunder
a light load condition. Furthermore we presentech more aggressie averaging
mechanisnthat also performslocal averagingamongroutestransitingthroughor
into a local subnetvork. We proved that with sufcient damping,a synchronous
distributedcomputatiorof thesenew approximatemplied costswill corvergeto a
uniquesolutionunderary trafc conditions.Our experimentaresultsshovedthat
theseapproximationgrereasonablyccurate.

Basedonthisrepresentatiofor availablesubnetvwark capacitywe proposed
a hierarchicalsourcerouting algorithmthatadaptvely selectshigh-level routesso
asto maximizenetwork revenue.Prior to pathselection routesnot likely to meet
prespeci edQoSconstraintssuchasend-to-endielay areeliminatedirom consid-
eration.Our schemecanincorporateon-linemeasurementgndit canbe extended
to a multiserviceervironment. The low-level routing within subnetvarks wasde-
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liberately not speci ed, aswe feel that someform of dynamicrouting would be
bene cialin copingwith trafc uctuationsatthatlevel.
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Chapter 5

Conclusion

5.1 Summary of main results

The goal of this dissertatiorwasto advancethe stateof the artin applyingaggre-
gationto large-scalecommunicatiometworksin two domains:the aggregationof
network o wsandnetwork elementsin the o w aggregationareawe rst explored
thebene tsof aggrgatingmulticastdemand®n VP trees.We proposed pre-or
post-processingtepto the VP multicastlayout problem,which eitherreduceghe
compl«ity of the requiredoptimizationor further improves upon obtainedsolu-
tions,andwe shavedthatit canbe effectively reducecapacityrequirementsbal-
ancenetwork loads,andreducethe numberof VP treesrequired.

Real networks have time-varying demandsand nite signalingresources.
We amuedthat signalingresourcesnay not be sufcient for future demandson
large-scalegconnection-orientedetworks,andwe developedadaptve VP capacity
allocationalgorithmsthatarebasednimplied costsandaddressheseconstraints.

In somecasest is desirabldo modify themannerin which o wsareaggre-
gated(the VP layout). In this context we investigatedalgorithmsto migratefrom
onelayoutto anotherandwe foundthatfor incrementathangesthe potentialfor
performancdossesiuringmigrationin termsof call blockingis minimal. However,
whendramaticchangesn the VP layoutarewarrantedjt is desirableto enhance
performancéyy implementinga simpledecentralizedlgorithmthatwe have pro-
posed.

In the network aggreationarea,we developedan implicit representation
of the available capacityof a subnetverk which is basedon a distributed compu-

101



tation of the averageimplied costto go throughor into the subnetvark. Suchim-
plied costse ect thecongestionn thesubnetvark aswell astheinterdependencies
amongtraf c streamsn thenetwork. We provedthatbotha synchronousindasyn-
chronoudistributedcomputatiorof theimplied costswill corvergeto auniqueso-
lution underalight load condition.We alsopresente@nalternatve approximation
thatperformsaveragingamonglocal transitroutesin additionto remoteaveraging,
andwe provedthatwith sufcient damping,distributedcomputatiorof thesenewv
costswill corvergeto a uniquesolutionunderary trafc conditions.To assessc-
curag, we derived a boundon the differencebetweerour (original) implied costs
andthosecalculatedor a at network, andour experimentsshavedthatour costs
areindeedquite accurate.In addition,we shaved how on-line measurementsan
beincorporatednto thecomputationandwe outlinedextensiondo a multiservice
ervironment.

Basedonthisrepresentatiofor availablesubnetwrk capacitywe proposed
aQoS-sensitieroutingalgorithmthatis ableto appropriatelyoutehigh-level o ws
while signi cantly reducingcompleity. The algorithmuseseffective bandwidths
to capturerafc behaior, andit adaptvely selectsierarchicaloutessoasto max-
imize network revenue,while allowing low-level dynamicrouting within subnet-
worksto respondo trafc uctuations.

5.2 Application to other areas

TheresearcHor this dissertatiorwas performedprimarily in the context of ATM

networks. We madeuseof VPsin the o w aggreationarea,and PNNI routing
motivatedtheframework for ourhierarchicatoutingschemeHowever, it is unclear
at this time whetherATM will prevail asthe network technologyof choice. As
arguedin Chapterl, whatever architectureprevails, it is likely thatit will atleast
appeaito be connection-orientedt the call level becausef resourcaesenations
andcall admission.If thisis the case muchof our work will berelevantto future
broadbandhetworks.

For instance,aggrgation of multicastdemandss useful in any contet
wheremulticastapplicationseedresourceesenrationsto meettheir QoSrequire-
ments.e.g.,animportantvideoconferencer live sugicalimagesmulticastto sev-
eral specialistsaat a busytime of day In anIP/RSVPnetwork, basedon estimates
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for demanddor thesetypesof multicastapplicationsnetwork resourcegould be
pre-reseredandsharecamongsereralcore-basetrees jncreasinghesuccessate
for receverswho subsequentlyequestesourceslynamicallythroughRSVP Our
pre-or post-processingtepcould be appliedto this “layout” of core-basedrees.
Thesetypesof layoutswould alsoprovide a suitablesettingfor adaptve capacity
allocationandmigration.

Our implicit representatiofor subnetvork congestions also e xible in its
application.Independentf the routing algorithm, it could be usedto easeperfor
mancemonitoringby network operatorsaswell asto provide informationvaluable
for determiningthe bestlocationfor future capacityupgradesandhow muchwe
shouldbewilling to payfor them.

The proposedierarchicalrouting algorithmis at the level of the Border
Gateavay Protocol(BGP)in theInternet[31]. BGPimplementsshortespathrout-
ing for paclets, so mary modi cations would be neededo supportour scheme.
However, to copewith suchissuesasprovider selection,chaging for trafc, and
resourceesenationsthroughRSVR modi cationsin thedirectionof asourceout-
ing protocolfor IP 0 ws maybeforthcomingmakingour algorithmmoreviable.

5.3 Futurereseach dir ections

Inthe o w aggre@ationareatheadaptve VP capacityallocationschemedor amixed
VP/VC switchingnetwork would needmorework if signalingcapacitie®mepgeas
a binding constraint.Heuristicsfor choosingthe thresholdparameterandperfor
manceevaluationthroughsimulationswvould betopicsof importance.

In the network aggreationarea thereareseveraltopicsfor futureresearch
directly relatedto our routingalgorithm,including

extensiongo morethantwo levelsof hierarchy

theoptimalsubnetvwork sizeandswitcharrangemernb achieethebesttrade-
off betweeraccurag andreducecoverheads,

therobustnes®f theimplied costsandroutingto link failures,
investigatiorof theneedto resene capacityfor localtraf c usingtrunkreser

vation,and
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therole of ouralgorithmin alayeredapproactio IP over ATM routing[18].

Oneissuethathasnot beenaddressedtlengthin this dissertations hetero-
geneityin QoSrequirements We have assumed homogeneoumodelwith unit
bandwidthper connectionand have outlined extensionsto multiservicenetworks
wheremultiple bandwidthclassesreoffered. Severaladditionalquestionsarisein
amultiserviceernvironmentsuchaswhattypesof o wsshouldwe aggreate(video,
videoplusaudio,webtrafc, etc.)?ls it everaproblemthatthe Erlang x edpoint
is nolongerguaranteedtb beunique?

Anotherfundamentaissueis thechoiceof network versususeroptimization
in QoS-sensitie routing. Our proposedlgorithmlies in the classof network opti-
mal algorithms.Greedyshortespathalgorithmsareuseroptimalin the sensdhat
the bestrouteis chosenfrom the users perspectie without regardto the overall
systemeffect. Our generalfeelingis thatshortesipathrouting of high-level o ws
mayleadto instabilitiesin alarge-scaleetwork [24, 39]. If thisis true,algorithms
basedonimplied costswould be essentiato ensuringgoodperformancen future
broadbandhetworks.

104



Bibliography

[1] S.Ahn,R.P. TsangS.-R.Tong,andD. H. Du, “Virtual pathlayoutdesignon

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

ATM networks; in Proc. IEEE Infocom vol. 1, pp.192—-200,1994.

A. Alles, “ATM internetworking; Cisco SystemsJnc. white paper(http://-
www.cisco.comharp/public/614/12.htmlMay 1995.

M. H. Ammar, G. C. Polyzos,andS. K. Tripathi, eds.,IEEE Journal on Se-
lectedAreasin Communicationsrol. 15,no0. 3, Apr. 1997.

N. G. AneroussisandA. A. Lazar “Virtual pathcontrol for ATM networks
with calllevel quality of serviceguarantee’s Tech.Rep.410-95-16Centerfor
TelecommunicationResearchColumbiaUniversity, New York, NY 10027,
1995.

A. Ballardie,“Core BasedTrees(CBT) multicastrouting architecturé, RFC
2201,Sept.1997.

A. Ballardie,“Core BasedTrees(CBT version2) multicastrouting: Protocol
speci cation} RFC2189,Sept.1997.

F. Bauerand A. Varma, “Distributed algorithmsfor multicast path setup
in datanetworks; IEEE/ACM Transactionson Networking vol. 4, no. 2,
pp.181-191 Apr. 1996.

D. BertsekagndR. Gallagey Data Networks EnglavoodCliffs, NJ: Prentice
Hall, 2nded.,1992.

D. BertsekasndJ. Tsitsiklis, Parallel and DistributedComputation:Numer
ical Methods EnglevoodCliffs, NJ: PrenticeHall, 1989.

M. Borden,E. S.Crawley, B. S. Davie, andS. G. Batsell,“Integrationof real-
time servicesn anIP-ATM network architecturé, RFC 1821,Aug. 1995.

105



[11] R.Braden,L. Zhang,S.Berson,S. Herzog,andS. Jamin,"ResourceReSer
VationProtocol(RSVP):Versionl functionalspeci cation; RFC2205,Sept.
1997.

[12] I. Chlamtac,A. Fara@, and T. Zhang, “Optimizing the systemof virtual
paths;, IEEE/ACM Transactionson Networking vol. 2, no. 6, pp. 581-586,
Dec.1994.

[13] R.Cole,D. Shur andC. Villamizar, “IP over ATM: A framevork document,
RFC1932,Apr. 1996.

[14] D. E. Comer Internetworkingwith TCP/IP,\ol. I: Principles,Protocols,and
Architecture, EnglevoodCliffs, NJ: PrenticeHall, 2nded.,1991.

[15] M. dePrycler, AsyntironousTransferMode: Solutionfor Broadband SDN
London:PrenticeHall, 3rded.,1995.

[16] G. de Veciana,G. Kesidis,andJ. Walrand,"Resourcemanagement wide-
areaATM networks using effective bandwidths, IEEE Journal on Selected
Areasin Communicationsvol. 13,n0.6, pp.1081-1090Aug. 1995.

[17] L. M. Dudkin, I. Rabinwich, andl. Vakhutinsly, Iterative Aggregation The-
ory, New York: MarcelDekker, 1987.

[18] P. Dumortiet “Towardanew IP over ATM routingparadignt, [IEEE Commu-
nications vol. 36,n0.1, pp.82-86,Jan.1998.

[19] A. Farag, S. Blaabjeg, L. Ast, G. Gordos,andT. Henk, “A new degreeof
freedomin ATM network dimensioning: Optimizing the logical con gura-
tion,” IEEE Journal on SelectedAreasin Communicationsvol. 13, no. 7,
pp.1199-1206Sept.1995.

[20] V.J.Friesen,).J.Harms,andJ.W. Wong,“Resourcenanagemernwith virtual
pathsin ATM networks; IEEE Network vol. 10,n0.5, pp.10-20,Sept./Oct.
1996.

[21] J.GalambosTheAsymptoticTheoryof ExtremeOrder Statistics New York:
JohnWiley & Sons,1978.

[22] M. R. Garegy andD. S. JohnsonComputes andIntractability: A Guideto the
Theoryof NP-Completenesslew York: W. H. FreemarandCo.,1979.

106



[23] O. Gerstel,l. Cidon,andS. Zaks,“The layout of virtual pathsin ATM net-
works, IEEE/ACM Transactionson Networking vol. 4, no. 6, pp. 873-884,
Dec.1996.

[24] R.J.GibbensP. J.Hunt,andF. P. Kelly, “Bistability in communicatiomet-
works? in Disorder in PhysicalSystem$G. R. GrimmetandD. J. A. Welsh,
eds.),pp.113-128New York: Oxford UniversityPress;1990.

[25] R. J.GibbensandF. P. Kelly, “Network programmingmethodsfor lossnet-
works” IEEE Journal on SelectedAreasin Communicationsvol. 13, no. 7,
pp.1189-1198Sept.1995.

[26] A. Girard,RoutingandDimensioningn Circuit-SwithiedNetworksReading,
MA: Addison-Wéslegy, 1990.

[27] M. GrossglauselS. Kesha, andD. Tse,"RCBR: A simpleandefcient ser
vice for multiple time-scaldraf c,” ComputetCommunicatiorrReview (Proc.
ACM SIGCOMM'95), vol. 25,n0.4, pp.219-2300ct. 1995.

[28] E. GuareneP. FasanoandV. Vercellone,'IP andATM integrationperspec-
tives, IEEE Communicationsrol. 36,n0. 1, pp. 74-80,Jan.1998.

[29] R. GuérinandA. Orda,“QoS-basedoutingin networks with inaccuratan-
formation: Theoryandalgorithms;, in Proc.IEEE Infocom vol. 1, pp. 75-83,
1997.

[30] J.Y. Hui, Swithing and Traf ¢ Theoryfor Integrated BroadbandNetworks
Boston:Kluwer AcademicPublishers1990.

[31] C. Huitema, Routingin the Internet Englevood Cliffs, NJ: PrenticeHall,
1995.

[32] R.Hwang,J.KuroseandD. Towsley, “On call processinglelayin high-speed
networks, IEEE/ACM Transactionson Networking vol. 3, no. 6, pp. 628—
639,Dec.1995.

[33] R.Jain,TheArt of ComputerSystem&erformanceAnalysis: Tedniquesfor
ExperimentalDesign,Measuement,Simulation,and Modeling New York:
JohnWiley & Sons,1991.

[34] F. KamounandL. Kleinrock, “Stochasticperformancesvaluationof hierar
chicalroutingfor largenetworks, ComputemMNetworksvol. 3,n0.5, pp.337—-
353,Nov. 1979.

107



[35] F. P. Kelly, “Blocking probabilitiesin large circuit-switchednetworks; Ad-
vancesn AppliedProbability, vol. 18,n0.2, pp.473-505,Junel986.

[36] F. P. Kelly, “Routing in circuit-switchednetworks: Optimization, shadev
prices,anddecentralizatiofi,Advancesn AppliedProbability, vol. 20,no.1,
pp.112—-144Mar. 1988.

[37] F. P. Kelly, “Routing andcapacityallocationin networkswith trunk resera-
tion,” Mathematicof OpemationsReseath, vol. 15,n0.4, pp. 771-793Nov.
1990.

[38] F. P. Kelly, “Loss networks; TheAnnalsof AppliedProbability, vol. 1, no. 3,
pp.319-378 Aug. 1991.

[39] F P. Kelly, “Network routing; PhilosophicalTransaction®f the RoyalSoci-
etyof London,SeriesA, vol. 337,n0.1647,pp.343-367Dec.1991.

[40] F. P. Kelly, “Noteson effective bandwidths, in StohasticNetworks: Theory
andApplicationgF. P. Kelly, S.Zacharyandl. B. Ziedins,eds.) pp.141-168,
New York: Oxford UniversityPress;1996.

[41] S.-B.Kim, “An optimal establishmenof virtual path connectiondor ATM
networks; in Proc.IEEE Infocom vol. 1, pp. 72—79,1995.

[42] S.-B.Kim, “An optimal VP-basedmulticastrouting in ATM networks; in
Proc.IEEE Infocom vol. 3, pp.1302-13091996.

[43] L. KleinrockandF. Kamoun,‘Hierarchicalroutingfor large networks; Com-
puterNetworksvol. 1, no.3, pp.155-174,Jan.1977.

[44] J.-E P. Labourdetteand G. W. Hart, “Blocking probabilitiesin multitrafc
losssystems:Insensitvity, asymptoticbehaior, andapproximations, IEEE
Transaction®n Communicationsvol. 40,n0.8, pp. 1355-1366Aug. 1992.

[45] W. C. Lee,“Spanningtreemethodfor link stateaggreationin largecommu-
nicationnetworks; in Proc. IEEE Infocom vol. 1, pp.297-302,1995.

[46] W. C. Lee,“Topologyaggr@ationfor hierarchicaroutingin ATM networks;
ComputerCommunicatiorReview, vol. 25,n0.2, pp.82-92,Apr. 1995.

[47] W. C. Lee, M. G. Hluchyj, andP. A. Humblet, “Routing subjectto quality
of serviceconstraintsn integratedcommunicatiometworks; IEEE Network
vol. 9, no.4, pp.46-55,July/Aug.1995.

108



[48] D. H. LorenzandA. Orda,“QoS routingin networkswith uncertainparame-
ters] in Proc. |IEEE Infocom vol. 1, pp.3-10,1998.

[49] M. H. MacDougall, SimulatingComputerSystems:Tedniquesand Tools
CambridgeMA: TheMIT Press]1987.

[50] D. Medhi, “Multi-hour, multi-trafc classnetwork designfor virtual path-
baseddynamically recon gurable wide-areaATM networks; IEEE/ACM
Transaction®n Networking vol. 3, no. 6, pp.809-818Dec.1995.

[51] D.MitraandJ.A. Morrison,“Erlang capacityanduniformapproximation$or
sharedunkufferedresource8,|EEE/ACM Transaction®n Networking vol. 2,
no.6, pp.558-570Pec.1994.

[52] D. Mitra, J.A. Morrison,andK. G. RamakrishnafATM network designand
optimization:A multiratelossnetwork framework,” IEEE/ACM Transactions
on Networkingvol. 4, no.4, pp.531-543 Aug. 1996.

[53] M. Montgomeryand G. de Veciana,“Hierarchical sourcerouting through
clouds; in Proc.IEEE Infocom vol. 2, pp.685-692,1998.

[54] M. MontgomeryandG. deVeciana,Virtual pathcapacityallocationandmi-
gration; INFORMS Telecommunication€onferenceBocaRaton,FL, Mar.
1998.

[55] D. Niehauset al., “Performancebenchmarkingof signalingin ATM net-
works; IEEE Communicationsvsol. 35,n0.8, pp.134-143Aug. 1997.

[56] A. Orda,“Routing with endto endQoSguarantees broadbandetworks;
in Proc. IEEE Infocom vol. 1, pp.27-34,1998.

[57] A. Orda,G.Paci ci, andD. E. Pendarakis,An adaptve virtual pathallocation
policy for broadbanaetworks; in Proc. IEEE Infocom vol. 1, pp. 329-336,
1996.

[58] S. Ramanathan;Multicast tree generationin networks with asymmetric
links,” IEEE/ACM Transactionson Networking vol. 4, no. 4, pp. 558-568,
Aug. 1996.

[59] N. S.V. RaoandS. G. Batsell,“QoS routing via multiple pathsusingband-
width resenation; in Proc.IEEE Infocom vol. 1, pp.11-18,1998.

109



[60] F. S. Roberts,Applied Combinatorics Englevood Cliffs, NJ: PrenticeHall,
1984.

[61] J. Roberts,U. Mocci, andJ. Virtamo, eds.,BroadbandNetwork Teletraf c:
PerformanceEvaluationand Designof BroadbandMultiservice Networks;
Final Reportof ActionCOST242, Berlin: SpringefVerlag,1996.

[62] R.Rom,“PNNI routingperformanceAn openissué€; in WashingtonUniver
sity Workshopon Integration of IP and ATM, (http://www.arl.wustl.edu/arl/-
workshops/atmip/proceedings.htniNjpv. 1996.

[63] K.W.RossMultiserviceLossModelsfor BroadbandlelecommunicatioNet-
works London: SpringefVerlag,1995.

[64] K. A. Ross, ElementaryAnalysis: The Theory of Calculus New York:
SpringefVerlag,1980.

[65] S.Shenler, “Fundamentatiesignissuedor thefutureinternet; IEEE Journal
on SelectedAreasin Communicationsvol. 13, no. 7, pp. 1176-1188 Sept.
1995.

[66] S. Sigarto.Private communication, SBC TechnologyResourcesinc., Mar.
1998.

[67] A. Simonian,J. W. Roberts,F. Thébege, and R. Mazumday “Asymptotic
estimatedor blocking probabilitiesin a large multi-rate loss network,” in
Proc. 33rd AnnualAllerton Conf on CommunicationControl, and Comput-
ing, pp. 726—7351995.

[68] M. E. Steenstrup,ed., Routingin CommunicationNetworks Englevood
Cliffs, NJ: PrenticeHall, 1995.

[69] C.-F SuandG. deVeciana;On statisticaimultiplexing, traf c mixes,andVP
managemeritjn Proc. |[EEE Infocom vol. 2, pp.643-650,1998.

[70] R. Syski, Introductionto CongestionTheoryin TelephoneSystemsvol. 4 of
Studiedgn Telecommunicatigr’Amsterdam Elsevier Science2nded.,1986.

[71] The ATM Forum, “Private Network-Network Interfacespeci cationversion
1.0} ftp://ftp.atmforum.com/pub/appved-specs/af-pnni-005WO0.pd, Mar.
1996.

110



[72]

[73]

[74]

[75]

[76]

[77]

The ATM Forum, “Trafc managemenspeci cation version 4.0; ftp://-
ftp.atmforum.com/pub/appved-specs/af-tm-0056.0Q@aif, Apr. 1996.

F. ThebegeandR. R. Mazumdar“New reducedoadheuristicfor computing
blocking in large multirate loss networks; IEE Proceedings:Communica-
tions vol. 143,n0.4, pp.206—211 Aug. 1996.

Z. Wang and J. Crowcroft, “Quality-of-servicerouting for supportingmul-
timediaapplications, IEEE Journal on SelectedAreasin Communications
vol. 14,n0.7, pp.1228-12345Sept.1996.

J.P.WongandR. K. Pankaj,“A diameteibasednethodfor virtual pathlayout
in ATM networks; in BroadbandCommunicationsGlobal Infrastructue for
the InformationAge (L. MasonandA. Casacagds.),pp. 501-512 London:
Chapmar& Hall, 1996.

W.-L. Yang,“Estimationandabstractiorof available capacityin large-scale
networks, Masters thesis, The University of Texas at Austin, Austin, TX
78712,1997.

L. Zhang,S. Deering,D. Estrin,S. Shenler, andD. Zappala,'RSVP: A nen
resourceReSer\dtion Protocol, IEEE Network vol. 7, no. 5, pp.8-18,Sept.
1993.

111



Vita

MichaelCharlesMontgomerywasbornin OakRidge, Tennesseen May 25,1971,
the sonof Charlesand Linda Montgomery He graduatedrom Oak Ridge High
Schoolin Junel989andenrolledat Virginia Techin thefall. As anundegraduate,
hemajoredn computeengineeringndgraduatedvith SummaCumLaudehonors
in May 1993. During the summersf 1991and1992,he worked in the Scienti ¢
WorkstationSupportgroupat Oak RidgeNationalLaboratory

A week after receving his Bachelorof Sciencedegree, Michael married
HeatherDugan,a native of Blackslurg andalsoa studentat Virginia Tech. He be-
gangraduatestudiesn electricalengineeringhatsummerandcompletechis Mas-
ter of Scienceadeggreein July 1994.He enrolledat the Universityof Texasat Austin
thatfall andcompletedhis Ph.D.in electricalengineeringn August1998. He is
now amemberof the Network Researclgroupat Oak RidgeNationalLaboratory

Permanenfddress:126 NewhavenRoad,OakRidge, Tennessee87830

This dissertatiorwastypesetwith IATEX 2! by theauthor

LATEX 2¢ is the latestversionof IATEX, a documentpreparationsystemdevelopedby Leslie
Lamportasa specialversionof DonaldKnuth's TeX program.TeX is atrademarkof the American
MathematicaBociety

112



