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Abstract

The exponentialgrowth of Internetbringsto focusthe needto controlsuchlarge scalenet-
works. It isachallengeo regulatesuchacomplex network of heterogeneouslementswvith
dynamicallychangingtraffic conditions.To make sucha systemreliableandmanageable,
the decisionmakingshouldbe decentralizedlt is desirableo find simplelocal rulesand
stratggiesthat canproducecoheent and purposefulglobal behaior. Furthermorethese
controlmechanismsnustbe adaptve to effectively respondo continuallyvaryingnetwork
conditions.Suchadaptve, distributed,localizedmechanismsvould provide a scalableso-
lution for controlling large networks. The needfor suchschemesrisesin a variety of
settings.In this thesis,we focusmainly on quality-of-servicebasedouting. However, we
alsodevelop scalablesolutionsin the following contexts: storedvideo delivery acrossre-
sourceconstrainedhetworks;channebssignmenandadmissiorcontrolin wirelesscellular
networks.

In quality-of-service(QoS) basedrouting, pathsfor flows are selectedbasedupon the
knowledgeof resourceavailability at network nodesandthe QoS requirement®f flows.
Se\eral QoSrouting scheme$ave beenproposedhatdiffer in the way they gatherinfor-
mationaboutthe network stateandselectpathsbasedon this information. Theseschemes
canbe broadlycateyorizedinto best-pathroutingandproportionalrouting The best-path
routing schemegatherglobal network stateinformationand always selectthe bestpath
for anincomingflow basedon this globalview. It hasbeenshavn thatthe best-pathrout-
ing schemesequirefrequentexchangeof network state imposingboththecommunication
overheadon the network andprocessingverhead®n corerouters.Onthe otherhand,the
proportionalrouting schemegproportionincoming flows amonga setof candidatepaths.
We shaw thatit is possibleo computenearoptimalproportionausingonly locally collected
information. Furthermorea few goodcandidategyathscanbe selectedusinginfrequently
exchangedjlobalinformationandthuswith minimalcommunicatioroverheadn thisthe-
sis,we studytheseschemesxtensvely anddemonstrat¢éhatproportionalroutingschemes
canachieve higherthroughputwith lower overheadhanbest-pathroutingschemes.

Delivery of a video for full quality playbackrequiresa certainamountof network band-
width and client buffer resources.But when theseresourcesare limited, a naive trans-
missionof video may causepaclet dropsat the network and frame dropsat the client,
resultingin wastageof resourcesTo avoid this, a serner mayneedto preemptivelydiscad
frameslocally taking advantageof application-specifiecnformation. We develop analgo-



rithm to find, givennetwork bandwidthandclient buffer constraintsthe minimumnumber
of framesthat mustbe discardedin orderto meettheseconstraints. We formulate the
problemof optimal selectiveframediscad usingthe notion of a costfunctionandpresent
several efficient heuristicalgorithms. Furthermorewe extendthe selectve framediscard
algorithmsfor layeredvideo anddevelop adaptve selectivdayer discad algorithms. We
applythesealgorithmsfor the caseof storedvideodelivery over bandwidth-aryingchan-
nelandshow thatthey helpprovide smootheiguality videoplayback.

Distributeddynamicchannelassignmenalgorithmsrun at eachbasestationin a wireless
cellularnetwork attemptto reducethe network-wide call blockingandcall droppingprob-
abilities while makingassignmentiecisionshasedon its neighborhoodnformationonly.

They may alsoreassigrchanneldbeingusedby callsin progresgso make roomfor a new

requestWe proposewo new channekelectionstratgiesbasedon local pading for com-
pactpackingof channelsandshowv thattheseschemeithercarry moretraffic or reduce
thenumberof relocationsneededFurther call admissiorcontrolschemesn mobilecellu-

lar networksresene someguardchanneldor handofs andthusblock new callsin orderto

ensurecontinuationof serviceto alreadyadmittedcalls. Improperselectionof guardchan-
nelscanresultin eitherforcedterminationof on-goingcalls or low spectrumutilization.

We presenta reassignmenasedcall admissioncontrol schemethat dynamicallyadjusts
thenumberof guardchanneldbasedon reassignmerirequencyn the neighborhoodThis

schemeattemptgo maximizerevenueby balancingthe penaltyfor reassignmentagainst
therewardfor servicedcallswhile ensuringcontinuity of serviceto all admittedcalls.
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Chapter 1
Overview

Large scalenetworks call for scalablesolutionsto make themreliable and manageable.
The centralthemeof this dissertatioris how to designlocalizedmedanismghatproduce
desiredglobal behavior Suchmechanismshatusesimplelocal rulesandstratgjiescan
provide scalablesolutionsfor controllinglarge networks. Theneedfor suchschemesirises
in avariety of settings.In this thesis,we focusmainly on quality-of-service(QoS) based
routing. However, we also develop scalablesolutionsin the following contexts: stored
video delivery acrossresourceconstrainechetworks; channelassignmenaind admission
controlin wirelesscellularnetworks.

1.1 Localized Adaptive Proportioning Approachto QoSRouting

In QoSrouting,someknowledgeregardingtheglobalnetwork stateis crucialin performing
judicious pathselection. This knowledge,for example,canbe obtainedthroughperiodic
informationexchangeamongroutersin a network. Underthis approachwhich we refer
to asthe best-pathrouting approachgachrouterconstructsa global view of the network
(QoS)stateby piecingtogetherthe QoSstateinformationobtainedfrom otherrouters,and
selectghe “bestpath”for a flow basedon this globalview of the network state.Best-path
routing schemesvork well wheneachsourcenodehasa reasonablyaccuiate view of the
network QoSstate.However, asthe network resourceavailability changeswith eachflow
arrival anddeparturemaintainingan accuratenetwork QoSstateis impractical,dueto the
prohibitive communicatiorandprocessingverhead®ntailedby frequentQoSstateinfor-
mationexchange.In the presencef inaccurate informationregardingthe global network
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QoSstate best-patirouting schemesuffer degradedperformanceaswell aspotentialin-
stability.

As aviablealternatve to the best-pathroutingapproachye proposea novel localizedpro-

portional routing approacho QoSrouting. Underthis approachinsteadof (periodically)
exchangingnformationwith otherroutersto obtainaglobalview of thenetwork QoSstate,
asourcerouterattemptdo infer thenetwork QoSstatefrom locally collectedflow statistics
suchasflow arrival/departureatesandflow blocking probabilities,andperformsadaptve

proportioningof flows amonga setof candidatepathsbasedn thislocal information.Un-

der purelocalizedapproachthe candidatepath setremainsstaticwhile their proportions
areadjusteddynamically A network nodeunderlocalizedapproactcanjudgethe quality

of pathsonly by routing sometraffic alongthem. Soit is not possiblego updatethe candi-
datepathsetbasednlocalinformationalone.Ontheotherhand,dueto changingnetwork

conditions,a few good pathscannotbe selectedstatically Hencewe proposea pathse-
lection procedurethat dynamically selectsa few good candidatesasedon infrequently
exchangedylobalinformation. Theinaccurag in candidateathselectionis cushionedy

adaptvely proportioningtraffic amongcandidatesin this thesis we first addresgheissue
of finding nearoptimal proportionsfor a given a setof candidatepathsbasedon locally

collectedflow statistics.We thenlook into the selectionof few goodcandidatepathsbased
oninfrequentlyexchangedylobalinformation.

Theabove discussiorassumesghateachrouterin the network is awareof thetopologyand
the stateof the whole network. This is referredto asflat routing whereeachrouterpar
ticipatesin link stateupdatesandmaintainsdetailedinformationaboutthe entirenetwork.
This introducessignificantburdenon every routerand asthe size of the network grows,
the overheadat eachrouterincreasesremendously To provide a scalablesolution, hier-
archical routingis suggeste@sanalternatve to flat routing. Underhierarchicakouting,a
network is dividedinto multiple areas.Theroutingwithin the areais flat with eachrouter
having detailedinformationaboutroutersandlinks in thatarea.But the routershave only
sketchyaggregateinformationaboutotherareas.To routetraffic destinedfor otherareas,
a sourceroutermay selecta partial higherlevel path,basedon the aggregateinformation,
thatgetsexpandedpasedon the detailedinformation,at the ingressborderrouterof each
areaalongthepath.Suchahierarchicakoutingreducesheoverheadateachrouterby lim-
iting thescopeof link stateupdatesandmaintainingonly summaryinformationaboutother
areas.The hierarchicalrouting approachwhile reduceghe burdenon a router, introduces
inaccurag in theinformationavailablefor routing. Hencethe performanceof a hierarchi-
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cal routing schemedependseaily on hav informationaboutan areais aggregatedand
how it is utilized in routing acrossareas.This thesisextendsthe proportionalrouting ap-
proachto hierarchicakouting. It addressetheissueof how to performtopology and state
aggregationundermultipathroutingandpathselectionbasedon agyregateinformation

1.2 StoredVideo Delivery acrossResource Constrained Networks

Video delivery from a sener to a client acrossa network is an importantcomponentof
mary multimediaapplications. Storedvideo typically hashigh bandwidthrequirements
and exhibits significantrate variability. In a network whereresourcessuchas the net-
work bandwidthandbuffering capacityareconstrainedit is amajorchallengeo designan
efficientstoredvideodelivery systenthatcanachiese high resourcautilization while max-
imizing users’perceved quality-of-servicgQoS).Video smoothingtechnique$ave been
proposedor reducingthe network bandwidthrequiremenbf bursty video streamdoy tak-
ing adwvantageof clientbuffering capabilities.Similar technique$iave alsobeen deeloped
when network bandwidthis constrainednsteadof the client buffer. In reality, however,
both network bandwidthandclient buffering capacityarelikely to belimited. Undersuch
circumstancestheremay not be a feasiblesener transmissiorschedulethat candeliver
full quality video. A naive approactatthe sener may attemptto transmiteachframewith
no awarenes®f theresourceonstraintsAs aresultthenetwork maydroppacletscausing
framelosses.In addition,the client may be forcedto drop framesthatarrive too latefor
playback.This resultsin wastageof network bandwidthandclient buffer resources.

Thereareseveral approacheso adaptingthe quality of the video playbackto the amount
of resourceswvailable. Theseapproachesan be catejorizedinto adaptivequantization
framerate adaptationor layered encoding Adaptive quantizationaims at reducingthe
transmissiorrate by adjustingthe video frame quality. While this approachs viable for
live video, it may not be appropriatefor storedvideo dueto re-quantization.Framerate
of avideo canbe adjustedby selectvely playing framesandthuseffectively reducingthe
bandwidthrequiredfor its playback. However, dueto variablebit natureof the video, it
is not obvious which framesshouldbe chosenfor playback. Layeredencodingseparates
the video signalinto componentf differing visual importance:the baselayer contains
coarserdetailswhile upperlayerscontainincreasinglyfiner detailsof the video. A prefix
of theselayerscould be chosensuchthatthe resourceconstraintsare satisfied.It is nota
trivial taskto selectlayerssuchthatbetterbut consistengjuality playbackis ensuredvhen



the network conditionsare constantlyvarying. In this thesis,we first addresghe issueof
how to selectivelydiscad framesat the serversuchthat the perceved quality of service
attheclientis maximizedwhile maintainingefficient utilization of the network resources.
We thenaddresghe issueof how to capture the user's perceptionof video quality under
layeredencodingandhow to provide smoothequality layeredvideo stream.

1.3 ChannelAssignmentand Admission Control in Cellular Networks

A mobile cellular systemconsistsof cells, eachof which hasa basestationthat senes
mobile hostsin thatcell. A radiochannelusedin onecell canbe usedin anotherif they
are separatedy co-channelreusedistance Concurrentuseof a channelin cells within
thisdistancecauseo-cannelinterference Frequeng reusewithout causingnterference
is the core conceptof cellular systems.To establisha communicationsessiona mobile
hostrequestghe basestationin its cell for a channel. The basestationassignsan unused
channelif available. Otherwisethe call is blocked. If a mobile hostmovesfrom onecell
to anotherduring a sessionthe responsibilityof continuationof serviceis handedover to
thenew basestation. Thisis known ashandof. If the new basestationcannotfind anidle
channelthe on-goingsessiormustbe terminatedj.e., the call is dropped.The reduction
of call blockingand call dropping probabilitiesis the main goal of channelassignment
schemes.

Distributed dynamic channelassignmenglgorithmsrun at eachbasestation attemptto
reducethe network-wide call blocking and call dropping probabilitieswhile making as-
signmentdecisionsbasedon its neighborhoodnformationonly. It is obsenedthata cer
tain patternof channelusageamongcellsin aneighborhoodanmaximizingspectrakeuse.
Thechallengés how to assignchannelslynamicallysuchthatthey form acompacipattern
usingonly local information. This is known aslocal pading To aid in compactpacking
of channelsaggressie algorithmsreassignchannelsbeing usedby calls in progressto
make room for a new request. While reassignmentmaximize channelreuse,they may
inconvenienceusersandalsoincur communicatiorandprocessingverheadsHencereas-
signmentsnustbe usedprudentlyto be beneficial. Anotherissueis thatof call admission
control. Sinceforcedterminationof an existing call is lessdesirablethanblocking a new
call, call admissioncontrol schemesare neededo reducethe call dropping probability,
possiblyat the expenseof increasedall blocking probability Most call admissiorcontrol
schemesre basedon the guard channelconcept This approacthoffers a genericmeans



of improving the probability of successfuhandofs by simply reservingsomechannelsn

eachcell exclusively for handofs. However, improperselectionof guardchannelsanre-
sultin eitherforcedterminationof on-goingcalls or low spectrumutilization. This thesis
addressethe following issues:how to selectchannelslocally suchthatthey form a com-
pactpatternglobally; how to adjustguard channelsdynamicallysuchthatcontinuationof

serviceis ensuredvithoutwastingthe spectal resouces

1.4 ThesisContrib utions

Thecentralthemeof thisthesisis how to effect purposefulglobalbehaior usingsimplelo-
cal stratgjies. We have studiedthis problemundervarioussettingsandmadethe following
contrikutions.

¢ We studiedthefeasibility of localizedproportionalrouting by developingtheoretical
modelsand comparingthemagainstoptimal proportionalrouting. We investigated
the impactof granularityon the performanceof localizedproportionalrouting and
shavn that path-level informationyields nearlythe sameperformanceaslink-level
information.We proposedwo simpleheuristicstratgiesfor localizedproportioning:
equalizationof blockingprobabilities(ebp)andequalizationof blockingrates(ebr).
We have shavn that ebp stratgy convergesto nearoptimal proportionsandresults
in lower blockingthanebr stratgy [74, 75, 76,77].

We introducedanotionof width of asetof candidatgpathsanddevelopedacandidate
path selectionschemewidestdisjoint paths(wdp) that selectswidestpathsthatare

disjoint w.r.t to bottlenecklinks. We have demonstratedhat wdp basedselection
of candidatesandebpbasedproportioningamongcandidateyields almostoptimal

performancausingonly a few paths. We have alsoshaowvn that proportionalrouting

approachwith wdp and ebp achieses higher throughputwith lower overheadthan

best-patiroutingapproach78, 79].

We proposedan aggregationmethodthat summarizeshe stateof multiple pathsbe-
tweentwo routersusing a single metric. We designedwo hierarchicalmultipath
routing schemeghat are basedon this metric. We evaluatedtheir performanceand
shaw thatthe proposedierarchicamultipathroutingschemegerformaswell asflat
multipathrouting schemesFurthermorewe demonstratethat theseschemeswith
only aggreateinformation outperformeven flat best-pathrouting schemesaving
detailedinformationaboutthe network [80].
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¢ We developedanalgorithmto find, given network bandwidthandclient buffer con-
straints the minimumnumberof framesthatmustbediscardedn orderto meetthese
constraintsWe formulatedthe problemof optimal selectve framediscardusingthe
notionof acostfunctionanddevelopedseveralefficient heuristicalgorithmsfor both
JPEGandMPEGvideo[117, 118].

We definedsmoothnessriteria for a layeredvideo playbackand designedmetrics
for measuringt. We developedoff-line algorithmsfor layerselectionthatmaximize
smoothnes$or the casewherethe network bandwidthis varying but known a pri-
ori. We alsodevelopedanadaptve algorithmfor providing smoothedayeredvideo
delivery thatdoesnt assume&nowledgeaboutfuture bandwidthavailability [72, 73].

¢ \We have proposedwo new channelselectionstratgies,residualandcoaxial based
on local packingfor compactpackingof channels.Theseschemesvere compared
with otherselectiorstratgies,andshavn thatthey eithercarrymoretraffic or reduce
thenumberof channelelocationseeded69].

We shavedthatthe numberof guardchannelcanbe dynamicallydeterminedased
onreassignmeritequengy in theneighborhooaf acell. A revenuebasecdtall admis-
sion control schemds presentedvhich attemptsto maximizeincomeby balancing
the penaltyfor reassignmentagainstherewardfor servicedcalls[70, 71].

1.5 ThesisOutline

Thisthesisis dividedinto threepartseachcorrespondingo thecontext in whichwe studied
the problemof identifying local objectvesthat have goodglobal effect. The first partis
dedicatedto quality of servicebasedrouting which is the main focus of this thesis. In
the secondpart, we describeselectve frame discardand selectve layer discardschemes
for delivering storedvideo acrossresourceconstrainechetworks. The third part presents
channelssignmenandcall admissiorcontrolin wirelesscellularnetworks.
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Chapter 2
Intr oduction

Routingin the currentinternetfocusesprimarily on connectvity andtypically supports
only the“best-efort” datagranservice.TheroutingprotocolsdeployjedsuchasOSPH65]

usethe shortestpathonly routingparadigmwhereroutingis optimizedfor a singlemetric
suchashop countor administratve weight. While theseprotocolsarewell-suitedfor tra-
ditional dataapplicationssuchasftp andtelnet,they arenot adequatdor mary emeging

applicationssuchas|IP telephory, video-on-deman@ndteleconferencingwhich require
stringentdelayandbandwidthguaranteesThe“shortestpaths’choserfor the“best-efort”

servicemay not have sufficient resourcego provide the requisiteservicefor theseappli-
cations. Furthermorewith the explosive growth of the Internettraffic, the shortestpath
only routing paradigm ofthe currentinternetalsoleadsto unbalancedraffic distribution
— links on frequentlyusedshortespathsbecomencreasinglycongestedwhile links not
onshortespathsareunderloaded.

In orderto addresgheseissues multi-pathtraffic engineeringechniquesave beenpro-

posed[6], of which Quality-of-Service(QoS) basedrouting [9, 17] is animportantnew

mechanism.In QoS routing, pathsfor flows are selectedbasedupon knavledgeof the

resourceavailability (referredto asQoSstatg at network nodeg(i.e., routers)andthe QoS

requirementof the flows. It is expectedthat QoS routing will select,amongthe mary

possiblechoicesa paththathassufficient resourceso accommodatéhe QoSrequirement
of agivenflow. QoSrouting cansignificantlyimprove the network throughputbecausef

its awarenes®f the network QoSstate.

In QoSrouting,someknowledgeregardingthe (global)network QoSstateis crucialin per
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forming judicious pathselection. This knowledge,for example,canbe obtainedthrough
(periodic)informationexchangeamongroutersin a network. Underthis approachwhich
we referto asthe global best-pathrouting approachgachrouterconstructsa global view
of the network QoS stateby piecing togetherthe QoS stateinformation obtainedfrom
otherrouters,andselectsthe “best” pathfor a flow basedon this global view of the net-
work state. Examplesof the global best-pathrouting approachare various QoS routing
scheme$2, 56,110,17,115]basedn QoSextensionto the OSPFroutingprotocolaswell
asthe ATM PNNI [5] routing protocol. Globalbest-patirouting schemesvork well when
eachsourcenodehasareasonablyaccuiateview of thenetwork QoSstate.However, asthe
network resourceavailability changesvith eachflow arrival anddeparturemaintainingan
accuratenetwork QoSstateis impractical,dueto the prohibitive communicatiorandpro-
cessingoverheadentailedby frequentQoSstateinformationexchangeIn the presencef
inaccuiate informationregardingthe globalnetwork QoSstate best-patiroutingschemes
may suffer degradedperformanceswell aspotentialinstability [103, 74, 75].

As aviable alternatve to the global best-pathrouting approachwe proposea nowel lo-
calizedproportional routing approachto QoS routing. Underthis localizedproportional
routing approachjnsteadof (periodically) exchanginginformationwith otherroutersto
obtainaglobalview of thenetwork QoSstate asourcerouterattemptgo infer thenetwork
QoSstatefrom locally collectedflow statisticssuchasflow arrival/departureatesandflow
blockingprobabilities andperformsadaptve proportioningof flows amonga setof candi-
date pathsbasedon this local information. As aresult,the localizedproportionalrouting
approaclavoidsthe dravbacksof the corventionalbest-patiroutingapproachsuchasde-
gradedperformancen the presencef inaccurateoutinginformation. Furthermoreit has
severalimportantadvantagesminimal communicatioroverheadno processingverhead
at core routers,andeasydeployability.

We investigatean importantandfundamentalssuein the designof localizedQoSrouting
schemes— thegranularity of locally collectedQoSstateinformationandits impactonthe
convergenceprocesf theseschemesandtheir performance We considerflow statistics
collectedat two differentgranularitylevels: link level andpathlevel. At the (finer) link
level, a sourcenodecollectsboththe blocking statistics(i.e., whethera flow is blocked or
not) of flows routedalongapathfrom thesourcenodeto adestinatiomode,and, in thecase
of ablockedflow, theidentity of thelink wheretheflow is blocked. Thelatterinformation
canbegatheredfor example, byattachingthe identity of thelink in the flow setupfailure
notificationsentbackto thesourcenode.At the(coarser) path-level, asourcenodecollects
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only the flow blocking statisticsfor eachpathbetweenthe sourcenodeanda destination
node. Clearly, the path-level flow statisticsare much easierto collect and maintain, but
they alsocorvey muchlesspreciseinformationregardingthe (global) network QoSstate.

We proposeheoreticamodelsbasednthelink-level andpath-level flow statisticgo study
theimpactof granularity Thesemodelsaredevelopedbasedon the notion of virtual ca-
pacity of a link or a pathas perceivedby a sourcenode. The virtual capacityof a link
or a pathis computedasa function of the amountof offeredload andthe corresponding
obsened blocking probability on that link or path. Throughnumericalinvestigation,we
studythe cornvergenceprocesf virtual capacitybasedheoreticamodelsandshaw thatit
is possibleto designlocalizedproportionalroutingschemeshatcornvergeto a stablepoint.
We find thatthoughgranularityof informationdoeshave impactontherateof corvergence
andtheequilibriumblockingprobability the performanceenaltydueto coarsepath-level
informationis not significant. Basedon thesetheoreticalresults,we proceedto develop
practicalproportioningstratgjiesthatare simpleandeasyto implement. We proposetwo
suchstratgyiesthatrequireonly path-level information: equalizationof blockingprobabil-
ities (ebp) and equalizationof blockingrates(ebr). We comparetheir performancewith
optimalproportionalroutingandshav thatebpstratgy yields nearoptimal proportions.

Thelocalizedproportioningapproachdescribedabove splitsthetraffic boundto a destina-
tion adaptvely amonga setof candidatepaths.Two key questionghatarisein proportional
routingarehow mary candidatgathsareneededcandhow to find thesepaths.Clearly, the
numberandthe quality of the pathschoserascandidateslictatethe performancef a pro-
portional routing scheme. Thereare several reasonswvhy it is desirableto minimize the
numberof pathsusedfor routing. First, thereis a significantoverheadassociatedvith es-
tablishing,maintainingandtearingdown of paths.Secondthe compleity of the scheme
thatdistributestraffic amongmultiple pathsincreasegsonsiderablyasthe numberof paths
increases.Third, therecould be a limit on the numberof explicitly routedpathssuchas
labelswitchedpathsin MPLS [92] thatcanbe setupbetweera pair of nodes.Thereforeit
is desirableto useas few pathsas possiblewhile at the sametime minimizethe blocking
probability in the network. Furthermoreijt is not possibldéo provide eachnodewith accu-
rateinformationaboutthe network statedueto prohibitive communicatiorandprocessing
overheadsHenceit is importantto devise candidatgpathselectionschemeshatwork well
evenwith infrequentlink stateupdates We proposesucha schemewidestdisjoint paths
(wdp) thatselectswvidestpathsthataredisjoint w.r.t. bottlenecKinks. It usesinfrequently
exchangedglobal information for selectinga few good pathsbasedon their long term
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available bandwidths. The traffic is proportionedamongthe candidatepathsusinglocal
informationto cushionthe shorttermvariationsin their availablebandwidths.This hybrid
approactio QoSroutingadaptsatdifferenttime scalego thechangingnetwork conditions.

Theabove discussiorassumeshateachrouterin the network is awareof thetopologyand
the stateof the whole network. This is referredto asflat routing and underflat routing,
eachrouterparticipatesn link stateupdatesandmaintainsdetailedinformationaboutthe
entire network. This introducessignificantburdenon every routerandasthe size of the
network grows, the overheadat eachrouterincreasesremendouslyTo provide a scalable
solution, hierarchical routing is suggeste@san alternatve to flat routing. Underhierar
chicalrouting, a network is divided into multiple areas.The routingwithin the areais flat
with eachrouterhaving detailedinformationaboutroutersandlinks in thatarea. But the
routershave only sketchy aggregate informationaboutotherareas. To route traffic des-
tined for otherareas,a sourcerouter may selecta partial higherlevel path, basedon the
aggre@ateinformation,thatgetsexpandedpasednthedetailedinformation,attheingress
borderrouterof eachareaalongthe path. Sucha hierarchicakoutingreduceghe overhead
at eachrouterby limiting the scopeof link stateupdatesand maintainingonly summary
informationaboutotherareas.The hierarchicaroutingapproachwhile reduceghe burden
on arouter introducegnaccurag in theinformationavailablefor routing. Hencethe per
formanceof a hierarchicalrouting schemedependsearily on hav informationaboutan
areais aggreatedandhow it is utilized in routingacrossareas.

We proposeanaggrgationmethodthatsummarizeghestateof multiple pathsbetweernwo
routersusingasinglemetric. Thismetricin essenceaptureshetraffic carrying capacityf
multiple pathsbetweer pair of routers.We propose&wo inter-arearoutingschemegased
onthisaggregatemetric: hierarchical widestdisjoint paths(hwdp) anchierarchical widest
border routers (hwbr). The hwdpschemas a hierarchicalsourcerouting schemewnherea
sourcerouterselectsa setof higherlevel skeletalpathsto the destinatiomascandidatesnd
proportionslows amongthem. Thehwbr schemas ahierarchicahext-hoproutingscheme
that selectsonly the next-hop borderrouterswhich in turn selecthigherlevel pathsto the
destination.Both theseschemesisewdp schemeamentionedearlier, for intra-arearouting
to expandthe skeletalhigherlevel pathsto actualphysicalpaths. They essentiallydiffer
in the way the network outsidean areais aggreatedby a borderrouterandpropagatedo
theinteriorrouters.We evaluatethe performancef thesehierarchicalproportionalrouting
schemesandshav thattheseschemesvith only aggrgateinformationoutperformevenflat
globalbest-pathroutingschemesaving detailedinformationaboutthe network. We argue
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basedon our resultsthatour hwbr schemedueto its low overheadandhigh throughputjs
asuitablechoicefor hierarchicaroutingacrosdarge networks.

The restof this part of thesisis organizedasfollows. In the next chapter we definethe

problemsettingwe considerin this thesis. Chapter4 presentghe relatedwork. In Chap-
ter 5 we studythe theoreticalmodelsfor proportionalrouting andproposesomepractical

schemesn Chapter6. The candidatepathselectionschemas describedn Chapter7 and

the hierarchicalproportionalrouting schemesrepresentedn Chapter8. The conclusions
andfuturework arediscussedn Chapter9.
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Chapter 3
Problem Setting

Network supportfor traffic with Quality of Service(QoS) guaranteesisually requiresa
connectionestablishmenprocedurewhich will selecta path, performadmissioncontrol
andreseneresourceslongtheselectegath. Thepathselectionproceduren turnrequires
link stateupdatego gatherinformationabouteachliink in thenetwork. In thefollowing, we
statethe assumptionsnadein this thesisaboutthe QoSrequirementstouting procedures
andtheupdatepolicies. Similarly the performancemetricsusedfor evaluatingthe efficacy
of variousQoSroutingarealsodiscussed.

3.1 Bandwidth Guarantees

Differentapplicationshave differentquality of servicerequirementsSomerequirethrough-
putguaranteessomeend-to-endlelayguaranteewhile othersrequirelossrateguarantees.
It is thejob of thenetwork to maptheseapplicationrequirement$o network resourcesuch
thattherequested)oS carbeguaranteedResourcegrovisioningthatensuredothguaran-
teedserviceto applicationsandefficient utilization of resourcess avery comple& task. In
thisthesiswe assumehatapplicationrequirementsireeitherspecifiedor characterizety
a singlenetwork resourcepandwidth.This could be the effectivebandwidththat captures
the traffic characteristic®f the application. This is not toolimiting an assumptiorsince
delay constraintscan either be handledby translatingthemto correspondingpbandwidth
guaranteesr by boundingthe numberof hopsduring pathselection.Furthermorethough
theremay be needor supportingapplicationswith multiple QoS parametersit is likely
thatinitial deploymentsfocussimply on bandwidthbasedguaranteeso reducethe oper
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ationalcompleity. In otherwords,in this thesiswe assumehat an applicationrequests
for a specificbandwidthandthe network admitsan applicationonly if it canresene the
requestedbandwidthto satisfythe applicationrequirements.

3.2 Explicit Routing

The currentinternetemploys hop-by-hoprouting that selectsshortestpathsperiodically
andmaintainsthe pathinformationin the routing table so thatrouting resultsin a simple
tablelook up. UnderQoSrouting, differentflows from varioussourcenodesto the same
destinationmay requestdifferentQoS. Henceit is not possibleo maintaina singlerout-

ing tableto route flows with divergentrequirements.Explicit routing is suggestedsan

alternatve to supportQoSrouting. Underexplicit routing,a sourcenodeselectsfor each
flow, an explicit pathto the destination. This requiresan ability to setupexplicit routes
in the network. This canbe implementedn the currentinternetusing a form of loose
sourcerouting. But the overheadof carryingthe completeexplicit routewith eachpaclet

is prohibitive. However, Multi-Protocol Label Switching (MPLS) an emepging Internet
EngineeringTask Force (IETF) standard92] providessucha capability MPLS replaces
thestandardlestinatiorbasechop-by-hopforwardingparadigmwith alabelswappingfor-

wardingparadigm.It makesexplicit routing practicalby allowing the explicit routeto be

carriedonly at the time label switchedpathis setup. This thesisassumeghat suchan

explicit routingis supportedy the network.

UndersourcedirectedQoSrouting, uponarrival of a flow, the sourcenodefirst selectsa
paththatis likely to satisfythe requestedQoS. This path selectionis performedby the
sourcenodebasedon its own local view of the network statethatis gatheredhroughlink
stateupdatesand previous routing attempts. The sourcenodemay prune(seemingly)in-
feasiblelinks, with fewer resourceshanrequiredby the flow, in orderto selecta feasible
path Whenno feasiblepathis found,theflow is blocked dueto routingfailure. This rout-
ing failure couldbe dueto eitherlack of network resource®r stalenessf link state.Once
a pathis selectedor the flow, the sourcethensendsa setuprequestto resene resources
ateachlink alongthe selectegpath. Eachnodealongthe pathperformsadmissiorcontrol
to seewhethersuflicientresourcesreavailableonthelink to supportthis flow. If thelink
canaccommodatéhe flow, resourcesareresered on thatlink for the flow andthe setup
messages forwardedto the next link alongthe path. If all the links alongthe pathhave
sufficient resourcesthe setuprequesis acceptedandthe flow is admitted. The resources
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resenedfor aflow remainwith it for the entiredurationof the flow. Moreover, the route
is pinned i.e., all the pacletsof the flow follow the samepathfor the durationof theflow,
evenif a“better” pathis foundduringthattime. This helpsreducethevariancen thedelay
experiencedy the pacletsof a flow.

Whena link doesnot have adequateamountof available resourcesthe setuprequests
rejectedandtheflow is blocked. Thisis cateyorizedassetupfailure. A setupfailureis the
resultof thediscrepang betweertheactuallink stateandthe viav of thesourcenode.The
main focusof this thesisis how to reducetheinaccurag in a sourcenodes view without
incurring excessve updateoverheadand how to select“good” pathsin the presenceof
inevitable inaccurag. Thusa flow may be blocked dueto eitherrouting failure or setup
failure. Themainobjective of any QoSroutingschemas to minimizethe overall blocking
probability Whena setuprequestfor a flow resultsin failure, we can make an attempt
to reroutethe flow by finding an alternatepath. This is known as crankba&. While it
is possiblethat crankbacksandecreaséhe probability of blocking a flow, they increase
the signalingoverhead. Moreover, a failed setuprequestcould be anindication of the
overallloadin thenetwork. In suchacasealternateoutingmayconsumeesourceslong
the primary pathsof othersource-destinatiopairsincreasingthe blocking probability for
future flows betweenthosepairs. Thus crankbackscan potentially increasethe overall
blocking probability in an effort to accommodaten individual flow. In this work, we
assumeno crankbag, i.e., if asetuprequesis rejectedthe flow is blocked andno attempt
is madeto reroutetheflow.

3.3 Link StateUpdates

Currentinternetroutingprotocols suchasOSPF distributeconnectity informationthrough-
outthenetwork sothat“shortest’pathsmaybe selectedPathselectiorunderQoSrouting
requiregesourcevailability informationapartfrom theconnectvity informationaboutthe
network. It is suggestedhatcurrentrouting protocolssuchasOSPFbeextended29, 115]

to carry QoSstateinformationalsoin their link stateupdates. The QoS stateof a link
may be capturedby its instantaneousvailable bandwidth,i.e., the amountof bandwidth
availableat thetime of the updateand/oraverageavailable bandwidth,i.e., the amountof
bandwidthavailable on the averagesincethe last update. Maintaining accuratenetwork
connectvity informationusuallyrequiresaninsignificantamountof routingupdatessince
network connectvity changesareinfrequent.However, maintainingaccurateQoSstatein-
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formationrequiresa muchgreateramountof link stateupdatesecauseetwork resource
availability changeswith eachflow arrival anddeparture.Sinceour focusis on studying

theimpactof QoS stateupdatefrequeng on the performanceof path selectionschemes,
we malke thefollowing simplifying assumptionsWe assumehattopologydoesnotchange
andlinks do not fail duringa simulationrun. Also, we ignorethe link propagatiordelay

sinceit doesnot have abearingon the outcomeof this study

3.4 PerformanceMetrics

Thegoalof QoSroutingis efficientutilizationof resourcesvhile ensuringquality of service
to eachadmittedflow. In our flow basedmodelwith bandwidthguarantees a flow is
admittedonly if the requestecamountof bandwidthis available along the path through
which it is routed. The quality of servicefor anadmittedflow is guaranteedby reserving
the requestecamountof bandwidthfor the entire durationof the flow andby reclaiming
it only after the flow is departed. Underthis bandwidthresenation model, a flow may
be rejectedat the setuptime but onceadmittedall the pacletsof the flow areguaranteed
to receve the requestedservice. Hencewe only needto performflow level simulation
to studythe performancef variousQoSroutingschemesThe objective of a QoSrouting
schemas thento maximizethenumberof admittedflowsinto thenetwork or in otherwords
minimize the blocking probability experiencedy a flow arriving in the network. Thus,a
measuref performancef a QoSrouting schemes the overall flow blockingprobability.
It is computedastheratio of the numberof flows blocked andthe total numberflows that
have arrivedat the network.

Thereareseveraloverheadsssociatedvith aQoSroutingschemeMeasuringheblocking
performancealonewithout the correspondingverheadsnvolved in the implementation
is not sufficient to evaluatethe overall performanceof a routing scheme.We categorize
the overheadsncurredby a QoSrouting schemdanto updateoverhead path computation
overheadand path manayementoverhead Thereis a fundamentatradeof betweenthe
amounf overheadlueto link stateupdatesandtheblockingperformancef pathselection
schemesThehigherthefrequeng of updatess, thelessertheinaccurayg ata sourcenode
is andthe betterthe blocking performancef a pathselectionschemas. Ideally, we would
like to have lower blocking with minimal overhead. But theseare conflicting objectves
andthejob of aQoSroutingschemeas to limit theupdateoverheadwvhile dealingwith the
correspondingnaccurag by selectingpathsintelligently. In this thesiswe assumesimple
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periodiclink stateupdatesandwe measurats overheadoy the frequencyf updates

Anotheroverheadassociateavith QoSroutingis thetime spentin finding a suitablepath.
A pathmaybe computedon-demandiponeachflow arrival or a pathmaybe choserfrom
a setof precomputegaths. Sinceidentifying a suitablepath may involve searchinghe
entiregraph,the costof computations notinsignificant. The compleity of thealgorithm
usedfor finding a pathis referredto aspath computatioroverhead Finally, it is desirable
to minimize the numberof pathsusedfor routing. Thereis a significantoverheadassoci-
atedwith establishingmaintainingandtearingdown of paths.Moreover, therecouldbea
limit on the numberof explicitly routedpathssuchaslabel switchedpathsin MPLS [92]
that canbe setupbetweena pair of nodes. Hencethe numberof pathsusedfor routing,
averagedacrossall source-destinatiopairs, is taken as a measureof the path manaye-
mentoverhead Essentiallythe overall objective of QoSroutingis to minimize the above
mentionedoverheadsvhile minimizing the overall flow blocking probability,
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Chapter 4

RelatedWork

Theproblemof QoSroutinghasbeenaddresseth mary contets andtherehave beensev-
eralproposalgor providing QoSrouting. Theseproposalsliffer in wherethepathis chosen
(sourceor hop-by-hop) how the network stateinformationis gatheredglobal updatesor
local obsenations),whattype of informationis exchangedinstantaneouavailableband-
width or long-termaveragebandwidth) which pathis selectedwidestor shortest)etc. A
suney of variousQoSrouting schemesanbe foundin [9]. We canbroadly cateyorize
theminto global QoSrouting schemegshatarebasedon globallink stateupdatesandlo-
calizedQoSroutingschemeshatarebasedn local pathstateobsenations. Thefollowing
sectiongdiscusgheseQoSroutingapproache detail.

4.1 Global QoSRouting

The majority of QoSrouting schemeg2, 17, 29, 56,105, 110,115] proposedso far re-
quire periodicexchangeof link QoSstateinformationamongnetwork nodesto obtaina
global view of the networkQoSstate Basedon this current global view of the network
state,a sourcenodedynamicallydetermineghe “best” feasiblepathfor a flow originating
from it to a destinatiomode. We referto this approachto QoSrouting asthe global QoS
routing approachor global best-pathrouting approach. The proposedglobal QoS rout-
ing schemegprimarily differ in their path selectioncriteria andthe network stateupdate
triggeringmechanisms.

Path selectionalgorithmshave to dealwith the fundamentatrade-of in minimizing the
resourcaisageandbalancinghetwork load. Theresourcaisageby aflow canbeminimized
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by selectingthe shortestpath which may be heavily loaded. The network load can be
balancedy choosingheleastloadedpathwhich maybelongerandhenceconsumesnore
resources . Se\eral pathselectionalgorithmshave beenproposedhatweigh limiting hop
countandbalancingnetwork loaddifferently They includewidest-shortegpath(wsp [2],
shortest-widegpath(swp [110], andshortest-distanceath(sdp [56]. They all attemptto
selecta feasiblepath. A pathis consideredeasibleif its bottlene& bandwidth(smallest
available bandwidthalongthe path)is greaterthanor equalto the requestedandwidth.
The abore mentionedschemedliffer in the selectionof a feasiblepathwhenthereare
mary suchchoicesasexplained belav.

Widest-shortestpath A pathwith fewestnumberof hopsamongall feasiblepaths. If
thereareseveralshortesteasiblepaths theonewith thelargestbottleneckoandwidth
is chosenlf morethanoneshortespathwith samebandwidthexist, oneof thepaths
is randomlyselected.

Shortest-widestpath A pathwith largestbottleneckbandwidthamongall feasiblepaths.
If morethan one widestfeasiblepath exist, the one with the minimum hopcount
is chosen.If thereare several suchpathswith the samehop count, one of themis
randomlyselected.

Shortest-distancepath A feasiblepathwith the shortesdistance.The distancefunction
for apathr is definedby

k
1
dist(r) =>_ — (4.1)
j=1 Cj
where(; is the bandwidthavailableonalink j alongpathr.

Thewidest-shortegpathfavorsshorterpathsthusgiving higherpriority to limiting resource
usagewhile the shortest-widegpathfavorswider pathsthusgiving higherpriority to dis-
tributing network load. The shortest-distancgathattemptdo strike abalanceby usingthe
distancefunction. Amongthese,wspis the mostpopularandwell studiedalgorithmfor
selectinghe“best” feasiblepathandhencewe useit asarepresentate of globalbest-path
routingschemesn thefollowing discussion.

Eachnetwork nodeunderglobalQoSroutingapproactgeneratenk stateupdates inform-
ing all othernodesaboutthecurrentstateof thelinks attachedo it. Variousupdatepolicies
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arepossiblethatdiffer in whenanupdateis triggeredandwhatinformationis containedn
it. Most of theschemegroposedofar|[2, 56, 110] exchanganformationaboutcurrently
available bandwidthwhile some[30, 74] exchangeinformationregardingthe probability
that a requestedandwidthis available. The mechanismsisedto trigger updatescanbe
basedon threshold class or timer. In caseof thresholdbasedpolicy, an updateis trig-
geredwheneer therelative changegrom the previously adwertisedto the currentlink state
exceedsa certainthreshold. Classbasedpolicies partition the available bandwidthinto
multiple classesndtriggeranupdatewheneer the currentlink statevaluecrosses class
boundary The partitioninginto classescould be either fixed-sizeor exponentially dis-
tributed. Timer basedriggersmaybeusedto generataipdategperiodically They, referred
to asclamp-downtimers, are often usedin conjunctionwith oneof the above triggersto
enforcea minimum spacingbetweertwo consecutie updates While the periodicupdates
aresimpleto implement,more complex changebasedtriggersattemptto avoid unneces-
saryupdatedy generatingan updateonly whenthe link statechangesignificantlyfrom
previously adwertisedstate. Anothertrade-of in theseschemess betweenthe frequeny
of updatesandthe accurag of network stateinformationavailable at eachnodefor path
selection.

Currentinternetroutingprotocols suchasOSPFE-distributeconnectvity informationthrough-
out the network so that “shortest” pathsmay be selected.Maintaining accuratenetwork
connectity informationusuallyrequiresaninsignificantamountof routing updatessince
network connectvity changesreinfrequent.However, maintainingaccumate network QoS
staterequiresfrequentinformationexchangesamongthe network nodesbecausaetwork
resourceavailability changeswith eachflow arrival anddeparture.The prohibitive com-
municationandprocessingverheadentailedby suchfrequentQoSstateupdategpreclude
thepossibility of alwaysproviding eachnodewith anaccurateview of the currentnetwork
QoS state. Consequentlythe network QoS stateinformationacquired at a souice node
canquickly becomeout-of-datewhenthe QoSstateupdateinterval is large relativeto the
flow dynamics UnderthesecircumstancesxchangingQoSstateinformationamongnet-
work nodess superfluousFurthermorepathselectionbasedn a deterministicalgorithm
suchasDijkstra’s shortespathalgorithm,wherestale QoSstateinformationis treatedas
accurate, doesnot seemto be judicious. The bestpathselectionbasedon inaccumate in-
formationcould causenstability: after one QoS stateupdate, mary sourcenodeschoose
pathswith sharedinks becausef their perceved available bandwidth thereforecausing
over-utilization of theselinks. After the next QoS stateupdate,the sourcenodeswould
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avoid the pathswith thesesharedinks, resultingin their underutilization. This oscillating
behaior canhave severeimpacton the systemperformancewhenthe QoS stateupdate
interval is large. Dueto thesedravbackst hasbeenshavn thatwhentheQoSupdatenter-
val is large relative to the flow dynamicsthe performanceof global QoSroutingschemes
degradedrastically[74, 75].

Seweral solutionshave beenproposedo dealwith inaccurag thatis inevitable in thein-
formationavailableto pathselectionprocessOneapproach2] cateyorizestheinaccurag
into systematicand randombasedon the type of updatetriggersused. Whena change
basedriggeris employedit is possibleto infer therangefor actuallink metricvaluegiven
its last adwertisedvalue. This type of systematidnaccurag could be suitablyaccounted
for by a pathselectionalgorithmandtherebychoosea paththatis mostlikely to have the
requiredresourceslin [30] a pathselectionalgorithmis proposedo find the mostreliable
pathassuminghatinformationregardingthe probability p;(x) thatalink [ canaccommo-
dateaflow whichrequiresr unitsof bandwidthis known to thesourcenode.Thisis further
experimentedn their paper[3] on safety-basedouting wheresafetyi.e., p;(x), of alink
[ for abandwidthz is inferredfrom its lastadvertisedavailablebandwidthvalueassuming
that a changebasedupdatetriggering policy is used. However when large clamp-down
timersareused,it is almostimpossibleto estimatethe amountof inaccurag. Someran-
domizationalgorithmsareproposed3] to copewith thiskind of randominaccurag where
adwertisedbandwidthvaluesare usedonly ascluesin selectingpaths. We have proposed
a probabilisticapproact{74] wherenetwork nodesexchangelink availability probability
informationsimilar to p;(x). Butinsteadof choosingthe bestor safestpathour algorithm
distributesload acrosshe network in accordanceavith availability of links while favoring
shortempaths.

While all theabove remedialschemeseducetheimpactof inaccurag onthe performance
of pathselectionthey eitherwork well only in somecaser introduceadditionaloverhead
at corerouters. For easydeployability and scalability of QoSrouting, we needto devise
schemeshat performwell without introducingmorecompleity at coreroutersandmore
communicatioroverheadon network thanthe currentrouting protocols.As analternatve
to global QoSrouting, localizedQoSrouting approachs proposedwhereno global QoS
stateinformation exchange amongnetworknodesis needed Instead,sourcenodesinfer
thenetwork QoSstatebasedn flow blockingstatisticscollectedlocally, andperformflow
routing using this localizedview of the network QoS state. Someof the localized QoS
routingschemesredescribedn thefollowing sections.
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4.2 Localized QoSRouting

A sourcenodeunderQoSrouting,uponreceving arequestvith specificQoSrequirements,
selectsa suitablepathto the destinatiomodebasedon its view of resourceavailability. It
then sendsa connectionrequestto resene resourcesat eachnodealongthe path. It is
possiblethat sufficient resourcesrenot availablealongthe choserpatheitherbecausef
stalerouting information at the sourcenodeor becauseof changedn the network state
while the connectionis beingestablished.In sucha case the requests rejectedandthe
flow is blocked. LocalizedQoSrouting approachattemptgo infer the network statefrom
theseflow blocking statisticsand performspathselectionbasedon this local information.
Sewerallocalizeddynamicroutingscheme$ave beenproposedn the context of telephone
networks. Herewe considentwo suchschemespasedon sticky routing andlearningau-
tomatathatmake useof thefeedbacknformationregardingflow admissioror rejectionfor
routingfuture flows.

4.2.1 Sticky Random Routing

Thedynamicalternativerouting(dar)is awell known routingschemg?25] wherea source
always tries the direct one-link path to the destinationfirst andin caseof a crankback
choosesa two-link path using sticky randomrouting (srr). Sincein our settingwe do

not considerre-routing, the srr scheme(equivalentto dar with a dummy direct link) is

usedfor comparison.The srr schemaemembers pathknowvn aspreferred pathfor each
destination.A flow to a destinationis alwaysroutedthroughits correspondingreferred
path. If the connectionsetupis successfulthe preferredpathremainssame.But in case
of a failure, the flow is blocked and a new preferredpathis chosenrandomlyfrom set
of feasiblepathsto thatdestinationexcluding the currentpreferredpath. The srr scheme
essentiallysticksto a pathaslong asit canaccommodatefferedtraffic.

The analysisof dar presentedn [25] shawvs that dar equalizesthe blocking ratesover
two-link pathsfor eachsourcedestinatiorpair. It claimsthatoverflow streamsij.e., flows

directedto two-link paths,underdar canbe modeledasif they arisefrom proportional
routing, with proportionsdependingon the blocking ratesof links. But it also cautions
that the approximationprocedureusedin the analysiscould breakdown if the overflow

is large and needsto be spreadover a numberof alternatves. This is preciselythe case
with networkslik e Internetthatmayhave morethanoneminhoppathandmary alternatve

pathsbetweereachsource-destinatiopair.
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4.2.2 Learning Automata basedRouting

An applicationof automatao theroutingproblemis givenby NarendraandMars[67]. The
incomingflows areofferedto a pathr accordingto a probability distribution p,., which is
updatedusingfeedbacknformationregardingflow admissioror rejection. Theseschemes
reward a pathon which a flow is successfubnd punisha pathon which a flow fails. If a
route: is choserattime n andtheflow is successfulthenupdatingis

pi(n +1) = pi(n) + a(l = pi(n))

pin+1)=(1—a)pj(n) j#i

while if theflow fails

pi(n+1) = (1 = €e)pi(n))

pi(n+1) =

A —apn) A
wherea ande areadjustableparameters) < a < 1, 0 < € < 1 with ¢ smallcompared
with a, anda is itself usuallysmall,sothatthe updatingis gradual.Undercertainassump-
tions [67, 68, 106] shav that L;_.p automataendsto approximatelyequalizeblocking

probabilities,b,., while Lr_p automataor which e = « in the above equalizesblocking

rates(p,.b,). Oneproblemwith this schemeis that probability associatedvith a pathis

changederevery flow arrival. In addition,no accounts taken of thelengthof a pathand

alsothe selectionof candidatepaths. In the later chapterswve comparethe performance
of theseschemesvith our schemesndshav thatour schemegyield muchlower blocking

probability,

4.3 Hybrid QoSRouting

As a viable alternatve to the best-pathrouting approachwe proposed75, 76] a nowel
proportionalroutingapproacto QoSrouting. Underthis proportionalroutingapproacha
sourcerouteruseslocally collectedflow statisticssuchasflow arrival/departurgatesand
flow blocking probabilities,and performsadaptve proportioningof flows amonga setof
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candidatepathsbasedon this local information. This localizedproportionalrouting ap-
proachis somevhatsimilarin spirit to thedynamicroutingschemesn telephonenetworks
[46] describedibore. However, theactualmechanism$or adaptve proportioningarequite
different. Moreover, we enhancehe performanceof localizedproportionalrouting by se-
lectingafew goodcandidatepaths.

Under purelocalizedapproachthe candidatepath setremainsstatic while their propor

tions are adjusteddynamically A network nodeunderlocalizedapproachcanjudgethe
quality of pathsonly by routing sometraffic alongthem. Soit is not possibleo update
the candidatgpathsetbasedon local informationalone. On the otherhand,dueto chang-
ing network conditions,a few good candidatepathscannotbe selectedstatically Hence
we propos€78, 79] a hybrid approacho proportionalrouting, wherea few good candi-
datepathsare selecteddynamicallybasedon infrequentlyexchangedglobal information.
Theresultinginaccurag is cushionedoy adaptvely proportioningtraffic amongmultiple

“good” candidatgpathsinsteadof routingall thetraffic alongthe“best” path.In thefollow-

ing chapterswe first addresghe questionof how to proportiontraffic adaptvely among
a setof candidatepathsusingonly local information. We thenturn to the issueof how to

selectafew goodcandidatgpathsbasedn infrequentlyexchangedylobalinformation.
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Chapter 5

Localized Proportional Routing:
Theoretical Models

In this chapterwe study several issuesin the designof localized QoS routing schemes,
which malke local routing decisionsbasedon locally collectedQoS stateinformation. In
particular we investigatethe granularityof local QoS stateinformationandits impacton
the designof localizedQoSrouting schemedrom a theoreticalperspectie. We develop
two theoreticalmodelsfor studyinglocalizedproportionalrouting: oneusingthe locally
collectedlink-level QoSstateinformation,andthe otherusinglocally collectedpath-leel
QoSstateinformation.We compargheperformancef thesdocalizedproportionakouting
modelswith thatof a global optimal proportionalmodelthat hasknowledgeof the global
network QoS state. We first describethe global optimal proportioningschemeandthen
localizedadaptve proportioningschemes.

5.1 Global Optimal Proportional Routing

As a basisfor comparingthe performanceof localizedproportionalQoSrouting models,
in this sectionwe presenthe global optimal proportionalrouting model, which hasbeen
studiedextensvely in the literature (see[93] andreferencegherein). In this model, we

assumethat eachsourcenode knows the completetopolagy information of the network
(includingthecapacityof ead link) aswell astheofferedtraffic load betweereverysource-
destinationpair. With the global knowledgeof the network topology and offered traffic

loads,theoptimalproportions for distributing flows amongthe pathsbetweereachsource-
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(a) bigisp (b) minisp

Figure5.1: Thetopologiesusedin our study

destinatiorpair, canbe computedasdescribedelow.

Consideran arbitrarynetwork topology with N nodesand L links (seeFigure5.1 for ex-
ampletopologies).Forl = 1,2,..., L, the capacityof link [ is ¢; > 0, which is assumed
to befixedandknown. Thelinks areunidirectional,.e., carrytraffic in onedirectiononly.
Let o = (s,d) denotea source-destinatiopair in the network. Let A, denotethe average
arrival rate of flows arriving at sourcenode s destinedfor noded. The averageholding
time of theflowsis 1. Recallthateachflow is assumedo requesbneunit of bandwidth,
andthattheflow arrivalsarePoissonandflow holdingtimesareexponentiallydistributed.
Thusthe offeredload betweerthe source-destinatiopair o isv, = A\, /u,. Let R, denote
the setof (explicit-routed) pathsfor routing flows betweenthe source-destinatiopair o.
The global optimal proportionalproblemcanbe formulated[41, 42, 45] asthe problem
of finding theoptimalproportions{«, r € R, } for eachsource-destinatiopair o andits
routesetR,, where)_, .p_«r = 1, suchthatthe overall flow blocking probabilityin the
network is minimized. Or equivalently, finding theoptimalproportions{«;,r € R,} such
thatthetotal carriedtraffic in the network,

W = Z Z a, vy (1 —b,) (5.1)
0 reERs
is maximized.

In (5.1), b, denoteghe blocking probability along pathr. Underthe link independence
assumptionjdl, 42,45], b, canbeexpresseasfollows:

b =1—T](1-0) (5.2)

ler
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N: {1, 2, ..n}, vectorof n nodesin thetopologyof the givennetwork.
L: {1,2,..1}, vectorof | links in thetopologyof the givennetwork.
C: {c1, c2, ..c; }, vectorof capacitiesf thelinks, ¢; > 0.

o apair (s, d), wheres,d € N.

T apath,i.e asetof links € L, from sourceto destination.

Ry, : asetof pathshetweera source-destinatiopair o.

vy loadonthelink I € L.

Vo ! loadonthe source-destinatiopair o.

v n x n traffic matrix,i.e, [Vo]voe Nx N -

by : blocking probabilityof link I € L.

br: blocking probability of pathr.

ar: loadproportionalongr € R, for aparticularo.

Figure5.2: Notation

wherel € r meanghatlink [ is partof router, andb, is the blocking probability of link /.
Theblockingprobability b, of link [ is in turn givenby the Erlanglossformula,

vy °l

b= Ew,a) = —"4. (5.3)
=01
Heretheloadofferedonlink [, v, is thesumof all thereducedoads(i.e., afterindependent

load thinning) from arny source-destinatiopair o which hasaroutepassinghroughlink /.
Namely

=y > av, [[ (1—bn) (5.4)

0 reRgs:ler me r—{l}

The global optimal proportionalrouting problem (5.1) is a constained nonlinear opti-
mizationproblemandcanbe solved usingan iterative procedurebasedon the Sequential
Quadmatic Programming(SQP)method82, 15]. Eachstageof theiterative procedurenas
two steps First, givenasetof flow proportionsy,., thefixed-pointequationg5.3)and(5.4)
involving b;’s andy,’s aresolved. Using thesevalues,IV given by equation5.1is recom-
puted.Thenthis algorithmessentiallysearche$or a new setof improvedflow proportions
basedon the revenuelV. The completeprocessneedsto be repeatedor variousinitial
conditionsto searchor the potentialglobal optimal solution. The optimizationprocedure
(referredto asoptpropo usedin our studyis givenin Figure5.3. Figure5.2 summarizes
the notationusedin this procedurgandtherestof thethesis).

Theglobaloptimalproportionakoutingmodelpresente@bove assumethatthebandwidth
request®f flows arehomogeneou@.e.,oneunit of bandwidth).In the casethatflows have
heterogeneoukandwidthrequeststhe Erlanglossformula canbe extended[40, 90] and
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PROCEDURE optpropo(NL, C, R,v)

Startwith somearbitraryproportionSaSnO),VT € Rs,Vo = (s,d),s,d € N.

UseSequentiaQuadratic Programming(SQP)methodfor solving (in t" step):
maximizeW =3~ ZTGRU oWy (1 - b))
undertheconstraintszreRd al® =1,
whereb =1 — [Ic,.0- bl(i))
UseGauss-N&iton methodto solve the following nonlinearequationgor bl(i

p(M — E(Vl(i>7cl)

)
(1) _ (#) (4)
= Zcf ZTERG:ZET Qr Vo Hmerf{l}(l —bm )
END PROCEDURE

)

© 0N O O ~ON R

=
=4

Figure5.3: Theoptpropoprocedure

theglobaloptimal proportionalrouting problemcanbeanalogoushformulatedandsolved
using multi-ratdossmodels[62, 93]. The computationatompleity of the exactsolution
is generallyprohibitive for large networks. To addresshis problem,severalapproximation
algorithmshave alsobeenproposed62, 64]. In particular whenthe capacityof alink is
large,theblockingprobabilityof aflow of type: canbeapproximatedsfollows[91]. Sup-
posethattype: flow requestdor d; unitsof bandwidthandtheloadof type: flows onlink
lis vi. Theblockingprobabilityfor type: flows onlink [ is givenby b} = %E(ng‘ii 4,
where) is an“equivalentrate” givenby § = ZZZZZQ In otherwords,theratio of blocking
probabilitiesof flow types: and; would be sameasthe ratio of their bandwidthrequests,

i.e.,% ~ g— We lateramguethatin thisrealisticscenarimf link capacitybeingmuchlarger
J J

thananindividual flow’s bandwidthrequestit is not necessaryo distinguishbetweerdif-

ferenttypesof flows for the purposeof proportionalrouting.

5.2 Localized Proportional Routing

We now turn our attentionto the problemof modelinglocalizedproportionalrouting. Un-
like in the global case,in localizedproportionalrouting we assumehateachsourcenode
hasonly alocal (andthuspatrtial) view of the network state.For example,a sourcenode
may only have knowledgeof the offeredtraffic loadsbetweernthe source-destinatiopairs
originatingfromitself. Also, it mayhave partialnetwork topologyinformationonly (in par
ticular, thelink capacityinformationmaynotbeavailableto a sourcenode).As mentioned
in theintroduction,in this chaptemve will focusonlocal QoSstateinformationgatheredat
two differentgranularitylevels: thelink level andthe pathlevel. At the (finer) link level,
eachsourcenodecancollectthe following informationlocally: 1) the offeredtraffic load
of flows from the sourceto a destination2) the numberof flows routedalonga pathfrom
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thesourceto adestinatiorthatareblocked;and3) in the casewherea flow is blocked,the

identity of thelink atwhichtheflow is blocked. Thethird typeof informationcanbemade
availableto asourcenodeby simply piggybackingheidentity of thelink atwhichaflow is

blockedin theflow setupfailure notificationsentbackto the sourcenode.At the (coarser)
pathlevel we assumehateachsourcenodeonly collectsthe first andseconaypesof the

local informationlisted above. In otherwords, whena flow is blocked, the sourcenode
doesnot have the knowledgeof thelink identity at which the flow is blocked. As aresult,
the path-level local informationprovidesa sourcenodewith a much*vaguer”view of the

globalnetwork QoSstate.

5.2.1 Virtual Capacity Model

Givenonly locally collectedflow statisticsdetermining‘optimal” proportiondor distribut-
ing flows amongmultiple pathsbetweera source-destinatiopair becomes difficult prob-
lem. In particulay sinceeachsourcenodedoesnotknow the capacityof alink andthetotal
offeredload on the link, the Erlangloss formula cannotbe directly usedto derive flow
blocking probability at a link. To addresghis problem,we introducethe notion of virtual
capacityof alink (or a path)perceivedby a source node For alink [, let v,; betheload
placedby a sourcenodes, andb,; be the blocking probability obsered by nodes. Intu-
itively, thevirtual capacity vc, , of link [ percevedby thesourcenodes is the (perceved)
amountof bandwidthconsumedy the flows routedfrom sources alonglink [, giventhe
obsened blocking probability b, ;. Formally, vc,; is definedvia theinverseof the Erlang
lossformulaasfollows:

VCs| = E71<bs,l7 Vs,l>7 (55)

where E~(b,v) := min{c : FE(vs,c) < b}, the inversefunction of the Erlangloss
formulawith respecto the capacity The virtual capacityof a path canbe definedanalo-
gouslyby replacingthelink [ with apathr, v, ; andb, s with v, ; andb, ,, theload offered
andblocking probabilityobsened by nodes alongpathr.

Notethat E—'(b,,, v,;) definedabove is anintegervaluedfunction. This meanghatif we
vary eitherthe blocking probability b, ; or the offeredload v, slightly, E~*(bs,, vs;) is
likely to yield exactly thesamevirtual capacityvalue. Thisis anundesirablgropertythat
could causesomepotentialproblemin the corvergenceprocessof localizedproportional
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routing schemesve study later To circumventthis problem,we resortto the continuous
versionof the Erlanglossformuladefinedin [20]:
~ 1

E(v,c) = Pt e vda (5.6)

It canbe shavn that the continuousversionof the Erlang loss formula E(v, ¢) defined
aboveis analyticin ¢, andcoincideswith thediscreteversionE(v, c) whenc is aninteger.
Therefore,its inversefunction E-1(b, v) with respectto ¢ is well-defined. (It is easyto
seethattheinverseof the Erlanglossformulawith respecto the offeredloadis alsowell-
defined.Thisinversewill alsobeusedin ourlocalizedproportionalQoSroutingschemes,
aswill beseenater) In general,computingE(y, ¢) andits inverseausing(5.6)directly are
quitedifficult andtime-consumingApproximationmethodgor computingE (v, ¢) andits
inversehave beenproposedn [20, 36]. In therestof the chapterthe continuousversion
of the Erlanglossformulawill be used,andfor simplicity of notation,we will dropthe
superscript

The notion of virtual capacitydefinedabove hasseveralinterestingandimportantproper
tiesthatarekey to our studyof localized(adaptve) proportionalQoSrouting. Firstof all, it
is clearthatthevirtual capacityof alink or pathcanbe computedsolelybasedn localin-
formation(e.g.,loadofferedandblockingprobabilityobseredby a sourcenode).Second,
thenotionof virtual capacityprovidesa quantitativemeasuref capacityshareof alink or
pathgrabbedoy theflows originatedfrom a sourcenode.Thelargertheloada sourcenode
offerson a link or a path,the more capacitysharethe nodegrabs. To seethis, consider
a link of capacityc;, which is sharedby traffic originatedfrom sourcenodessy, ..., s,.
Supposeheofferedloadfrom eachnodes; is v ,. Thentheblockingprobabilityb, onlink
[, asis obsenedby eachnodes;, is givenby

bl = E(Z I/l,si,cl) (57)
=1
Thereforethevirtual capacitypercevedby nodes; is

Ve, = E_l(bl, Uis;) (5.8)

Clearly, thelarge v, ,, is, the biggervc, ,, is, asthe obsened blocking probability by each
nodes;, b, 5, = by, is determinedy thetotal offeredload andthe capacityof thelink, not
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theindividual load offeredby eachsource.Third, the virtual capacityperceved by a node
is afunctionof bothits offeredloadandthe obseredblocking probability, which changes
astheoverall loadon alink or a pathvaries. Consequentlya nodecanadjustits offered
loadto effecta changan the obsenedblocking probability, or asaresponséo thechange
in the obsenred blocking probability The notion of virtual capacitythereforeprovides
a theoreticalbasisfor the analysisof how flow proportionsshouldbe adjustedbasedon
locally collectedstatistics.We canextendthis notionof virtual capacityfor heterogeneous
traffic alsoand computeclassbasedproportionsby maintainingstatisticsseparatelyfor
eachtraffic class.

Basedon the notion of virtual capacity in the next sectionwe develop two theoretical
modelsfor localizedproportionalrouting: virtual link basedminimization(vim) andvir-

tual path basedminimization(vpn), that computeflow proportionsusing, respectrely,

link-level and path-level flow statisticscollectedlocally at sourcenodes.In both models,
eachsourcecollectslocal QoS stateinformation,andbasedon this local QoS stateinfor-

mation, periodicallyrecomputeglow proportionsassignedo the pathsfrom the sourceto

a destination. This distributed dynamicadaptationprocedurecan be viewed as anitera-
tive processwvherein eachiteration eachsourceindependentlyattemptsto minimize the
obsenredblocking probability by adjustingthe amountof traffic routedthrougheachpath.
Thesemodelsdiffer in thetypeandgranularityof thelocal QoSstateinformationcollected,
andthereforein the mannerthatthe flow proportionsarederived.

5.2.2 Virtual Link basedMinimization

In the virtual link basedminimization model, a sourcecollectslink-level flow blocking
statisticswith the assistancérom the connectionadmissioncontrol (CAC) module. We
assumehatwhenever a flow setuprequestfails at a link, the identity of thatlink is also
recordedandpiggybacledto the source.The CAC moduleat the sourcenodeinformsthe
QoSroutingmoduleof the flow setupfailure andtheidentity of the link wheretheflow is
blocked. Suchlink-level flow blockinginformationcanbe gatheredy a sourcewith very
little overheadon the network.

With the locally collectedlink-level flow statistics,a sourceknows exactly the offered
traffic load on alink contributedby flows originatingfrom thatsource.Unlike the global
routing model, the source,however, doesnot have ary information regardingthe traffic
loadsofferedby the othersourcenthelink. It neitherhasarny knowledgeof the capacity
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Figure5.4: Virtual network views of source® and4

of thelink. Thesourcecanonly infer thestateof thelink from theflow blockingprobability
atthelink it obsenes.Usingthenotionof virtual capacityof alink, thesourcecaninfer its
shareof thebandwidthat eachlink, andpiecetogethera partialvirtual view of the network
from its own perspectie.

This notion of virtual network view of a sourcecanbeiillustratedusingFigure5.4. First
supposehatnode2 is theonly sourcan thenetwork andnodess and8 areits destinations.
Therearetwo minhoppaths2 — 1 — 3 — 6 and2 — 4 — 5 — 6 to node6. Similarly
2—1—3—8and2 — 7 — 9 — 8 aretheminhoppathsto node8. All thelinks along
thesepathsform the virtual network view of source2. Whennode?2 is the only source
andlinks are not sharedby other sourcesthe virtual capacitiesof theselinks would be
the sameasthe actualcapacities. Thusthe network in Figure 5.4(a)with only the thick
links correspondo the virtual network of source2. Similarly, the virtual network view of
sourcet is shavn in Figure5.4(b),wherenodes3 andS areits destinationsThethick links
correspondo two minhoppathsto node3 andthreeminhoppathsto node8. Onceagain
whennode4 is the only sourcein the network, the thick links form the virtual network of
sourced.

Now considerthe casewherebothnodes2 and4 arethe sourcesThe megedvirtual view
of thesesourceds shawvn in Figure5.4(c). Herethe thick links are usedby only source
2 andthe thin dashedinks areusedby source4 only. Both sourcesusethe thick dashed
links1 — 3,3 — 8,4 — 5, and5 — 6 to routetheir traffic. Underthelink-level localized
QoSrouting model, eachsourcedoesnot have ary knowledgeaboutthis sharing. This
sharingis indirectly reflectedin the flow blocking probability on the links obsened by
eachsource which leadseachsourceto derive its shareof thelink capacityusingthelink
virtual capacity
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1. PROCEDURE VLM(s)
2. For eachlink [ € L
3. Computevirtual capacityvci"} =E1! (uﬁ’;), bi”l))
4. For eachpathr € R,
5. Assignnew load "™V suchthat
6. ZTGRS v (1 — b,.) is maximum where
S
8. bl(z E)(Vﬁ ,vc:l ) -
n+1 n+1
9. Vs,l = ZTERS:ZET vr Hm,e r—{l}(l - bm)
1
10. ZreRa V7(‘n+ ) = VO'7VU
11. END PROCEDURE

Figure5.5: Thevim procedureat sourcenodes

(a) view of source2 (b) view of source4

Figure5.6: Virtual network views of source® and4

With the virtual network view, eachsourcecanemploya localizedversionof the global
optimalproportionalroutingschemedoptpropo) to computethe“optimal” flow proportions
for eachof its destinations:we replacethe actual capacityof a link by its virtual link

capacityandonly offeredtraffic loadsfrom thesourceareusedio computetheoptimalflow

proportionsfor the source.Theresultingoptimizationprocedurereferredto asthe virtual

link basedminimization(vim) procedureis shavn in Figure5.5,wheres is a sourcenode.
This localizedflow proportioningschemeis an iterative processwhere eachiterationis

performedafteranobsenationinterval by eachsourceasynchronouslyin thenth iteration,
thecurrentvirtual capacityvcgf;) of eachlink [ with respecto s, is computedpasednthe
currentofferedload uﬁf}) andthe correspondingbsenred blocking probability bg‘l) (lines
2-3). Thelocal minimizationis thenperformedon the virtual network thusformedwith

eachlink [ having thecapacityvcgf? (lines4-10).
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(a) view of source2 (b) view of source4

Figure5.7: Virtual network views of source® and4

5.2.3 Virtual Path basedMinimization

In the virtual path basedminimization (vpm) modeleachsourcecollectsonly path-level

flow statisticsithe numberof flows routedalongeachpathbetweerthesourceto adestina-
tion, andthe numberof flows blocked alongthe path. Unlike the link-level localizedQoS
routingmodel,herewe assumehattheidentity of thelink atwhichaflow is blockedis not

availableto asource.

With only locally collectedpath-level flow statistics,a sourcedoesnot have ary waysto
infer the QoS stateof ary individual link. A sourcecan only obtain someknowledge
aboutthe“quality” of a pathbasedn thetraffic offeredonthe pathandthe corresponding
obsenred flow blocking probability alongthe path. Similar to the virtual link basedQoS
routingmodel,in the virtual pathbasedoutingmodelwe associate virtual network with
eachsource-destinatiopair, usingthe notion of virtual capacityof a path. Considera
source-destinatiopair (s, d). Supposeherearek (explicit-routed) pathsbetweensource
s anddestinationd. Usingthe notion of virtual capacityof a path,we treatthesek paths
asif they were disjoint and ead consistedf a singlevirtual link. The virtual capacityof
a pathr is representedby vc,, which is determinedoy the offeredload from sources to
destinationd alongrouter andthe obsenred blocking probability b, of flows routedalong
theroute. Although the real network topology of thesepathsmay be very compla (e.g.,
multiple pathshave sharedlinks, or sharelinks with other source-destinatiopairs), the
notion of virtual capacityof a pathallows usto circumwentthesedifficultiesby essentially
capturingthe “capacityshare”of flows routedalongvariouspaths.

The conceptof virtual capacityof a pathcanbeillustratedusingthe figure shavn in Fig-
ure5.6. Thevirtual pathview of asourcecanbeunderstoodsfollows. Imaginea network
where eachphysicallink is split into multiple virtual links, one per eachpath passing
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1 PROCEDURE VPM(o)

2 For eachpathr € R,

3. Computevirtual capacityvc(rn) =E1 (uﬁ"’) s bﬁ"’))
4. For eachpathr € R,
5

6

7

8

Find new load "tV suchthat

ZTGRG y£”+1>E(vc$”), u$"+1)) is minimum

ZrERa V£n+1> =Vo
END PROCEDURE

Figure5.8: Thevpmprocedurdor apair o

throughthatlink. In sucha network all pathswould be mutually disjoint. For example,
Figure5.7(a)representwvirtual pathview of source2 correspondingo the physicalnet-
work in Figure5.6(a). Similarly, Figure5.7(b)correspondso thatof Figure5.6(b). Here
thelink 1 — 3 is sharedby paths2 -1 -3 - 6,2 -1 —-3 — 8,4 — 1 — 3and
4 — 1 — 3 — 8. Thesepathscanbe madeto appeadisjoint by splitting it into 4 virtual
links.

Giventhe path-level virtual network view for a source-destinatiopair, the “optimal” flow
proportionsfor the pathsbetweerthe pair canbe computedto minimize the overall flow
blockingprobability experiencedy the flows routedalongthesepaths.Formally, consider
asource-destinatiopair o. Let R, denotethe setof pathsbetweerthe source-destination
pairo. For eachpathr € R, letvc, denoteghe virtual capacityof the path(percevedby
the source-destinatiopair o). Theflow proportionsfor the pathscanbe computedusing
aniterative procedurereferredto asthe virtual pathbasedminimization(vpm) procedure,
asis shavn in Figure5.8. In this procedurethevirtual capacityvc(™ of eachpathr is com-
putedusingthe Erlanginverseformula, giventhe currentofferedload (™ alongthe pathr
andthe correspondingbsered blocking probability 5. Basedon thesepathvirtual ca-
pacitiesnew loads{r "V} arereassignetb pathssuchthaty", . v"*Y E(vel™, v(n+1)
is minimized. This proceduras performedteratively andindependentlyateachsourcefor
all thesource-destinatiopairsoriginatingatthe source.

Beforeweleavethissectionjt is interestingo contrasthelink basedandpathbasedocal-
ized proportionalrouting modelwith the global optimal proportionalroutingmodelin the
way they handlethe sharingof links amongpaths.While theglobalmodelis avareof how
the links aresharedby all the pathsbetweenary sourceto ary destinationthe localized
link-level modelis only awareof sharingof links amongthe pathsfrom the samesource.
Thelocalizedpath-levzel modelis completelyoblivious of ary link sharing.However, this
lack of knowledgeaboutexplicit sharingbetweenpathsis somaevhatcompensatetly the
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notion of virtual capacity which indirectly accountdor the effect of link sharing. More-
over, the localizedmodelsmalke up for the absencef suchknowledgeby emplging an
iterative procesgo computeflow proportions,in anattemptto approachthe optimal flow
proportioning. This iterative procedurecanbe thoughtof ascontinuallyrefining the (par
tial) virtual network view of eachsource. Eachsourceusesits virtual network view to
computeflow proportionsfor routing flows alongvariouspaths,andthis in turnimproves
thevirtual network views of all the sources This iterative procedureeventuallycorverges
to anequilibrium statethatyields nearoptimalflow proportions.

5.2.4 Performance Comparison

In this section we demonstrat¢he convergenceprocesf thelocalizedproportionalrout-
ing models,andcomparetheir stableperformancewith thatof the global optimal propor
tional routing modelthroughnumericalinvestigation. Before we presentthe results,we
first describethe systemsetup.

5.2.4.1 SystemSetup

Thetopologiesusedin our studyareshowvn in Figure5.1. Thebigispis thetopologyof an
ISP backbonenetwork usedin [2, 56] also. Therearetwo typesof links: solid anddotted

All solid links have samecapacitywith C unitsof bandwidthandsimilarly all the dotted
links have C, units. For simplicity, all thelinks areassumedo bebidirectionalandof equal
capacityin eachdirection. Thenodedabeledwith abiggerfont areconsideredo be source
(ingress)or destination(egress)nodes.The minisptopologyis almostlik e the coreof the
bigisp topology It hasonly solid links andfor eachsourcea subsetof nodes(shovn in

smallerfont) arechosemasdestinatiomodes.By default, resultspresentedn this section
correspondo minisptopologyandwe explicitly mentionwhenever bigispis used.

The flow dynamicsof the network are modeledas follows (similar to the model used
in [103]). Eachflow is assumedo require one unit of bandwidth. Flows arrive at a
sourcenodeaccordingto a Poissonprocesswith rate \. Theincomingtraffic at a source
is uniformly split amongits destinationnodes. The holding time of a flow is exponen-
tially distributedwith mean1/u. Following [103], the offered network load is given by
p = /\Nl_z/,u(LlCl + L,Cy), whereN is the numberof sourcenodes,.; and L, arethe
numberof solid anddottedlinks respectiely, andh is the meannumberof hopsper flow,
averagedacrossll source-destinatiopairs. Theparameterssedin our studyareC; = 20,
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Figure5.9: Performanceomparisorof the optimalandthelocalizedschemes

C5 = 30, 1 = 1 minute. Thetopologyspecificparametergor minispare N = 9, L, = 26,
L, = 0, h = 2.64. Similarly for bigisptheseparametersre N = 6, L, = 36, L, = 24,
h = 3.27. The averagearrival rate at a sourcenode \ is setdependinguponthe desired
load.

5.2.4.2 Corvergence

Eachsourceunderthe localized proportionalrouting schemesbsenres either link-level
or path-level flow blocking probabilitiesandperiodicallyrecomputed$low proportionsfor
routing flows amongits paths. Thesereassignmentsf flow proportionsare doneinde-
pendentlyandasynchronouslypy eachsourcein a distributedmanner However with the
helpof thevirtual capacitymodel,they indirectly cooperatavith eachotherandgradually
convergeto nearoptimal proportionsasdemonstratetielow.

Figure5.9(a)shaws the corvergenceprocessof the localizedrouting schemes.The load
p is setto 0.50 on minisp  Only the minhop pathsare chosenasthe candidatepathsfor

eachsource-destinatiopair. The averageperiodbetweerrecomputationss setto 1. The
overall blocking probabilityis plottedasa functionof time (i.e., the numberof iterations).
The performanceof the global optimal routing schemes alsoshown for reference.Note
thatthe performancef thelocalizedscheme®nly varieswith time.

It canbe seenthatthe overall blocking probability of both the localizedrouting schemes
graduallydecreasessthe numberof iterationsincreases.Both the schemesventually
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Figure5.10: Performanceinderbigisptopology

cornverge andeachto a differentcorvergencepoint. Startingwith arbitraryinitial propor
tions, the localizedschemespproacicloseto their respectre convergencepointswithin
15 iterations.Thefinal convergencepointsare2.56%, 2.51% respectiely for theschemes
vpmandvim. Theglobal optimal schemeyields an overall blocking probability of 2.42%.
Thereis verylittle differencen the performancef finer-grainedink-level schemendthe
coarsegrainedpath-lezel scheme.More importantly the performanceof boththe local-
izedschemess quite closeto thatof the globaloptimalscheme.

5.2.4.3 Blocking Performance

The performanceof the localizedschemess studiedundervariousload conditions. The
loadis variedfrom 0.50 to 0.60. The overall blocking probability at the convergencepoint
of eachexperimentis plotted asa function of load in Figure5.9(b). It canbe seenthat
the performancef thevim schemas slightly betterthanthatof thevpmschemeacrossall
loads,andthattheir performancas quite closeto thatof theoptscheme.

We have alsorun experimentswith the larger bigisp topology Theseresultsare shavn
in Figure5.10. As before,both the localizedvirtual capacitybasedschemesgyradually
cornverge to nearoptimal proportionseven with bigisptopology The blocking at thefinal
convergencepointsare 3.653% and3.866% respectiely for vim andvpmwhile the opti-
mal schemeyields an overall blocking of 3.57%. Comparatiely, theseschemeseemto
convergerelatively soonerin caseof bigispthanminisp Also, the performancaifference
betweernvim andvpmis slightly higherin caseof bigispthanminisp However, theresults
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of minispandbigisp arenot very differentandthe obsenationsmadewith minispareap-
plicableto bigispalso.In thenext sectionwe illustratethe effectivenesf localizedtrunk
resenationusingminispandshov somesimulationresultson bigispin thelatersections.

5.3 Alternative Paths and Localized Trunk Resewnation

The virtual capacitybasedocal minimizationschemeglescribedn the previous section
treatall candidatepathsequally Sinceanadmittedflow consumedandwidthand buffer
resourcest all the links alonga path, clearly pathlengthis alsoanimportantfactorthat
mustbetakeninto considerationThereis afundamentatrade-of betweerminimizing the
resourcausageby choosingshorterpathsandbalancingthe network load by usinglightly
loadedlongerpaths. As a generalprinciple, it is preferableto routea flow alongminhop
(i.e. shortestypathsthanpathsof longerlength (alsoreferredto asalternativepaths).By
preferringminhop pathsanddiscriminatingagainstalternatve paths,we not only reduce
the overall resourceusagebut alsolimit the so-called‘knock-on” effect[41, 42], thereby
ensuringthe stability of thewhole system.

The “knock-on” effect refersto the phenomenomwhereusing alternatve pathsby some
sourcedorcesothersourcesvhoseminhoppathsshardinks with thesealternatve pathsto
alsousealternatve paths.This cascadingffect cancauseadrasticreductionof theoverall
throughputof the network. In orderto dealwith the “knock-on” effect, trunk resenation
[42] is employed wherea certainamountof bandwidthon a link is resered for minhop
pathsonly. With trunk resenation, a flow may be rejectedevenif sufficientresourcesre
availableto accommodaté. A flow alonga pathlongerthanits minhoppathis admitted
only if theavailablebandwidthevenafteradmittingthis flow is greatethanthe amountof
trunkresered. Trunkresenationprovidesa simpleandyet effective mechanisnto control
the“knock-on” effect. However, trunk resenationcannoteuseddirectlyin localizedrout-
ing schemessinceit requiregglobalconfiguration. Furthermorecoreroutershaveto figure
outwhethera setuprequestor aflow is sentalongits minhoppathor not, introducingun-
desirabléburdenonthem.We proposeto addresshis by having eachsourcerouterlocally
discriminateagainsits own alternatve pathswithoutanyexplicit globaltrunk reservation

A sourcenodeemplgying alocalizedschemecancontroltheamountof alternatve routing
by adjustingthe virtual capacitiesin its virtual network. This can be thoughtof asan
implicit localizedtrunk resenation performedby eachsourceindependently The exact
methodin which alternatve pathsare discriminatedvariesbetweenvim andvpm While
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1. PROCEDURE VLM(S)
2. For eachlink I € L
3. Computevirtual capacityvci"f = E*I(uy‘l’), bi%
4. For eachlink { € L't ' '
; ; (n) _ (n)
5. Decreaseirtual capamtyvc:l =(1— w)vc:l T PROCEDURE VPM(o)
6. For eachpathr € R 2. For eachpathr € R,
7. Assignne load (" 1) suchthat 3. Computevirtual capacityve{™ = E=1(1{™) (™))
8. Z cn v (1~ b, is maximumwhere 4. For eachpathr € Rt
”
9 b — 1 H (1—b) 5. Decreaseirtual capacityve'™ = (1 — ¢)vel™
r <"+er (m) ’ 6. For eachpathr € R,
10. b,( = E;(VS,L ey ( ) 7. Find new IoadyL”Jrl) suchthat
n41) _ nt1 _ (n+1) (n)  (n41)y o
11. v, = (E'I'G)RS:ZET v, H'mE r—{l}(l bm) 8. e, u,(ﬂ )E(vc,‘ Uy ) is minimum
n+1) _ n+1l) _
12. ZTER@- v, =vg, Vo 9. ZreRa v, =Vvs
13. END PROCEDURE 10. END PROCEDURE
(a) thevim procedureat sourcenodes (b) thevpmprocedurdor apair o

Figure5.11: Thelocalizedschemesvith implicit trunk resenation

vim employs link-level discrimination,vpmdoespath-lesel discrimination.The detailsare
presentedbelow.

5.3.1 LocalizedLink-le vel Trunk Resewation

Eachsourcerouterafterdeterminingthe correspondingirtual privatenetwork adjuststhe

virtual capacitiesof its links to accountfor trunk resenation. From the perspectie of a

source,a link is categyorizedinto two cases:alternative-onlyor minhop-also A link [ is

saidto be alternative-oniflink w.r.t. a sources, if [ lies only alongalternatve pathsfrom

thesources to its destinationsOtherwisdf aminhoppathfrom sources to ary destination
passeshroughlink [, then! is categgorizedasminhop-alsow.r.t. sources. Thelinks that

areusedonly by alternatve pathsfor routing traffic from this sourcearetargetedfor the

adjustmentTheir capacitiesaarereducedoy anamounty) where ) is thetrunk resenation

parameteri.e., vcs;, = (1 — v)vc,, if [ is alternative-onlyw.r.t. sources. The capacities
of otherlinks areleft unchangedThe modifiedvim procedurehatincorporatedocalized
trunk resenation is shavn in Figure5.11(a). The virtual capacitiesfor alternative-only
links areadjustedn lines4-5. Therestof the procedureemainsunchanged.

We now presentthe rationalebehindthe way a sourceundervim cateyorizesa link as
alternative-onlyandappliestrunk resenationonit. Considerthe threepossiblecaseghat
alink [ canfall into: 1) minhop-alsow.r.t. to s; 2) alternative-onlyw.r.t. to s andminhop-
alsow.r.t. someothersource;3) alternative-onlyw.r.t. to all sources We addressachof
thesecaseseparatelyasfollows

Casel: No explicit discriminationagainstalternatve pathsis requiredin this casesince
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Figure5.12: The effectivenesf localizedtrunk reseration (load = 0.60)

minimizationprocedureat sources is expectedto accountfor resourceusagewhile
dealingwith ary sharingof this link [ by an alternatve path. An alternatve path
would be assignedan highercapacityon link [ only if the minhoppathis relatively
bad dueo otherlinks in its path.

Case2: By locally reducingthetargetvirtual capacityof link [, sources voluntarily backs
off from suchlinks andavoids knock-oneffect. This allows minhop pathsof other
sourcedo graduallyoccugy moreshareonlink {. This reduceghe resourceusage
andin turn decreasethe overall blocking probability.

Case3: In this caseall the sourcegeducethetargetvirtual capacityof link [ eventhough
it may not be necessaryThis could leadto undetutilization of the link. However,
the extent of underutilization of suchlinks can be limited by settinga low value
for trunk resenation parameter) sinceit canbe shavn thatknock-oneffect canbe
avoidedevenwith reasonablymallq values.

5.3.2 Localized Path-level Trunk Resewration

The virtual path basedschemdimits the extent of alternatve routing by applying path-
level discriminationagainstalternatve paths. It locally adjuststhe targetvirtual capacity
of alternatve paths. Given a trunk resenation parameter), the target virtual capacityof
alternatve pathsis reducedy anamounty, i.e.,vc, = (1—v)vc, if r is analternatve path.
Thevirtual capacitief minhoppathsareleft unchangedThe minimizationprocedures
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Figure5.13: The effectivenesof localizedtrunk resenation

thenappliedlocally atthesourceonthevirtual network with theseadjusteccapacitiesThe
revised vpm procedurdas showvn in Figure5.11(b). The virtual capacitiedor alternatve
pathsareadjustedn lines4-5.

Onceagainthisdiscriminationagainsglternatve paths helpsvoid theknock-oneffect. As
describedn link-level case whenan alternatve pathsharesa link with a minhoppath,in
path-level casealsothis implicit trunk resenation by a sourcehelpsminhoppathscapture
moreshareforcing alternatve pathsto graduallybackoff. In otherwords,the virtual ca-
pacity of analternatve pathkeepsreducingwhenit sharesa bottlenecKink with aminhop
path. On the otherhandwhenan alternatve pathdoesnt shareary bottlenecklinks with
arny minhoppath,theamountof reductionin its targetvirtual capacitywill belimited by the
trunk resenationparametei) thuslimiting theamountof underutilization of resources.

5.3.3 Effectivenesf Localized Trunk Resewation

We now studythe effectivenessof localizedtrunk resenation methodandthe impact of
the parameter) on the performance. The setupdescribedn Section5.2.4.1is usedin
this studyalso. However, apartfrom the minhoppaths,pathsof lengthminhop+Zlarealso
choserasthe candidatepathsfor eachsource-destinatiopair.

TheFigure5.12shawvs the convergenceprocessvhereoverall blocking probabilityis plot-
tedasafunctionof timefor aloadof 0.60. The performancef local schemess shavn for
four differentvaluesof thetrunk resenationparametet): 0%,5%,10%,15%T heblocking

42



probabilityof globaloptimalschemas shawvn for referencelt is quiteevidentthatthe per
formanceof localizedschemesvith (> 0%) trunk resenationis betterthanwithout (0%)
it. However, asthe v valueis increasedhe performancegainis reduced.Thereis almost
no differencein performanceéoetweeny valuesof 10% and15%. We alsoranfor several
caseswith loadsrangingfrom 0.50 to 0.70. In eachcasethe localizedschemesvererun
with v valuesof 0% and10%. TheFigure5.13shawvs the overall blocking probabilityasa
function of load. Onceagain,acrossall loads,the performanceof schemesvith localized
trunk resenationis betterthanwithoutit.

Theseresultsshav thatlocalizedtrunk resenationis quite effective. However, theimpact
of localizedtrunk resenationon vimis muchlesssignificantthanonvpm Thisis expected
sincevim even without ary trunk resenation, usingfiner-grainedlink-level information,
accountdor sharingof links betweenminhop and alternatve pathsfrom a sourceto all

its destinationsTherole of localizedtrunk reserationin vim is limited to avoiding over-

loadingof minhop pathsof a sourceby traffic on alternatve pathsof anothersource.On

theotherhand,thelocalizedtrunk resenation playsa muchmorecritical rolein vpm The
minhop pathsto a destinationhave to be guardedirom alternatve pathsto the samedes-
tination besidedrom alternatve pathsto otherdestinations.This is dueto availability of

only coarsemgraininformationandthuslack of knowledgeaboutsharingof links between
differentpaths. However with localizedtrunk resenation, the vpmschemeidesover this

shortcomingandperformscomparablyto the vim schemeHereafteywe focusonly onthe

proportionalrouting schemesuchasvpmthatarebasedon path-level informationwhich

is easierto collectwith lessoverheadhanlink-level information.
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Chapter 6

Localized Proportional Routing:
Practical Schemes

The localized schemeddescribedin the previous chapterhave beenshovn to approach
the performanceof the optimal schemeusingonly local information. Furthermoregven

with coarseigrain path-level blocking informationthe vpm schemeperformsaswell as

the vim schemeéhatusesfiner-grainlink-level blockinginformation. It is easierto collect

path-level statisticsand simplerto implementpath-based schemes$iencewe focuson

path-basedbcalizedschemesandfurther investigatethe issuesnvolved in implementing
them.

6.1 Heuristic Equalization Strategies

The vpmschemdirst computegshe virtual capacityof eachcandidatepathandthenper
formslocal minimization. Thoughthe compleity of this minimizationprocedures much
lessthanthat of optimal schemejt could still be significant. We areinterestedn simple
schemedhat are easyto implement. A simple alternatve to minimizationprocedureis
equalizationof eitherblocking probabilitiesor blocking ratesof candidatgaths.

Equalization of Blocking Probabilities

The objectve of the equalizatiorof blocking probabilities(ebp stratey is to find a set
of proportions{ay, as, . .., a;} suchthatflow blocking probabilitiesof all the pathsare
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1. PROCEDURE VCEBPQ)
2. Set meanblockingrateof minhoppaths,3(m) = ZTGRWH al™Mp(m)
3. Set minimumof minhoppath’s blocking probability b* = min, ¢ grmin bﬁ")
4. For eachpathr € RJ*"™
5. Computevirtual capacityvci”) = E*l(uﬁn), b,(ﬂ”))
6. For eachpathr € RJ**™
7. Computetametload v suchthat3() = E(v*, vel™)
8. For eachalternatve pathr € R
9. Computetargetload v suchthat(1 — ¢)b* = E(v}, vc(rn))
10. For eachpathr € R,
11. Computenew proportiona!™ ™) = ﬁ
reRg

12. END PROCEDURE

Figure6.1: Thevcebpprocedurdor a source-destinatiopair o

equalizedij.e.,b; = by = - - - = by, wherel, is theflow blockingprobabilityof pathr;, and
is givenby E(a,v, ¢;).

Equalization of Blocking Rates

The objectve of the equalizatiorof blocking rates(ebr) stratgy is to find a setof pro-
portions{ay, as, . . ., &} suchthatflow blockingratesof all the pathsareequalizedj.e.,
Guby = @by = --+ = Gyby, whereb; is the flow blocking probability of pathr;, andis
givenby E(&;v, ¢;).

Theproportionscorrespondingo the above equalizatiorstratgiescanbe computedusing

an iterative proceduresimilar to the vpm procedure. The key differenceis in the way

new proportionsfor pathsare computedbasedon their currentvirtual capacitiesn each
iteration.While vpmtriesto minimizetheaggregateblockingprobabilityfor flows between
a source-destinatiopair, equalizatiorstratgiesattemptto equalizethe probability or rate

of blockingexperiencedy flows acrosdifferentcandidatgpathsbetweerthe pair.

Thevirtual capacitybasedequalizatiorof blockingprobabilitieg(vcebp proceduras shavn
in Figure6.1. At ary giveniterationn > 0, let (™ be the amountof the load currently
routedalonga pathr € R,, andlet b beits obsered blocking probability on the path.
Thenthevirtual capacityof pathr is givenby ve, = E~1 (1™, (™) (line 5). For eachmin-
hop path,the meanblocking probability of all the minhoppaths,3™, is usedto compute
anew targetload (lines6-7). Similarly, for eachalternatve path,anew targetloadis com-
putedusingthetargetblocking probability (1 — ¢)b* (lines8-9). Hereb* is the minimum
flow blockingprobability of all theminhoppaths(line 3) and is aconfigurablgparameter
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Figure6.2: Performancef ebpandebr

to limit theknock-oneffect. The basicideabehindthis alternatve routing methodis to en-
surethatanalternatve pathis usedto routeflows betweerthe source-destinatiopair only
if it hasa “betterquality” (measuredn flow blocking probability) thanany of the minhop
paths.Giventhesenew targetloadsfor all the paths,the new proportionof flows, ("1,

for eachpathr is obtainedn lines10-11, resultingin anew loadv("*V) = o(**Yy,, onpath
r. Similar procedurecanbe usedto equalizethe blocking ratesalsoby computingmean
blockingratein line 2 andusingthat asthe targetratein line 7 for computingthe target
loads.

Figure6.2 compareshe performanceof ebpandebr with opr. We considertheideal case
wherethe obsenred blocking probabilitieson pathsare preciselycomputednumerically
Theseexperimentsaareconductedn thebigisptopologyshawvn in Figure5.1(a)in the pre-
vious chapter In theseexperimentsonly the minhop pathsare madecandidatesandthe
loadis setto 0.55. Figure6.2(a)shavs the corvergenceof the proposedheuristicschemes.
We canseethatebpschemecorvergesto almostoptimal proportions.Theebr schemealso
convergeshut its blocking performances worsethanebp Figure6.2(b)shavs the block-
ing performanceof theseschemesundervariousofferedloads. Acrossall loads,thereis
no discernibledifferencein the performancéetweeropr andebp Ontheotherhand,ebr
performsconsistentlyworsethanebp Thereasons thatebr schemeassignanoreloadto
ahigherblockingpath tharebpscheman anattemptto equalizethe blockingratesof can-
didatepaths.This effect getsamplifiedwhenthereis lot of sharingof links betweerpaths.
However, ebris areasonablstratgy thateffectively assigndoadsto pathsin proportions
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thatareinverselyproportionalto their blocking probabilities.In thefollowing we proceed
to explore practicalimplementation®f boththesestratayies.

The localizedrouting schemegresentedso far are basedon theoreticalvirtual capacity
model. We have shavn thatthey yield nearoptimal performanceusingonly local infor-
mation. However, therearetwo difficultiesinvolvedin implementingthe virtual capacity
model. First, computatiorof virtual capacityandtargetload usingErlang’s LossFormula
canbe quite cumbersome Second.and perhapsnoreimportantly the accurag in using
Erlangs LossFormulato computevirtual capacityandnew loadreliescritically on steady-
stateobsenation of flow blocking probability Hencesmall statisticvariationsmayleadto
erroneouslow proportioning causingundesirabldéoadfluctuations.In orderto circumwent
thesedifficulties, we areinterestedn simpleyet robustimplementatiorof theseschemes.
In the following we discusstwo suchschemeshatapproximateebr andebprespectiely.
We first presenthe psr schemehatwe designednitially andshow thatit is viable alter
native to popularglobalbest-pattroutingschemevsp We thendescribeanapproximation
of ebpthatis foundto performevenbetterthanpsr.

6.2 Proportional Sticky Routing

The proportionalsticky routing (psr) schemeattemptgo equalizeblockingratesof candi-
datepaths.lt is calledby thatnamebecauset essentiallydoesproportionalrouting while
obtainingproportionsthrougha form of sticky routing. The psr schemecanbe viewedto
operatan two stages2) proportionalflow routing,and2) computatiorof flow proportions.
The proportionalflow routing stageproceedsn cyclesof variablelength. During eachcy-
cle incomingflows areroutedalong pathsselectedrom a setof eligible paths. A pathis
selectedvith afrequeng determinedy aprescribegroportion.A numberof cyclesform
anobservatiorperiod attheendof whichanew flow proportionfor eachpathis computed
basedon its obsered blocking probability This is the computationof flow proportion
stage.The flow proportionsfor minhop pathsof a source-destinatiopair aredetermined
usingtheebr stratgy, whereadlow proportionsfor alternatve pathsaredeterminedising
atargetblocking probability In the following we will describethesetwo stagesn more
detail.
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T PROCEDURE PSR-FOUTE() T PROCEDURE PSR-PROPO-COMPU()
2. Sel ect aneligiblepathr = wrrps(R9) 2. For eachpathr € R . e
3. I ncrenent flow countern,. = n,. 4 1 3. Computeblockingprobability b, = =7
4. | f failedto setupconnectiorelongr 4. Assignaproportion,c,. = nr
5. Decr enent failurecounter f,, = fr — 1 FER
6. | f failuresreachedimit, f,, == 0 5. Settargetblockingprobability b* = minreRmm by
7. Remove r from eligible set, R*!9 = R°19 — 1 6. For cachalternatiepathr’ € Rolt
8. I'f eligible setis empty R°'9 == ¢ 7. I'f blockingprobabilityhigh, b, , >= b*
9. Resetligibleset, R®!9 = R 8. Decrementailurelimit, ~v,., = ~,., — 1
10. Foreachpathr € R 9. I f blockingprobabilitylow, b, , < Pb*
11. Resefailurecounter f,. = ~,- 10. Incrementailurelimit, v,., = ~,, + 1
12. END PROCEDURE 11. END PROCEDURE
(a) proportionalrouting (b) computatiorof proportions

Figure6.3: Thepsrprocedure

Proportional flow routing

Given anarbitrary source-destinatiopair, let R be the setof (explicit-routed pathsbe-
tweenthe source-destinatiopair, where R = R™" U R4, We associatevith eachpath
r € R, amaximunpermissiblelow blockingparametery,. anda correspondindlow block-
ing counter f,.. For eachminhoppathr € R™", ~, = 4, where¥ is a configurablesystem
parameter For eachalternatve pathr’ € R, the value of 4, is dynamicallyadjusted
betweenl and¥, aswill beexplainedlater As showvn in Figure6.3(a),atthe beginningof
eachcycle, f, is setto v,. Everytime a flow routedalongpathr is blocked, f, is decre-
mented.When f, reachesero,pathr is consideredneligible. At arny time onlythe setof
eligible paths denotedoy R, is usedto routeflows. A pathfrom currenteligible pathset
R is selectedisinga weighted-round-robin-lik pathselector(wrrps). Thewrrps proce-
dureis describedbelon. Once R“9 becomesmpty the currentcycle is endedanda new
cycleis startedwith R = R andf, = ,.

WeightedRoundRobinProcedurdor Path Selection

Givena set R of eligible pathsandtheir associategroportions{ca,,r € R%}, wrrps

picksapathr ¢ R basednits weight,w, = Z;ﬁ Insteadof usinga probabilistic
methodsuchas picking a pathr with probability w,, we opt to employ a deterministic
algorithmto ensurethat flow proportionsare presered within assmalla time window as
possible. This is implementedby usinga deterministicsequencef pathswhich hasthe
propertythatthe pathsaredistributedperiodicallywith afrequeng which closelyapprox-
imatesthe prescribedlow proportions.This sequencés generatedby wrrpsonthefly: for

anincomingflow, wrrps generateshe next pathin the sequencandroutes theflow along

the path.
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PROCEDURE wrrps()
For:=1,2,..., k
W1 < W andWi+lTL7-i < "U'r'iNiJrl
break

Set W1 = Wip1 + Wry
Set N1 = Niy1 +nr;
Swap r; andr; 41

Setl =0

k : total numberof pathsin setR¢%9 .

Ty : pathassociateavith index i.

W, : weightassociateavith pathr ;..

Ny, : numberof timespathr; wasselected.

l : runlengthof themostrecently selectegath.
W; : Wy + W4 q + o+ Wy -

T Wrip
i

©®ON D U~ WNPE

: Set nypy = npg + L Npy = Ny + 1;
ML ey gy b e 10. Set 7:Dl+q 0 © 0
11. Ret urn rqg
(a) notation 12.  END PROCEDURE
(b) pathselection

Figure6.4: Thewrrps procedure

The wrrps procedures shavn in Figure6.4. It keepstrack of the numberof timeseach
pathwasselectedn,,) andtherunlength(/) of themostrecently selectedath.It maintains
anorderedist of pathsandthefirst pathin thelist is selectedaslong asit satisfiedoththe
following constraints:l) its weightis morethanits run lengthtimesthe weightof therest
of paths(IW, < w,,); 2) ratio of the numberof timesit wasselectedandthe numberof
timesall otherswereselecteds lessthanor equalto the ratio of its weightandweight of
therestof paths(OV,n,, < w,,N7). Otherwisethis pathis pusheddowvn the orderandthe
runlengthis resetto 0. Thenit returnsthefirst pathin thelist. A samplewrrps generated
sequencevherethe currenteligible set B¢ hasfour pathsr, ., r3 andr, with weights
1/2,1/4,1/8, and1/8 respectiely is: ry rq 1 73 71 9 71 T4 71 T2 T4 T3 . ThiSSequence
hasthe propertythatin every window of size2 thereis anr; andanr, in every window
of size4. Similarly, oner; and oner, in all windows of size8. Assumingthatup to the
lastr, arethe pathschosersofar, the next pathselectenthefly by thewrr pathselector
would ber;. Note alsothatevery time the eligible pathset R°'9 changesa new sequence
is generatedandflows arriving thereaftelarethusroutedaccordingto this nev sequence.

Computation of flow proportions

Flow proportions{«,.,r € R} arerecomputedat the endof eachobsenation period(see
Figure6.3(b)). An obsenation periodconsistsof 7 cycles,wherer is a configurablesys-
tem parameteusedto controlthe robustnessandstability of flow statisticsmeasurement.
During eachobsenation period,we keeptrack of the numberof flows routedalongeach
pathr € R usinga countern,. At the beginning of an obsenation period, n, is setto
0. Every time pathr is usedto routea flow, n, is incremented.Sincean obsenation pe-
riod consistsof 1 cycles,andin every cycle, eachpathr hasexactly +, flows blocked,
the obsered flow blocking probability on pathr is b, = ™. For eachminhop path
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r € R™", its new proportiona, is recomputecht the end of an obsenration period and
is givenby «, = n,./Nyotar, Wheren,a = > ,.cg n IS the total numberof flows routed
during an obsenation period. Recallthat for a minhoppathr € R™", 4. = 4. Hence
ayb, = e — e 1 — 1 This shaws thatthe abore methodof assigningflow

Ntotal Mr Niotal Mr Niotal

proportionsfor the minhoppathsequalizegheir flow blockingrates.

We usethe minimumblocking probabilityamongthe minhoppaths p* = min,.c gmin b,., &S
thereferenceo controlflow proportionsfor the alternatve paths. This is doneimplicitly
by dynamicallyadjustingthe maximumpermissibleflow blocking parametery,. for each
alternatve pathr’ € R*. At theendof anobsenationperiod,letb,, = T pbetheobsenred
flow blocking probability for an alternatve path+'. If b, > b*, v, ::TmaX{%f — 1,1}
If b < ¥b*, v := min{v,» + 1,5}. If b* < b < b*, ~, is not changed.By having
~~ > 1, we ensurethat someflows are occasionallyroutedalong alternatve pathr’ to
probeits “quality”, whereasby keeping~,. alwaysbelov 4, we guaranteghat minhop
pathsare always preferredto alternatve pathsin routing flows. The new proportionfor
eachalternatve pathr’ is againgivenby «,» = n,/n,1a1. NOtethatsince~,. is adjusted
for the next obsenationperiod,the actualnumberof flows routedalongalternatve path”’

will bealsoadjustedaccordingly

6.2.1 PerformanceEvaluation and Analysis

Thissectionevaluategheperformancef theproposedocalizedproportionakoutingscheme
psrandcomparest with the global best-pathrouting schemewidestshortestpath (wsp.
We startwith the descriptionof the simulationernvironmentandthencomparethe perfor
manceof psrandwspin termsof the overall blocking probabilityandrouting overhead.

6.2.1.1 SimulationEnvironment

Figure6.5 shaowvs thetwo topologiespigispandrand, usedin our study Thebigisptopol-
ogy is sameastheonein Figure5.1(a). However, the simulationsettinghereis somavhat
differentfrom the onedescribedn Section5.2.4.1. Hencewe detail the simulationervi-
ronmentagainthoughthereis quite a bit of overlapin the settings.Therandtopologyis a
randomgraphgeneratedhy GT-ITM [113] andusedin [31]. For simplicity, all thelinks are
assumedo bebidirectionalandof equalcapacityin eachdirection. Therandtopologyhas
threetypesof links: thin, thick and dottedwhile bigisp topologyhasonly thin links. All

thin links have samecapacitywith C; units of bandwidthandsimilarly all the thick links
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(a) bigisp (b) rand

Figure6.5: Topologiesusedin performancevaluation

have C; units. The dottedlinks arethe accesdinks andfor the purposeof our studytheir
capacityis assumedo beinfinite. Flows arriving into the network areassumedo require
oneunit of bandwidth. Hencea link with capacityC' canaccommodatat mostC' flows
simultaneously

Theflow dynamicof thenetwork is modeledasfollows (similarto themodelusedn [103]).
Flows arrive at a sourcenodeaccordingto a Poissonprocesswith rate \. The destination
nodeof a flow is chosenrandomlyfrom the setof all nodesexceptthe sourcenode. In

caseof bigispall nodesareconsideredo be capableof beingsourceor destinatiomodes
for flows. But in caseof randtopology only the nodesattachedo the dottedaccessinks

areassumedo be end pointsof flows. The holding time of a flow is exponentiallydis-

tributedwith mean1/u. Following [103], the offered network load on bigispis given by

p = ANh/uL,Cy, whereN is the numberof sourcenodes,L; the numberof links, and
h is the meannumberof hopsper flow, averagedacrossall source-destinatiopairs. Sim-

ilarly the offeredload onrandis givenby p = ANh/u(L,Cy + LyCs), whereL; and L,

arethe numberof thin andthick links respectrely. The parametersisedin simulationare
Cy =20, Cy = 40, 1/u = 60 sec.Thetopologyspecificparameterare N = 18, L; = 60,

h = 2.36 for bigispand N = 56, L; = 100, Ly, = 22, h = 4.38 for rand The average
arrival rateata sourcenode)\ is setdependinguiponthe desiredoad.
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Figure6.6: Impactof updateinterval

6.2.1.2 Blocking Probability

The performancef wspandpsris comparedy measuringhe blocking probabilityunder
varioussettings.We first presenthe impactof updateinterval on the performancenf wsp
andshov how the blocking probability increasesapidly asupdateintenal is increased.
We then comparethe performanceundervariousloads and concludethat the blocking
probability of psris comparableto that of wsp even at small updateintervals. Finally
we measureheir performanceindemon-uniformloadconditionsanddemonstratéhatpsr
is betterat alleviating the effect of “hot spots”.

Varying update interval

Figure6.6 compareghe performancef wspandpsr for both bigispandrandtopologies.
Thevaluesfor configurableparameteren psrweresetton = 3,4 = 5, andy = 0.8. The
performances measuredh termsof theoverall flow blockingprobability whichis defined
astheratio of the total numberof blocksto the total numberof flow arrivals. The overall
blockingprobabilityis plottedasafunctionof theupdatenterval. Theofferedloadwasset
to 0.60 in caseof bigispand0.40 in caseof rand Notethatupdateinterval is usedonly in
wspin conjunctionwith athresholdbasedriggeringpolicy, to enforcea minimumspacing
betweenupdates.The thresholdbasedpoliciestrigger an updatewheneer the percentof
changein bandwidthis greaterthana constantthresholdvalue. In our simulations,this
thresholdis setto 50%!. From the figures,we seethat asthe updateinterval of wspin-

Note that blocking performanceof thresholdbasedrigger with hold-davn timer T would be no better
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creasesthe blockingprobability of wsprapidly approachethatof psrandperformsworse
for larger updateintervals. In the caseof bigisp topology psr performsbetterthanwsp
whenthe updateinterval goesbeyond 65 sec. For rand topology this cross@er happens
atamuchsmallerupdateinterval of lessthan10 sec. This shavs thatpsrusingonly local
information performsbetterthan global information exchangebasedwsp even whenthe
updateintenal is reasonablyow.

Varying offeredload

Figure 6.7 shaws the blocking performanceof thesetwo schemesas a function of the
offerednetwork load. As before,the performanceas measuredn termsof the overall flow

blocking probability The network loadis variedfrom 0.50 to 0.70 in casebigispand0.35

to 0.55 in caseof rand Theperformancef wspis plottedfor threeupdateintervals of 30,

60 and 120 for the bigisp caseandsimilarly for 0, 10, and 15 in caseof rand It is clear
thatthe blocking performanceof psris quite similar to thatof wspwith updateinterval of

60 secin caseof bigisptopology For the caseof randthe psr's performances betterthan
wspwith updateinterval of 10 sec.The performancef wspis poor, particularlyin caseof

randwherethe pathsarelongerandthe numberof minhoppathsarefewer. In sucha case,
wspschemalueto its preferencdor shortespaths seemo selectminhoppathsevenwhen
they arecongestedOntheotherhand,psrusesalternatepathgudiciouslyandyieldsmuch
lower blocking probability Theseresultsindicatethatevenatsmallerupdateintenalswsp
faresno betterthanpsr.

Varying non-uniform traffic

It is likely thata sourcenoderecevesalargernumberof flowsto afew specificdestinations
[11], i.e, afew destinationsre“hot”. ldeally a sourcewould like to have moreup-to-date
view of the QoS stateof the links alongthe pathsto these‘hot” destinations.n the case
of wsp this requiresmore frequentQoS stateupdates resultingin increasedoverhead.
But in the caseof psr, becauseof its adaptvity and statisticscollection mechanisma
sourcedoeshave more accurateinformation aboutthe frequently usedroutesand thus
alleviatesthe effect of “hot spots”. We illustrate this by introducingincreasedevels of
traffic betweencertainpairs of network nodes(*hot pairs”), aswasdonein [2]. Apart
from the normalloadthatis distributedbetweerall source-destinatiopairs,anadditional
load (hotload)is distributedamongall the hot pair nodes.The hot pairschoserfor bigisp

than simple timer basedtrigger with updateintenal of T. The key differenceis in the amountof update
messag®everhead.
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Figure6.7: Performanceindervariousloads

topology are (2, 16), (3,17), and (6,15). Similarly in caseof rand topology the thick
routersareconsideredo bethewebsenersandhencemoretraffic is assumedo flow from
thesetwo nodesto all othernodes.Thenormalloadis fixedat0.50 for bigispand0.40 for
randandtheextraloadis varied.Figure6.8 shavs the overall flow blocking probabilityas
afunctionof theextraload.

First considerthe caseof bigisptopology Whenthe additionalloadis lessthan0.01, the
blocking performanceof psris comparabldéo wspwith updateinterval of 60 sec. But as
thetraffic betweerhot pairsincreasespsr progressiely doesbetterin comparisorto wsp

Particularlywhenthehotloadis 0.06, the performancef psris evenbetterthanwspwith

anupdateintenval of 30 sec.In caseof randtopologythe performancef psris muchbetter
thanwspwith updateinterval 10 secirrespectve of the amountof hot load. This not only
shaws the limitation of global QoS routing schemesuchaswsp but alsoillustratesthe
adwantageof self-adaptrity in localizedQoSroutingschemesuchaspstr.

6.2.1.3 Heterogeneousraffic

The discussionso far is focusedon the casewherethe traffic is homogeneous,e., all
flows requesfor oneunit of bandwidthandtheir holdingtimesarederivedfrom thesame
exponentialdistribution with afixed meanvalue. Herewe studythe applicability of psrin
routing heterogeneousaffic whereflows couldrequesfor varying bandwidthswith their
holding timesderived from differentdistributions. We demonstratéhat psr is insensitve
to thedurationof individual flows andhencewe do not needto differentiateflows basecdn
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Figure6.8: Performanceindernon-uniformload conditions

theirholdingtimes.We alsoshaw thatwhenthelink capacitieareconsiderabhhigherthan
the averagebandwidthrequestof flows, it may not be necessaryo treatthemdifferently
andhencepsr canbeusedasis to routeheterogeneousaffic.

Considetthecaseof traffic with k typesof flows, eachflow of type: having ameanholding
time 1/4; andrequestingoandwidthB;. Let p; be the offeredload on the network dueto
flows of typei, wherethetotal offeredload, p = 3%, p;. Thefractionof total traffic that
is of type i, ¢; = p;/p. Thearrival rate of typei flows at a sourcenode, )\; is given by
\i = pits LC' /N hB;, which is anextensionof theformulapresentedn Section6.2.1.1.To
accounfor theheterogeneityf traffic, bandwidthblockingratiois usedastheperformance
metric for comparingdifferentrouting schemes.The bandwidthblockingratio is defined
astheratio of thebandwidthusagecorrespondingo blockedflows andthetotal bandwidth
usageof all the offeredtraffic. Supposé; is the obser‘edkbl%kki?ng probability for flows
of type, thenthe bandwidthblocking ratio is given by 2257;_5 In the following, we
comparethe performanceof psrandwsp measuredn termlsitl)f lBandWidtthocking ratio,
underdifferenttraffic conditions varyingthefractions¢; to controlthetraffic mix.

Mixed holding times

First, considerthe caseof traffic with 2 typesof flows, eachwith differentmeanholding
timesbut requestor the sameamountof bandwidth.Figure6.9 shavs the performancef
psrandwspfor this casewherel/;; and1/p, are60 and 120 secondsespectrely and
B; = B, = 1. Theloadp is setto 0.60 for theuniformloadcaseandit is setto 0.50 for the
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Figure6.9: Performancdor flows with mixedholdingtimes

caseof non-uniformloadwith hotloadof 0.05. The bandwidthblockingratiois plottedas
afunctionof thefraction ¢, correspondingo type 1 flows (shortflows). It is quite evident
thattheperformancef wspdegradesastheproportionof shortflowsincreasesvhile thatof
psr staysalmostconstantThe behaior of wspis asexpectedsincethe shorterflows cause
morefluctuationin the network QoS stateandthe informationat a sourcenodebecomes
moreinaccurateasthe QoSstateupdateinterval getslargerrelative to flow dynamics.On
thecontrary psris insensitve to the durationof flows, which canbe explainedasfollows.

Thebehaior of psris not surprisingsinceErlangformulais known to be applicableeven
when the flow holding times are not exponentially distributed and blocking probability
dependsonly on the load, i.e., the ratio of arrival rate and servicerate. For the above
caseof two typesof flows, the aggr@atearrival rate, \, is givenby A = \; + A, andthe
meanholdingtime, 1/u, is givenby | = -2 4 - A2 This heterogeneousaffic
canthenbetreatedasequialentto homogeneousaffic with arrival rate A\, meanholding
time 1/ andthe correspondindoad A/ = A/ + Xo/pe. Sofor a givenload, the
blocking probability would be sameirrespectve of the meanholding timesof individual

flows. Hencewe do not needto differentiateflows basedn their holdingtimes.

Varying bandwidth requests

Now, considetthe caseof traffic with 2 typesof flows, eachrequestindor differentamount
of bandwidthbut having samemeanholdingtime. As above, theload p is setto 0.60 for
the uniform load caseandit is setto 0.50 for the caseof non-uniformload with hot load

56



12 e T T T T 14

bandwidth blocking ratio (%)
bandwidth blocking ratio (%)

1 1 1 1 1 1 1 1
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
proportion of small flows proportion of small flows

(a) uniformload (b) non-uniformload

Figure6.10: Performancdor flows with variablebandwidthrequests

of 0.05. Figure 6.10 shaws the performanceof psr andwsp for this casewhere B; =
1, By = 2,and1/u; = 1/ps = 60 sec. Onceagain,the bandwidthblocking ratio is
plotted as a function of the fraction ¢, correspondingdo type 1 flows (small flows). As
expected,both schemegperformbetterasthe proportionof small flows increasesIt can
also be seenthat thereis no discerniblechangein the relative performanceof psr with
respecto wsp Ourresultsshav thatwhentherequestedbandwidthis significantlysmaller
thanthe link capacity it may not be necessaryor psr to differentiatebetweendifferent
bandwidthrequests As mentionedbeforein Section5.1, whenthe link capacityis large,
i = 9. Thisimpliesthat {1}t = %, i.e.,theblockingrateof flows of atypeis proportional
to their fraction in the total offeredload. Consequentlyperformanceof a equalization
basedproportionalrouting schemewould be samewith or without cateyorizing the flows
into differentclasses. Consideringhatin practicelink capacitiesaremuchlargerthanan
individual flow’s bandwidthrequestpsr canbe usedas is to route heterogeneousaffic

also.

6.2.1.4 RoutingOverhead

We now take acloselook attheamountof overheadnvolvedin thesetwo routingschemes.
This overheadcanbe cateyorizedinto pathselectionoverheadandinformationcollection
overhead We discusghesetwo separatelyn the following.

Thewspschemeselectsa pathby first pruningthe links with insufficient available band-
width andthenperforminga variantof Dijkstra’s algorithmon the resultinggraphto find
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theshortespathwith maximumbottleneckbandwidth.ThistakesatleastO(E log N) time
where N is the numberof nodesand F is the total numberof links in the network. As-

sumingprecomputatiomf asetof pathsk to eachdestinatiorto avoid searchinghewhole
graphfor pathselection,it still needto traverseall the links of theseprecomputegaths.
This amountsto an overheadof O(L), where L is the total numberof links in the set R.

Ontheotherhand,the pathselectionin psris simply aninvocationof wrrps whoseworst
casecompleity is O(| R|) whichis muchlessthanO(L) for wsp

Now considetheinformationcollectionoverheadIn wsp eachsourceacquiresanetwork-

wide view on the statusof links throughlink stateupdatesEvery routeris responsibldor

maintaining QoS stateand generatingupdatesaboutall the links adjacentto it. These
updatesare senteitherperiodically or after a significantchangein the resourceavailabil-

ity sincethe last update. They are propagatedo all the routersin the network through
flooding. As in OSPF[65] eachrouteris responsiblgfor maintaininga consistentQoS
statedatabaseThis incursboth communicatiorandprocessingverhead.In contrastthe
routersemploying psr schemedo not exchangeary suchupdatesandthuscompletelydo

away with this overhead.Only sourceroutersneedto keeptrack of route level statistics
andrecomputeproportionsafter every obsenation period. Statisticscollectionin psr in-

volvesonly incrementanddecremenbperationgostingonly constantime perflow. The
proportioncomputatiorproceduren psritself is extremelysimpleandcostsno morethan
O(|R]).

6.3 Approximation of ebp

In theprevioussectionwe presentegsr schemedhatapproximategbr stratgyy andshavn

thatit is a viable alternatve to global schemesuchaswsp In this section,we describe
an approximationof ebp stratgy thatis suitablefor practicalimplementation.We refer
to this approximationalsoasebpscheme.n this section,we first describethe proportion
computatiorprocedurdan ebpthatat the endof anobsenation periodcomputesiew pro-

portionsbasedon the offeredload andthe obsened blocking probabilitiesin that period.
We thencomparethe performancenf ebpwith psr, wspandotherschemesandshaow that
ebpperformsthe bestamonglocalizedproportionalroutingschemesFinally, we studythe

sensitvity andoptimality of ebpscheme.
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6.3.1 Proportion Computation

The ebpstratgy canbeimplementedisingthe following procedurego computenew pro-
portionsafter an obseration period. First, the currentaverageblocking probability b =
Sk a,,b,, is computed. Then, the proportionof load onto a pathr; is decreasedf its
currentblocking probability b,, is higherthanthe averageb andincreasedf b, is lower
thanb. The magnitudeof changes determinecbasedon the relative distanceof b,, from
b andtwo configurablegparameterso ensurethatchanges gradual. Theseparametersire
maximumproportional change,  andthe correspondingexpectedproportional change in
blockingprobability ¢. Theseparametersapturetherelative changen blocking probabil-
ity correspondingo a changein theload,i.e., if theloadis changedoy a fraction §, the
blocking probabilitywould changeby a fraction ¢. Basedon theseparametersf b, > b,
theloadontoa pathr; is decreased,e.,

Vi

v, = =

L+ min(s, %="9)

It is increasedf b,, < b, i.e.,

v = v (1 +min(9, b _bb g))

Ti

The correspondingoroportionswould thenbe of = 25”1 e The meantime between
proportioncomputationss controlledby a configurableparametef. Theblockingperfor
manceof the candidatepathsare obsenredfor a periodd andat the endof the periodthe
proportionsarerecomputedThis periodd shouldbelargeenoughto allow for areasonable
measuremerdf the quality of the candidatgpathsandsmallenoughto ensureadaptvity to

changingraffic conditions.

6.3.2 PerformanceEvaluation

We now evaluatetheperformancef ebpusingsimulations.Thesimulationsettingusedfor

this studyis sameasthe onepresentedn Section5.2.4.1.0nly thing we needto mention
hereis thatall theresultspresentedherecorrespondo simulationson bigisptopology The
parameteri the simulationaresetasfollows by default. Any changefrom thesesettings
is explicitly mentionedvhererer necessaryThevaluesfor configurableparametersn ebp
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Figure6.11: Performancef variouslocalizedroutingschemes

ared = 0.2, ¢ = 1.0, 8 = 60 minutes(hereafterwritten asjustm). For eachpair o, all the
pathsbetweenthemwhoselengthis at mostone hop morethanthe minimum numberof
hops(bothminhopandminhop+1 pathsarechoserascandidateaths.

We first comparehe performancef variouslocalizedroutingschemesThesrr schemas
thesticky randonroutingschemelescribedn Sectiord.2.1. Thelar schemas thelearning
automatabasedoutingschemepresentedn Section4.2.2. Theconfigurableparameterm
lar arefixedate = 0.01 anda = 0.02. Boththeseschemegerformworsewhenminhop+1
pathsare alsomadecandidatesand so we usetheir performancenith minhop pathsonly
ascandidategor comparison.The parameter#n psr schemearesetton = 3, 4 = 5, and
¥ =0..8.

Figure6.11(a)shavs the performanceof theseschemesvhenthe offeredload is fixed at
0.55. Theoverall blocking probabilityis shavn asa functionof time. Firstthing to noteis
thecorvergenceof ebp Startingwith arbitraryproportionsjt graduallyadaptsandreaches
a stablestate. All the otherschemesornverge more quickly but block mary more flows
thanebp Amongtheseschemesrr performsworse.Thisis becausesticky routingdirects
thewhole load onto onepathtill it blocks,while the otherpathis relatively idle. Though
this schemeis supposed [25}0 equalizethe blocking ratesof candidatepaths,it does
not ensurethat the correspondingproportionsare maintainedn smalltime intervals. On
the otherhand,the psr schemeattemptsto maintaintheseproportionswhile usingsticky
routing principleto obtainthe proportions.Consequentlysr schemeperformsbetterthan
srr. The ebpschemeperformseven betterthanpsr, particularlywhenthe loadis high as
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Figure6.12: Performancef ebpvswsp

asshavn in Figure6.11(b). This figure shawvs the blocking performancef theseschemes
undervariousloads. It canbe seenthatacrossall loadsthe performanceof ebpschemas
betterthanthe restof the schemes Hencewe chooseebp schemefor localizedadaptve
proportioningof flows andfurtherstudyits behaior.

We now comparethe performanceof ebpwith wsp Onceagain,the Figure6.12(a)shavs
the overall blocking probabilityasa function of time with theload setto 0.55. The perfor
manceof wspis shavn for threedifferentupdateintenals (inminutes):0.0,0.5,1.0. The
updateinterval of 0.0 impliesthatanupdates generatedor every changen alink’ s avail-
able bandwidth. This correspondso the performanceof a sener that keepstrack of the
precise currenstateof the network andperformspathselectiorandadmissiorcontrolin a
centralizedmanner As obsened earlier theimpactof updateinterval on wspis drasticas
canbeseenfrom the jump in the blocking probabilitywhenthe updateinterval is changed
from anunrealisticsettingof 0 to a morerealisticvalueof 0.5 minutesor 30 secondsThis
shaws that best-pathrouting is good when the bandwidthavailability informationis ac-
curatewhich requiresfrequentupdates.On the otherhand,our ebp schemewithout any
global updatesperformsaswell aswspwith updateinterval of 30 seconds.This is true
acrossvariousloadsasshavn in Figure6.12(b).

We now studythe sensitvity of ebpto the valueschosenfor 9, ¢, andfd. We first look at
theimpactof obsenrationinterval on the performanceof ebpby varyingthe internval from
30 to 90 minutes. The valuesof y andphi aresetto 0.1 and0.5 andthe load s fixed at
0.55. The correspondingesultsare shavn in Figure 6.13(a). With smallerobsenation
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Figure6.13: Sensitvity of ebpscheme

intenval, ebp corvergesrelatively faster But the overall performancas almostsamefor
all obsenationinterval settings.Figure6.13(b)shaws the resultsof our simulationswhen
the obserationintenal ¢ is fixed at 60 minutes,and andphi arevaried. Herethereis
someimpact of varioussettingson the performanceof ebp However, the differencein
overallblockingprobabilitiesis not significantandwe cansaythatthe performancef ebp
is relatively insensitve to its parametesettings.

Oneimportantobsenation that canbe madefrom Figure 6.13 s the significantgap be-
tweenthe performanceof ebp andthe offline optimal proportioningschemeopr. While
ebpis supposedo be a nearoptimal strat@y, theseresultsshav thatit may not work as
well in practiceasin theory Therearetwo reasondor this gap. First, dueto statistical
variationsthe blocking probability informationof a pathgatheredy a sourcedependon
the obsenationinterval and may not be precise.Secondwhile in theoryit is possibleto
probethe quality of a pathby routinginfinitesimally small proportionof traffic, in reality
non-negligible proportionof traffic hasto be sentalongeachcandidatepathto probeits
quality. Consequentlybadcandidatgathsaffect the performancef ary practicalpropor
tional routing scheme.Hencethe performanceof localizedschemesuchasebpdepends
critically onthe choiceof candidatepaths.In the next chapterwe addresghis problemof
how to selectafew goodcandidatepaths.
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Chapter 7

Candidate Path Selection

7.1 Hybrid Approachto QoSRouting

Thelocalizedapproacho proportionalroutingdescribedn the previouschapterss simple
andhasseveralimportantadwantagesHoweverit hasalimitation thatroutingis donebased
solely on the informationcollectedlocally. A network nodeunderlocalizedQoSrouting

approachcanjudgethe quality of paths/linksonly by routing sometraffic alongthem. It

would have no knavledgeaboutthe stateof the restof the network. While the propor

tionsfor pathsareadjustedo reflectthe changingqualitiesof pathsthe candidatgathset
itself remainsstatic. To ensurethatthelocalizedschemeadaptgo varying network condi-
tions, mary feasiblepathshave to be madecandidatesilt is not possibldo preselect few

goodcandidatepathsstatically Henceit is desirableto supplemenkocalizedproportional
routingwith a mechanisnthatdynamicallyselectsa few goodcandidatepaths

Two key questionghatarisein candidatepath selectionare how mary pathsare needed
andhow to find thesepaths. Clearly, the numberandthe quality of the pathsselectedas
candidateglictatethe performanceof a proportionalrouting scheme. Thereare several
reasonsvhy it is desirableto minimize the numberof pathsusedfor routing. First, there
is a significantoverheadassociatedvith establishingmaintainingand tearingdown of
paths.Secondthe compleity of the schemehatdistributestraffic amongmultiple paths
increasegonsiderablyasthe numberof pathsincreasesThird, therecould be alimit on
the numberof explicitly routedpathssuchaslabel switchedpathsin MPLS [92] thatcan
be setupbetweera pair of nodes.Thereforeit is desirableto useasfew pathsaspossible
while atthe sametime minimizethe congestionin the network.
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For judicious selectionof paths,someknowledgeregardingthe (global) network stateis
crucial. This knowledgeaboutresourceavailability at network nodes for example,canbe
obtainedthrough(periodic) information exchangeamongroutersin a network. Because
network resourceavailability changeswith eachflow arrival and departure maintaining
accumate view of network QoS staterequiresfrequentinformation exchangesamongthe
network nodesandintroducesboth communicatiorand processingverheads.However,
theseupdatesvould not causesignificantburdenon the network aslong astheir frequeng
is not morethanwhatis neededo convey connectvity informationin traditionalrouting
protocolslike OSPF[65]. The QoS stateof eachlink could thenbe piggybacled along
with the corventionallink stateupdatesHenceit is importantto devise multipathrouting
schemeshatwork well evenwhenthe updatesare infrequent

We proposesucha schemewvidestdisjoint paths(wdp) thatusesproportionakouting— the
traffic is proportionedamonga few widestdisjoint paths. It usesinfrequentlyexchanged
globalinformationfor selectinga few goodpathsbasedon theirlong termavailableband-
widths. It proportionstraffic amongthe selectecpathsusinglocal informationto cushion
the shorttermvariationsin their available bandwidths.Thusthe hybrid approacho QoS
routing adaptsat differenttime scaleso the changingnetwork conditions. Therestof the
chapterdiscussesvhattype of globalinformationis exchangedandhow it is usedto select
afew goodpaths.It alsodescribesvhatinformationis collectedlocally andhow traffic is
proportionedadaptvely. We first briefly mentionsomeof therelatedwork.

RelatedWork

Seweral multipathrouting schemesave beenproposedor balancingthe load acrossthe
network. The EqualCostMultipath (ECMP)[65] and OptimizedMultipath (OMP) [108,
109] schemegperformpaclet level forwardingdecisions.ECMP splitsthe traffic equally
amongmultiple equalcostpaths.However, thesepathsaredeterminedstaticallyandmay
notreflectthe congestiorstateof the network. Furthermoreit is desirableto apportionthe
traffic accordingto the quality of eachpath. OMP is similar in spirit to our work. It also
usesupdatego gatherlink loadinginformation, selectsa setof bestpathsanddistributes
traffic amongthem. However, our schememakesrouting decisionsat the flow level and
consequentlyhe objectvesandproceduresredifferent.

Another approachto path selectionis to precomputemaximally disjoint paths[81] and
attemptthemin someorder Thisis staticandoverly conserative. Whatmattersis notthe
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sharingitself but the sharingof bottlene& links, which changewith network conditions.In
our schemeawve dynamicallyselectpathssuchthatthey aredisjointw.r.t bottlenecKinks.

7.2 WidestDisjoint Paths

In this section,we presentthe candidatepath selectionprocedureusedin wdp. To help
determinewhethera pathis goodandwhetherto includeit in the candidatepathset,we
definewidth of a pathandintroducethe notion of width of a setof paths The candidate
pathset R, for apair o is changednly if it increaseshewidth of theset R, or decreases
the sizeof theset R, without reducingits width. Thewidths of pathsarecomputedbased
on link stateupdateghat carry average residualbandwidthinformationabouteachlink.
Thetraffic is thenproportionedamongthe candidatgpathsusingebp

A basicquestionthat needsto be addressedby ary pathselectionprocedurds whatis a
“good” path.In generala pathcanbe categgorizedasgoodif its inclusionin the candidate
pathsetdecreasethe overall blocking probability considerablylt is possibleto judgethe
utility of a pathby measuringhe performancevith andwithout usingthe path. However,
it is not practicalto conductsuchinclusion-eclusionexperimentfor eachfeasiblepath.
Moreover, eachsourcehasto independentlyperform suchtrials without being directly
awareof the actionsof othersourcesvhich areonly indirectly reflectedin the stateof the
links. Henceeachsourcehasto try out pathsthatarelik ely to decreasdlockingandmake
suchdecisionswvith somelocal objective thatleadsthe systemtowardsa globaloptimum.

Whenidentifyingasetof candidatgaths anothelissuethatrequiresattentionis thesharing
of links betweerpaths.A setof pathsthataregoodindividually may not performaswell
asexpectedcollectively Thisis dueto thesharingof bottlene& links. Whentwo candidate
pathsof a pair sharea bottlenecklink, it may be possibleto remove oneof the pathsand
shift all its load to the other path without increasingthe blocking probability Thus by
ensuringthat candidatepathsof a pair do not sharebottlenecklinks, we canreducethe
numberof candidatepathswithoutincreasingheblockingprobability A simpleguideline
to enforcethis could be that the candidatepathsof a pair be mutually disjoint, i.e., they
do not shareanylinks. Thisis overly restrictve, sinceevenwith sharedinks, somepaths
cancausereductionin blockingif thoselinks arenot congested What mattersis not the
sharingitself but the sharing of bottlene& links. While the sharingof links amongthe
pathsis static informationindependenof traffic, identifying bottlenecklinks is dynamic
sincethe congestionin the network dependson the offered traffic and routing patterns.
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Thereforat is essentiathatcandidatgathsbe mutuallydisjoint w.r.t bottlene& links.

To judgethe quality of a path,we definewidth of a pathasthe theresidualbandwidthon
its bottlenecKink. Let ¢, bethe maximumcapacityof link [ andy;, bethe averageoadon
it. Thedifferencer; = ¢, — v, is theaverageresidualbandwidthon link /. Thenthewidth
w, of apathr is givenby w, = min;e, ¢;. Thelargerits width is, the betterthe pathis, and
thehigherits potentialis to decreasélocking. Similarly we definedistance [56] of a path

r asY e, —. Theshorterthe distanceis, the betterthe pathis. The widths anddistances

of pathscaln be computedgiventheresidualbandwidthinformationabouteachlink in the
network. Thisinformationcanbeobtainedhroughperiodiclink stateupdatesTo discount
shorttermfluctuationstheaverage residualbandwidthinformationis exchangedLet 7 be
the updateintenal andw bethe utilization of link I duringthe period(t — ,t). Thenthe
averageresidualbandwidthattimet, ¢/ = (1 — u})¢;. Hereaftewithout the superscriptg;

refersto the mostrecentlyupdatedvalueof the averageresidualbandwidthof link /.

To aid in pathselectionwe alsointroducethe notion of width for a setof paths R, which

is computedasfollows. We first pick the pathr* with the largestwidth w,-. If thereare
multiple suchpathswe chooseheonewith theshortestistancel,.. Wethendecreas¢he
residualbandwidthon all its links by anamountw,-. This effectively makesthe residual
bandwidthon its bottleneckliink to be 0. We remove the pathr* from the set R andthen
selecta pathwith the next largestwidth basedon the just updatedresidualbandwidths.
Note that this changein residualbandwidthsof links is local and only for the purpose
computingthewidth of R. This processs repeatedill thesetR becomempty Thesum
of all thewidths of pathscomputedhusis definedasthewidth of R. Note thatwhentwo

pathssharea bottlenecklink, the width of two pathstogetheris sameasthe width of a
singlepath. Thewidth of a pathsetcomputedhus,essentiallyaccountdor the sharingof

links betweerpaths.

Theprocedurao computehewidth of apathsetR is shavnin Figure7.1. In eachiteration,
asubsebf pathsR* with thelargestwidth w* areidentified(lines4-5). Fromthesewidest
pathsapathr* with theshortestistancel* is selectedlines6-7). Thewidth w* of pathr*

is addedo thetotalwidth W (line 8). Theresidualcapacitief all thelinks alongthepath
r* is reducedby anamountw* (lines9-10). Thisin turn affectsthewidthsof otherpathsin

R. Thepathr* is removed from the set(line 11) andthis processs repeatedill thesetR

becomeempty(line 3). TheresultinglV is consideredo bethewidth of R. Thenarravest
path,i.e.,thelastpathremoredfrom thesetR is referredto asNARROWEST(R).
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PROCEDURE WIDTH(R)
W=0
WileR#0D
w* = max,cR Wr
R*={r:r € R,w, = w*}
d* = min,c g+ dr
r*={r:r € R*,d, =d*}
W =W +w*
For eachl in r*
10. c =c —w*
11. R=R\r*
12. Return W
13. END PROCEDURE

©COoNOTAWNE

Figure7.1: Theprocedurd¢o computewidth for apathsetR

Basedon this notion of width of a path set, we proposea path selectionprocedurethat
addsa new candidatepathonly if its inclusionincreaseghe width. It deletesan existing
candidatepathif its exclusion doesnot decreasethe total width. In otherwords, each
modificationto the candidatepathseteitherimprovesthe width or reduceghe numberof
candidatgpaths.Theselectionproceduras shavn in Figure7.2. First, theload contrituted
by eachexisting candidatgpathis deductedrom the correspondindinks (lines2-4). After
this adjustmentthe residualbandwidthc; on eachlink [ reflectsthe load offeredon [ by
all sourcedestinationpairs otherthano. Given theseadjustedresidualbandwidthsthe
candidatgpathset R, is modifiedasfollows.

Thebenefitof inclusionof afeasiblepathr is determinecdasedon the numberof existing
candidatgaths(lines6-8). If thisnumberis below thespecifiedimit 7, theresultingwidth
W, is thewidth of R, U r. Otherwise,|t is thewidth of R, U\ NARROWEST(R, U r),
i.e., the width after excluding the narravestpathamongR, U r. Let W bethe largest
width thatcanbe obtainedby addinga feasiblepath(line 9). Thiswidth W+ is compared
with width of the currentsetof candidatepaths. A feasiblepathis madea candidatef
its inclusionin set R, increasedhe width by a fraction ¢ (line 10). Herey > 0 is a
configurableparametetto ensurethat eachadditionimprovesthe width by a significant
amount.lt is possiblethatmary feasiblepathsmay causehewidth to beincreasedo W .
Amongsuchpathsthepathr* with the shortestistances choserfor inclusion(lines11-
13). Letr~ bethenarravestpathin thesetR, U r (line 14). Thepathr~ is replacedwith
rT if eitherthenumberof pathsalreadyreachedhelimit or the pathr— doesnotcontribute
to the width (lines 15-16). Otherwisethe pathr* is simply addedto the setof candidate
paths(lines17-18). Whenno new pathis added anexisting candidatepathis deletedfrom
the setif it doesnot changethe width (lines 20-22). In all othercasesthe candidatepath
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1. PROCEDURE SELECT()

2. For eachpathr in R,

3. For eachlink [ inr

4, a=c+ 1 —br)vr

5. If |Rs| <m

6. W, = WIDTH(R, U7),Vr € Ry \ Ro
7. El se

8. W, = WIDTH(R, U r\ NARROWEST(R, U 1)), Vr € Ro \ Ro
9. wt = max,cp o\ g, Wy

10.  If W+ > (1+ 1) WIDTH(R,))

11. Rt ={r:r € Ry, \ Ry, W = Wt}
12. dt = min,.¢ p+ dr

13. rt={r:re Rt,d, =dt}

14. r~ = NARROWESTR, U r)

15. I'f (|Ro| =norWIDTH(R, Urt \ r—) = W+)
16. Ry = RoUrt\r~

17. El se

18. Ro = R,Ur™

19. El se

20. r~ = NARROWEST(R)

21. I f WIDTH(R, \ 7~) = WIDTH(R,)
22. Ro = Ry \ 7~

23. END PROCEDURE

Figure7.2: The candidatepathsetselectionprocedurdor pair o

setremainsunafected. It is obviousthatthis procedurealwayseitherincreaseshe width
or decreasethe numberof candidatepaths.

It shouldbe notedthatthoughwdp useslink stateupdatest doesnot suffer from the syn-
chronizationproblemunlike global QoSrouting schemesuchaswsp Thereareseveral
reasongontributing to the stability of wdp 1) Theinformationexchangedabouta link is
its average notinstantaneousesidualbandwidthandhencelessvariable;2) Thetraffic is
proportionedamongfew “good” pathsinsteadof loadingthe “best” pathbasedon inaccu-
rateinformation;3) Eachpair usesonly afew candidatgpathsandmakesonly incremental
changego the candidatepathset; 4) The new candidatepathsareselectedor a pair only
afterdeductingheload contributedby the currentcandidatgpathsfrom their links. Dueto
suchadjustmentvenwith link stateupdatesthe viev of the network for eachnodewould
be different;5) Whennetwork is in a stablestateof corvergence the informationcarried
in link stateupdatesvould not becomeoutdatedand consequentlyachnodewould have
reasonablhyaccurateview of the network. Essentiallythe natureof informationexchanged
andthe mannerin which it is utilized work in a mutually beneficialfashionandleadthe
systemtowardsa stableoptimal state.

We now illustratehow wdp schemeselectscandidatepathsusinga simpleexample. Con-
sidera topologyshawvn in Figure7.3. Supposdhat sources hasto recomputecandidate
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Figure7.3: Illustration of wdp procedure

pathsto destinationd. Therearefive possiblepathsbetweens andd. Let usassumehat
s is currentlyusingpathsvia 2 — 5 and3 — 7, andproportioningtraffic equallybetween
them. Further assumehatthe averageamountof load successfullyroutedbetweens and
d is 40. Let the averageavailablebandwidthsof links, recevedby sources throughglobal
link stateupdatesbe asshawvn in biggerfont.

Beforerecomputingcandidatepaths,sources hasto performlocal adjustmento discount
the bandwidthusageby itself. The sources is currentlycontributing a load of 20 eachto

paths2 — 5 and3 — 7. Sothe averageavailable bandwidthsof links alongthesepaths
arecorrespondinglyncreasedy 20. The new valuesafterlocal adjustmentreshaovn in

smallerfont. Essentiallythe sources views the availablebandwidthon link 5 — d as30

insteadof 10 while othersourcesriew it differently,

Now if themaximumnumberof candidatepathsallowed,, is only two, the candidatepath
setremainssame. This is becausehe currentcandidatepathsarewider thanotherpaths
andreplacingary of thesepathsdoesnotincreasethe total width. If » is morethantwo,

thepathvia 3 — 6 is addedo the candidateset.Only 4 pathswith combinedwidth of 110

would be madecandidategvenif thereis no constrainton the numberof candidatepaths.
Thepathvia 1 — 5 would never beaddedsinceit would notincreasehetotal width. Note
thatthoughpathss — 3 — 6 — dands — 3 — 7 — d sharealink s — 3, bothare
preferredas candidatessincethe commonlink is not the bottleneck. On the otherhand,
s — 1 — 5 — disincludedands — 2 — 5 — d is excludedsincethey shareabottleneck
link 5 — d. Thuswdpselectsvidestpathsthataremutuallydisjointw.r.t. bottlenecHKinks.
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maximumnumberof pathsallowedbetweera pair
width increasehresholdfor changingthe pathset
meantime betweerlink stateupdates

meantime betweercomputatiorof proportions
meantime betweercomputatiorof candidatepaths

Mmoo es

Figure7.4: Configurableparameterg wdp

7.3 PerformanceAnalysis

In this section,we evaluatethe performanceof the proposecdhybrid schemevdp. We start
with the descriptionof the simulationervironment. First, we comparethe performanceof
wdpwith thatof theoptimalschemeopr andshav thatwdp corvergesto nearoptimalpro-
portions.Furthermoreywe demonstrat¢éhatthe performancef wdpis relatively insensitve
to thevalueschoserfor the configurablgparametersWe thencontrasthe performanceof
wdpwith global QoSrouting schemewspin termsof the overall blocking probability and
routingoverhead.

7.3.1 Simulation Environment

The simulationsettingusedfor this studyis sameasthe onepresentedn Section5.2.4.1.
Onceagain,theresultsherecorrespondo simulationson bigisptopology The valuesfor

configurableparametersn wdp aresetto vy = 0.2, 7 = 30 m, 6 = 60 m, £ = 180 m.

The descriptionof theseparameterss givenin Figure7.4. For eachpair o, all the paths
betweerthemwhoselengthis atmostonehopmorethanthe minimumnumberof hopsare
includedin thefeasiblepathsetR,. Theamountof offeredloadon the network p is setto

0.55.

7.3.2 Performanceof wdp

In this section,we comparethe performanceof wdp andopr to shav thatwdp cornverges
to nearoptimalproportionsusingonly afew pathsfor routingtraffic. We alsodemonstrate
thatwdpis relatively insensitve to the settingsfor the configurableparameters.

7.3.2.1 Corvergence

Figure7.5illustratesthe corvergenceprocesof wdp. Theresultsareshaowvn for different
valuesof n = 1---4. Figure7.5(a)compareghe performanceof wdp opr andebp The
performances measuredh termsof the overall flow blockingprobability, whichis defined
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Figure7.5: Convergenceprocesof wdp

astheratio of the total numberof blocksto the total numberof flow arrivals. The overall
blocking probability is plottedasa function of time. In the caseof opr, the algorithmis
run offline to find the optimal proportionsgiven the setof feasiblepathsandthe offered
load betweereachpair of nodes.Theresultingproportionsarethenusedin simulationfor
staticallyproportioningthe traffic amongthe setof feasiblepaths.The ebpschemeefers
to thelocalizedschemausedin isolationfor adaptvely proportioningacrossall thefeasible
paths.As notedearlierall pathsof lengtheitherminhopor minhop+larechoserasthe set
of feasiblepathsin our study

Thereareseveralconclusionghatcanbedravn from Figure7.5(a).First, thewdpscheme
cornvergesfor all valuesof n. Giventhatthetime betweerchangeso candidatgathsets¢,
is 180 m, it reachesteadystatewithin (onaverage) pathrecomputationperpair. Second,
thereis amarkedreductionin the blocking probability whenthe numberof pathsallowed,
7, iIs changedrom 1 to 2. It is evidentthatthereis quite a significantgainin usingmulti-
pathrouting insteadof single pathrouting. Whenthelimit 7 is increased fron2 to 3 the
improvementin blockingis somevhatlessbut significant. Note thatin our topologythere
areat mosttwo pathsbetweenra pair thatdo not shareary links. But therecould be more
thantwo pathsthataremutuallydisjointw.r.t bottlenecKinks. The performancalifference
betweem valuesof 2 and3 is anindicationthatwe only needto ensurghatcandidatgaths
do notsharecongestedinks. However usingmorethan3 pathsper pair helpsvery little in
decreasindhe blocking probability Third, the ebpschemealsocorverges,albeitslowly.
Thoughit performsmuchbetterthanwdpwith singlepath,it is worsethanwdpwith n = 2.
But whenebpis usedin conjunctionwith pathselectionunderwdpit convergesquickly to
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lower blocking probability usingonly a few paths.Finally, usingat most3 pathsper pair,
thewdp schemeapproachethe performancef optimal proportionalroutingscheme.

Figure7.5(b)establisheshe corvergenceof wdp. It shavs theaveragenumberof changes
to the candidategpathsetasa function of time. Herethe changerefersto eitheraddition,
deletionor replacementperationon the candidateathset R, of ary pairo. Notethatthe
cumulatve numberof changesreplottedasafunctionof time andhenceaplateaumplies
that thereis no changeto ary of the pathsets. It canbe seenthat the path setschange
incrementallyinitially andafterawhile they stabilize. Thereaftereachpair sticksto the set
of choserpaths.It shouldbe notedthat startingwvith atmost3 minhoppathsascandidates
andmakingasfew as1.2 changego the setof candidatgpaths,the wdp schemeachieves
almostoptimal performance.

We now comparehe averagenumberof pathsusedby a source-destinatiopair for routing
asshavnin Figure7.3.2.1.Notethatin wdpscheme; specifieonly themaximumallowed
numberof pathsper pair. The actualnumberof pathsselectedfor routing dependson
their widths. The averagenumberof pathsusedby wdpfor n» of 2 and3 are1.7 and1.9
respectrely. The numberof pathsusedstayssameevenfor highervaluesof . Theebp
schemeusesall the given feasiblepathsfor routing. It canmeasurehe quality of a path
only by routingsometraffic alongthatpath. The averagenumberof feasiblepathschosen
are5.6. In caseof opr we countonly those pathshatareassigned proportionof atleast
0.10 by the optimaloffline algorithm. The averagenumberof suchpathsunderopr scheme
are2.4. Theseresultssupportour claim thatebpbasedoroportioningover widestdisjoint
pathsperformsalmostlik e optimal proportioningschemeawhile usingfewer paths.
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7.3.2.2 Sensitvity

The wdp schemerequiresperiodicupdatego obtain globallink stateinformationandto
performpathselection.To studytheimpactof updateinterval on the performancef wdp,
we conductedseveralsimulationswith differentupdateintervalsrangingfrom 1 mto 60 m.
TheFigure7.7(a)shavs theflow blocking probability asa function of updateinterval. At
smallerupdateintervals thereis somevariationin the blocking probability, but muchless
variationat larger updateintenals. It is alsoclearthatincreasinghe updateinterval does
not causeary significantchangen the blocking probability To studythe effect of update
interval on the stability of wdp, we plottedthe averagenumberof path setchangesasa
function of updateinterval in Figure7.7(b). It shawvs thatthe candidategpathsetof a pair
change®ftenwhenthe updatesarefrequent.Whenthe updateinterval is small, the aver-
ageresidualbandwidthsof links resembleheir instantaneousalues thushighly varying.
Dueto suchvariations pathsmayappeamwideror narraverthanthey actuallyare,resulting
in unnecessarghangego candidatepaths. However, this doesnot have asignificantim-
pacton the blocking performancealueto adaptve proportionalroutingamongthe selected
paths. For the purposeof reducingoverheadandincreasingstability, we suggesthatthe
updateinterval 7 be reasonablyarge, while ensuringthatit is muchsmallerthanthe path
recomputationnterval £.

We alsostudiedthe sensitvity of wdpto thewidth increasehresholdparametefor chang-
ing the pathset«. The simulationswererun for five differentvaluesof ¢) from 0.10 to
0.30. Figure7.8(a)shavstheflow blockingprobabilityas asafunctionof . It canbeseen
thattheblockingperformancef wdpis relatively insensitve to thevalueof ). Onceagain
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in Figure7.8(b)the numberof pathsetchangess shavn asafunctionof . As expected,
therearefewer changessthe valueincreasesHoweverthis doesnot effecttheblocking
significantlysincemuchwider pathsareincludedin the setanyway. Only those pathshat
maycontrituteto thewidth by asmallamountareexcludedby choosinghighery value.To
ensureghatgoodpathsarenot excludedandnot sogoodpathsarenotincludedwe suggest
settingy to avaluearound0.20.

7.3.3 Comparison of wsp and wdp

We now comparethe performanceof hybrid QoSrouting schemewndp with a global QoS

routing schemewsp The wspis a well-studiedschemethat selectsthe widest shortest
pathfor eachflow basedon the global network view obtainedthroughlink stateupdates.
The information carriedin theseupdatess the residualbandwidthat the instantof the

update. Note that wdp alsoemploys link stateupdatesbut the information exchangeds

averageresidualbandwidthover a period not its instantaneousalue. We usewspasa

representate of global QoSrouting schemesasit wasshavn to performthe bestamong
similar schemesuchas shortestwidest path (swp, shortestdistancepath (sdp. In the

following, we first comparethe performanceof wdp with wspin termsof flow blocking

probabilityandthentheroutingoverhead.

7.3.3.1 Blocking Probability

Figure7.9(a)shavstheblocking probabilityasa functionof updateinterval = usedin wsp
Ther for wdpis fixedat30 m. Theofferedloadonthenetwork p wassetto 0.55. It is clear
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thatthe performanceof wspdegradedrasticallyasthe updateinterval increasesThe wdp
schemepsingat mosttwo pathsper pair andinfrequentupdateswith 7 = 30 m, blocks
fewer flows thanwsp that usesmary more pathsandfrequentupdateswith 7 = 0.5 m.
The performanceof wdp even with a single pathis comparabldo wspwith 7 = 1.5 m.
Figure7.9(b)displaysthe flow blocking probability asa function of offerednetwork load
p which is varied from 0.50 to 0.60. Onceagain,the 7 for wdp is setto 30 m andthe
performanceof wspis plotted for 3 different settingsof 7: 0.5, 1.0 and2.0 m. It can
be seenthatacrossall loadsthe performanceof wdp with n = 2 is betterthanwsp with
7 = 0.5. Similarly with just one path, wdp performsbetterthanwspwith - = 2.0 and
approachethe performanceof 7 = 1.0 astheloadincreaseslt is alsoworth noting that
wdpwith two pathsrejectssignificantlyfewer flows thanwith just onepath,justifying the
needfor multipathrouting.

It is interestingto obsere that even with a single pathandvery infrequentupdatesvdp
outperformswspwith frequentupdates.Thereare several factorscontrikbuting to the su-
perior performanceof wdp. First, it is the natureof informationusedto capturethe link
state. The information exchangedabouta link is its average not instantaneougesidual
bandwidthandhencelessvariable. Second beforepicking the widestdisjoint paths,the
residualbandwidthon all thelinks alongthe currentcandidatepathareadjustedo account
for theload offeredon that path by this pair. Sucha local adjustmento the globalinfor-
mation makesthe network stateappeardifferently to eachsource. It is asif eachsource
recevesa customizedupdateaboutthe stateof eachlink. The sourceghatare currently
routing througha link perceve higherresidualbandwidthon thatlink thanothersources.
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This causes sourceto continueusingthe samepathto a destinatiorunlesst findsamuch
wider path. This in turn reduceghe variationin link stateand consequentlthe updated
informationdoesnot getoutdatedoo soon.In contrastwspexchangesighly varyingin-

stantaneousesidualbandwidthinformationandall the sourceshave the sameview of the
network. Thisresultsn masssynchronizatiormsevery sourceprefersgoodlinks andavoids
bad links. Thisin turn increaseshe variancein instantaneousesidualbandwidthvalues
andcausegouteoscillation. The wdp schemepn the otherhand,by selectingpathsus-
ing bothlocal andglobalinformationandby emplying ebpbasedadaptve proportioning
deliversstableandrobustperformance.

7.3.3.2 RoutingOverhead

Now we comparethe amountof overheadncurredby wdpandwsp This overheadcanbe
categorizedinto perflow routingoverheadandoperationabverhead We discusghesetwo
separatelyn thefollowing.

The wspschemeselectsa pathby first pruningthe links with insufficient available band-
width andthenperforminga variantof Dijkstra’s algorithmon the resultinggraphto find
theshortespathwith maximumbottleneckbandwidth.ThistakesatleastO(E log N) time
whereN is thenumberof nodesand £ is thetotal numberof links in thenetwork. Assum-
ing precomputatiorof a setof pathsR, to eachdestinationfo avoid searchinghe whole
graphfor pathselectionjt still needdo traverseall thelinks of theseprecomputeghathsto
identify the widestshortespath. This amountgo anoverheadof O(L, ), whereL, is the
total numberof links in thesetR,. Onthe otherhand,in wdp oneof the candidatepaths
is chosenn aweightedroundrobin fashionwhosecompleity is O(n) whichis muchless
thanO(L,) for wsp

Now considerthe operationabverhead.Both schemesequirelink stateupdatedo carry
residuabandwidthinformation.Howeverthefrequeng of updatesieededor properfunc-
tioning of wdp is no more thanwhat is usedto carry connectvity informationin tradi-
tional routing protocolssuchasOSPFThereforethe averageresidualbandwidthinforma-
tion requiredby wdp canbe piggybacled alongwith the corventionallink stateupdates.
Hence,wdp doesnot causeary additionalburdenon the network. On the otherhand,the
wspschemeequiresfrequentupdatesonsumingooth network bandwidthandprocessing

1Someremedialsolutionswereproposedn [2, 3] to dealwith theinaccurag atasourcenode.However,
thefundamentaproblemremainsandthe obsenationsmadeherestill apply.
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power. Furthermorewsp usestoo mary paths. The wdp schemeusesonly a few preset
paths thusavoiding perflow pathsetup.Only admissiorcontroldecisionneedto be made
by routersalongthe path. The otheroverheadsncurredonly by wdp are periodicpropor
tion computatiorandcandidatgpathcomputation.The proportioncomputatiorprocedure
is extremelysimpleandcostsnomorethanO(n). Thecandidatgpathcomputatioramounts
to finding n widestpathsandhenceits worst casetime compleity is O(nN?). However,
this costis incurredonly onceevery ¢ period. Consideringooththe blocking performance
andtheroutingcost,we concludethatwdpyieldsmuchhigherthroughputvith muchlower
overheadhanwsp
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Chapter 8

Hierar chical Proportional Routing

8.1 Intr oduction

We have shawn that proportionalrouting schemeslleviate congestionin the network by

distributing loadamongmultiple “good” pathsinsteadof overloadinga single“best” path.

However theseschemesassumehat eachrouterin the network is aware of the topology
andthestateof thewholenetwork. Thisis referredto asflat routingandunderflat routing,

eachrouterparticipatesn link stateupdatesandmaintainsdetailedinformationaboutthe

entirenetwork. This introducessignificantburdenon every routerandasthe size of the

network grows, the overheadat eachrouterincreasesremendouslyTo provide a scalable
solution,hierarchical routingis suggeste@5, 5] asanalternatve to flat routing. To make

the proportionalrouting schemescalewell to large networks we needto extendthemto

provide hierarchicakouting.

Underhierarchicalrouting, a network is divided into multiple areas. The routing within
theareais flat with eachrouterhaving detailedinformationaboutroutersandlinks in that
area.But theroutershave only sketchyaggregateinformationaboutotherareas.To route
traffic destinedor otherareasa sourceroutermayselecta partialhigherlevel path,based
ontheaggrgateinformation,thatgetsexpandedpasedn the detailedinformation,at the
ingressborderrouterof eachareaalongthe path. Sucha hierarchicalrouting reduceghe
overheadat eachrouterby limiting the scopeof link stateupdatesand maintainingonly
summaryinformation aboutotherareas. Examplesof hierarchicalrouting areinter-area

1Also referredto aspeergroupsin PNNI [5].
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routingin OSPF65] andATM Forum’s PNNI [5].

The hierarchicalrouting approachwhile reduceghe burdenon a router introducesinac-
curay in the informationavailablefor routing. Hencethe performanceof a hierarchical
routing schemedependseavily on hav informationaboutan areais aggreatedandhow
it is utilized in routingacrossareas For providing QoSroutingacrossareasjn additionto
topolagy aggregation, QoSstateaggregation mustalsobe performed.Topologyaggrga-
tion is concernedvith capturingthe structureof an areawhich is relatively static. There
areseveral proposaldor topologyaggreationsuchas([52, 48]. QoS stateaggrgationis
concernedvith summarizinghe QoSstateof anareawhich is quite dynamic.It is some-
whatstraightforvardto summarizehe theQoSstatewhenbest-pathroutingis employed.
The stateof routing betweena pair of routersis given by the stateof the bestpath. The
best-pathhasedierarchicakoutingis studiedin [31]. Ontheotherhandi,it is not obvious
howto aggregatethe topolagy and statewhenmultiple pathsare usedto routetraffic be-
tweena pair of routers. This chapteraddressethe issueof aggregationundermultipath
proportionalrouting,andthe selectionof pathsbasedn theaggreatedinformation.

We proposean aggreation methodthat summarizeghe stateof multiple pathsbetween
two routersusinga singlemetric. This metricin essence&aptureshe traffic carryingca-
pacity of multiple pathsbetweena pair of routers. Our approachs somevhat similar in
spirit to the proposalin [63] but the actualpathselectionschemesre quite different. We
proposeéwo inter-arearoutingschemegasednthis aggreatemetric: hierarchical widest
disjoint paths(hwdp) andhierarchical widestborder routers (hwbr). The hwdpscheme
is a hierarchicalsourcerouting schemewherea sourcerouterselectsa setof higherlevel
skeletal pathsto the destinationas candidatesand proportionsflows amongthem. The
hwbr schemads a hierarchicahext-hoprouting schemehatselectsonly the next-hopbor-
derrouterswhich in turn selecthigherlevel pathsto the destination.Both theseschemes
use oumwidestdisjoint paths(wdp), aflat multipathproportionalroutingschemedescribed
in the previous chaptey for intra-arearouting to expandthe skeletalhigherlevel pathsto
actualphysicalpaths. They essentiallydiffer in the way the network outsidean areais
aggreyatedby a borderrouterand propagatedo the interior routers. The following sec-
tionsdescribethe proposedaggreationmetricandthe hierarchicaimultipathproportional
routing schemedasedon this metric. We alsoevaluatethe performanceof the proposed
schemesndcomparghemwith best-pattbasecdhierarchicaroutingschemesliscussedn
[31].
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(a)isp (b) rand

Figure8.1: Topologiesusedin our study

8.2 Topologyand State Aggregation

Topologyaggreationis concernedvith capturingthe structureof an areawhich is rela-

tively static. Thereare several proposaldor topology aggreationsuchas[48, 52]. We

take asimpleapproachwherea borderroutermakesotherroutersin its areaappearasdi-

rectly connectedo it by alogical link. This approachs similar to the oneemployed by

OSPF[65]. Thenstateaggreationis aboutsummarizingthe stateof the network by as-
signingthe attributesto theselogical links. Whenbest-pathroutingis usedto routetraffic

within anareaiit is straightforvardto performstateaggreation: the attributesof alogical

link arethat of the best-path. For example,whentraffic within an areais routedalong
shortespaths thenthedistanceof thelogical link betweera pair of routerswould simply

bethedistanceof the shortespath. Onthe otherhandiit is not obvioushow to summarize
the statewhenmultiple pathsareusedto routetraffic betweera pair of routers.

The multipath proportionalrouting schemewdp describedn the previous chapterlends
itself very well to aggreation. Note that wdp selectscandidatepathssuchthat the to-

tal width of thesecandidatess aslarge as possible. This width essentiallycaptureshe

traffic-carrying capacityof all the pathsbetweena pair of routers. Hence,we proposeto

summarizehestateof multiple pathsbetweera pair of routersby asinglemetric,thewidth

of its candidatepaths This metric not only provides more accuratebut alsomore stable
descriptionof the stateof the network thanthe best-patmetric which could changequite

frequently Givena setof candidatepathsR,, of a pair o, its width, W, canbe computed
usingthe procedureshovn in Figure7.1,i.e., W, = WIDTH(R,,).
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(a) borderrouterview (b) sourcerouterview

Figure8.2: Differentviews of theisp topology

We proposédwo hierarchicaloutingscheme$gasednthisaggrgatemetric. Theseschemes
aresimilar in that both employwdp for intra-arearouting and exchangeaggreyatewidth
informationamongborderrouters.However, they differ in theamountandthusgranularity
of aggregateinformationpropagatedo interior routersby borderroutersandconsequently
in the selectionof partialhigherlevel pathsto destinations.

8.3 Hierar chical Source Routing

Supposehataborderrouterinjectsall theinformationit recevesfrom otherborderrouters
into its area.Thenaninteriorrouteralsowould have samdevel of aggrgateinformationas
ary borderrouter For routingto a destinationin a differentarea,aninterior sourcerouter
could thenselectan higherlevel skeletal path consistingof borderrouters. Eachborder
routeralongthe skeletal pathwould thenuseintra-arearouting to find a pathto the next
borderrouteralongthepathtill thedestinations reachedThisis referredto ashierarchical
souicerouting

The wdp schemecan be extendednaturally to provide hierarchicalsourcerouting. At
the higherlevel eachareais representedby a setof logical links. The averageavailable
bandwidthof alogical link correspondingo a pair o is setto thewidth of o, W,. Now we
canform ahigherlevel network consistingof physicalbackbondinks andthelogical links
representingeacharea. For example,considerthe isp topology shavn in Figure 8.1(a).
The correspondindnigherlevel view of borderroutersis shavn in Figure 8.2(a). Under
hierarchicalsourcerouting, an interior sourcerouter would also have aview similar to
borderrouterssinceborderrouterspropagateheir view asis to interior routersalso.
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Giventhis higherlevel view of the network, a sourceroutercanapply wdp schemeshavn
in Figure 7.2 asis on this higherlevel network to identify a setof widestdisjoint paths
as candidatesand perform ebp basedproportioningamongthesehigher level candidate
paths. However, thereis one differencein thattwo pathsthat are consideredlisjoint at
the higherlevel may not be really disjoint at the lower level. We canbe conserative and
treattwo higherlevel pathsasdisjoint only if they do not passthroughthe samearea.In
our study enforcemenof sucha constraindid notmake muchdifferencesincesuchpaths
werearnyway not choserdueto the sharingof inter-arealinks. We referto this hierarchical
versionof wdpwherewdpis usedfor bothintra-areaandinter-arearoutingashwdp

8.4 Hierar chical Next-hop Routing

It is likely thataborderrouterwould provide muchlessdetailedinformationaboutthe net-
work to aninterior routerthanwhatis availableto itself. It is desirablehata borderrouter
furthersummarizeheinformationit hasbeforepropagatingt to theinterior routers.This
reduceghe communicatioroverheadon the network andavoids theinformationoverload
atinterior routers. In otherwords,a borderrouternot only providessummarizedsiew of
its areato otherborderroutersbut alsopresentaggreatedview of the network outsidethe
areato its interior routers. For example,the viev of a sourceroutercorrespondindo the
isp topologyin Figure8.1(a)is shavn in Figure8.2(b)while the borderroutersview it as
shavn in Figure8.2(a). Undersucha realisticscenario aninterior routermay have only
sufficient informationto selectan exit borderrouterto reacha destination.It could first
selecta borderrouter andthenidentify aninternalpathto the borderrouter The border
routerwhich hasmoredetailedinformationaboutthe backbonenetwork finds a pathto a
borderrouterin the destinatiorareawhich would in turn routeto the destination We refer
to thisapproaclhof selectinghehigherlevel next-hopinsteadof completehigherlevel path
ashierarchical next-hoprouting

We proposea hierarchicalnext-hop routing schemewhich is referredto as hierarchical
widestborder routers (hwbr). Underhwbr schemeaborderrouterfurtheraggreatesmul-
tiple higherlevel logical pathsto a destinationinto a single metric, width of candidate
logical paths. It thenpasseshis perdestinationwidth informationto interior routers. Let
R, q bethe setof higherlevel candidatepathsfrom a borderrouterx to a destinationd.
Thenthe borderrouterz would passthe aggreatewidth W, , = WIDTH(R, ;) for each
destinationd to its interior routers.An interior routerselectsa borderrouterasits next-hop
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to adestinatiorbasedn thewidth from the borderrouterto the destinatiorandthe width
of candidatgpathsfrom it to the borderrouter

Thereis atradeof in selectinga borderrouterthathasbetterexternalrouteto a destination
anda borderrouterto which thereis a betterinternalroute. However, what mattersfrom
the perspectie of reducingblocking probabilityis thewidth of bottlenecksegment.Sowe
definewidth(s, d, =) from asources to adestinationd via borderrouterz asfollows. Let
W, bethe width from sourcerouter s to borderrouterz and W, , be the width from x
to destinationd. Thenwidth(s,d,x) = min (W, W, 4). Giventhewidthsof all border
routersto a destinationa borderrouterwith the largestwidth is choserasthe next-hopto
thedestination Notethatthenext-hopselections notperflow but periodicallyrecomputed
after performinglocal width adjustmengsis the casewith selectionof candidatgathsin
wdpandhwdp Whenmorethanoneborderrouteris allowedto be a candidatenext-hop,
thenthey areselectedn the orderof their widths andflows are proportionedamongthem
usingtheebpstratayy.

8.5 PerformanceEvaluation

In this section,we evaluatethe performanceof the proposedhierarchicalmultipath pro-
portional routing schemes.Theseschemesare comparedwith the flat wdp scheme.We
alsocomparethemagainstthe hierarchicalbest-pathrouting schemesWe choosewspas
a representate of best-pathrouting approachasit is shavn to performthe bestamong
suchschemeg2, 31]. We referto the hierarchicalversionof wspashwsp Underhwsp
the stateof routing betweena pair of routersis summarizedy the widestshortestpath.
Hence the bandwidthandthe hop countof alogical link betweera pair of routersis given
by bottleneckbandwidthandthe hop countof the correspondingvidestshortespath. The
hwspis a hierarchicaourceroutingschemeavherea sourcerouterselectawidestshortest
higherlevel logical pathbasedn the bandwidthsandhop countsof thelogical links. This
skeletalpathis thenexpandedoy the borderroutersusingwspto routewithin thearea.We
now describethe simulationernvironment.

8.5.1 Simulation Envir onment

Figures8.1(a)and 8.1(b) shawv the topologiesusedin our study The isp topologyis a
slightly alteredversionof thetopologyusedin our earlierstudyandalsoby others[2, 56].
Therandtopologyis similar to the oneusedin [31]. In boththetopologiesthe thin links

83



wdp' ——

flow blocking probabilty (%)
flow blocking probabilty (%)

L L L L L L L L L L L L L
0 500 1000 1500 2000 2500 3000 3500 4000 4500 0 500 1000 1500 2000 2500 3000 3500
time (minutes) time (minutes)

(a)isp (b) rand

Figure8.3: Cornvergenceandadaptvity of proportionalroutingschemes

connectrouterswithin an areaandthe thick links arethe backbondinks. All thin links

areassumedo have samecapacityof 20 unitsandall thick links 30 units. Flows arriving
into the network areassumedo requireoneunit of bandwidth.Hencea link with capacity
C canaccommodatat mostC' flows simultaneously The flow dynamicsof the network

are modeledas follows. The routerslabeledwith a dot are consideredo be sourceor

destinatiorrouters. Flows arrive into the systemaccordingto a Poissonprocesswith rate
A. A pair of sourceanddestinationroutersare chosernrandomlyfrom the setof all such
pairs. The holdingtime of a flow is exponentiallydistributedwith meanl/u. The overall

load offeredon the network is thenp = A\/u. We setthe averageholding time of a flow,

1/p to 1 minuteandvary thearrival rate A dependingiponthe desiredoverallload p.

The default valuesfor the configurableparametersf the schemedbeingsimulatedareas
follows. Theupdateinterval in wspandhwspis setto 0.5 minutesor 30 secondsndin the
restof our proportionalrouting schemest is setto 30 minutes. The obsenation interval
betweenrecomputation®f proportionsin the flat wdp schemeis setto 40 minutesand
candidatepathselectionis doneevery 120 minutes. Samesettingsare usedfor inter-area
routing in both hwdpandhwbr andthe correspondingaluesfor intra-arearouting are20
minutesand60 minutesrespectiely. Thesevaluesarechosersuchthatinter-areapathsare
changednoregraduallythanintra-aregpathsfor the purposeof stability. The numberof
candidatepathsallowed betweena pair of nodesis setto 3 for flat routing andintra-area
routing.
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8.5.2 Convergenceand Adaptivity

Figure 8.3 illustratesthe corvergenceand adaptvity of multipath proportionalrouting
schemes.The resultscorrespondingo isp topology are shavn in Figure 8.3(a) andthat
of randtopologyareshawn in Figure8.3(b). The performancas measuredn termsof the
overall flow blocking probability which is definedasthe ratio of the numberof blocked
flows to the total numberof flow arrivals. The overall flow blocking probabilityis plotted
asafunctionof time. We considettwo traffic scenariosin scenarid, all source-destination
pairsare offeredan equalamountof load andin scenaridl, certain“hot pairs” exchange
moretraffic thanotherpairs. We have chosenwo hot pairsmarked by 1 and2 in caseof
isp. Similarly in caseof randthreepairsarechoserashot. In caseof isp, we offer aloadof
200 in scenario Whichis equallysplit betweerall source-destinatiopairsandin scenario
Il aloadof 150 thatis equallysplitamongall pairsandaload50 thatis equallysplitamong
hot pairsonly. The correspondingaluesfor randcaseare300, 200 and100 respectiely.

Theperformancef hwdpis shaovn for two casesvith thenumberof higherlevel candidate
pathssetto 1 and2. Similarly two plots correspondo hwbr with the numberof candi-
dateborderrouterssetto 1 and2. We startthe simulationswith scenario landswitchto

scenarioll after sometime. Thereare several obsenationsthat canbe madefrom these
results. Startingwith anarbitrarysetof candidatesindproportions all the multipathpro-

portional routing schemegradually cornverge to stablestate. This getsdisturbedwhen
the traffic scenariochangesandthe blocking probability shootsup asthe candidatesand
their proportionschoserfor onetraffic patternarenot perfectfor a differenttraffic pattern.
Consequentlyhe proposegroportionalroutingschemegraduallyadaptto the new traffic

conditionsand conergeto stablestateagain.

With asinglecandidatgpathhwdpperformsbetterthanhwbrwith asinglecandidatéorder
router This is becausen hwbr, dueto lack of sufiicient information, mary sourcesmay
selectthe sameborderrouterasnext-hopto mary destinations.On the otherhand,hwdp
avoids this problemby using more detailedinformationin the selectionof skeletal path
to the destination.However, whenthe numberof candidatess increasedo two, thereis
almostno differencein blocking performancebetweenthe sourcerouting schemehwdp
andthe next-hop routing schemehwbr. Theseresultsalsoindicatethatthereis significant
gainin usingmultiple candidategor inter-arearoutingalso. The gainis morepronounced
in caseof isp thanin randandalsoin scenaridl with hot pairsandthusnon-uniformload
thanin scenario with uniformload. Finally, boththe proposecierarchicalschemesvith

85



14 - wsp(0.0) —+— 3 6 wsp(o g) —
. *

hwdp(2) - e
12 hwbr(1) ~-e K
hwbr(2) -4 e

hwdp(2) ---o - T e

hwbr(1) ~-e x

10 - hwbr(2) -4
x

,,,,,,,,,

flow blocking probabilty (%)
flow blocking probabilty (%)
=
5

0 L L L L L L L L L L L L L L
180 185 190 195 200 205 210 215 220 60 270 280 290 300 310 320 330 340

(a)isp (b) rand

Figure8.4: Performance&omparisorwith best-pathroutingschemes

two candidateperformaswell astheflat wdpscheme.

8.5.3 Blocking Performance

Figures8.4(a)and8.4(b)shav the performancef theseschemesinderdifferentload con-
ditions for isp andrandtopologiesrespectrely. The blocking probability is plottedasa
function of offeredload which is variedfrom 180 to 220 in caseof isp and260 to 340 in
caseof rand. Note thatthe updateinterval in wspandhwspis setto 30 secondsvhile that
in all our proportionalroutingschemess setto 30 minutes.We alsoshaw the performance
of flat wspschemewith updateinterval of 0 asa reference.This correspondso the case
of instantaneousipdatesj.e., an updategeneratedor every changein a link’s available
bandwidthor asenerthatkeepgrackof thecurrentstateof the network andperformspath
selectionandadmissiorcontrolin a centralizednanner

First, let us lookat theimpactof updateinterval andstateaggreationon the performance
of wspscheme. Thereis a drasticincreasen the blocking probability whenthe update
interval is changedrom anunrealisticsettingof 0 to a morerealisticvalueof 30 seconds.
This shavs theimpactof inaccurag on best-patiroutingschemesndthatthey work well
only with very frequentupdates.Essentially best-pathrouting is suitablefor centralized
routing but not appropriateor distributedrouting. The hierarchicalversionof wsp hwsp
faresworsethanwsp Thisis becaus¢heimpactof inaccurag introducedoy the best-path
basedaggreation getsfurther amplified by the selectionof the besthigherlevel logical
pathbasedninaccuratenformation.
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Now, letuscompareheproposedierarchicaproportionalroutingschemesvith best-path
routing schemeswvsp and hwsp It is expectedthat with always up-to-dateinformation
(updateinterval of 0), theflat wspschemeawould performbetterthanproportionalrouting
schemesHowever, it is surprisingthatwith only aggreateinformationandupdatenterval
of 30 minutes hierarchicaproportionakoutingschemegerformmuchbetterthaneventhe
flat wspschemewith updateinterval of 30 secondslt is worth notingthatthis is the case
even whenthe numberof candidatess limited to onein both hwdp and hwbr schemes.
Furthermore the gapin blocking performancebetweenthe proposedschemesand wsp
widenswith thelargerrandtopology Theseresultsdemonstratéhathierarchicamultipath
proportionalrouting schemeswith their minimal updateoverheadare more suitablethan
best-pathroutingschemedgor routingin large networks.

Theseresultsfurther supportthe obserationsmadeearlierabouttherelatve performance
of multipathproportionalroutingschemesAcrossall loadsandin boththetopologiesthe
performancef hwdpis betterthanhwbrwhenthenumberof candidatepermittedareonly
one.However, whenthe numberof candidatesllowedis two, thereis notmuchdifference
in performancéetweenhesetwo schemesMore importantly with two candidatesboth
theseschemegperformaswell astheflat wdp scheme Consideringhe overheadnvolved
in the propagatiorandthe maintenancef the summaryinformationaboutotherareaswe
concludethatthe hwbr schemewith multiple candidateborderroutersis a suitablechoice
for hierarchicakouting.
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Chapter 9
Conclusionsand Futur e Work

In this thesis,we focussedn proportional routing approachasan alternatve to best-path
routing approachfor providing QoSrouting. While best-pathrouting schemeselectthe
bestpathfor eachincomingflow, proportionalrouting schemegproportionflows amonga
setof candidatepaths. The best-pathrouting schemesequirefrequentexchangeof net-
work state,imposingboth the communicationoverheadon the network and processing
overheadson corerouters.On the otherhand,a proportionalrouting schemecanselecta
few goodcandidategathsusinginfrequentlyexchangedylobalinformationandproportion
flows amongcandidatesisingonly locally collectedinformation. We have describecbne
suchschemehat selectswidestdisjoint pathsascandidatesnd proportionsflows among
thesepathsusinga simplelocal equalizationof blocking probabilities stratgy. We have
shawn thatour proportionalrouting schemeyields higherthroughputwith lower overhead
thanbest-pathroutingschemes.

We have extendedour proportionalroutingapproactto provide hierarchicaroutingacross
large networks that are divided into multiple areas.We proposedan aggregation method
that summarizeghe stateof multiple pathsbetweentwo routersin an areausinga sin-
gle metric. We presentedwo hierarchicalmultipath routing schemesierarchical widest
disjoint paths(hwdp) andhierarchical widestborder routers (hwhbr) thatarebasedon this
aggreatemetric. We evaluatedheirperformancendshovn thattheproposedierarchical
multipathrouting schemegperformaswell asflat multipathroutingschemewdp. Further
more, we demonstratedhat theseschemeswith only aggregateinformation outperform
eventheflat best-patiroutingschemensphaving detailedinformationaboutthe network.
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Basedon our results,we concludethat hwbr schemewith multiple candidatesdueto its
low overheadandhigh throughputjs a suitablechoicefor hierarchicakoutingacrosdarge
networks.

We have usedanalyticalmethodsindsimulationmodelsto verify theproposedgroportional
routing schemesndcomparethemwith otherschemesHowever it would beidealif we
couldimplementandvalidatethemin areal setting. But it is not possiblgo deploy them
on a large scaleand conductexperimentswith anactualnetwork. Sowe planto simulate
the corenetwork while usingFreeBSDor Linux machinemplementation®f our schemes
to actasedgerouters.Sincethe proposedschemegssentiallyaddmoreintelligenceatthe
edgeroutersandleave thefunctionality of coreroutersuntouchedthis senesthe purpose.
We are specificallyinterestedn the amountof compleity introducedby theseschemes
atthe edgerouters.This experimentalsetupwould help measurdhe storagerequirements
andprocessingpeed®f theseschemesTherealtraffic conditionswould be simulatedoy
runningactualtraffic traces.

Thisthesisassumesa servicemodelwhereadmissiorof flowsis controlledsuchthatevery
admittedflow recevesthe expectedquality of service.While sucha serviceis very much
desirablethereis animmediateneedfor providing whatis referredto asbetterbest-efort
service Undersuchaservice thereareneitheradmissiorcontrolsnor perflow guarantees.
Insteadabetterservices providedto all thetraffic by balancingheloadacrosghenetwork
andby utilizing theresourceefficiently. This servicebasedon multipathroutingis likely
to be morereadily adoptedby network serviceprovidersasan alternatve to the existing
shortestpathrouting basedbest-efort service. Provision of this betterbest-efort service
entailstackling mary of the issuesthat areaddressedh this thesisin the context of QoS
routing: How to selecta few good candidatepathsandhow to split traffic amongthem.
Theideaspresentedn this thesissuchaslocal adjustmento globalupdatesandselection
of widestpathsthataremutuallydisjointw.r.t. bottlenecKinks ascandidatesrevery much
applicablein this settingtoo. Onekey differenceis thatdueto lack of admissioncontrol,
a sourcewould not be ableto gatherinformation suchas blocking probability of flows
locally. So,whatrequiresto be addresseds how to proportiontraffic (in the absenceof
local information)amonga setof candidategpathsselectedby wdp. This andotherrelated
problemsn deploying betterbest-effort serviceis thefocusof our currentresearch.
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Part I

Stored Video Delivery acrossResource
Constrained Networks
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Chapter 10

Selectve Frame Discard Algorithms

10.1 Intr oduction

Theplaybackof storedvideooveranetwork is requiredby severalapplicationsuchasdig-
ital libraries,distance learningndcollaborationvideo andimagesenersandinteractve
virtual environments.Storedvideotypically hashigh bandwidthrequirementaindexhibits
significantratevariability [24, 49, 50]. Thisis particularlythe casewhenvariablebit rate
encodingschemesreused.In a network whereresourcesuchasthe network bandwidth
andbuffering capacityareconstrainedit is a major challengeto designan efficient stored
video delivery systemthat canachiese high resourceutilization while maximizingusers’
perceved quality-of-servicg QoS).

Video smoothingtechniqueq97, 114, 23, 116, 60, 88, 37,85] have beenproposedfor

reducingthe network bandwidthrequiremenbf bursty video streamdy takingadvantage
of clientbuffering capabilities.Similartechniquefave alsobeen deelopedwhennetwork

bandwidthis constrainednsteadof the client buffer [21, 89, 96,101]. In reality, however,

both network bandwidthandclient buffering capacityarelikely to belimited. Undersuch
circumstancestheremay not be a feasiblesener transmissiorschedulethat can deliver

video streamso clientswithout incurring loss of data. Insteadof being deniedservice,
clients may chooseto receve lower quality video streamswith occasionaframe losses.
This may arise, for example,in the caseof constant-bit-rat§ CBR) service,wherefor

a client with a limited buffer, the network may not have sufficient bandwidthto support
the peakrate of a smoothedvideo stream,or in the caseof rengyotiatedCBR (RCBR)

service[28], wherebandwidthreneyotiationfails in the middle of avideotransmission.
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Whendelivering a video streamacrossa resource-constrainatetwork, a nave approach
at the sener may attemptto transmiteachframewith no awarenes®f the resourcecon-

straints. As a resultthe network may drop paclets causingframelosses.In addition,the

clientmaybeforcedto dropframesthatarrive too latefor playback.Thisresultsn wastage
of network bandwidthandclient buffer resourcesln this chapterwe introducetheconcept
of selectiveframediscad® (SFD) at the sener which preemptivelydiscardsframesin an

intelligentmannery taking network constraintsaandclient QoSrequirementsnto consid-
eration. The proposedsener selectve framediscardhastwo advantagesFirst, by taking

the network bandwidthandclient buffer constraintsnto accountthe sener canmalke the

bestuseof network resourcedy selectvely discardingframesin orderto minimize the

likelihood of future framesbeing discardedtherebyincreasingthe overall quality of the

video delivered. Second,unlike frame droppingat the network or the client, the sener

can also take adwantageof application-specifianformation suchas information content
of a frame andinter-dependenciesn its decisionin discardingframes. As a result, the

sener optimizesthe perceved quality of serviceat the client while maintainingefficient

utilization of the network resources.

In this chaptemwe develop variousselectve framediscardalgorithmsfor storedvideo de-
liveryacrossanetwork whereboththenetwork bandwidthandtheclientbuffer capacityare
limited. We begin by formulatingthe problemof optimalselectiveframediscad usingthe
notion of a costfunction. The costincorporateshe QoSmetricsof clients. Givennetwork
bandwidthandclient buffer constraintswe developan O(N log N) algorithmto find the
minimum numberof framesthatmustbe discardedn orderto meettheseconstraints For
agivencostfunction,anoptimalalgorithmfor solvingthe optimal selectve framediscard
problemcanbe designedisingdynamicprogramming.Sincethe computationatomple-
ity of this optimalalgorithmis prohibitively highin generalwe alsodevelop several effi-
cientheuristicalgorithmswhich take bothresourceconstraintandcostinto consideration.
Thesealgorithmsare evaluatedusing JPEGvideo traces. Throughthe performanceeval-
uation,we find thatthe proposedninimumcostmaximumgain heuristicalgorithmyields
nearoptimalperformancdor JPEGencodedideo.

Therestof this chapteris organizedasfollows. In Section10.1,we briefly discusgelated

1In this work we assumethat framesare basicapplication-level dataunits for sener selectve discard.
This assumptionis not necessaryThe algorithmsdevelopedin this chapterdo not hingeon this assumption
atall. In practice,other(preferably)application-leel dataunits suchasslices,blocksor macroblocksin
JPEGandMPEG canalsobeusedasthe basisfor sener selectve discard.
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work. Section2 describeghe problemsettingandformulatesthe optimal selectve frame
discardproblem. The minimum frame discardalgorithmis describedandits correctness
is provedin Section10.3. Section10.4introducesseveral efficient selectve framediscard
heuristicsand presentperformancesvaluationbasedon JPEGtraces. Thesealgorithms
areextendedo MPEGIn Section10.5. We concludewith Section10.6.

RelatedWork

Rateadaptatiorandcontrolfor compressedideo hasbeenextensvely studied,in partic-
ular, in the context of joint sourceand channeladaptve encoding(see,e.g.,[18, 19, 33,
38, 51, 54,102]). For example,in [33, 102], the problemof finding an optimal trans-
missionschedulewith leaky bucket constraintsis studiedsomeform of costfunctions.
In [19, 38, 51], videorateadaptatiorthroughquantizatiorparameteadjustmenbver net-
workswith feedback-basedongestiorcontrol mechanismsThesetechniquesare mostly
designedor live video transmissionand may not be well suitableto delivery of stored
video,dueto anumberof reasonge.g.,absencef encodersatastoredvideosener, or the
processingverhead/delayncurred).

Paclket discardingschemesvhich take advantageof applicationspecificinformationhave

beenusedn mary differentcontexts. For example,in [83] aframe-inducegacletdiscard-
ing schemeat the network level is introduced.In this schemeupondetectionof lossof a
thresholchumberof pacletsbelongingto avideoframe,thenetwork attemptgo discardall

theremainingpacletsof thatframe. Similarly, thecontinuousnediatoolkit (CMT) [94, 95]

alsousesapplication-specifilmformationto assigrpriority in packetdiscarding.Our prob-
lem setting,however, is considerablydifferentfrom theseexisting studies. In designing
efficient sener selectve framediscardalgorithms,we leverageapplication-specifiénfor-

mationto optimizethe client QoSwhile at the sametime taking both network bandwidth
andclient buffer constraintsnto account.

10.2 Problem Formulation

In this sectionwe provide an overview of the storedvideo delivery systemand motivate
thenotion of selectiveéramediscaid atthe sener for aresourceconstrainedetwork. The
ideaof a costfunctionis introducedto incorporatea QoSmetricandis usedto formulate
theselectve framediscardproblem.

93



Disk System

I —

) SERVER NETWORK CLIENT

J/ ®
Nework || LI}

Processing Client Buffer
Vi
D N

Continuous Playback at Client

Selective Frame Discard

Figurel10.1: Overview of the problemsetting

Figure 1 depictsa sener transmittinga storedvideo streamto a client acrossa network.
Thevideodatais retrievedfrom thedisk subsystenmto thesenermemoryandmovedonto
thenetwork aspersomesenertransmissiorschedule Theclienthasa buffer which canbe
usedfor thework aheadf videodataby thesener. Theclientplaysbackthevideoframes
periodicallyasdeterminedoy the framerate. Eachvideo framehasa deadlineconstraint
associateavith it. Sincetheframesarebeingplayedbackata periodicrate,theframehas
to be availableat the client whenthe decodingprocessattemptgo displayit. If theframe
is notavailable,the playbackis pausedresultingin a playbad discontinuity

We assumea network ernvironmentwherea fixed amountof network bandwidthcan be

resened for a video stream(i.e., the CBR service). However, the network resourcemay
be constrainedthis constraintis referredto asrate constaint). Furthermorethe buffer

resourceat a client may also be constrainedthis constraintis referredto asclient buffer

constrint). In sucharesourceconstrainesgystemtheremaynotbesufficientresource$o

ensuraghecontinuougplaybackof thevideoattheclient. While therateconstraintregulates
the amountof datathat can be transmittedin onetime unit, the client buffer constraint
limits theamountof work aheady the senerinto theclient buffer. In the presencef both

rate and buffer constraints,a feasiblesener transmissionschedulewhich satisfiesboth

constraintsimultaneouslynaynot exist. Hencein thesecircumstancedramedroppingis

unavoidable.

A naie approachat the sener may attemptto transmiteachframewith no cognizanceof
the resourceconstraints. This may causepaclet lossanddelayin the network or buffer
overflow attheclient. As aresultthe client may receve incompleteframeswhich cannot
beplayedback.Also theclientmaybeforcedto dropaframeif it arriveslate. Thesystem
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N lengthof videoin frames.

fi sizeof i*" frame.

B client buffer capacityfor storingunplayedrames.

C : network bandwidth.

N . setof all frames,i.e,{1,...,N}

S :  asubsebdf frames,.e.,S C N.

A(S) : atransmissiorschedulew.r.t. setS

A;(S) : cumulatve data senby thesenerover 1, i]

a;(S) : amountof data senby thesenerin slot

D(S) : underflav curvew.r.t setS

D;(S) : cumulatve dataconsumed byheclientover [1, 1

U(S) : overflov cunew.rtsetS

Ui(S) : maximumcumulatve datathatcanbereceved
by theclientover[1, 7]

B;(S) : buffer occupang attheendof time slot:.

A(S) : greedytransmissiorschedulew.r.t setS

A;(S) : cumulatie data senby thesenerover 1, i]
accordingo thegreedyschedule

a;(S) : amountof datatransmittedn sloti underA(S).

Table10.1: Notation

resourcesonsumedy thesedroppediramesareeffectively wasted.

Selectivdramediscard aimsat optimizingthe utilization of the network resourcesy pre-
emptivelydiscardingframesat the sener. A frameis transmittedonly if it can meetits
playbackdeadline.Otherwisethe frameis discardedherebyincreasinghe likelihood of
otherframesmeetingtheir playbackdeadlines.By effectively utilizing the resourcesse-
lective framediscardimprovesthe playbackcontinuity.

In formulatingthe selectve framediscardproblem,we considera discrete-timemodelat
theframelevel. Eachtime slot representshe unit of time for playing backa videoframe.
For simplicity of exposition,we assumezerostartupdelay i.e., thetime the sener starts
videotransmissiorandthe time the client startsplaybackis the same.We alsoignorethe
network delay Table10.1summarizeshe notationwe introducein this section.

Considera video streamwith N frames.Fori € A" = {1,..., N}, thesizeof i*" frame
is denotedby f;. Let C' denotethe bandwidthof the network (i.e., sener transmission
rate is limited by C' per unit of time), and B is the client buffer size. For S C N,
1iesy is the indicator function: 1ey = 1if j € Sand0if j € S. Let D(S) =
{Do(S), D1(S),...,Dn(S)} whereD;(S) = Yi_, f; 1jesy, andlet U(S) = {Up(S5),
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Up(S),...,Un(S)} whereU;(S) = D;(S) + B. Wereferto D(S) asthe(client) buffer un-

derflowcurvewith respecto S, andU (.S) asthe(client) buffer overflowcurvewith respect
to S. A sener transmissiorscheduleA(S) associatedvith S is a schedulewhich only

transmitsframesincludedin S, namely framei is transmittedunder A(.S) if andonly if

i € S. Leta;(S) betheamountof videodatatransmittedduringtime sloté, i = 1,..., V.

In accordancewith the notationfor D(S) and U(S), the scheduleA(S) is denotedby

A(S) = {Ao(S), AL(S), ..., An(S)} whereAy(S) = 0 and A;(S) = X', a;(S). Exam-
plesof D(S), U(S) andA(S) areshavn in Figure10.2.

A senertransmissiorscheduleA(SS) is saidto be feasiblewith respecto S if andonly if
fori =0,1,..., N, 1) rateconstaintis notviolated i.e., a;(S) < C; 2) buffer constaint
is not violated i.e., A;(S) < U;(S); and 3) playbad constaints are not violated i.e,
D;(S) < A;(S). In otherwordsa transmissiorschedules feasibleif it lies within the
buffer underflav curve D(S) andthe buffer overflow curve U(S), having slopeno more
thanC' (seeFigure10.2for anillustration). A setS C N is saidto befeasibleif andonly if
thereexistsafeasibletransmissiorscheduled(S) with respecto S. For agivenpair of rate
andbuffer constraintgC, B), we denotethe collectionof all feasiblesetsby SFD(C, B).

Givenascheduled(.5), thebuffer occupanyg attheendof time sloti (namelyimmediately
afterframe: hasbeenretrievedfrom theclientbuffer if : € .S) is denoteddy B;(S). B;(S)
satisfieghefollowing recurrenceelation:

B;(S) = max{min{B;_1(S) + a;(S), B} — filgesy, 0}

whereB,(S) =0

If B;_1(S) + a;(S) > B, thebuffer overflowoccursattime i. If B;_1(S) + a;(S) < fi,
thenbuffer underflonmoccursattime i. Clearlyfor afeasiblescheduleB;(S) = B;_1(S) +
a;i(S) — filgiesy-

Associatedvith eachS, we defineaspecialscheduleéi(S), referredto asthegreedytrans-
missionschedulewith respecto S. Under A(S), the amountof datatransmittedin time
sloti, s = 1,..., N, isgivenby a;(S) = min{B — B;_1(S),C), whereBy(S) = 0 and
Bi(S) = B;_1(S) + @i(S) — filgcsy. HenceA(S) = {Ay(S), Ai(S),. .., Ax(S)}, where
Ai(S) = Yoo a;(S). Itis clearthat A(S) transmitsat the rate C' whenaver possiblewith-
out overfloning the buffer (seeFigure10.2for anexample).In otherwords, it attemptgo
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Figure10.2: Relationof D(S), U(S) andasenertransmissiorscheduleA(S)

keepthe buffer asfull aspossible.By definition A(S) alwayslies belov the buffer over
flow curve U(S). HenceA(S) is feasibleif it staysabove the underflav curve D(S), i.e.,
if A, > D;(S),i=0,1,...,N.

The greedyscheduled(S) hasthe following property the proof of which is straightfor
ward.

Proposition1 For any S C N, if A(S) is a scheduleconformingto the rate constaint,
then4;(S) < A;(S),i=0,1,...,N.

SinceA(S) boundstheamountof datathatcanbetransmittedrom theabove, ary feasible
transmissiorschedulehasto staybelov A(S). Henceif A(S) is not feasible,thenary
otherscheduleA(S) is notfeasible.As aresult,for ary S C N, S is a feasiblesetif and
onlyif A(S) is feasiblewith respecto S.

For a given pair of rateandbuffer constraintg C, B), therearein generalmorethanone
feasibleset. For example,trivially S = () is alwaysa feasibleset. Obviously the perceved
quality of the playbackat the client would dependon the framestransmittedoy the sener.
It is likely thatthe greaterthe numberof framesdropped,the lesserthe perceved video
quality. In addition,consecutie lossesof framesor a clusterof lost framesin nearprox-
imity would have amorepronouncedmpacton the percevedvideoquality thandispersed
lossesof frames.In orderto reflectthe perceved video quality at the client, we introduce
the notion of a costfunction ¢(.5), to quantify the “desirability” of differentfeasiblesets.
Suchafunctionassociatea certaincostwith eachdiscardedrame. The costof a feasible
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set¢(S) is thecostassociateavith theframesthatarenot partof the set. For anappropri-
ately definedcostfunction, ¢(.S) shouldreflectthe perceved quality of playing backthe
setS. Thusminimizing the costis equivalentto optimizingthe QoSattheclient.

For agivencostfunction¢, theoptimalselectivdramediscaid problemtherefores to find
afeasiblesetS* which minimizesthe associatedosto(.S*), formally

Find a setS* sud that S* € SFD(C, B) and ¢(S*) = min{¢(S) : S €
SFD(C, B)}.

S* is referredto asanoptimalfeasiblesetwith respecto ¢.

For a given costfunction ¢, a generaloptimal algorithmto determineS* canbe designed
using dynamic programming. The optimal algorithm proceedsn stageswherestage:
correspondgo the ith frame,i = 1,2,..., N. In eachstage,a setof appropriatestates
is maintained.A transitionfrom a statein stagei-1 to anotherstatein stage: represents
whetherframe: is includedor discardecat stagei while no constraintsareviolated. The
incurredcostof the transitionis computedaccordinglyusingthe costfunction. The opti-
mal selectve frame discardproblemcanthusbe reducedto a shortestpath problemand
solved using dynamicprogramming. The computationacompleity of the algorithmis
O(NBW), whereW is thelargestsizeof the statesn eachstagewhichin theworstcase
canbeaslargeas2” .

10.3 Upper Bound on the Sizeof FeasibleSets

Beforewe addresshe problemof finding anoptimal setthatminimizesa given costfunc-
tion, we first considera morefundamentatjuestion:

Whatis the minimumnumberof framesto be discadedsothat the remaining
framesthat are transmittedby the servercan meettheir respectiveplaybad
time underthe knownnetworkbandwidth(rate) and client buffer constaints?
Or in otherwords, whatis the largestpossiblecardinality of any feasibleset
S e SFD(C,B)?

Thesolutionto this questionis notonly of interestin its own right, but, aswe will seealso
sheddight onthedesignof efficient selectve framediscardalgorithmsin Section10.4.In
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1. PROCEDURE MINFD(C, B)

2. Initialization (i = 0): S# =0, B; = 0, iy = 0.

3. For i =1 to N

4, a; =C

5. | f B,_; +C > B,i.e.,is buffer full?

6. a; = B— Bj_1andig =1

7. El se

8. I f B;_1+ C < f;,i.e.,is deadlineof frame: violated?
9. For j = ig+1toi

10. Computethegain A’

11. Chooseheframek with thelargestgainmax A;
12. Discardframek andincludeframes, i.e.,

13. S# = (S7* U {i})\ {k}

14, Updatebuffer occupang at B;, i.e.,

15. B;:=B;_1+C+maxA; — f;

16. Updatei if necessary

17. El se

18. S# .= 8% U {i}

19. OutputS#
20. END PRCCEDURE

Figure10.3: Theminimumframediscard(MINFD) algorithm.

this section,we first presentan algorithmfor solving this problem,andthenestablishits
correctnessThis algorithmis referredto asthe minimumframediscad (in shortMINFD)

algorithm. In Subsectiorl0.3.1we presenthe detailsof the MINFD algorithmfor video
streamsencodedusingan intra-frameencodingschemesuchas JPEG,wherethereis no
inter-frame dependencamongthe frames. Extensionof the MINFD algorithmto han-
dle inter-framedependences discussedn Subsectioril0.3.2,usingthe MPEG encoding
schemeasanexample.

10.3.1 The MINFD Algorithm for Intra-Frame EncodedVideo

Considera video streamencodedusing an intra-frameencodingschemesuchas JPEG.
Following the notationintroducedin Section10.2, f; denoteghe sizeof the i** frame of
thevideo stream.Let C' denotethe available network bandwidth(i.e. the rate constraint)
and B, the sizeof theclient buffer.

Thefollowing obsenationsplay a key role in the developmentof the MINFD algorithm.

1. As long asthe buffer constraintis not violated, alwaystry to sendasmuchdataas
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possible(i.e., sendatrateC’)

2. Wheneer the buffer is full, delaytransmissioruntil the buffer is no longer com-
pletelyfilled andthenresumeransmissioratrateC. Notethatit is never necessary
to discad framesbecausef buffer overflow

3. Wheneer a playbackdeadlinecannotbe met, eitherthe currentframeor an earlier
frame mustbe discarded. This is becauseéhe total size of the currently included
framesis morethanthatcanbetransmittedusingthe availablebandwidthsubjectto
thebuffer constaint. In decidingtheframesto bediscardedye shouldchoosehose
thatwould optimizethelik elihoodof the deadlinef future framesbeingmet.

Thefirst two obsenationsstatethatwe shouldfollow the greedyschedulan transmitting
the video data. Basedon the third obsenation, we devise a stratgy which discardsthe
framethat maximizesthe buffer occupancyat the time whena playbackdeadlineis vio-

lated.In Theoreml, we show thatthis stratgy is optimalin thesensehatit minimizesthe
total numberof framesdiscarded.

The algorithmis presentedn pseudo-coden Figure 10.3. It proceeddn stages,;; =
0,1,..., N, andconstructsafeasiblesetS# iteratively.

At stage0 (line 2 in the algorithm), we startwith S#* = . At this point, the buffer
occupang B, = 0. Thevariablei, is usedto keeprecordof the mostrecentbuffer full
pointif any, andis initialized to 0.

At ary stagei (lines3-16),i = 1,..., N, we follow the greedyscheduled, andtransmit
asmuchdataaspossible,namely a; = min{C, B — B;_;} (lines 4-6). If the buffer is
full atthis point, setiq = i. Otherwise(lines7-16), we checkto seewhetherthe playback
deadlineof framei is met bythe greedyscheduleA with respectto the currentfeasible
setS” (line 8). If B;,_; + C < f;, the playbackdeadlineof frame: is violated,a frame
needdo bediscardedIn orderto decidewhichframeto discard for eachj, 1 < j <, we
introducethe notion of gain in the buffer occupang attime i if frame is discarded We
denotethisgainby Aj.; its definitionwill begivenshortly Theframediscardedsay frame
k, is thusthe onewhich yieldsthelargestgain, namely A} = max;<;<; A%. Thisis done
in lines9-11.

Formally, let S | denotethe feasiblesetconstructedat stagei — 1. RecallthatDj(Sffl),
U;(S,) = D;(S¥,) + BandA, (S} ) representhe buffer underflav curve, buffer over-
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flow curve andthe amountof datatransmittedby the greedyscheduleup to time j with
respecto S7* . Forj =1,...,i— 1, define

Vi= min {U(S7,) — A4(SF1)} = min {Di(S)+ B —A(SF)}. (10.1)

I <i<i—1 j<I<i—1

V' representshe minimal differencebetweerthe buffer overflov curve U (S# ) andthe
greedyscheduled (S ) in thetimeinterval [j, i — 1]. Intuitively, it is themaximalamount
thatwe canshiftthesegment];, i] of U (S ;) downwardstowardsA(S? | ) withoutcrossing
A(S7 ) (seeFigure10.4).

Now we arein a positionto defineA;i.

Al = fi = n (10.2)
min{f;, Vi}, j=1,...;i—1

We now shawv thatAj. is thegainin the buffer occupang attime if framej is discarded.
More precisely

( i—1 \ {]}) ( i— 1) + Al (103)
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Thisis shavn pictorially in Figure10.4wherethetwo cases(a) f; < V§ and(b) f; > V;ﬁ
aredepicted As aresultof discardingramej, thesegment[j + 1,7 — 1] of the new buffer
overflcw cune U(S7, \ {j}) andunderflav curve D(S7*, \ {j}) arethe original ones
(U(Sf,) andD(S? ,)) shifted f; amount devnwards. Considerthe casewhere f; < V.
This canonly occurif j > i, wherei, is the last time before: the buffer is full. The
greedyscheduleantransmitexactly thesameamountof dataastheoriginal schedulei.e.,
(t—1—4)C, duringthetimeintenal [j + 1, — 1]. Therefore(10.3)holdsattime:—1. On
the otherhand,if f; > V; the amountof datatransmittedby the greedyscheduleduring
the sameintenal is only (i — 1 — j)C — (f; — V%). Thisis becausehe buffer becomes
full at somepoint. Hencethe greedyscheduleneedgo stoptransmissiorfor a durationof
(f; — V%)/C time. Thus(10.3)alsoholdsattime i — 1. Notethatin eithercasewe have

A (SEAN G = A(SEN {5 = Aia(ST) = A5(ST)) — (f; — ). (10.4)

From(lO.l),Vj. = 0 for ary j < iy. Thereforediscardingary framebeforetime iy will

resultin zerogain,i.e.,A§ = 0. In otherwords,discading anyframebefore thelast buffer
full pointwill nothelpmeetthe playbadk deadlineof framei. Thisis thereasonn line 9 of
thealgorithmin Figure10.3,we only searchin therangeof [i, + 1, 7| for aframeto discard.
Letk, ip+ 1 < k <ibesuchthatA] = max; ;1<j<; A; Hencediscardingramek yields
the maximalgainattime i. Denotethis maximalgainby max A;, i.e.,max A; = Al. As
Al = f;, wehave max A; > f;. Hencefrom (10.3)

Bia(SEL\{K}) = Bia(ST) + fi

Therefore,if k£ # 1, discardingframe £ will help meetthe playbackdeadlineof frame.
As aresultof discardingframe & from S#1 andincluding frame: at stage, i.e., setting
S# .= S# U {i}\ {k} (lines12-13),we have

Bi(S) = Bi_1(S7 ) + C + max A, — f. (10.5)

Notethattheabove equationalsoholdswhenk = i.

In lines 14-16o0f the algorithm,the buffer occupang B; is updatedusing(10.5),andq, is
setto k* if discardingk resultsin a full buffer attime k£*, wherek* is the point wherethe
minimumin (10.1)is attained. If the deadlineof framei is met, it is includedin S by
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settingSZ# = Sfﬁl U {i} (line 18). Thealgorithmstopsafter stageN andoutputsthe set
S#.

ThefeasiblesetSl# constructedat stagei of the MINFD algorithmhasthe following im-

portantproperty

Lemmal LetS beanyfeasibleset,i.e., S € SFD(C, B). Then
S > 15N {1,2,...,i}] (10.6)

whee | - | denotethe cardinality of a set.

Moreover, foranyj = 1,2, ... 4, if
1SF {13 =18n{L,.... 5}, (10.7)
thenB;(S7) > B;(S).

Intuitively, Lemmal stateshatthe numberof framesincludedin the (partial) feasibleset
S# constructedtstagei is atleastaslarge asthe numberof frames(up to time i) thatare
includedin ary otherfeasibleset. Moreover, amongall feasiblesetsthat discad the same
numberof framesup to time 7, Sf maximizesthe buffer occupang attime j. Hence,Sf
maximizeshechanceof futureframesto meettheir playbackdeadlinesAs aconsequence
of this lemma,thetransmissiorscheduleS# produceddy the MINFD algorithmresultsin
the minimum numberof discardedramesfor ary costfunction, or equivalently, |S#| is
maximized.

Theorem1 Let S# bethefeasiblesetproducedby the MINFD algorithm. Then
|S#| = max {|S] : S € SFD(C, B)}. (10.8)

By usinga clever datastructurefor maintainingandupdatingthe gain A; we candesign
anO(N log N) algorithmto constructS#. Dueto spacdimitation, we will notdescribeit
here.
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Figure10.5: Sequencef MPEG frameswith a GOPof size12. FrameP;;/B;; refersto
jth P/ B framein theith GOP

10.3.2 The MINFD Algorithm for MPEG EncodedVideo

The MINFD algorithmdescribedn Figure 10.3 canbe extendedto handlevideo streams
with inter-frame dependenciesuchasthoseencodedusingthe MPEG encodingscheme.
In this section,we illustrate how to modify the MINFD algorithmto handleinter-frame
dependenciessingMPEGasanexample.

The MPEG standarddefinesthreetypesof frames: I frames, P framesand B frames.
I framesare codedautonomouslywhile P framesare codedwith respectto the previ-
ous/ or P frame. B framesuseboth previous andfuture I or P framesasa reference.
The MPEG standardalsodefinesa group-of-pictureGOP)asa consecutie sequencef
frames(pictures)containinga single I frame, which is the first frame of the group, and
uponwhich therestof the framesin the groupdepend.An exampleof GOPof sizel2is
IBBPBBPBBPBB (seeFigure10.5(a)for anillustration). Becauseof theinter-frame
dependenciesliscardingan/ frameresultsin thelossof anentireGOR Similarly, discard-
ing a P frameresultsin thelossof the P and B framesthatdependonit.

Anothercomplicationarisingfrom theseinter-frame dependenciess that the client play-
backorderdiffersfrom theclientdecodingorder Figurel0.5illustratesthis key difference
betweenthe playbackorderand decodingorderfor a sequencef MPEG frameswith a
GOPof sizel2. Boththeplaybackorderandthedecodingorderplay arole in determining
whethera framecanbe playedbackin time or not. For example,whethera B framecan
be playedback dependsot only on its own playbackdeadline(which is determinedoy
the playbackorder),but alsoon thein-time arrival of its future referencerame (which is
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determinedy thedecodingorder).

We now describehow to extendthe MINFD algorithmto handletheinter-framedependen-
ciesin MPEG, usinga GOP of size 12 asan example. For simplicity of exposition, we
assumehat a sequencef MPEG framesare transmittedfrom the serverto the client in
their decodingorder. We proceedby consideringransmissiorof all or partof theframes
in aGOPateachstage Notethatbecaus¢helasttwo B framesin aGOPof sizel2depend
not only on the previous P frame,but alsoon the I frameof the next GOR thesetwo B
framesneedo betreatedspecially:they areonlyincludedfor consideratiomf transmission
in the next GOP (afterthe I frameof the next GOR on which they depend) put they are
eligible for consideratiorof discardingin the currentGOR This specialtreatmentwill be
furtherexpandedn, aswe sketchtheextendedVIINFD algorithmfor MPEG videobelow.

Supposeve have aMPEG videosequencef frameswith N GOP$ of size12. At stagei,

i =1,2,..., N, we considertransmissiorof the i"* GOP I;[B;_17B; 13| P;1Bi1Bi2P; 2

B, 3B, 4P, 3B; 5B, ¢(B;7B;s). Hereeitherof thelasttwo B framesfrom the previous GOR

B,_17B;_1 s, is includedfor consideratiorof possibletransmissiorwith the ith GOP pro-

videdthatthefollowing two conditionsaremet: 1) : > 2 andits previousreferencdrame,
i.e.,thelast P framefromtheGOR P,_, 5, isincludedfor transmissiorin thepreviousGOP
atstage; — 1; and?2) it is not selectedor discardingin the previous GOP at stagei — 1.

Thelasttwo framesin the currentGOPareincludedherefor consideratiorof discarding
only. They will beconsideredor transmissiornn thenext GOPatstagei + 1 , becausé¢heir
futurereferencdrame,the I framein the next GOR hasto betransmittecbeforethem.

For the framesincludedin the ith GOP (excluding B; 7 B; s), I;[Bi—17Bi—18)Pi1Bi1Bi2

P, 5B, 3B, 4P, 3B, 5 B; s, We checkto seewhetherthey canbe transmittedusingthe greedy
schedulan suchamannerthatall of themcanbe playedbad in timeat theclient If this
is thecasewe move to the next stageandconsidetransmissiorof thei + 1th GOR If this
is not the case thenoneor moreframesmustbe discardeddueto the network bandwidth
constraint. Note thatno morethan 14 framesneededo be discardedat eachstage. This
is becausen the worst casewe canalwaysdiscardall the framesin the current(i.e., the
ith) GOPincluding B; 7 B; s andmove to the next stage. Now the questionis to find the
minimum numberof frames,m;, 1 < m! < 14, that mustbe discardedat stagei so
that someof the framesin the ith GOP (excluding B; 7 B; s) canbe transmittedusingthe
greedyschedulen suchamannetthattheseframescanbeplayedbad in timeat theclient

2Thealgorithmdescribedelov doesnotrequirethevideosequencéo have afixed GOPpattern.
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(we refer to this condition as the maximumplaybad constaint). Furthermorethe m;
discardedramesarechoserin suchamannetthatthe buffer gain at theendof theith GOP
is maximizedwe referto this conditionasthe maximunbuffer gain criterion).

To find m}, we startwith m! = 1. Among all the framesthat have beenincludedfor
transmissiorirom the previous stagesandthe framesin the currentGOR we checkto see
whethemwe canfind asingleframeto discardsothatthe maximumplaybackconstraintcan
be satisfied.(Frameghatareeligible to discardasa singleframeincludeall the B frames
andthose“isolated” P or I frameswhosedependent3 and P frameshave alreadybeen
discardedn the previous stages.) If the maximum playbackconstraintcan be satisfied
by discardinga single frame, we chooseto discardthe oneamongall the eligible single
framesthatmeetsthe maximumbuffer gaincriterion. If the maximumplaybackconstraint
cannotbe satisfiedby discardinga single frame, we proceedo considerm; = 2. More
generally considerthecasem; = m, 1 < m < 14. Amongall the framesthathave been
includedfor transmissiorfrom the previous stagesandthe framesin the currentGOR we
checkto seewhetherwe canchooseexactly m frames(including the dependentramesof
ary choserframe)to discardsothatthe maximumplaybackconstraintcanbe satisfied.If
this cannotbe done,we proceedo considern! = m + 1. If this canbe done,we choose
thosem framesto discardsuchthatthe maximumbuffer gain criterion be met. Note that
this procedurestopswhenm; = 14, aswe canalwaysdiscardthe currentGOPto meetthe
maximumplaybackconstraint.Thuswe canalwaysfind 14 framesto discardsuchthatthe
maximumbuffer gaincriterionis met.

Basedon a similar agumentas usedin Theoreml, it can be shavn that the modified
MINFD algorithm describedabore producesa feasibletransmissiorschedulethat min-
imizes the total numberof framesdiscarded. The time compleity of the algorithmis
polynomialin NV, the numberof GOPsin an MPEG video stream.However, the exponent
of the polynomialis in the orderof the GOPsize.

The modified MINFD algorithmfor MPEG video minimizesthe total numberof frames
discarded. A variation of this MINFD algorithm can also be devised using a different
metric— onethat,first of all, minimizesthe total numberof I framesdiscardedthenthe
total numberof P framesdiscardedandthenthetotal numberof B framesdiscarded.In

otherwords,a P frameis discardednly if it cannotbeincludedby discardingany number
of B frames.Similarly, anI frameis discardednly if it cannotbeincludedby discarding
ary numberof B and P frames. Using this metric, we canensurethat eachGOP hasat
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1. PROCEDURE JITFD(N)

2 For i =1to N

3 Incrementhe buffer by a;

4. | f buffer occupang > f;

5 Decrementhebuffer by f; anddisplayframes
6 El se

7 Discardframes

8. END PRCCEDURE

Figurel10.6: The JITFD selectve framediscardalgorithm.

leastits / framepresered when&er possible therebyensuringcertainlevel of perceved
videoquality attheclient.

10.4 Heuristic Selectve Frame Discard Algorithms for JPEG

As mentionedearlierthe compleity of the optimal selectve frame discardalgorithmis
O(BNW). For large valuesof B and N, this canresultin very high compleity. In this
sectionwe designa setof efficient heuristicalgorithmsthat aim at minimizing the cost
associateavith the discardedrames. Most of theseheuristicsare designedbasedon the
MINFD algorithmandhencehave alow computationatompleity.

Recallthatthe MINFD algorithmfinds the minimum numberof framesthat mustbe dis-
cardedfor afeasibleschedule However it maytendto discardconsecutie framesif large
framesare clusteredogether Hencethe playbadk discontinuityat the client may be very
high. In orderto provide a measureof this playbadk discontinuity we definea costfunc-
tion, ¢(9), thattakestwo aspect®f playbackdiscontinuityinto considerationthe length
of a sequencef consecutivaliscaded framesandthe spacingor distancebetweenwo
adjacentbut non-consecutivediscadedframes

The costfunction ¢(S) assignsa costc; to a discardedrame: dependingon whetherit
belongsto a sequenceof consecutie discardedframesor not. If frame: belongsto a
sequencef consecutrediscardedramesthenthecostc; is definedto bel;, if framei isthe

It consecutiely discardedramein the sequenceOtherwise the costc; is definedbased

1
Vi

onits distanced; to the previous discardedrameandgivenby theformulac; = 1 +
Thereforefor asetS € N, thetotal costof S'is ¢(S) = X jenn s ¢;-

Obviously thereare mary otherwaysto definea costfunction. We believe that the two
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aspectof playbackdiscontinuityconsideredy ¢(.5), namelythe costdueto consecutie
discardandthat dueto spacingbetweendiscardedrames,areimportantmeasure®f the
perceved quality. Any other costfunction shouldreflectthesetwo aspectf playback
discontinuityin oneway or another More study? is neededn this areato comeup with a
morerealisticcostfunctionbasedn perceptuatiuality of videoplayback112]. In therest
of thissectionwe will describeasetof heuristicalgorithmsbasednthecostfunction(S)
definedabove andresultsof performancevaluationarethenpresentedOuralgorithmscan
be easilymodifiedto incorporatehe specificsof othercostfunctions.

10.4.1 Heuristic Algorithms

Theheuristicalgorithmsaim atfinding alow costfeasiblesetS by takingeitherthe costof
discardinga framedirectly into consideratioror indirectly. They differ in thecriteriaused
in selectinga frameto discard.All the heuristicsusethe greedyschedulgo determinethe
amountof datato betransmittedn eachtime slot.

As a simplebaselinealgorithm,we first introducethe just-in-timeselectve framediscard
heuristic,JITFD. JITFD is perhapghe simplestandmostintuitive selectve framediscard
approach. It always discardsthe current frame whenever its playbackdeadlinecannot
be met, irrespectve of its cost. The algorithmis shavn in Figure 10.6. At eachtime 1,
the buffer is increasedy a; = min(B — B;_1, C) (line 3), asperthe greedytransmission
schedulelf the buffer occupang is smallerthanthe sizeof the currentframesi, i.e. B; +
a; < f;, theframeis discardedasin lines 4-7. The computationalcompleity of this
algorithmis linearin V.

The distancebasedselectve frame discardalgorithm, DISTD()), usesa parameter\ to
indirectly controlthe costof discardedrames. The basicstructureof the algorithmis the
sameasthe MINFD algorithm. For arny given A > 1, DISTD()\) attemptsto spacethe
discardedrames)\ distanceapartby incorporatinga distancebasedpriority in selectinga
frameto discard. The procedureo selecta frameto discardis presentedn Figure10.7.
At eachtime ¢, if the playbackdeadlineof frame: is violated, the proceduras invoked.
The procedurefinds a frame, k&, with highestpriority p,, amongall framesselectedfor
transmissiorsincethe last buffer full pointi,. Herethe priority p, of a frameis defined

3Although a lot of attentionhasbeendevotedto developmentof accurateperceptuaimodelsfor video
encoding[107], unfortunatelymostof thesemodelsare not directly applicableto our study here. We need
arelative frame-basegberceptuamodelto designa meaningfulcostfunction asa basisfor selectve frame
discarding.
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1. PROCEDURE DISTD_Select(i,A )

2 Setk = i; pr, = min(dg, \)

3 For j = ip+1toi-1

4 Do notconsidetj if j ¢ S

5. pj =min(d;, \)

6 | f Pj > Pk

7 Setk=j

8 El se If p; = prandA} > A}
9. Setk =

10. END PROCEDURE

Figurel10.7: Procedurdo selecttheframeto discardfor DISTD.

basedon its distanced;, from the previously discardedrame: p, = min{\, d;} (line 2).
Henceall frameswith a distanceat least)\ aretreatedwith the samepriority. Framesare
consideredor discardingin the orderof decreasingpriority. Frameswith highestpriority,
namely p; = A, areconsideredirst. If sucha frame cannotbe found, all frameswith
distance) -1 areconsideredandsoforth. Among the frameswith the samepriority, the
framewith thelargestgain A} is choser(line 8). Finally, theselectedramet is choserfor
discardingonly if its gain A} is biggerthanthe sizeof the currentframe, f; (this criterion
is notshavn in Figure10.7). Otherwise the currentframes is discarded.

Theminimumcostbasedselectve framediscardalgorithm,MINCD, takesthe costof dis-
cardingaframedirectlyinto considerationTheprocedurdor selectingheframeto discard
is givenin Figure10.8. At time i, if the playbackdeadlineof frame: is violated,a frame
k with lowestincurredcostc;, is chosenfor discarding.Let S;_; be the feasiblesetcon-
structedattime i — 1. Theincurredcostc; is definedto bethe costincurredif framek is
discardechttime 4, i.e.,ci. = ¢(S;_1) — ¢((S;_1 U {i}) \ {k}). As shawn in lines3-6,a
framewith thesmallestincurredcostis choserfor discarding If two frameshave thesame
incurredcost,theonethatyieldslargergain A;'. is chosen(lines7-8).

The last heuristicwe consideris the minimumcostmaximumgain basedselectve frame
discardheuristic MCMGD. In selectinga frameto discard,it takesboththegain A;i from
discardinga frameandthe costc’ incurredthereofinto consideration.The procedurefor
selectingheframeto discardis shavn in Figure10.9.1t discardsaframek with thelargest
gainto theincurredcostratio,i.e., A;i/c§. (lines5-6). By discardingrameswith thelargest
gainto costratio, the MCMGD heuristicusesin effect the steepesgradientsearchfor an
optimalsolution.
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1. PROCEDURE MINCD _Select(i)

2. Setk =1

3. For j = ip+1toi-1

4. Do notconsidetrj if j & S;

5. If ¢ <c

6. Setk =3

7. El se If ¢ =cj andA} > A}
8. Setk =7

9. END PROCEDURE

Figure10.8: Procedureo selectthe frameto discardfor MINCD.

PROCEDURE MCMGD _Select(i)
Setk =1
For j = ig+1toi-1
Do notconsiderj if j & S;
Lf A% s > AL/ e
Setk =7
END PROCEDURE

Noas~wdhE

Figure10.9: Procedureo selecttheframeto discardfor MCMGD.

The computationatompleity of the DISTD, MINCD andMCMGD heuristicsis O(N?).
Thisis muchsmallerthanthe computationatompleity of the optimalalgorithmOPTFD.

10.4.2 PerformanceEvaluation

In this sectionwe evaluatethe performanceof the heuristicselectve framediscardalgo-

rithms using JPEGvideo traces. For given bandwidthand client buffer size constraints,
the numberof framesdiscardedandthe costincurredby thesealgorithmsare compared.
The costis computedusingthe heuristiccostfunction definedearlier Theimpactof each
constraintonthe performancef thesealgorithmsis alsostudiedby varyingoneconstraint

Title Length| No.of | Ave.Rate| PeakRate PeakRate
(min) | Frames| (Mbps) | (Unsmoothed) (Smoothed)
Sleeplessn Seattle| 101 | 181457 2.28 3.99 3.30
Beauty anBeast 80 143442 3.04 7.29 6.54
JurassidPark 122 | 220061 2.73 5.73 478

Table10.2: Characteristicef JPEGvideotraces
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Selectve Frame| Sleeplesén Seattle | Beauty andhe Beast JurassidPark
DiscardAlgo | Discards Cost Discards Cost Discards Cost
JITFD 10538 | 15720.21| 8778 13355.89 | 13457 | 20269.55
DISTD(2) 10272 | 15696.25| 8602 13370.69| 13141 | 20262.52
DISTD(5) 10414 | 15372.89| 8692 13196.46| 13294 | 19909.13

MINCD 10473 | 15332.03| 8742 13170.24| 13384 | 19845.25
MCMGD 10455 | 15246.31| 8712 | 13130.756| 13342 | 19746.68
MINFD 9907 | 128797.77) 8183 | 106951.31f 12516 | 148921.86

Table10.3: Comparisorof variousselectve framediscardalgorithmsfor JPEG.

while keepingthe other constraintfixed. We presentthe resultsfor threerepresentate

traces,Sleeplessn Seattle Beautyandthe Beastand JurassicPark. Table10.2lists the

characteristicof thesetraces[22], whereamongotherthings,the averagerate, the peak
rateof thevideotracesareshowvn. Also includedis the peakrateof the optimalsmoothed
scheduld97] usingaclient buffer sizeof 1 MB andzerostartupdelay

Table 10.3compareghe performanceof variousselectve framediscardalgorithms. The
rateconstraintC' in eachcaseis setto the averagerateof the videotrace,while the client
buffer size B is setto 1 MB. As shavn in Table10.2,thepeakrateof the optimalsmoothed
schedules considerabhhigherthanthechoserrateconstraintHencecontinuougplayback
is not possible,forcing the sener to discardframes. Considerthe performanceof the
heuristicalgorithmswhenappliedto the video traceSleeplesin Seattle JITFD discards
10538frameswith a costof 15720.21.DISTD(2) drops10272frames,while DISTD(5)
drops 10414 frames,larger thanthat of DISTD(2). However, the costof DISTD(5) is
15372.894 lower than that of DISTD(2), which is 15696.250. This is due to the fact
thediscardedramesin DISTD(5) aremoredistributed tharthoseof DISTD(2), incurring
a lower costdespitea larger numberof discardedirames. For the sametrace, MINCD
discardsL0473frameswith acostof 15332.03andMCMGD incursa costof 15246.31by
discardingl0455frames.All theheuristicdiscardschemeshattake costinto consideration
incur lesscostthanJITFD does.Amongthem,MCMGD performsbest,asexpected.We
alsoranthe optimal algorithnf, OPTFD, on this trace. It discardedl0455frameswith a
costof 15245.8.We seethatthe resultsproducedoy MCMGD arenearoptimal. It is also
worth pointing outthat MINFD indeedgivesthe lowestnumberof discards However, the

“4In orderto speedup theexecutionof OPTFDandreducethe memoryspaceabranchandboundstrateyy
is usedto controlthe numberof statesy pruningstateswvhich areunlikely to leadto anoptimal cost.Hence
theresultsproducedmay not be completelyaccurateput we believe they give agoodapproximatiorto the
true optimalvalues.

111



12000 T T T 17500

11500, 17000535,

11000} - \\ 16500 F ¥y, N
16000
10500 -

15500

discards

10000
15000 -

9500 -

14500 -

9000 14000

8500 I 13500 |

8000 L L L 13000
0.5 1 15 2 2t 0.5

(a) buffer sizevs. numof discardedrames (b) buffer sizevs. cost

Figure10.10:Performanceindervaryingbuffer sizeswith C fixedat2.28 Mbpsfor Sleep-
lessin Seattle

incurredcostis quite high asit tendsto discardconsecutie largeframes.Clearly, thereis a
trade-of betweerreducingthetotal numberof discardedramesanddistributing discarded
framesin avideostream.

We now study the impact of varying buffer size while fixing the rate constrainton the
performanceof the selectve frame discardalgorithms. Figure 10.10showvs the number
of discardedramesaswell asthe incurredcostasa function of buffer sizefor the trace
Sleeples Seattle ThebandwidthC' is fixedat2.28 Mbps,andtheclientbuffer size B is

increased fron®.5MB to 2.5MB. It canbeseernthatall the otherfour heuristicalgorithms
performbetterthanJITFD. Thedifferencein performancemongthe heuristicswidensas
thebuffer sizeincreasesThis phenomenokanbeexplainedasfollows. Recallthatframes
which come before a buffer full point are not consideredor discardingfor a deadline
violation afterthebuffer full point. Hencewith increaseduffer size,thenumberof frames
from which a frame can be selectedfor discardingincreases.It thereforeenhanceshe
effectivenessf the selectioncriteriausedin the heuristicssuchasMINCD andMCMGD.

Amongall theheuristicsjt is quite evidentthatMCMGD performsbestatall buffer sizes.

Figure 10.11shaws the impactof bandwidthvariationfor the trace Sleeplessn Seattle
The bandwidthis variedfrom 2.96 Mbps to 3.12 Mbps with the client buffer size fixed
at 1 MB. As the bandwidthincreasesthe differencein performanceetweenthe JITFD
andthe otherfour heuristicalgorithmsnarravs slightly. Thisis becauset a higherband-
width, the playbackdeadlineof fewer framesareviolated. As a result,discardedrames
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Figure10.11: Performanceindervarying bandwidthwith B fixedat 1MB for Sleeplesin
Seattle

aremorelikely to be distributedandthe advantageof moresophisticatedheuristicsis less
pronounced.The MCMGD algorithmstill hasthe bestperformanceacrosshe bandwidth
range,

We have run the heuristicalgorithmson other JPEGtraces. The resultsobtainedarevery
similar. We concludethat the proposedheuristicalgorithmswork well in improving the
perceved quality asmeasuredy the proposeccostfunction. Amongthem,the MCMGD
heuristichasthe bestperformance.

10.5 Heuristic Selectve Frame Discard Algorithms for MPEG

In this section,we extend the heuristic algorithmsdevelopedfor JPEGencodedvideo
to handleinter-frame dependencietor MPEG encodedvideo. The evaluationbasedon
MPEG videotracess thenpresented.

Thefollowing modificationsare madeto the selectve framediscardheuristicsin orderto
take the MPEG inter-frame dependenciemto account. If the currentframeis a P or B
frame, it is discardedf its previous referenceframeis not includedin the transmission
schedule.ln addition,a B frameis alsodiscardedf its future referenceérame cannotbe
transmittedbeforethe playbackdeadlineof the currentB frame.

Theabove modificationsaretheonly changesieededor thejust-in-time(JITFD) heuristic.
For the minimumcost (MINCD) and min-cost-max-gaifMCMGD) heuristics,an addi-
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Title Length I P B Total | Avg. Rate| PeakRate
(min) | Frames| Frames| Frames| Frames| (Mbps) (Mbps)
Starvars| 121 | 14505 | 43514 | 116036| 174055, 0.374 4.446

Table10.4: Characteristicef Starwais MPEGvideotrace.

Selectve Frame Discarded~rames Cost
DiscardAlgo I P B Total
JITFD 210| 827 | 5924 | 6961 | 31761.86
MINCD 1 | 18 | 11948| 11967 | 20597.93
MCMGD 1 18 | 9860 | 9879 | 17364.47

Table10.5: Comparisorof thevariousselectve framediscardalgorithmsfor MPEG.

tional modificationis incorporatedo attacharelatve importanceo /7, P and B frames.In
decidingaframeto discardframesareconsideredn thefollowing orderof relative impor-
tance: B, P;, P, Py, I. In otherwords,eligible framesof typesB arealwaysconsidered
first. If noeligible framesof type B areleft, eligible framesof type P; areconsideredand
soforth. As describedn Section10.4,MINCD discardsa framewith lowestincremental
cost,while MCMGD chooses framewith largestratio of gainandincrementatost. Sim-
ilar extensionanalsobeincorporatedn thedistance-baseISTD) heuristic,wherethe
distancebetweerframesis now definedfor eachtype of frames.For clarity of exposition,
we do notincludethe DISTD heuristicin thefollowing performancesvaluation.

The performanceof the JITFD, MINCD and MCMGD heuristicsis evaluatedand com-
paredin Table 10.5 usingthe Star Wars MPEG video trace. The statisticsof the MPEG
traceis listedin Table10.4. TherateconstraintC' is setto 0.4 Mbps andthe client buffer
sizeB isfixedat0.5MB. FromTable10.5,we seethatJITFD performssignificantlyworse
thanMINCD andMCMGD, unlikethecaseof JPEG Thisis dueto thefactthatJITFDdoes
not take into accountthe frame dependencieandthe relatve importanceof frametypes.
Henceit is proneto discarda large numberof | frames,incurringa muchhighercost,as
comparedo that of MINCD and MCMGD. WhereasMINCD and MCMGD attemptto
minimizethe chanceof discardingl and P framesby consideringrametypesin theorder
of their relatve importance. MCMGD discardsfewer B framesthan MINCD, while the
samenumberof [ and P framesarediscardedy bothheuristics. MCMG performsbetter
thanMINCD, becausdt takesbothcostandgaininto consideration.

The impactof varying client buffer size and network bandwidthon the performanceof
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Figure10.12: Performanceinder(a) varying buffer sizes(b) varying bandwidthfor Star
wars

theseheuristicds shavnin Figure10.12(a) and(b) respectrely. In bothcasesastheclient
buffer size or network bandwidthincreasesthe costfor eachheuristicdecreasesThis is
becausavith larger buffer or highernetwork bandwidth,the likelihoodof discardingl or
P framesis reducedtherebyreducingthe overall cost. We have obsened similar results
for otherMPEGtraces.

10.6 Summary

In this chapter we have developedvariousselectve frame discardalgorithmsfor stored
video delivery acrossa network whereboth the network bandwidthandthe client buffer
capacityarelimited. We beganby formulatingthe problemof optimal selectve framedis-
cardusingthe notion of a costfunction. The costfunction captureshe perceved video
guality atthe client. Givennetwork bandwidthandclient buffer constraintsyve developed
an O(N log N) algorithmto find the minimum numberof framesthat mustbe discarded
in orderto meettheseconstraints.The correctnessf thealgorithmis alsoformally estab-
lished. We presented dynamicprogrammingalgorithmfor solvingthe optimal selectve
frame discardproblem. Sincethe computationacomplexity of the optimal algorithmis
prohibitively high in generalwe alsodevelopedseveral efficient heuristicalgorithmsfor
selectve frame discard. Thesealgorithmsare evaluatedusing JPEGand MPEG video
traces.We found that the minimumcostmaximumgain algorithm performsbestfor both
JPEGandMPEGencodedrideo. Thebasic ideapresentetherecanbeextendedo layered
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videoalso.In thenext chapteywe developlayerselectiorschemeshatin effectselectvely
discardframesof layersin anattemptto provide smoothequality video stream.
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Chapter 11
Layer SelectionAlgorithms

Theselectve framediscardalgorithmspresentedn the previous chapteressentiallyadjust
the framerate of a video by selectvely playing framesandthus effectively reducingthe

bandwidthrequiredfor its playback.But this providesonly a coarsercontrolon perceved

guality. Furthermorethesealgorithmsarenotawareof thecontentof videoplayedandthus

donottakeinto accounthevisualimportanceof eachframe.Layeredencodings proposed
to provide finer controlon videoquality. Layeredencodingseparatethe videosignalinto

component®of differing visual importance:the baselayer containscoarserdetailswhile

upperlayerscontainincreasinglyfiner detailsof the video. A prefix of theselayersis

chosensuchthatthe resourceconstraintsare met[59]. However it is not a trivial taskto

selectlayerssuchthatbetterbut consistenguality playbackis ensuredvhenthe network

conditionsareconstantlyarying.

In this work, we addresghe layer selectionproblemin storedlayeredvideo delivery and
shav how smoothet quality video playbackcanbe provided by utilizing the client buffer
for prefetching. We first definesmoothnessriteria, designmetricsfor measuringt, and
thendevelop off-line algorithmsto maximizesmoothnes$or the casewherethe network
bandwidthis varying but known a priori. We thendescribeanadaptve algorithmfor pro-
viding smoothedayeredvideo delivery thatdoesnt assumeary knowledgeaboutfuture
bandwidthavailability. The resultsof our experimentsfor measuringand comparingthe
performancaheseschemesrethenpresentedWe concludethe chapterwith a brief dis-
cussionon our futurework.

IHeresmoothingefersto the percevedvideoquality, not bandwidth.
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11.1 Smoothnes<Criteria and Quality Metrics

Oneof theproblemdn assessinthe performancef avideodelivery schemas thelack of

agoodmetricthatcapturesheusers perceptiorof videoquality. In generalthehigherthe

amountf detailin theplayedvideo,thebetteris its quality. However, it is generallyagreed
thatit is visually morepleasingto watchavideowith consistentalbeitlower, quality than
onewith highly varying quality. Thus,a good metric shouldcaptureboth the amountof

detail perframeaswell asits uniformity acrosdrames.

Considerthe examplesequencesf layersin avideostreamshavn in Figure11.1. Thetop

two streamxonsumehesameamountof network resourcesasthe bottontwo streamslo.

However, the sequencesn theright are“smoother’thanthe oneson theleft. In thefirst

casethedeggradationin quality is moregradualin the “smoother’sequenceln the second
casethe“smoother’sequencéasfewer changesn quality. Thesesmoothnessriteriacan
be capturedin a metric by giving higherweight to lower layersandto longer rung of

continuoudramesin alayer.

We proposea family of metricsthat attemptto measurghe smoothnes the perceved
quality of a layeredvideo. They representhe smoothness)/, of a video streamby a
vector of the form M = (mq,ms,...,my), where L is the total numberof layersand
m; IS the measureassociatedvith layeri. Usingthesemetrics,two video streamscanbe
comparedby usinglexicographicorderingof the correspondingrectors. A streamwith
smoothnessneasurel/' is consideredetterthana streamwith M2 if 3i,m; = m3,j <
i andm; > m?. In otherwords, the streamwith a higher measureat a lower layer is
consideredmoother

2Hereafterrun refersto a sequencef consecutie framesshovn in alayer
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Eachmetricin the family computests m; differently We considerthreesuchmetricsin
ourwork: avgrun minrun exprun Theavgrunmetricmeasurethemeanlengthof arunin
layeri andminrunits minimumrun. The exprun metric measureshe expectedrun length
in layeri. In otherwords, the exprun metric givesthe run lengthin layeri that canbe
expectedo be seenaroundanarbitraryframein thelayer

Thesemetricscanbe computedasfollows:

_ nitno+..4ng
avgrun = —-— -
minrun = min{ny, na, ..., Nk}
exrprun = nitngte g
N
wherek is the total numberof runsin alayerandnq, no, ..., n; arethelengthsof these

runs. Thesevaluesarethennormalizedby the lengthof the video sequencandpresented
asavaluebetweerD andl.

Thefollowing tablelists the smoothnessf eachsequencén Figurell.1,asmeasuredy
eachof theabove metrics.It is assumedhatthelengthof thevideois 12 frames.

top left topright

avgrun | (1.00,1.00,0.50,0.50) | (1.00,1.00,0.67,0.33)
minrun | (1.00, 1.00,0.50,0.50) | (1.00,1.00,0.67,0.33)
exprun | (1.00,1.00,0.25,0.25) | (1.00,1.00,0.44,0.11)

bottomleft bottomright
avgrun (1.00,1.00,0.15) (1.00,1.00,0.30)
minrun (1.00, 1.00,0.08) (1.00, 1.00,0.25)
exprun (1.00,1.00,0.10) (1.00,1.00,0.17)

Considerfor examplethe bottomleft sequencen Figure11.1. The total numberof runs
is 1,1, 4 respectiely for the layers1, 2, 3. For layers1 and2 the averagerun lengthand
minimumrun lengthis sameasthe lengthof thevideo. Hencetheir normalizedmeasures
areeach1.0. Thelayer3 has4 runsof length1,1,2, 3 respectrely. Thusthe average
run lengthis 1.75 andthe correspondingavgrun measures % = 0.145. Similarly the
minimumrunlengthis 1 andtheminrunmeasures % = 0.083. Theexpectedunlengthof
layer3 is U248 — 1 o5 andhencethe correspondingxprunmeasures %25 = 0.104.
As canbeseentherelative smoothnessf thesequencem Figurell.lis reflectedoy each
of themetricsin theabove table.
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Themetricsavgrunandminrunareeasyto understan@éndeachmeasuradifferentstatistic
on therunspresent.But they fail to take into accountthe absencef runs. For example,
givenasequencef runsof alayer, by droppingall the runsexceptthelongestrun we can
generata new sequencevith largeravgrunandminrunvalues.Sucha new sequencenay
not necessarilybe perceptuallybetterthanthe original sequenceln orderto addresghis
we alsoneedto considertheabsencef aframesin arun. Theexprunmetric captureghis
notionby takingboththesumof all runsandthelengthof eachindividual runinto account.

We now proceedto formulatethe layer selectionproblemin video delivery and develop
algorithmsthat choosdayerssuchthatthe smoothnessf the resultingsequencés maxi-
mizedasmeasuredy thesemetrics.

11.2 Problem Formulation

The objectie of a layer selectionschemeis to optimize the perceved video quality, as
measuredy metricsdescribecdearlier giventhe resourceconstraints.In formulatingthis
problem,we considera discrete-timemodelat the framelevel. Eachtime slot represents
the unit of time for playing backa video frame. For simplicity of exposition,we assume
startupdelayof oneslot, i.e.,thesener startsvideotransmissioronetime slotaheadf the
time the client startsplayback.In otherwords,sener startstransmissiorattime 0 andthe
clientstartsdisplayingtheframe1 attime 1. We alsoignorethe network delay Table11.1
summarizeshe notationwe introducein this section.

Considera video streamwith NV framesand L layers. The sizeof j* layer of i** frame
is denotedby f/. LetC7 = (C4,CY,...,C%) andB/ = (B}, Bi,..., BY), where(’
denotenetwork bandwidthand B/ client buffer capacityduringtime sloti atalayer ;. Let
S =(51,9,...,5y),0 < S; < L bealayersequence.

Let D(S) = (Do(S), D1(S), ..., Dn(S)) whereD;(S) = 4o X5, f1, andlet U(S) =
(Uo(S), U1(S), ..., Un(S)) whereU;(S) = D;(S) + B!. Wereferto D(S) asthe (client)
buffer underflowcurve with respectto S, andU(S) asthe (client) buffer overflow curve
with respectto S. A sener transmissionscheduleA(S) associatedvith S is a sched-
ule which only transmitslayersof framesincludedin S, namely layer j of framei is
transmittedunder A(S) if andonly if ;7 < S;. Let a;(S) be the amountof video data
transmittedduringtime sloti, i = 1,..., N3, ThescheduleA(S) is denotedoy A(S) =

3When optimizing avgrun and minrun metrics,to accountfor the absenceof runs, we needto add an
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Table11.1: Notation

N . lengthof videoin frames

L . numberof layersof video

! . sizeof j layerof it" frame

Bf . buffer occupang by layer; atslot1

Bf . buffer constraintduringsloti layer

Cf : bandwidthconstrainduringsloti layer j

S : alayersequence

S . anoptimalfeasiblelayersequence

A(S) : atransmissiorschedulev.r.t. sequenc&

A;(S) : cumulatve data senby senerover 1, i

a;(S) : amountof data senby senerin slot:

D(S) : underflav curvew.r.t sequenc&

D;(S) : cumulatie dataconsumed byheclientover |1, ]

U(S) : overflon cunew.rtsequenc&

Ui(S) : maximumcumulatve datathatcanbereceved
by theclientover [1, i]

(A0(9), A1(S),..., An(S)) whereAy(S) = 0 and A;(S) = Xk _, ax(9).

A senertransmissiorscheduleA(.S) is saidto be feasiblewith respecto S if andonly if
fori =0,1,..., N, 1) rateconstaintis notviolated i.e.,a;(S) < C}; 2) buffer constaint
is not violated i.e., 4;(S) < U;(S); and3) playbadk constaints are not violated i.e,
D;(S) < A;(S). Foragivenrateandbuffer constraintg (', B), we denotethe collectionof
all feasiblelayersequenceby fﬁS(é, B).

Now the optimallayerselectionproblemcanbe statedasfollows: find a feasiblesequence

S thatmaximizesthe associateanetricquality(S), formally

Findasequencé sudthatS € FLS(C, B) andquality(S) = max{quality(S) :
S e FLS(C,B)}.

11.3 Optimal Layer Selection

In this section,we discussthe potentialapproaches$o designingoptimal layer selection
algorithmsfor maximizingeachof the metricsdefinedearlier We first make somesimpli-
fying assumptiongboutthe problemsetting. We thendescribea genericlayer selection

additional constraintthat a transmissionschedulehasto be work-conservingii.e., a;(S) = min(B} —

1 K3
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1. PROCEDURE OPTLAYERS(, B)

2 Initialization: ¢ = C, B! = B

3. For j =1tolL

4 (CI+L Bitl §i) = maxanyrugC/, BY)
5. END PROCEDURE

Figurell.2: Thegenericoptimallayerselectionprocedure

procedurenhich usesa metric-specifipprocedurdor selectingframeswithin alayer The
frameselectiorprocedures$or thesemetricshamely MAXAVGRUN, MAXMINR UN, and
MAXEXPRUN arethenpresented.

We assumehat eachlayer in the video is of CBR, i.e., all framesin a layer are of the
samesize. This enablesus to maximizethe given metric for eachlayer in isolation. For
simplicity of exposition,we furtherassumehatall layersof equalbit rate. Now, without
lossof generalityall theunitscanbescaledsuchthatsizeof eachframein alayeris 1, i.e.,
f{ = 1 andbuffer andbandwidthvaluesareall integers.

The genericoptimal layer selectionprocedureshavn in Figure11.2 canbe describedas
follows. Considereachlayer; from lowerto higherstartingwith layer1. Selectanoptimal
subset,S7, asmeasuredy the metric, of all framesat thatlayer j treatingit asthe only
layer of the video. A metric-specifiqprocedurds usedin placeof maxanyruno perform
the selectionof framesin alayer This optimal selectionhasto satisfythe resourcecon-
straintsgiven by the residualbandwidth,C7 andresidualbuffer, B/ thatis availableafter
consideringall thelayersupto j — 1. Sinceit is alwayspreferableaccordingto our met-
rics, to selectowerlayerframesandalsobecausall framesareof equalsize,with optimal
selectionof framesat eachlayer, theresultinglayer sequencevould alsobe optimal.

TheFigurell.3shavs anexampleunsmoothedequencandthecorrespondingmoothed
sequencethatwouldresultafterapplyingtheMAXAVGRUN, MAXMINR UN, andMAX-
EXPRUN algorithms. The maximumavailable buffer is assumedo be 3. While the un-
smoothedequencéass runs,all thesmoothedequencebkave only 2 runsandthuslonger
runs. However, the run lengthsare differentin eachcaseso asto optimizethe respectre
metrics.In thefollowing subsectionsve explain thesealgorithmsin detail.

“Notethatthe algorithmsdescribecheredo not hingeon this assumption
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layers
layers

frames frames
(a) unsmoothed (b) maximizingaverage run
. . I
[ [
5 3
1 1 1 1 1 1 1 1
frames frames
(c) maximizingminimumrun (d) maximizingexpectedun

Figure1l1.3: Optimallayersequencegqa) buffer=0; (b)(c)(d) buffer=3

11.3.1 Maximizing the averagerun length

Theaveragerunlengthin asequenceanbe maximizedby minimizing thenumberof runs
while keepingthe sumof all the runsashigh aspossible.We proposeMAXAVGRUN al-
gorithmthatachieresthis by delayingthe startof arun aslateaspossibleandstretchingts
endasfaraspossible Intuitively, anew runis notinitiatedunlesshebuffer is accumulated
adequatehandit is notterminateduntil the buffer is drainedcompletely

The Figure 11.4 shaws the detailsof this algorithmoperatingat a layer j. It consistsof

two scansacrosghe lengthof the video: onein forward direction(lines2-11) and onen

backwarddirection(lines 13-23). Theforwardscancanbeviewedasa stepthatidentifies
theendof eachrunandthe minimalnumberof runs. Thebackwardscanessentiallyextends
eachruntowardsthefront of it while atthe sametime maximizingtheresidualbuffer made
availableto higherlayers.

The algorithmduring a forward scanswitchesbetweenselectphasein which framesare
selectedline 6) anddiscad phasein which framesarediscardedline 8). It startswith

empty huffer andin discardphasgline 2). In eachslot, thebuffer occupany, B/ is updated
(line 4) suchthatbandwidthconstraintis not violated. It entersselectphasef the buffer

is full evenafterconsumingaframe(line 5) andswitchesto discardphaseif the buffer is

empty even beforeconsuminga frame (line 7). If the buffer occupang stayswithin the
boundsthe samephaseis continued(lines9-10). The currentframeis eitherselectedor

discardedasedon the currentphasgline 11).
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At theendof aforwardscanit is possibleghataccumulatedbuffer is notcompletelydrained.
Furthermore before eachrun the buffer may be filled up too early and hencerendered
unusableby higherlayers. The backward scan addressdseseconcerndoy accumulating
thebuffer aslateaspossibleandonly whenneededlt keepdrackof thebuffer requirement
ataframei, B/, for the selectedramesbeyond i in future. Sinceno huffer is required
beyond frame NV, it is initialized to 0 (line 13). The currentframeis selectedvheneer

the currentbuffer occupang is morethanthe future buffer requiremen(lines 15-16). The

residualbuffer availablefor layer ; + 1 is setby subtractingthe buffer requiredfor layer

j from the thetotal amountavailableto it (line 17). If enoughbandwidthis available at

slot: to satisfythe future buffer requirement®f layer j, thensomeresidualbandwidthis

madeavailableto layer; + 1 andthe buffer requiremenbeyondslot: — 1 is alsoadjusted
accordingly(lines 18-23). Thus byfilling the buffer closerto whereit is consumedlarger

residualbuffer is madeavailableto higherlayersandlongerrunsaremadepossibleateach
layer.

Figure 11.5 shavs the MAXAVGRUN algorithmin operationat layer 3 on the example
unsmoothedequencen Figure 11.3(a)while generatinghe smoothedsequencen Fig-
ure 11.3(b). The top curve representghe rate constraintcorrespondingo the residual
bandwidthavailableat layer 3 asgivenby unsmoothedequenceThe bottomcurwve gives
the buffer constraintwhichis essentiallythe rateconstraintshifteddown by the buffer size
whichis 3 in thisexample.lt is assumedhatdatatransmittedn aslotis addedo thebuffer
only at the endof the slot. The middle curwe is the consumptiorcurve correspondingo
theframesselectedy the MAXAVGRUN procedureThecrosseerof consumptiorcurve
andthe buffer constraintcurve implies a buffer overflowv while that of consumptiorand
rateconstraintcurvesmeansa buffer underflav.

The MAXAVGRUN algorithm,asdescribecearlier startsin discardphaseandcontinues
droppingframestill the 5** framewhereuponit entersselectphase.Otherwise,.e, if we
haddroppedframe5 also, it would have causeda buffer overflov. Oncein selectphase
it continuesselectingframesup to 9 at which pointit is forcedto switchto discardphase
lest buffer would underflav. It thenselectsanotherrun of frames12-14, even beforethe
overflow point, duringthe backwardscan.

We now illustratethe operationof the MAXAVGRUN algorithmusingan example. Con-
sideralayeredvideoclip of length20 frameswith 3 layers. Let usassumehatclient can
buffer up to 2 unitsof thevideo. Supposehatthe curve givenin Figure11.6(b)represents
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1. PROCEDURE MAXAVGRUN(CY, B7)

2. |Initialization: B} = 0,0 =0

3. For i =1to N

4, Updatebuffer: B/ = B/ +C/ —©

5. | f B! > B/,i.e.,buffer overflon?

6. Seleciphase® = 1;B/ = B!

7. El se |f B/ <0,i.e.,buffer underflav?
8. Discardphase® = 0; B/ = 0

9. El se

10. Continuesamephase

11. Noteframestatus:5! = ©

12.

13. Initialization: B}, =0

14. For i = Ntol

15. | f B! > B/,i.e.,bufferedenough?

16. Selectrame: §7 = 1

17. Residuabuffer limit: B/*! = B/ — B’

18. If ¢/ > B/ + &/, i.e.,bandwidthenough?
19. Residuabandwidth:C/*! = &7 — B/ — §7
20. Buffer not neededor future: B/ | =0
21. El se

22. Adjustfuturebuffer: B! | = B! — &7 + 57
23, No residuabandwidth:C7*! = 0

24. END PROCEDURE

Figurell.4: Thealgorithmfor maximizingaveragerunlength

buffer empty
maxavg sequence \

]
5|
7} i 1
[ rate constrain \
5 K ot
a & buffer |

select phase R -

| !
:\ time
=1
frame drops:

buffer full
7= "" discard phase

Figurell.5: lllustrationof MAXAVGRUN sequence
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(b) availablebandwidthfor layer2

(c) buffer occupany afterforwardscanatlayer2

(d) buffer occupang afterbackward scanatlayer?2

(e) selectedramesupto layer2

Figure11.6: lllustrationof the operationof MAXAVGRUN atlayer2
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theavailablebandwidthin eachframeslot. The bandwidthusedto transmitlayer1 andthe
residualbandwidthafter processindayer 1 aremarked differentlyin thefigure. Sincethe
availablebandwidthin eachslotis greaterthan1, thelayer1 canbedeliveredcompletely
without usingary buffer for prefetching.

Figure11.6(c)shaws the buffer occupanyg in eachframeslot ascomputedduringthe for-
ward scanat layer2. In slot 1, it usesthe 2 units of bandwidthavailablefor building the
buffer for layer2. In slot 2, sincethe buffer is full andbandwidthis available,it initiates
arun andstartsselectingframes.Therunis terminatedat slot 18 beyondwhich it cannot
be continueddueto lack of bandwidthandbuffer sizelimitation. In this scan thebuffer is
filled whenerer additionalbandwidthavailableandkeptasfull aspossible.

Therearetwo improvementgossibleto the sequencgeneratedby forwardscan.First, the
length of eachrun may be extendedat the front sincein forward scanbuffer might have
beenbuilt up earlierthannecessaryin thisexample,therun of layer2 canbestartedat slot
1 itself insteadif atslot2. SecondJargerresidualbuffer canbe madeavailableto higher
layersby buffering framesof a layer only whenneeded.The layer 2 requires2 units of
buffer only atthe endof slot 16 which canbe built upin thatslotinsteadof building it too
earlyby slot 10. Thiswould increasdaheresidualbuffer for layer3. Thisis preciselywhat
is doneduring a backward scan. The buffer occupang andthe selectedayer sequence
afterthe backward scanon layer 3 areshavn in Figures 11.6(d)and11.6(e)respectiely.
The bandwidthutilized by layer 2 and the residualbandwidthfor layer 3 are shavn in
Figurell1.7(b).

Figuresll1.7(c)and11.7(d)give the buffer occupang atthe endof forwardscanandback-
ward scanrespectrely on layer 3. Onceagainthe run of layer 3 is extendedat the front
during the backward scan. It canalsobe seenthat by makinglarger amountof residual
buffer availableto layer 3, its runis continuedfor longerperiod. Otherwise without the
backward scanon layer 2, layer 3 would have two shorterrunsof length1 and3 instead
of a singlerun of length7. The final resultinglayer sequenceiven by MAXAVGRUN

algorithmis shavn in Figure11.7(b).

It is quite obviousfrom the descriptionandillustrationthatthis algorithmensureshatnei-
ther buffer nor bandwidthconstraintis violatedat eachslot. Henceit selectsonly feasible
subsebf frames.Furthermoresinceduringtheforwardscanarunis startedonly afterthe
buffer is full andit is endedonly whenthebuffer is empty thelengthof is eachrun (except
the very lastrun) is guaranteedo be at leastbuffer size. The backward scanattemptsto
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Available Bandwidth 7l Layer3
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(c) buffer occupanyg afterforwardscanatlayer3

[HH i
jpupnpnpsniinlnl &
[HHHHHHH! G
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

(d) buffer occupany afterbackwardscanatlayer3

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

(e) selectedramesupto layer3

Figure11.7:lllustrationof the operationof MAXAVGRUN atlayer3
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furtherextendthelengthof eachrun. It canbeeasilyshaovn thatMAXAVGRUN algorithm
minimizesthe numberof runsandhencemaximizesthe averagerun length.

11.3.2 Maximizing the minimum run length

Thealgorithmdescribedabove yieldstheminimumnumberof runswith thelengthof each
run being at leastthe size of buffer. However therecould be somevariationin relative

lengthsof theseruns. Oneway to maximizethe minimum run lengthwould be to reduce
the varianceamongthe runs. In otherwords,we canpull up the minimum run lengthin

the overall sequencdy growing the shorterrunswhile shrinkingtheir longerneighboring
runs.

GivenaMAXAVGRUN sequencdt is not possibléo grow arunattheendsincethebuffer
is emptyat thatpoint. However arun canbe madelongerby selectinga chunkof frames
just beforethe run anddiscardingan equalnumberof framesfrom the endof a previous
run. Theextentof growth is limited obviously by the maximumbuffer andalsothe buffer
accumulatiorpatternright beforetherun. It shouldbe notedthatthougha sequencevith
higherthanthe minimum numberof runsmay alsohave the largestminimumrun length,
it is possibleto find a sequencehat hasthe sameminimum run length but with lesser
numberof runs. Sostartingwith a MAXAVGRUN sequenceve canfind aMAXMINR UN
sequencéy readjustinghelengthsof eachrun withoutincreasinghe numberof runs.

TheMAXMINR UN algorithmfirstappliesheMAXAVGRUN algorithmontheunsmoothed
sequenceo generatea sequencehat hasthe minimum numberof runs. It thenconsiders
eachpair of consecutie runsin orderandtriesto bring their lengthsascloseaspossible.
Letssaytheir lengthsaren, andn;,,. Also, let ., is thelimit on the lengthby which
run k + 1 canbe growvn. If n, < ng.1, continuewith the next pair. Otherwiseselect
min((ng —ng1 + 1) /2, 2;11) numberof framesbeforethebeginningof runi + 1 anddis-
cardsamenumberof framesfrom the endof run k. Accordingly adjustthe counterz;., ;.
We arenot donewith just oneiteration. This procedurds someavhatsimilarto bubblesort.

It proceedsvith anotheriterationif therewasary changeo ary of therunsin theprevious

iteration. Otherwisethe procedurderminates.

Figurell.3(c)shavstheresultingMAXMINR UN sequencéor asimplecaseof unsmoothed
sequencgivenin Figurell.3(a)andthe correspondind AXAVGRUN sequencen Fig-
ure 11.3(b). By applyingthe abose procedurethe minimum run length at layer 3 is in-
creasedrom 1 in unsmoothedequence3 in MAXAVGRUN sequencéo 4 in MAXMIN-
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RUN sequenceWhile this heuristicalgorithmworks towardsmaximizing the minimum
runlength,furtherinvestigation's neededo developa provably optimalalgorithm.

11.3.3 Maximizing the expectedrun length

It is quiteclearthatthelongertherunsarein asequenceahehigherit’ sexpectedunlength
is. Soin orderto maximizethe expectedrun lengthwe needto make eachrun aslong as
possible Furthermoregxtensionof alongerrun contributesmoretowardsthe expectedrun
lengththanthat of a shorterrun. Hence,a reasonabldaeuristicapproachfor maximizing
the expectedrun lengthis to startwith a MAXAVGRUN sequencandto make thelonger
sequencesvenlongerwhile furthershorteninghe shorterruns.

TheMAXEXPRUN algorithmfirstappliesheMAXAVGRUN algorithm.It thenconsiders
eachpair of consecutie runsin orderandtriesto grow thelongerrun evenmore. Let the
lengthof two consecutie runsben, andn; . Also, let z;; is thelimit onthelengthby
whichrun k + 1 canbegrown. If ny — xx.1 > ngy1 + 141, CONtinuewith the next pair.
Otherwiseselectr; . ; numberof framesbeforethebeginningof runi + 1 anddiscardsame
numberof framesfrom the endof run k. Unlike in MAXMINR UN case MAXEXPRUN
terminatesvith justonescanovereachof therunsgivenby MAXAVGRUN. Figure11.3(d)
shaws the sequencavith maximumexpectedrun lengthcorrespondingo the unsmoothed
onein Figurel1.3(a).

11.4 Adaptive Layer Selection

Thealgorithmsdiscussedofar assumehatthe bandwidthavailability for the entiredura-
tion of the videois known a priori. Basedon the insightsgainedfrom thesealgorithms,
in this sectionwe develop an adaptve schemdor layer selectionthatassumeso knowl-
edgeaboutfuturebandwidthavailability. However, we assumehepresencef abandwidth
estimatorthatgivesthe precise currenbandwidthin eachframeslot.

The key questionghatneedso be addressetby ary layer selectionschemeor smoother
quality are: 1) which layersand2) which framesof alayer be prefetchedwhento initiate
arun for a layer andwhereto positionthe run. The off-line® algorithmaddresseshese
issuedhy takingadwantageof the completeknowledgeaboutfuture bandwidthavailability.

SHereafterwe refer to the MAXAVGRUN algorithm describedin the previous sectionas the off-line
algorithm.
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With the aidof aforwardscanandabackwardscanfor eachlayer, it prefetchesheframes
of layersfrom lower to higheraslate aspossibleandonly whenneeded But whenfuture

availability of bandwidthis not known, the decisionon which layerandframeto transmit
next hasto be madein an online fashion. In sucha caseit is not possibleto precisely
computethe buffer neededor eachlayer and prefetchjust in time. In the following we

presentan adaptivealgorithm to predictthe buffer requirementf a layer to tide over

the potentialfuture bandwidthdroughtsandto positionthe runsof a layerto accumulate
sufficient cushionbeforeit is displayed.

The adaptve algorithm attemptsto estimatefuture bandwidthavailability basedon the

pasthistory. It associates target buffer cushion(B?) with eachlayer j andadjuststhis

valuedynamicallybasednthebandwidthavailability. Thetargetbuffer cushionof alayer

j correspondgo the numberof framesof layer j that needto be prefetchedn orderto

continuearun atlayer; underthe currentbandwidthconditions.If theamountof cushion
is too less,even small dips in available bandwidthcould causediscontinuityof a run at

this layer. If it is too much, this may resultin inefficient useof buffer which otherwise
couldhelpcushionotherlayers.In the caseof off-line algorithm,the forward scanensures
thatthe prefetchedamountis not toolessandthe backward scanensureghatit is not too

much. In theabsencef knowledgeaboutfuture bandwidthavailability, the key taskof an

adaptve algorithmis to estimatethe minimum amounbof buffer cushionthatis sufficient

for alayer

A run of layer j canbe sustainednly if the averageavailable bandwidthis greaterthan
j andthe amountof buffer available for layer j is sufficient to cushionthe variationsin

bandwidth.It is possibleto estimatethe buffer requirement$or an uninterruptedun of a
layer j by keepingtrack of how oftenthe availablebandwidthgoesbelow j andhow long

it staysbelown j. By monitoringthe fluctuationsin available bandwidth,we canidentify a
critical layer (j), i.e., the highestlayer that canbe subscribedut may not have sufiicient
buffer availableto cushionthe bandwidthfluctuations.Givena critical layer 7, ideally we

would lik e to protectthe runsof all the lower layersupto ; — 1 from bandwidthdroughts
and extend the run at layer ;j aslong as possible. We may not initiate a run at layer ;

unlessit canbe sustainedor a certainminimum period. In the following, we presenta
simple adaptve algorithmthat addressesheseissuesin an indirect way and adjuststhe
targetbuffer cushionfor eachlayerby trackingonly buffer usage.

Theadaptve algorithmdynamicallyaddsayersandallocateghebuffer amongthembased
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PROCEDURE ADJUSTCUSHIONG)
lf Bp=B,i—-1+1<k<r
For j=1to0 j
BJ = 3B7, i.e.,decreas¢argetcushion
X =4

For j=1to J
| f B/ < 6B/ andB], >= B’ for somek, X7 < k < i
Bi = o, i.e.,increasdametcushion
10. X =i
11. END PROCEDURE

©o NN R

Figurel11.8: Thecushionadjustmenattime

1. PROCEDURE ADD-LAYER()

2 If BP<Bi,1<j<jandC >j+1
3 | f Bitl < Bi

4. Bi+l = BJ

5 N =4 Bitl

6 j=7+1

7. END PROCEDURE

Figurel1.9: The procedurdo addanew layer

on haw buffer is built anddrained.Thetargetbuffer cushionfor alayeris increasedf the
currenttarget cushionwas found to be inadequateo avoid discontinuityin the run due
to a bandwidthdrought period. It is decreasedff the currenttarget buffer cushionwas
filled andremainedundrainedor a certainobsenationwindow period. Figurel1l.8shovs

the procedurdor adjustingcushionat slot ;. The target buffer cushionfor all the actve

layersis decreasedby § if the buffer wasfull for a certaindurationr (lines 2-5). There
aretwo reasondor doing this. First, the buffer beingfull for sustainedperiodindicates
that bandwidthis certainlysuficient to accommodatg layersandhencethe lower layers
canbe protectedwith muchlesscushion.Secondjt alsoimpliesthatbuffer is scarceand
hencewe needto useit moreefficiently by prefetchingessconseratively for lower layers.
The tamget buffer cushionB? for an active layer j is increasedy « if the currenttamet
cushionwasfilled earlierafterthelastcushionupdatetime X’ andthengetsdrainedbelov

athreshold’ (lines7-10). Thisway we reactin advancefor ary onsetof droughtperiodby

conseratively increasinghetargetcushionevenbeforeit is drainedcompletely
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1. PROCEDURE NEXT-TO-XMIT()
2. For j=1to0 j

3. | f Bi < BI

4. j'=1

5. Ret urn

6.

7.  Bunn=2D58

8. For j=1to j

9. | f B — B < Bin
10. Bimin = B/ — BJ
11. § =3

12. END PROCEDURE

Figure11.10: Theprocedurdo determinethelayerfor transmission

The adaptie algorithmstartsa new run atan higherlayer j + 1 only if thereis suficient
cushionfor all thelower layersupto ; andsufficient bandwidthto accommodatenemore
layer The procedureo determinewhetherto adda new layerandwhereto startthe run
is givenin Figure11.9. A new run atalayerj + 1 is initiated only if the target buffer
cushionis alreadyfilled for all thelayersup to j andthelong termbandwidthis sufficient
to accommodatkayer;+1 also(line 2). Thelongtermmearbandwidth(C) is measuredy
exponentialaveragingthe currentandpastbandwidthvalues.Thetametbuffer cushionfor
j+1isensuredo beatleastaslargeasthelayerbelow it (lines3-4). Thisis becauséigher
layersneedmorecushionto sustaina run thanlower layers. The new runis positionedat
frame M+!, i.e., a distanceof B’ away from the currentframeslot i (line 5). Thisis
intendedo allow sufiicienttime for the cushionbuffer to befilled beforethenew layergets
playedbackattheclient. Thenew layer j + 1 thusbecomeshecritical layer (line 6).

The adaptve schemedetermineswhich layer to be transmittednext basedon the target
buffer cushionand the currentbuffer cushionvaluesfor eachlayer The corresponding
proceduras givenin Figure11.10. A frameof alayer ;' is transmittedonly if the current
prefetchecamountfor eachlayerupto ;' — 1 is greatetthanthecorrespondingargetbuffer
cushionvalue(line 2-5). In otherwordsthelowestlayerwith cushionlessthanits targetis
choserfor transmissionlf all theactie layershave theirtargetcushionsouilt up,onemore
layermaybeaddedusingthe proceduralescribedn Figure11.9. Whenthereis additional
bandwidthavailable even afterfilling up targetcushionsof all the active layers,the layer
with theleastadditionalcushionabove its target buffer cushionis choserfor transmission
(lines 7-11). In otherwordsthe extra bandwidthis sharedfairly betweenall the active
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layers.

11.5 Experimental Results

We conductedsimulationsto study the performanceof off-line and adaptve algorithms
describedabore. As mentionedin Section11.3we assumehat the videois CBR with

linearly spacedayers,i.e., the size of all framesis the sameandis scaledto be 1 unit.

Correspondinglyheclientbuffer andthenetwork bandwidtharescaledo beintegers.The
videoconsistf 4 layers. Thelengthof the sequencés 30000frames. The playbackrate
is setto 30 frames/se@andhencethewholevideolastsfor a periodof 1000secs.

Thebandwidthis variedsuchthatthe meanbandwidthwas3.5duringthefirst 10000frame
slots, 2.5 during the next 10000slotsand4.5 during the last 10000slots. The fastertime
scalevariationaroundthesemeanvaluesis modeledusinga Markov chain. Theresulting
bandwidthcurve usedin our experimentds shavnin 11.11(a).

We study the performanceof off-line and adaptve schemesinderthe abose bandwidth
conditionsby varying the amountof client buffer. The configurableparametergor the
adaptve schemeweresetasfollows. Thetarget cushionincreaseanddecreasdactorsa

and weresetto 2.0 and0.75 respecitrely. In otherwords,the target cushionis doubled
wheneer the currenttarget was found to be too lessandis decreasedby a quarterif it

wasfoundto betoo much. Thethresholds to trigger cushionincreasevassetto 0.5, i.e.,
wheneerthe currentbuffer for alayerdrainsbelow half its targetbuffer, thetargetcushion
is increasedThe obsenationwindow periodr is setto 300, i.e., thetargetcushionvalues
aredecreased thebuffer wasfull for 10 secs.Thesevaluesaresetsuchthatthe adaptie
schemas consenrative in protectingthe lower layersby maintaininghighercushions.

Figurell.11compareshenumberof layersselectedandhencehecorrespondingmooth-
nessachiezedby theoff-line andadaptve schemesThe outputof the off-line schemewith

a small client buffer of 30is shavn in Figure11.11(b). We expectthatthis relatively un-

smoothedstreamis similar to onegeneratedy a greedylayer selectionschemehatadds
a new layer asandwhenbandwidthis available. Clearly sucha sequencevith frequent
transitionsbetweenlayer levels is undesirable.Figures11.11(c)and 11.11(d)shaw the
layerselectionby off-line andadaptve schemesespectrely whenthe client buffer is 300.
It is very reasonableo expecta buffer at the client that canaccommodateip to 10 secs
of onelayer of the video. Evenwith not so large a buffer the off-line algorithmyields a
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considerablysmoothersequenceThoughthe adaptie schemeyenerates lesssmoother
sequenceghanthe off-line schemeit is still significantlybetterthanthe resultof a greedy
selectionscheme.

Whenthebufferisincreasedo asizeof 900 thatcanaccommodat&0secsf 3 layersof the

video, boththe schemegroducemuchsmoothersequenceasshowvn in Figuresl1.11(e)
and11.11(f). In particular the output of the off-line algorithmis very smooth. This is

becausdat hascompleteknowledge andutilizes the buffer in the most efficient manner
The outputof adaptve schemewhile it resembleghat of the off-line algorithmin terms
of layer subscriptionlevel, is not as smooth: thereis fluctuationaboutthe critical layer.

However, the increaseduffer doesimprove the outputsequencef the adaptie scheme.
In particular the segmentbetweent 0000 and20000 is muchsmootheranddisplaysmore
layers.

It is worth notingthatthe sequencén Figure11.11(f)would appeamuchsmootheif the
fluctuationsaboutthe critical layer could be avoided. For example,considerthe segment
betweenframe slots 21000 and 25000. This could have beenimproved by not selecting
layer 4 whenits run cannotbe sustainedor a certainminimum duration. Currentlythe
adaptve scheme thoughit attemptsto fill the cushionfor a layer beforethe start of a
run, still doesnot attemptto avoid potentiallyshortruns. We needto furtherimprove the
algorithmto estimatethe lengthof a run andinitiate oneonly whenit is likely not to be
short-lived.

The off-line algorithm also exhibits a similar behaior in thatit doesnt explicitly avoid

shortruns. For example,in Figure11.11(c)at aroundframeslot 12500, layer4 is chosen
briefly. This would not contribute to quality viewing anddiscardingthat run would make

the sequencesmoother This behaior canbe attributedto the work-conservinghatureof

the off-line algorithm: available bandwidthis always utilized and thus higherlayersare
selectednomentarilywhenthe buffer is alreadyfull. The algorithmneedso be modified

to avoid shorterrunseven by resortingto not beingwork-conserving Further we needto

alterthe exprunmetricto discountrunsshorterthana certainlength.

We now describethe operationof the adaptie schemegiven the bandwidthcurve shavn
in Figurel1.11(a).Sincethe adaptie schemas not awareof future bandwidthavailability
it hasto dynamicallyadjustthe target buffer cushionfor eachlayer basedon pasthistory
on thevariability in availablebandwidth. This cushionadaptatiorprocesss illustratedin
Figure11.12(a).lt shavs how thetargetbuffer cushionis adjustedover time for the layers
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1 and2. It alsogivesthe idealamountof buffer requiredfor theselayersascomputedby
the off-line algorithm. Figure11.12(b)shaws the actualbuffer occupiedby layers1 and2
in the adaptie schemelt alsoshaws thetotal buffer occupiedoy all the layers.

By contrastinghe Figuresl1.12(a)and 11.12(b)we canseethetimeswhenthe adaptie
schemechangeshetargetbuffer cushionvalues.For example,ataroundframeslot 10350,
the actualbuffer occupiedby layer 1 framesis lessthanhalf its target cushionof 38. In
responseo this, the adaptie schemedoublesthe target cushionof layer1 . Similarly the
layer2 targetcushionis alsodoubled.At around20400, the actualbuffer stayedfull for at
least300 frameslots,hencecausingthe target cushionfor both layersto be decreasedIt
canbe seenthat target buffer cushionvaluesin the adaptie schemehave the sametrend
astheideal buffer cushionsof the correspondindayers. However, the adaptie schemes
moreconserative while beingreactve.

We alsomeasuredusingthe averagerun lengthandexpectedrun lengthmetrics,therel-
ative smoothnes®f sequencesesultingfrom thesealgorithms. Figure 11.13shaws the
performancef theseschemesasmeasuredby thesemetrics,undervariousbuffer settings.
The averagerun lengthsfor layers1, 2 and3 areshown in Figure11.13(a)and expected
runlengthsin Figure11.13(b).

It canbe obseredthatmetricsfor layer1 underboththealgorithmsapproachunity evenat
very small buffer sizes.With the off-line algorithm,the metricsfor layer2 alsoapproach
unity for moderatebuffer sizes.On the otherhand,the metricsfor layer2 in the adaptie
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schemencreasaipto apointasthebuffer increasesandstagnataftera certainbuffer size.
This is becausehe discontinuityat aroundframe 10350 in the run of layer2 persistseven
with largebuffer sizes(asevidentin Figurel1.11(f)). Thisdiscontinuityis anartifactof the
adaptve schemeThoughthe adaptie schemeseactan adwvanceto anonsetof congestion
it still may not be able to build sufiicient cushionto tide over a suddenbut prolonged
dip in available bandwidth. Further in an attemptto usethe buffer and bandwidthmore
effectively, the adaptie schemechoosesotto betoo conserative in prefetchingandthus
may not build a largercushionevenwith alargeravailablebuffer. This doesnot, however,

fully explainthedecreasé themetricswith increasedbuffer sizesbeyond900 andrequires
furtherinvestigation.Theeffectof largerbuffersis lesspronounceavith higherlayerssince
their selectionis limited moreby thelack of bandwidththanthelack of buffer space.

It is evidentthatmetricsimprove fasterwith the off-line schemereflectingits efficientuse
of buffer. As canbe seen,both metricscapturethe relatve smoothnessthe sequences
generatedy the off-line algorithm scorehigherthanthe correspondingsequencefrom
the adaptie algorithm.Moreover, thegraphsof boththe metricsappeaiquitesimilar. This
indicatesthata work conservingalgorithmthat maximizesaveragerun lengthwould also
comecloseto maximizingthe expectedrun lengthmetric.
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11.6 RelatedWork

The problemof layer selectionfor delivering layeredvideo hasreceved a lot of atten-
tion recently Oneof the earliestworksin this areapresentedn [59] proposes recever-
drivenlayeredmulticast(RLM) protocolfor transmittinglayeredvideo to heterogeneous
recevers. The numberof layerssubscribedby a recever is dynamicallyvariedbasedon
the perceved lossrateandthru join experiments.The later studies[26] have shovn that
recever-drivenschemesuchasRLM exhibit significantinstability. Thereweresomepro-
posalg7, 27] onaddressinghis probleminsidethe network by assigninchigherpriority to
lower layersandproviding priority baseddroppingat routersin caseof congestionThese
approachemtroducesomeadditionalcompleity at corerouters.

In [98] the available bandwidthis modeledasa stochastigrocessandoptimal allocation
of bandwidthbetweernbaseandenhancemeriayersis studied.It wasassumedhatclient
buffer is unlimited. Thework mostrelevantto ourswasreportedn [87]. They assumehat
TCP-friendly congestioncontrol [86] was emplo/ed andhencethe available bandwidth
curve hasa savtoothshape.They addresshe problemof buffer allocationbetweenayers
suchthatit is usedefficiently in absorbingheshort-ternfluctuationan bandwidth.Though
ourwork is quitesimilarin spirit to theirs,our approachasbeenquitedifferent. Ourfocus
hasbeenon designingmetricsto capturesmoothnessriteriaandon developingalgorithms
to maximizethesemetrics.

11.7 Conclusionsand Futur e work

In this chapterwe addressedhe issueof layer selectionfor maximizing the perceved
video quality undergiven resourceconstraints. We definedsmoothnesgriteria and de-
signedmetricsnamely avgrun minrun andexprun for measuringsmoothnessWe then
developedan optimal offline algorithmMAXAVGRUN to find a sequenceavith maximum
averagerun lengthwhenthe network conditionsare known a priori. We also presented
heuristicalgorithms, MAXMINR UN and MAXEXPRUN for maximizing the minimum
andexpectedrun lengthsrespectrely. We thendescribeda simpleadaptve algorithmfor
providing smoothedayeredvideo delivery thatdoesnt assumeary knowledgeaboutfu-
ture bandwidthavailability. We conductedsimulationsto studythe performanceof these
schemeandshavn thatevenwith asmallclientbuffer it is possibleto provide significantly
smoothequality video playback.
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Thereare several simplifying assumptionsnadein this preliminary work on providing

smootheuality layeredvideostream.Specifically in the adaptie layerselectionrscheme,
we assumehe presencef a bandwidthestimatorthatgivesthe precise currenbandwidth
in eachframesilot. It is likely thattherewould be someamountof errorin the estimation
of availablebandwidth.This couldleadto pacletlosses.The packetiossescanbehandled
using retransmissions Sincethe framesare prefetchedhereis sufiicient time for error
recovery throughretransmissionslhetrade-of betweerretransmissiownf thelost paclets
andthe prefetchingof new framesshouldbeinvestigated.

The schemesas presentedprovide smoothervideo by favoring longerrunsin a layer.
They needto be enhancedo further smootherthe video streamsby also avoiding short
runs. Similarly, the exprun metric also needsto be refinedto discountshortruns. Real
experimentsneedto be conductedo ascertairthe relative merit of the proposedmetrics
andeffectivenesf the proposedalgorithms.Finally, the schemegresentedherework on
layeredCBR videostreamsandneedto be extendedfor VBR video streamgoo0.
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Part Il

Channel Assignmentand Admission
Control in Cellular Networks
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Chapter 12

Compact Local Packing

12.1 Intr oduction

A mobile cellular systemdivides the geographicakegion it senesinto smallerregions

calledcells A radiochannelusedin onecell canbe usedin anotherif they areseparated
by co-channelreusedistance Concurrentuseof a channelin cells within this distance
causego-cdannelinterference Frequeng reusewithout causinginterferences the core

concepibf cellularsystems.

A basestation(BS) senesmobilehosts(MH) in eachcell. The mobile cellular systemis

centrally coordinatedand administeredoy a Mobile TelecommunicatioBwitding Office
(MTSO). Basestationsare connectedo the MTSO and eachother by a wired network.

To establisha communicatiorsessiona MH requestghe BS in its cell for achannel.BS,

probablyin consultatiorwith MTSO, assignsanunusedhannelf available.Otherwisethe
call is blocked. Whena MH movesto a differentcell during a sessionthe responsibility
of continuationof serviceis handedover to the new BS. For a successfuhand-of the new

BS mustfind anidle channel.Otherwisethe sessions terminated.Reductiorof blocking
andforcedterminationprobabilitiesis the maingoal of channelassignmenschemes.

The channelassignmenschemesuggestedn the literature[39] rangefrom fixed to dy-
namic, centralizedto distributed, and timid to aggressie. Fixed assignmenstratgies
assigna setof channelgpermanentiyto a cell, while dynamicschemesassignthem on-
demand.In centralizedschemesMTSO makesthe assignmentecisionsusingthe com-
pleteinformationit hasaboutthe systemstate. Distributed channelallocationalgorithms
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run atindividual BSs,which arecollectively responsibldor the channelassignmentAg-
gressve schemesillow channefeassignment® make roomfor anew requestyhile timid
onesdo not permitsuchreconfigurations.

Local Packing (LP) is a distributed dynamic channelallocation (DDCA) method[12],

whereeachbasestationassignschanneldo calls usingan augmenteadthanneloccupang

(ACO) table. When a basestationreceves an accessequest,it searchedor an empty
column(availablechannel)in its ACO table. If morethanonecandidateexists,a channel
is selectedarbitrarily. In this chapter we investigatethe impactof channelselectionon

packing. We proposetwo nev schemedor channelselection. Coaxial selectionusesa
co-cellchanneloccupang (CCO)tablein additionto the ACO table. Residualselection
requiresthe ACO tableto be extended(EACO) with channelusability information. While

the coaxial schemechoosesa channelthatis beingusedby the mostnumberof co-cells,
theresidualschemeselectsa channekhatis usablen theleastnumberof interferingcells.
Simulationresultsshowv thattheseschemedblock fewer callsthansequentiabndrandom
selectiorstratgjies. While coaxialschemeachievesthis atthe expenseof increasedroad-
castoverheadthe residualschemeavoids the overheadwhile achiezing almostidentical
blockingperformance.

12.2 Local Packing

TheLocal Packingalgorithmis a cell-basedlistributeddynamicchannehllocationmethod
that adaptsto local traffic demands.Eachbasestationassignschannelso new or hand-
off calls usingits AugmentedChannelOccupancy(ACO) table. This, asshowvn in Fig-
urel12.1(a),is a matrix of k; + 1 rows and M + 1 columns,where M is the numberof
channelsn the systemandk; is the numberof interferingcells for the cell .. The check
marks(X) in the first row indicatethe channelsoccupiedby cell : andthe remainingk;
rows indicatethe channeloccupang patternin the neighborhoodf cell ;. Thusanempty
columnindicatesthe availability of the correspondinghannelwhich canbe assignedo a
call in cell .. The entriesin the last column of the matrix shav the numberof currently
availablechannelsn the correspondingell.

Whena basestationrecevesa requestor a channelt searche$or anempty columnin
its ACOrtable.If successfulthatchannels assignedo therequestlf morethanonesuch
channelkxists, thefirst oneis selectedlf thereareno free channelsthe basestationlooks
for achannelhatis beingusedin no morethanoneneighboringcell. This corresponds$o
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a columnwith a singlecheckmarkin the ACO table. If sucha channelexists, it checks
to see by referringto the lastcolumn,if the cell usingthis channehasary free channels.
If thatis the case,a requestis sentto that cell to relocatethe call currently holding that
channelto anotherchannel. It thenassignghe freed channelto the accesgequestn its
cell. ThusLP attemptspackingof channelsby allowing up to onelocal reassignmento
accommodate new call andachieresthe sameperformancesthatof the mostpersistent
polite aggressie DDCA [13, 14].

Theconteniof the ACOtableis updatedy collectingchannebccupang informationfrom
all theinterferingcells. Wheneer a basestationcapturesor releases channel,it hasto
broadcasthis informationto all the interfering cells. A basestationon receving such
a broadcasupdatests own ACO table and recomputeghe numberof free channelsn
its cell. It shouldalsosendout an updateif the numberof available channelsan its cell
changessaresultof aneighboroccupyingor freeinga channel.lt is assumedhatfastand
reliablecommunicatiorprotocolsfor the ACO tableupdatearein placeto ensuredatabase
consisteng.

In LP, the basestationassignsthe first available channelto an accessequest. Though
random selectionis a viable option, the authorsof LP felt that sequentialselectionis a
naturalchoiceand may alsoresultin betterpacking. The basestationsin LP have very
few selectionalternatves dueto the limited amountof informationin their ACO tables
abouttheavailablechannelsWhile the ACO tableallows a basestationto identify thefree
channelsit doesnt offer any clueson discriminatingbetweerthem.

A naturalextensionwould be to supplementhe ACO tableof eachcell with channeloc-
cupang informationof its co-cells i.e, cells at co-channeteusedistance.This informa-
tion, referredto asco-cell channeloccupancy(CCO)table,canaid in differentiatingbe-
tweenavailablechanneldasedntheir usagepatternin theco-cells. The coaxialselection
schemepresentedn Sectionl2.3,is basedn this approach.
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Alternatively we canextendthe ACO tableto includechannelusability informationalong
with channeloccupang informationfor eachinterferingcell. This knowledgecanbe uti-
lizedto distinguishbetweeravailablechannelsTheextendedACO (EACO)tableincreases
thechoicedfor selectionandenablesa basestationto pick channelsnmorejudiciously. The
residualselectionschemebasedon this approachs presentedn Sectionl2.4.

12.3 Coaxial Selection

Coaxial selectionis basedon the obsenation that reusingthe channelghat are currently
beingusedin the co-cellsresultsin betterpacking. The requisitechanneloccupanyg in-
formationfor eachco-cellis maintainedin the CCO table. This table,asshavn in Fig-
ure12.1(b),is similarto the ACO table.Eachrow correspondso a co-cellandthe column
to achannel A checkmark(X) in this tableindicatesthe occupang of thatchanneby the
respectre co-cell. Additionally, thelastrow containsthe countof co-cellscurrentlyusing
agivenchannel.

The updateprocedurefor CCO tableis similar to that of ACO table. Whenever a base
stationacquiresor releases channel,jt hasto notify its co-cellsalongwith its neighbors
sothateachbasestationis aware of the channeloccupang patternin bothits interfering
cells and co-cells. However, a changein the countof free channelsdueto a neighbor

needto be communicatednly to interferingcells, not to co-cells. This updateprocedure
requiresthe sameinformationto be sent,asin the caseof LP, but to twice the numberof

basestationsjnvolving anadditionalprocessingverheadat eachbasestation.

Coaxial schemeselectsfrom the available channeldn a cell, a channelthatis currently
beingusedby themaximumnumberof its co-cells. Thischannetorrespondso thecolumn
thathasthemaximumcountin thelastrow of CCOtable,amongthe emptycolumnsin the
ACOtable.A channelkhatis beingusedby the maximumnumberof co-cellsis lesslikely
to be usableby the interferingcells. By making sucha selection,eachcell collaborates
with its co-cellsin anattemptto achieve aglobally compacipattern.

12.4 ResidualSelection

Residualselectionis basedon the obsenation that channeloccupang patternin the co-
cells can be inferred from the channelusability information in the neighborhood. The
EACOtable,asshavnin Figure12.1(c),containschannelsabilityinformationalongwith
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channebccupang information. This tableis very muchlik e the ACO tableexceptthatthe
EACO tablehasoneextra row andanothertype of mark, a circle (O). Similar to a check
mark, which whenplacedin anentry correspondindo a cell [ anda channelr indicates
thatchannel is occupiedby cell [, a circle markin thatentrywould meanthatchanneln

is availablefor usein cell [. While thelastcolumngivesthe countof freechanneldor each
interferingcell, the circle marksidentify thosechannels.The entriesin the lastrow keep
the countof circle marksin their correspondingolumns(excludingthefirst row), i.e., the
numberof neighboringcellswherethecorrespondinghannelsreusable. Soacircle mark
in thefirst row anda zeroin thelastrow for columnn impliesthatchannelr is available
for usein this cell andnot usablein any of the neighboringcells.

The entriesin the EACO table are updatedthrougha proceduresimilar to the one used
to maintainthe ACO table. Wheneer a basestationgrabsor freesa channel,it hasto
notify its neighborssothateachbasestationis aware of the channeloccupang patternin
its neighborhoodlt shouldalsosendoutanupdatebroadcasivheneerthereis achangen
its cell’s usability statusof arny channel(circle marksin thefirst row). While it may seem
thatthemaintenancef theEACOtableconsumesnoreupdatebroadcastst actuallyneeds
no morethanwhatis requiredby the ACO table. An availablechannelis indicatedby an
empty columrin the ACO tableandsimilarly by acircle markin thefirst row of theEACO
table. But in both the tables,the first entry of the last columnindicatesthe numberof
availablechannelsandary changen the usability statusof a channelaffectsthe number
of available channels.Henceevery updatebroadcasby a basestationemploying EACO
table hasan analogousonein the caseof ACO table. While the numberof broadcasts
is the samein both casesthe differenceis in their content. Whereaghe numberof free
channelss broadcasin the caseof ACO table,the message$or EACO table carry the
channelnumberandthe currentstatusof the affectedchannel. From this, the numberof
free channelsin eachcell and the numberof cells in which a channelis usablecan be
computed.

Thechannelusabilityinformationcontainedn the EACO tablecanbe utilized to discrim-
inate betweentwo available channelsgiving rise to several optionsfor selection. The
residualselectionis a schemehatoptsfor channelghatareleastusablen its interference
region. This schemeselectsamongthe availablechannelsa channelthatis usablein the
leastnumberof neighboringcells,i.e., a channelcorrespondingo the columnthathasthe
minimum countin the lastrow, amongthe columnshaving a circle markin their first row.
Theintentionof sucha choiceis to reducethe impactof this assignmenin the neighbor
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(a) uniformtraffic (b) hotspots

Figure12.2: Thesimulatedcellularsystem

hood,in termsof the numberof interferingcellsin which theassigneahanneis rendered
unusable.The extremecasebeingthe existenceof an available channelthatis currently
not usableby ary of the neighboringcells, in which caseit would beidealto pick sucha
channekincethis assignmentloesnt affectary of theneighbors.

This approactof optingfor achannekhatis unusableby neighborscanhelpform acom-

pactpatternamongtheco-cells.A channels availablein thiscell but notin theneighboring
cells, possiblybecause¢he samechannelis beingusedby the cells within the neighbors

interferenceegionbut justoutsidethis cell’sinterferenceegion. By assigninghatchannel
to acallin this cell, residualselectionschemeattemptgo keepthe co-channetlistanceas
closeto theallowedminimumaspossible Anotheradvantageof this schemas thereduced
numberof updatebroadcastsWhile themessagesarryingchannebccupang information
remainunchangediewer broadcastarerequiredto propagateisabilitystatus.Thisis a di-

rectfallout of choosinga channekhatis alreadyunusablen mostof the neighboringcells.

Suchan assignmentoesnt causea changein usability statusof thatchannelin mary of

theinterferingcells,andthuslimits theripple effect of occupanyg updatebroadcasts.

12.5 Simulation and Analysis

We have studiedthe impactof selectionstratgly onthe performanceof LP by simulating
differentchannelkselectionschemesndmeasuringheir call blocking probabilities. Apart
from theresidualandcoaxialmethodsdescribedabore, we have simulatedsequentiabnd
randomselectionschemes.As the namessuggestthe sequentialmethodpicks the first

availablechannebndtherandommethodrandomly(uniformly) choose®neamongall the
availablechannelsEachmethods simulatedn bothaggressie andtimid modesj.e.,with

andwithout allowing reassignmentsWhile theseschemewary in their selectionamong
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mary idle channelsin aggressie modethey all follow the sameprocedureasdescribedn
LP for identifying a channeffor relocation whenthereareno freechannels.

We have measuredhe call blocking probability of all thesemethoddy developingasimu-

lationmodelusingCSIM library [100]. Our cellularsystenconsistof 144hexagonalcells

arrangedasa 12x12arrayasshovn in Figure12.2(a). To avoid the boundaryeffect, this

arrayis wrapped-arounth boththedimensionsi.e., left-mostandright-mostcolumnsare

madeneighborsandso arethe top andbottomrows. This is intendedto make the results,
representate of aninfinite systemandapplicableto a typical large cellular network. We

have assumedhesizeof acluster, thesetof neighboringcellsthatcausemutualco-channel
interferenceto be 7, whichis thetypical reuseconstraintin currentcellularsystems.This

implies that a channelthat is beingusedin a cell, cannotbe simultaneouslyusedeither
by the immediateor second-layeneighbors,amountingto a total of 18 interferingcells

surroundingeachcell.

Thesesimulationswere carriedout assuminghatthe total numberof channelsn the sys-
temis 140and280. Eachrun simulatesarrival of 10,000mobiles,wherethe averagecall
arrival rateis A percell andthe averagecall holdingtime, 1/, is normalizedo 1. Assum-
ing thatthe call inter-arrival time andcall holding time areexponentiallydistributed,and
alsoassumingnfinite population,the load per cell, A\/u, would be sameas A. Thusthe
call blocking probability undervariousloadsis determinedoy varying just the call arrival
rate. Apart from the uniform traffic, we alsomodelthetraffic hot spotconditionson two
intersectinghighwaysasshown in Figure12.2(b).Our simulationmodelis quite similar to
theonepresentedn [12].

Figure 12.3 shaws the blocking performanceof theseselectionschemesin timid mode,
underuniform traffic conditions.It clearly shavs thatbothresidualandcoaxial selections
resultin lowerblockingprobabilitythansequentiaandrandomselectionsn boththecases.
Further the blocking performanceof residualand coaxial selectionschemesreso close
thattheir curves are almostindistinguishable.It alsoshawvs that the sequentialselection
yields betterresultsthan randomselection. Overall, consideringthat 1% blocking is a

reasonablalesigntamet, the proposedschemesarry 10% moretraffic, at that blocking

level, thanthe othertwo schemes.

The blocking performanceof theseschemesunningin aggressie modeunderuniform
traffic conditionsis shavn in Figure12.4. It alsogivesthe numberof relocationsnecessi-
tatedby eachof theseschemesWith reassignmentsheredoesnt seento beconsiderable
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Figure12.5: Performanceindertraffic with hotspots

differencebetweendifferentselectionsjn termsof the numberof calls blocked. But both
sequentiaandrandommethodgrigger morerelocationghanthe othertwo schemesFor
example,in the caseof a systemwith 280 channelsandthetraffic load of 32 Erlangs/cell,
the numberof calls blocked by sequentialandresidualschemesre 182 and 166 respec-
tively. While thesequentiamethodrelocatest102calls,theresidualapproactdoesit only
3456times. In essencein aggressie modethe sequentiabndrandommethodscatchup
with theproposedschemedhut atthe costof increasedchumberof relocationslt is interest-
ing to notethatrandomselectionwhich performsquite poorly in timid mode,doesfairly
well in aggressie mode. This bringsto our attention,the interactionof the assignment
andreassignmerdtratagies. It is possiblethatthe channelpackingattemptedy selection
schemesnaybehae differently dueto therelocationswhich needgurtherinvestigation.

Figure 12.5 shaws the blocking performanceof theseselectionschemesin timid mode,
undertraffic conditionsshowvn in Figure12.2.b The traffic in cells otherthan hot spots
is fixed at a load whereall the schemeshave lessthan 1% blocking probability This

was 11 and25 Erlangsfor systemshaving 140 and 280 channelgespectiely. It is quite

apparenthatthe proposedschemesre betterat alleviating hot spots. Figure 12.6 shavs

the performanceof theseselectionschemesin timid mode,in the presencef hand-ofs.

We simulatedthe mobileswith an averageof two hand-ofs and a uniform probability

of migratingto ary of the adjacentcells. Hand-ofs and originating calls were treated
similarly. Again,the proposedschemesesultedn lower probability of both blockingand

forcedterminationthanthe othertwo schemesTheseaesultsdemonstratéhattheproposed
schemegithercarrymoretraffic or reducethe numberof reallocations.
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Figurel12.6: Performanceindertraffic with hand-ofs

Following is acomparisorof runtimeof theseschemedn selectingachannel.Let thetotal

numberof channelsavailablein the systembe m. To pick a free channelboth sequential
andrandomselectionschemeseedto scan,in the worst case the entirefirst row of the

ACOtableonce resultingin o(m) time compleity. Theresidualschemeequireskeeping
trackof thecountof cellsin whichachanneis usablewhich canbeupdatedncrementally
Thefirst row andthelastrow of EACO tablearescannedo find anavailablechannelwith

the minimumusablecount. Similarly coaxial schemeneedsa scanof the first row of the
ACOtableandthelastrow of CCOtableto identify afree channelwith the maximunused
count.Both schemesequireo(m) time for selection.

It is clearthatthe proposedschemesgoaxialandresidual outperformsequentiaandran-
domselectiorstratgjies. Thoughcoaxialandresidualschemesave almostidenticalblock-
ing performancetheformerincursanextraupdatebroadcasbverheado maintainthe CCO
table. However the residualselectiondoesnot involve any additionalcostto maintainthe
EACO table. Hencewe concludethatresidualschemas the mostsuitableselectionstrat-

egy.

12.6 Summary

Local Packing (LP) is a distributed dynamicchannelallocation(DDCA) methodwhere
eachbasestationassignhannelgo callsusinganaugmentea¢hanneloccupang (ACO)

table. We have shavn that the ACO table can be extendedto include channelusability
information,andarguedthatthis extra information canbe maintainedwithout increasing
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the numberof updatebroadcastsWe proposedesidualselectionschemehat makesuse
of this channelusabilityinformationandcoaxialschemeahatusesa CCOtablein addition
to the ACO table. Theseschemesverecomparedvith sequentiabndrandomapproaches,
andfoundto eithercarrymoretraffic or reducethe numberof relocationsneededWe have
found that residualschemehasalmostidentical blocking performanceo that of coaxial
schemewhile incurring significantlylessupdatebroadcasbverhead. Thesescheme®s-
sentiallyattemptto reduceboththe call blockinganddroppingprobabilitiesby increasing
frequeny reuse.They do not distinguishbetweerhandof requestsandoriginatingcalls.
Sinceforcedterminationof anexisting call is lessdesirablethanblockinga new call, call
admissiorcontrolschemesave beenproposedhatgive higherpriority to handof requests.
In thenext chapterwe studyhow reassignmentsanbeusedto ensurecontinuity of service
to admittedcallswithout wastingspectrakresources.
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Chapter 13

ReassignmenbasedAdmission Control

13.1 Intr oduction

Call admissiorcontrol (CAC) schemedn wirelesscellularnetworksattemptto reducecall

droppingprobability possiblyattheexpenseof increasedtall blockingprobability Seweral

CAC schemes$iave beenproposed32, 53, 66,84] in theliterature.Most CAC schemesre
basedntheguardchannel concefdB2]. This approacloffersagenericmeansof improv-

ing the probability of successfuhandofs by simply reservinga few channelsn eachcell

exclusively for handofs. This may, however, resultin low spectrurnrutilization. A recently
proposedschemepasedon the conceptof shadev cluster[53], performsCAC decisions
using estimatesof future resourcerequirementof mobiles. Besidesits compl«ity, this

schemeequiresknowledgeaboutthe mobility patternof userswhich may not alwaysbe

available.

In this chapteywe explore the useof channelreassignments reducehandof failures. It
hasbeenpointedout thatdynamicchannelassignmenschemesannotmaximizechannel
reuseasthey sere randomlyofferedcall attempts.This leavesenoughroom for channel
reconfigurationsvhich canbe usedto serviceotherwiseunsatisfiabldhandofs. Addition-
ally, ahandof resultsin releasingachannein theold cellwhich canpotentiallybeusedfor
reassignmento free up a channelin the new cell. But reassignmentsiay incorvenience
usersandincur communicatiorandprocessingverheadsHowever, atlow loadsthe addi-
tional numberof callsservicednorethancompensatethe overheaddueto reassignments.
As the systemgetsoverloadedthe numberof reassignmentgrows rapidly without a cor-
respondingncreasen the numberof servicedcalls. Hencereassignmentmustbe used
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prudentlyto be beneficial.

We proposeausingguardchannelgo controlreassignmentskeassignmenh the neighbor
hoodis usedasan indicationof congestiorby a cell. The numberof guardchanneldn
acell is dynamicallyadjustedbasedon the reassignmenfrequeng of its neighbors.This
significantly reduceshe needfor further reassignmentby having the cell reactprior to
onsetof congestionyhile maintaininghigh spectrurmutilization. It is possibleto conceve
various adaptie approacheshat utilize the knowledgeof reassignments the neighbor
hoodof acell. A simpleschemewvould beto keepthe reassignmentsndera giventarget.
An ideal, but perhapampractical,schemes onethat maximizesthe revenue,given that
eachcall servicedbringsin somereward andeachreassignmernincurssomepenalty We
proposea schemehatattemptgo balancehe numberof reassignmentandthe numberof
admittedcalls by dynamicallyadjustingguardchannels Simulationresultsshav thatthis
schemausesreassignmentgrofitably, while achiezing near zeradroppingprobability

Therestof thechaptelis organizedasfollows. Sectionl3.2describeshesimulationset-up
thatis usedfor all the experimentakesultsreportedn this chapter Section13.3discusses
theuseof guardchannelgo reducecall droppingandtheir effect on bandwidthutilization.
We thenshawv in Section13.4,how reassignmentsanbe usedto almosteliminatehandof
failuresandinvestigatethe effect of loadandmobility onreassignmentsA simplescheme
thatattemptgo keepthenumberof reassignmentsndera specifiedargetis described\We
thenpresenta revenuebasedscheme.We concludethe chapterwith someremarksabout
future extensiongo this work.

13.2 Experimental Setup

All our experimentsvereconductedisinga simulationmodeldescribedhere. Thecellular
systemconsistof 144 hexagonalcellsarrangedasa 12x12array To avoid the boundary
effect, thisarrayis wrapped-around boththedimensionsThesizeof a cluster, the setof

neighboringcellsthatcausemutualco-channeinterferenceis assumedo be 7, amounting
to atotal of 18interferingcellssurroundingeachcell. This interferencezoneis referredto

asthecell’'s neighborhood

All simulationswerecarriedout assuminghatthe total numberof channelsn the system
is 70. Local Packing[12], a distributed dynamicchannelallocationalgorithm, is used
to allocatechannelgo new call or handof requests.Eachcell maintainsan augmented
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Cell- ChanneNumber Num
site|1/2|3|4|5|6]...[M|Free
) X X 0
1 | X X 0
19 Xl...|X] 2
13 | X X 1
ik, X .| X] 3

Figure13.1: ACOtableatcellsite:

channelbccupang (ACO) tablethattrackschannelsisedandthe numberof free channels
availablein eachneighboringcell. Figure 13.1, shovs an example ACO table at cell i.
Channelshotin usein acell’'sneighborhoodreeligible for assignmenito callsin thatcell.
Whenno suchchannels available,a channethatis beingusedin exactly oneneighboring
cell having free channelds considerectligible for reassignmentFor example,giventhe
ACOttableof cell i in Figure13.1,themobile currentlyusingchannekb in neighbori, can
be relocatedo oneof the 2 free channelsavailablein i,, releasingchannel6 to satisfya
requesin cell .

Callinterarrval timeandcall holdingtime areassumedo beexponentiallydistributed. The
meancall holdingtime, 1/, is fixed at 1 andthusthe averageload percell A/ is varied
by varyingthe meanarrival ratepercell, A\. The numberof handofs percall is assumedo
be geometricallydistributedwith means andhencethe probability of a call moving out of
acellis h/(h + 1). Mobilesareassumedo migrateto ary of the adjacentellswith equal
probability A mobileresidedor the sameamountof time at eachvisit to a cell duringthe
lifetime of the call. Exceptwhenstudyingthe effect of varying mobility, » wassetto 3 for
all theexperiments Similarly theloadis fixedat 6 Erlangs/cellwhenstudyingthe effect of
mobility. Eachexperimentsimulated100,000calls.

13.3 Utility of Guard Channels

Admissioncontrolis basednthe principlethatdenialof serviceto new callsis betterthan
unreliability of serviceto admittedcalls. In otherwords,droppingcallsin progresdueto
handof failuresis lessdesirablehanblocking new calls. A simpleway of giving priority
to handofs is to resene anumberof channelgsay g) exclusively for servicinghandofs.
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Figurel13.2: Effect of guardchannelson blockinganddroppingprobabilities

Theseresered channelsarecalledguard channels A cell rejectsnew callswheneer the
numberof freechannelsvailablein thatcell goesbelav g. While thisreduceghechances
of handof failures,it mayresultin underutilization of scarcebandwidth.

Unlike fixed channelallocationschemeswith dynamicschemedike LP guardchannels
arenotexclusive to acell. A singleunusedchannelin a neighborhoodnay be countedas
afreechanneby morethanonecell. Hence,g guardchannelgercell doesnotimply that
two neighboringcellshave acombinedotal of 2-¢g channelseseredfor handofs. In fact,
this could be aslow as g whenboth cells have the samesetof free channelsavailable. A
new call is admittedonly if the numberof free channelsavailableis morethang. In this
chaptey GUARD refersto aguardchannebasedschemeusingLP for channekllocation.

Figurel3.2showvsthe blockinganddroppingprobabilitiesundervaryingloadfor different
valuesof g. As thenumberof guardchannelsncreaseshedroppingprobabilitydecreases
while the blocking probabilityincreasesWheng is zero,the droppingprobability is even
morethantheblocking probability. Thisis dueto thefactthattherearemorehandofs (h is
3) thannew callsandhandofs arenot given ary preferentiakreatmeniover new calls. As
theloadincrease®othblockinganddroppingprobabilitiesincreaseacrossall valuesof g.
A similartrendcanbe seen(not shavn here)asmobility increases.

The objectve of admissioncontrol schemess to minimize the call blocking probability
while keepingcall dropping probability belov an acceptabldimit. For guardchannels
basedschemesthis is equivalentto guaranteeing given upperbound oncall dropping
probability usingasfew guardchannelsaspossible. However, staticallydeterminingthe
right numberof guardchanneldo achieve this is not possible sinceit dependsn traffic
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Figure 13.3: Minimum numberof guardchannelsequiredto keepdroppingprobability
below 1/1000

conditionssuchasloadandmobility.

Figure13.3(a)shavs the minimumnumberof guardchannelgercell requiredto keep call
droppingprobability belowv 1/1000, for differentvaluesof load. It alsoshaws the corre-
spondingblocking probabilities. Thesevalueswereobtainedfor eachload by conducting
a seriesof experimentswith progressiely increasingnumbersof guardchannelauntil the
droppingprobability fell belov 1/1000. The numberof guardchannelss shovn on the
right vertical axis. It canbe seenthatthe minimum numberof guardchannelsrequired
varieswith load. For example,at a load of 5 Erlangs/cellthe numberof guardchannels
requiredis 3 while it is 5 whenloadis 6 Erlangs/cell.

Figure13.3(b)shavs theminimumnumberof guardchannelgpercell requiredto keepcall
droppingprobability belon 1/1000 for differentvaluesof mobility. Again, the minimum
numberof guardchannelgequiredvarieswith mobility. For example,whenmobility (k)
is 2, the numberof guardchannelsequiredis 4 while it is 5 whenh is 3.

From thesefigures, it is evident that fixing the numberof guardchannelsstatically will
resultin eitherunderutilization of bandwidthor poorquality of service.Henceit is desir
ableto have anadaptve schemdhatdynamicallyadjuststhe numberof guardchannelsn
eachcell to suit the prevailing traffic conditions. In the following section,we shav how
reassignmentsould be usedfor this purpose.
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Figure13.4:lllustration of the effectivenessf reassignments

13.4 Effectivenessof Reassignments

When no free channelsare available in a cell for a new request,it may be possibleto

relocateanon-goingcall in aneighboringecell to a differentunusedchannelin thatcell and

releasehe currentlyusedchannel.This releasedhannelcanthenbe assignedo the new

requestSuchareallocationof channelgo callsin progresgo make roomfor anew request
is calledreassignment(This hasbeenshawn to increasdhe capacityof the systento carry
moreload[16]. But reassignmentsayincornvenienceusersandincur communicatiorand
processingverheadsHencereassignmentshouldbe usedsparinglyandjudiciously.

We proposeusingreassignments reducehandof failures. Dynamicchannelassignment
schemegannotmaximizechannekeuseasthey sene randomlyofferedchannelkequests.
As aresult,it is almostalwayspossibleto reassigrnchanneldo callsin progresgo make
roomfor a successfuhandof. Further a handof involvesreleasinga channelin the old
cell which canpotentiallybe reassignedo free up a channelin the new cell. While reas-
signmentgdo have anassociateadostthey aremuchmorepreferablethandroppingcalls.
Thus,relying on reassignments avoid call droppingis justifiable. However, it is not ad-
visableto usereassignment® admita new call sincethe needfor reassignmernindicates
overloadin the neighborhood.Admitting a new call in sucha scenariais likely to cause
mary morereassignmentsvioreover, it mayleadthe systemto a stateof saturatiorwhere
no furtherreassignmentarepossibleresultingin failed handofs.

A simpleschemebasedon reassignmentsalledHOREL, rejectsa new call only if there
are no free channelsavailable (i.e., no guardchannels)ut usereassignmentg needed
to satisfy a handof request. Figure 13.4 compareghe performanceof GUARD with ¢
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of 5 and HOREL. The averagenumberof reassignmentper call is shavn on the right
vertical axis. This indicatesthe expectednumberof timesa mobile is forcedto switch
channelsdueto reassignmentsHOREL dropslessthan1 in 10000calls while blocking
much fewer calls than GUARD. But asthe load increasetHOREL causegjuite a few
reassignmentwith morethanl reassignmenperevery 4 callsadmitted,atload 7. At low
loadsthe additionalnumberof calls servicedmorethancompensatethe overheaddueto
reassignmentdAs the systemgetsoverloadedthe numberof reassignmentgrows rapidly
without a correspondingncreasen the numberof servicedcalls.

It is clearthatthe uncontrolleduseof reassignmenteven for handofs could be counter
productie. However, usedn acontrolledmanneyapartfrom ensuringsuccessf handofs,
reassignmentalsoprovide anindicationof congestiorin the neighborhood.Oneway to
controlreassignments by emplying guardchannelsReservingafew channeldor hand-
offs obviatesthe needfor frequentreassignmentsOn the otherhand,reassignmentsan
be thoughtof asa feedbackmechanisnto determinethe right numberof guardchannels
to eliminatehandof failures. The numberof guardchannelcanbe dynamicallyadjusted
basedon the extentof congestiorasindicatedby thereassignmenfrequeng. This allows
thesystemo respondustin time adaptingo theexisting traffic conditionsratherthancon-
senatively allocatingmoreguardchannels.Thus,it is possibleto usebothreassignments
and guardchannelssynegistically. Reassignmentmitigate the negative effect of guard
channelson bandwidthutilization while guardchannelgpreventexcessve reassignments.

We shallnow seetwo suchadaptve scheme+ OREL andMXREYV thatutilize the knowl-

edgeof reassignments the neighborhoodlifferently LOREL attemptsto containthe
numberof reassignmentsndera specifiedimit while MXREV triesto maximizetherev-

enueby balancingthe penaltyfor reassignmentwith the rewardfor servicedcalls. From
a quality of servicepoint of view it is desirableto placean upperbound onthe number
of timesa mobile is forcedto switch channels.From a serviceprovider’s point of view

it is desirableto maximizethe revenuegeneratedy the service. LOREL and MXREV

respectrely addresshesetwo perspecties.

In boththeseschemesicell usests localneighborhoodnformationin decidingthenumber
of guardchannelslt is assumedhateachcell is awvareof thenumberof reassignmentshe
numberof admittedcalls andthe numberof blocked callsin the neighborhood Basedon
this informationeachcell periodicallyadjustsits numberof guardchannelslt is assumed
thatthis periodis big enoughto capturesteadystatebehaior but muchsmallerthanthe
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time betweenchangesn traffic conditions. Note thattheseschemesre characterizedby
distributed decisionmakingusinglocal information. While eachcell actsindependently
collectively they have the effect of achieving a commonobjective. Following subsections
describehesescheme#n detail.

13.4.1 Bounding Reassignments

The boundedreassignmenschemelL OREL attemptsto containreassignmentrequeng
below a specifiedlimit »* asfollows. Eachcell periodicallyadjuststhe numberof guard
channelsy*, basedon reassignmenfrequeng in the neighborhood.lt keepstrack of the
numberof callsadmitted ¢, andthe numberof reassignments, in theneighborhoodaince
thelastadjustmento its ¢*. If eitherthe numberof new call requestsn thatcell reachesa
thresholdvaluen’ or r reachesthresholdvaluer’, theng* is recomputedhsfollows.

g +1, r/c>r,
g" «— § max(¢g*—1,0), r/c<r*—9, (13.1)
qg*, otherwise.

In eachperiodthe numberof guardchannelss increasedf the reassignmenfrequeng

is above the given limit 7* andit is decreasedf the frequeng is below »* — §. When
the reassignmenfrequeny is within therange(r* — 4§, r*) the numberof guardchannels
remainsunchangedThe parametep is usedto insureagainstunderutilization by not al-

lowing the numberof reassignmentwo fall too far below the specifiedlimit. By making
cellsrecomputeheir g* valueswheneer the numberof reassignmenteacheghethresh-
old value,LOREL ensureshatcorrectve actionis takenwheneercongestions seenn the

neighborhoodOn the otherhand,by recomputing;* periodicallybasedon the numberof

new call arrivals, it ensureshatthe bandwidthdoesnot go underutilizedbecaus®f excess
guardchannels.

Figure 13.4 compareghe performanceof LOREL with GUARD and HOREL. For the
purposeof this experimentwe chose;* = 0.02, 6 = 0.005, n’ = 25, andr’ = 20. Thus,
the numberof guardchannelsy* in a cell is adjustedafter every 25 new call arrivalsin
that cell or after 20 reassignments its neighborhood.If the reassignmenfrequeny is
abore 0.02,¢* is incrementedndit is decremented reassignmenfrequeng falls belov
0.015.¢* staysunchangedf thereassignmerfrequeng is betweer0.015and0.02. From
the figure, it canbe seenthat reassignmenfrequeng is containedunderthe given limit
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Figure13.5: Revenueasa functionof loadandmobility

of 0.02 at all loads. Comparingthe blocking probabilitiesandreassignmentrequencies
of LOREL with thatof HOREL, it canbe saidthatLOREL achievessubstantiateduction
in the reassignmenfrequeng for a relatively smallincreasen the blocking probability,
Comparedo GUARD, the blocking probability of LOREL is significantly lower at low
loadsandthedifferencenarraovsathighloads.Further it shouldbenotedthattherewereno
droppedcallsunderLOREL. To sumup, the combinationof controlledreassignmentand
dynamicallydeterminedyuardchannelperformswell by adaptingo thetraffic conditions.

13.4.2 Maximizing Revenue

Reassignmentsffectively eliminatehandof failuresandalsomake it possiblefor the sys-
temto belessconserative in reservingguardchannelgesultingin higherutilization. But
reassignmentmay incorvenienceusersand incur communicationand processingover-
headsA serviceproviderwouldlik e to usereassignmentsnly if they areprofitable.From
this point of view, anideal schemds onethat maximizesthe revenueV’, giventhateach
call servicedoringsin reward R andeachreassignmernincurspenaltyP. We now describe
a schemecalled MXREYV, thatattemptso maximizethe revenuegiven R and P. We do
notconsiderthe penaltyfor call droppingsincereassignmentalmostcompletelyeliminate
them.

Eachcell keepdrackof thenumberof new callsblockedb andthenumberof reassignments
r in its neighborhoodTo maximizetherevenue MXREV triesto minimize L, the sumof
thepenaltydueto reassignmentandthelossin revenuedueto blockedcalls,b x R+r x P,
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by dynamicallyadjustingthe numberof guardchannelsg*. Note that changingg* has
opposingeffectson b andr. As in the caseof LOREL, the guardchannelsare adjusted
wheneer the r reachesa thresholdr” or the numberof new call requests: reachesa
thresholdr’.

(13.2)

*

" 2x9; =91 Li < Li,
Jiv1 .
9i1, otherwise.

Thecellsremembethevaluesof L andg* for thelasttwo periods: andi — 1. If thelossin
revenuedecreaseffom L;_; to L;, thenumberof guardchannelsg* will bemovedin the
samedirectionfor the next period: + 1 aswasdonein transitioningfrom period: — 1 to :.
Otherwise g* will be movedin the oppositedirection. In ary case g* is alwaysmovedin
stepsof 1.

Intuitively, this schemeperformsa blind hill-climbing. For a given load and mobility,
the revenuepeaksat a specificnumberof guardchannels. But due to changingtraffic
conditionsthisis a moving peak.In generaljt is not possibléo determingf the peakhas
beenreached.The schemereversesdirectionwhenever it senseghatit is moving down
the hill (whenlossin revenueincreasespndmovesin the samedirectionaslong asit is
climbing the hill (whenlossin revenuedecreases)Thusthe numberof guardchannels
howersaroundthe optimalvaluefor the currenttraffic conditions.

Figure 13.5(a)compareghe revenuegeneratedy MXREV with the bestobsered rev-
enueswith andwithout reassignmentandervaryingloadwhenboth P and R arel. The
bestrevenuewith reassignments/as obtainedfor eachload by selectingthe maximum
revenuefrom the experimentswith differentguardchannels.The bestrevenuewithout re-
assignmentsvas computedby consideringthe casethat achiezed a droppingprobability
lessthan1/10000 with the minimum numberof guardchannels.This limit on dropping
probability waschoserfor fair comparisorsincethe droppingprobability for MXREYV is
almostzero. Figure 13.5(b)shavs a similar comparisorundervarying mobility. In both
thesdfigures thedifferencan revenuebetweerthetwo bestcaseshavsthepotentialben-
efit from usingreassignmentsThe figuresshav that MXREV closely approximateghe
performanceof the bestcasewith reassignmentskixed guardchannelschemesndeven
adaptve schemeghat do not usereassignmentare unlikely to achieve the performance
of the bestcasewithout reassignment@&he bottomcurwe). The useof reassignmental-
lows the luxury of reactingto thetraffic conditionsjustin time. This explainsthe superior
performancef MXREV.
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Note that the revenueincreaseswith increasingload and graduallyflattensout. As the
offered load increasegshe amountof calls servicedalso increases. But the capacityto
admitmorecallsdecreasegraduallyandhencetheincrementabainstendto grow smaller
On the contrary the revenuedecreasesvith increasingmobility. Due to increasen the
numberof handofs moreguardchannelsarerequiredthusincreasingolocking probability,
Thenumberof reassignmentalsoincreasesEachcontributesto the declinein revenue.

13.5 Conclusions

We shavedthatreassignmentehenusedin a controlledmannerincreasehe channeluti-
lization without sacrificingthe quality of service.We alsoshavedhow guardchannelsan
be usedto control reassignmentsWe presentedwo schemeshatare basedon reassign-
mentswhich dynamicallyadjustguardchannelan eachcell adaptingto the local traffic
conditions. Simulationresultsshaved that theseschemegerformwell in balancingthe
numberof reassignmentandthe numberof admittedcalls while ensuringthatalmostno
droppingprobability of admittedcalls. Issuednvolvedin employing theseschemesn real
cellularsystemsneedto be addressedAn importantaspecbf theseschemess theirlocal
decisionmakingin fixing the numberof guardchannelslts effect on fairnessn resource
distribution amongdifferentcellsneedto beanalyzed.
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