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Abstiact—Destination-basedorwarding in traditional IP routershasnot
beenable to take full advantage of multiple paths that frequently existin
Internet Sewice Provider Networks. As a result, the networks may not
operate ef ciently, especiallywhen the traf ¢ patterns are dynamic. This
paper describesa multipath adaptivetraf ¢ engineeringmechanism,called
MATE, which is targetedfor switchednetworks suchasMultiPr otocol La-
bel Switching (MPLS) networks. The main goal of MATE is to avoid net-
work congestionby adaptively balancing the load among multiple paths
basedon measuement and analysisof path congestion. MATE adopts a
minimalist approachin that intermediate nodesare not required to per-
form traf ¢ engineeringor measuementsbesidesnormal packet forward-
ing. Moreover, MATE doesnot imposeany particular scheduling, buffer
management,or a priori traf c characterization on the nodes. This pa-
per presentsan analytical model, derivesa classof MATE algorithms, and
provestheir corvergence.Several practical designtechniquesto implement
MATE are described. Simulation resultsare provided to illustrate the ef -
cacyof MATE under various network scenarios.

|. INTRODUCTION
A. Motivation

InternetServiceProviders(ISPs)arefacingthe challengeof
designingheir networksto satisfycustomerstdemandsor fast,
reliable, and differentiatedservices. Internettrafc engineer
ing is emeging as a key tool for achieving thesegoalsin a
cost-efective manner Accordingto the IETF, Internettraf c
engineerings broadlyde ned asthat aspectof network engi-
neeringdealingwith the issueof performancesvaluationand
performanceptimizationof operational P networks[2]. More
speci cally, traf c engineeringoften dealswith effective map-
ping of trafc demandwnto the network topology and adap-
tively recon guring the mappingto changingnetwork condi-
tions. It is worth noting thattrafc engineerings more gen-
eralthanQoSroutingin the sensehattraf c engineeringypi-
cally aimsat maximizingoperationahetwork ef ciency while
meetingcertainconstraintswhereaghe mainobjective in QoS
routing is to meetcertain QoS constraintsor a given source-
destinatiortrafc o w.

The emegenceof MultiProtocol Label Switching (MPLS)
with its ef cient supporbf explicit routingprovidesbasicmech-
anismdor facilitatingtraf c engineering7], [14]. Explicit rout-
ing allows a particulampaclet streanto follow a pre-determined
path ratherthan a path computedby hop-by-hopdestination-

paclet is forwardedalongthe LSP by swappinglabels. Thus,
supportof explicit routingin MPLS doesnot entail additional
pacletheadewoverhead.

Severalresearcherbave proposedo addtrafc engineering
capabilitiesn traditionaldatagrammetworksusingshortespath
algorithms(e.g., see[15], [9]). Although suchschemesave
beenshavn to improvetheef ciency of thenetwork, they suffer
from severallimitationsincluding:

loadsharingcannotbeaccomplishe@mongpathsof different
costs,

traf c/polic y constraint{for example,avoiding certainlinks
for particularsource-destinatiotrafc) are not taken into ac-
count,

modi cationsof link metricsto re-adjustraf c mappingtend
to have network-wide effectscausingundesirableandunantici-
patedtraf ¢ shifts,and

traf c demandsnustbe predictableandknown a priori.

The combinationof MPLS technologyandits trafc engineer
ing capabilitiesareexpectedo overcomethesdimitations. Ex-
plicit LSPsand e xible traf c assignmenaddresghe rst lim-
itation. Constraint-basetbuting hasbeenproposedo address
the secondlimitation. Furthermorenetwork-wide effects can
be preventedwhen LSPsare pinneddown. A changein LSP
routewill only causehedisturbancef thetrafc for thecorre-
spondingsource-destinatiopair. The objective of this paperis
to addresshelastlimitation.

In MPLS, trafc engineeringmechanismsmay be time-
dependenor state-dependenin atime-dependennechanism,
historicalinformationbasedon seasonaVariationsin trafc is
usedto pre-progranlLSP layoutandtraf c assignmentAddi-
tionally, customesubscriptioror traf c projectionmaybeused.
Pre-programmedl SP layout typically changeson a relatively
long time scale(e.qg.,diurnal). Time-dependennechanismslo
notattemptto adaptto unpredictabléraf ¢ variationsor chang-
ing network conditions.An exampleof atime-dependennech-
anismis a global centralizedoptimizerwherethe input to the
systemis a traf ¢ matrix and multiclassQoS requirementsas
describedn [13].

When there are appreciablevariationsin actualtrafc that
could not predicted using historical information, a time-

basedrouting suchas OSPFor IS-IS. With destination-based dependenmechanismmay not be able to prevent signi cant

routingasin traditionallP network, explicit routingcanonly be
providedby attachingto eachpaclet the network-layeraddress
of eachnodealongthe explicit path. However, this approach
generallymakestheoverheadn the paclet prohibitively expen-
sive. In MPLS, a path(known asalabel switchedpathor LSP)
is identi ed by a concatenatiorof labelswhich are storedin
the nodes. As in traditionalvirtual-circuit packet switching, a

imbalancen loadingandcongestionln suchasituation,astate-
dependenmechanisntanbe usedto dealwith adaptve traf c

assignmentb theestablishedl SPsaccordingo thecurrentstate
of thenetwork which maybebasedn utilization, pacletdelay
pacletloss,etc. In this paper we assumehat LSP layout has
beendeterminedisinga long-termtraf c matrix. The focusis
onloadbalancingshort-terntrafc uctuationsamongmultiple
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LSPsbetweeraningressnodeandanegressnode.

B. Overviav

We proposea state-dependeiitaf c engineeringnechanism
called Multipath Adaptive Trafc Engineering(MATE). Some
of thefeatureof MATE include:

distributedadaptve load-balancinglgorithm,

end-to-enctontrolbetweeringressandegressnodes,

no new hardware or protocol requirementin intermediate
nodes,

noknowledgeof traf c demands required,

no assumptionon the schedulingor buffer management
schemesitanode,

optimizationdecisionbasedn pathcongestioormeasure,

minimal pacletreorderingand

no clock synchronizatiometweertwo nodes.

MATE operationalsettingassumeshat that several explicit
LSPs(typicallyrangefromtwoto ve)betweeraningressode
andan egressnodein an MPLS domainhave beenestablished
usingastandargrotocolsuchasCR-LDP[10] or RSVP-TH[3],
or con guredmanually Thisis atypical settingwhich existsin
anoperationalSPnetwork thatimplementdMPLS. Thegoal of
the ingressnodeis to distribute the traf ¢ acrossthe LSPsso
that the loadsare balancedand congestionis thus minimized.
Thetrafc to bebalancedy theingressnodeis the aggreyated

ow (calledtrafc trunkin [12]) that shareghe samedestina-
tion. MATE is intendedfor traf c that doesnot requireband-
width resenation with best-efort trafc beingthe mostdomi-
nanttype.Figurel shavs anexampleof anetwork ervironment
wheretherearetwo ingressnodes,Al andBI, andtwo egress
nodes AE andBE, in an MPLS domain. MATE would be run
on Al andBI to balancdrafc destinedo AE andBE, respec-
tively, acrosghe LSPsconnectingrom Al to AE andfrom BI to
BE. Note thatthe LSPsconnectinghe two pairsmay be over-
lapping and sharingthe sameresources.However, this paper
shavs thatstability canbeguarantee@venthoughthe pairsop-
erateasynchronously

Figure2 shawvs a functionalblock diagramof MATE located
at aningressnode. Incomingtrafc entersinto a Itering and
distribution functionwhoseobjectveis to facilitatetraf ¢ shift-
ing amongthe LSPsin a way that reducesthe possibilitiesof
having pacletsarrive at the destinatiorout of order Themech-
anismdoesnotneedto know the statisticoof thetraf c demands
or o w stateinformation.

Thetrafc engineerindunctiondecideson whenandhow to
shift traf c amongthe LSPs. Thisis donebasedon LSP statis-
tics which are obtainedfrom measurementising probe pack-
ets. Thetrafc engineeringunction consistsof two phasesa
monitoringphaseandaloadbalancingohaseln themonitoring
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phase,if an appreciableand persistenithangein the network
stateis detectedtransitionis madeto theloadbalancingphase.
In the load balancingphasethe algorithmtriesto equalizethe
congestiommeasuregmongthe LSPs. Oncethe measuresre
equalizedthe algorithmmovesto the monitoringphaseandthe
wholeprocessepeats.

Therole of the measuremerdnd analysisfunctionis to ob-
tainone-wayL SPstatisticssuchaspacletdelayandpacletloss.
This is doneby having the ingressnodetransmitprobe paclets
periodicallyto the egressnodewhich returnsthembackto the
ingressnode.Probingmaybedoneperclassij.e., probepaclets
have the sametype of serviceheadelinformationasthe trafc
classbeingengineeredBasedon theinformationin thereturn-
ing probepaclets,theingressnodeis ableto computethe one-
way LSP statistics.Estimatorof LSP statisticSfrom the probes
may be obtainedreliably andef ciently usingbootstrapresam-
pling techniques.Thesetechniquesprovide a dynamicmecha-
nismfor sendingheprobepacletssothatthesmallesnumbelis
automaticallyselectedsthetraf ¢ conditionschangeo provide
a givendesirabledegreeof accurag. Recentmeasurementis
thelnternetindicatelittle variationsof aggreyatetraf c onlinks
in 5-minintenals[17]. This quasi-stationaritgonditionwhere
traf c statisticschangerelatively slovly (muchlongerthanthe
round-trip delay betweenthe ingressand egressnodes)facili-
tatestraf ¢ engineeringandload balancingbasedon measure-
mentof LSP statistics.

C. Paperorganization

The rest of the paperis organizedas follows. Sectionll
presentsan analyticalmodelfor multipathload balancing,de-
rivesaclassof MATE algorithmsandprovestheir stability and
optimality. Sectionlll detailsthe overall MATE schemeand
discusseseveralimplementatiortechniquessuchastrafc |-
teringanddistribution, traf c measuremenhootstrappingetc.
SectionlV describesan experimentalsetupto verify the effec-
tivenesof the proposedschemeSectionV presentshe perfor
manceresultsandilluminatesthe behaiors of the algorithmin
differentnetworking ernvironmentsandwith traf c modelsrang-
ing from Poissorto traf c modelswith longerdependencelhe
Appendixprovidesanalyticalsupportandproofsfor the results
presented.

Il. MATE ALGORITHMS

In this sectionwe presentan analyticalmodel of multipath
load balancing,derive a classof asynchronousMATE algo-
rithms,andprove their stability andoptimality.



A. Model

We modelaMATE network by aset of unidirectionalinks.
Itissharecbyaset of ingress—gresqIE) nodepairs,indexed
. Eachof theselE pairs hasaset of LSPs
availableto it. Notethat, by de nition, notwo (distinct) IE pair
usesthe sameL. SR, eventhoughsomeof their LSPsmay share

links. Hence aredisjointsets.
An |[E pair hasatotalinputtrafc of rate androutes
amountof it on LSP suchthat
for all
Let be the rate vectorof , andlet

thevectorof all rates.
The ow onalink hasa ratethatis the sumof source
rateson all LSPsthattraverselink :

asafunctionof the
is corvex (and

Associatedvith eachlink is acost
link ow . We assumethat, for all ,
hencecontinuous).

Ourobjectiveis to minimizethetotal cost
by optimally routingthetraf cs on LSPsin

1)

subjectto for all

@)
3)

A vector iscalledafeasiblerateif it satis es(2—3). A feasible
rate is calledoptimalif it is aminimizerto theproblem(1-3).

As obsenredin [5, Chapters], the derivative of the objective
functionwith respecto is

for all

We will interpret asthe rst deriative lengthof link ,
and asthe( rst derivative)lengthof LSP .

Thefollowing characterizationf optimalrateis adirectcon-
sequencef theKuhn-Tuckertheorem(seealso[5, Chaptel5]).
It saysthatat optimality a pair splitsits traf ¢ only amongLSPs
thathavetheminimum(andhencesqual) rst derivativelengths.

Theoeml: Theratevector is optimalif andonly if, for
eachpair , all LSPs with positive 0 ws have minimum
(andequal) rst derivativelengths.

B. Asyntironousalgorithm

A standardtechniqueto solve the constrainedptimization
problem(1-3)is the gradientprojectionalgorithm. In suchan
algorithmroutingis iteratively adjustedn oppositedirectionof
thegradientandprojectedontothefeasiblespaceade ned by (2—
3). Eachiterationof thealgorithmtakestheform:

where is a stepsizeand should be chosensufciently
small, is a vector whose th elementis the rst
derivative length of LSP attime ,
and is the projectionof avector ontothefeasiblespace.
The algorithmterminatesvhenthereis no appreciablehange,
ie., for someprede ned .

Notethatthe above iterationcanbe distributively carriedout
by eachpair withouttheneedto coordinatewith otherpairs:

(4)

is 'sratevectorat time ,
is the vectorof rst
. However (4) is not realistic,

where
and
derivative lengthsof LSPsin
for two reasons.

First (4) assumesll updatesaresynchronizedSecondt as-
sumegzerofeedbacldelay Speci cally (4) assumethatassoon

asthe IE pairshave calculateda new ratevector it is re-
ected immediatelyin all thelink o ws:
(5)
andin all the rst derivative lengths:
— (6)

Moreoverall pairs have availablethesenew valuesin

for computatiorof theratevectorin thenext period.In practice
the IE pairsupdatetheir ratesasynchronoushandin an unco-
ordinatedmanner Moreoverthe rst derivative lengthof aLSP
canonly beestimatee&mpiricallyby averagingseveralmeasure-
mentsover a periodof time. We now extendthe modelto take
thesefactorsinto account.

Let beasetof timesatwhich |E pair ad-
justsits ratebasedon its currentknowledgeof the ( rst derva-
tive) lengthsof LSPs . At atime , calculatesa
new ratevector

(7)

and,startingfrom time , splitsitstrafc ~ alongits LSPs
in  accordingto until afterthe next updatetime in
. Here is anestimateof the rst derivativelengthvector
attime , andis calculatedasfollows.
The new ratescalculatedby the IE pairsmaybere ectedin
thelink o ws aftercertaindelays.We modelthis by (cf. (5))

(8)

(9)

In the above representshe ow rateavailableatlink at
time andis anweightedaverage(convex sum)of pastsource
rates . The weights dependon and
canbe differentbetweeneachsource andlink , on different



LSPs , andatdifferenttimes . Thismodelis very generabnd
includesin particularthefollowing two populartypes:
Latestdataonly: only the latestrate , for some(typi-
cally unknown)
of ,l.e., if andO otherwise.
Latestaverageonly theaverageoverthelatest ratesis used
in the measuremerf , e, for
andO otherwisefor some(typically unknown

An |E pair estimatesthe rst deriative length of an LSP

by asynchronouslgollectinga certainnumberof mea-
surementgusing probepaclets, seebelon), andforming their
mean.Hence(cf. (6))

(10)

(11)

Againtheestimatds obtainedby “averaging'over the pastval-
uesof LSP lengths,and candependon . The model
is very generalandincludethe specialcasesof usingonly the
last receved measurementr the averageover the last  val-
ues,asdiscussedbore. Theinterpretatiorin bothcasesds that
themeasurements for have notbeenre-
ceivedby bytime , andthe measurement®r (latest
dataonly) or for

This concludesghedescriptiorof ouralgorithmmodel(equa-
tions 7-11). The modelis similar to thatin [18], with two dif-
ferences. First their model distinguishesbetweenthe desired
rate ascalculatedby the projectionalgorithmandthe ac-
tual realizedsourcerate . Theactualrate is a convex
combinatiorof thecurrentdesiredate andthepreviousac-
tual rate . This modelsthe factthata desiredrate
may not be realizedimmediately asin avirtual circuit network
wherevirtual circuits may persistover several updatecycles.
We arehowever only dealingwith IP datagrams&ndhenceit is
reasonabléo assumehateachingressnodecanshift its traf ¢
amongthe LSPsavailableto it immediatelyafter eachupdate.
Secondheirmodelassumethat,attime , each hasavailable
thecurrentrst derivativelengths andusest in
placeof the gradientin the updatealgorithm. We however as-
sumethat, attime , mayonly have outdatedrst derivative
lengths(see(10-11));moreorer usesaweightedaverageover
severalpastlengthsin the updatealgorithm. Thisis becausein
ourcase, canonly estimatehe rst derivative lengthsthrough
noisymeasurement.

Thenext resultstateghatthe algorithmcorvergesto anopti-
mal routing, providedthefollowing conditionsaresatis ed:
C1: Thecostfunctions aretwice continuouslydifferen-
tiableandcorvex.
C2: Their derivatives
sets,i.e., for any boundedset
suchthatfor all , wehave .
C3: Forary constant thesets arebounded.
C4: Thetimeinterval betweerupdatess bounded.

Theoem?2: UnderconditionsC1—-C4,startingfrom ary ini-
tial vector , thereexistsa sufciently smallstepsize such

are Lipschitz over ary bounded
thereexistsa constant

(latestaveragehave beendiscarded.

thatany accumulatiorpoint of the sequence
by theasynchronoualgorithmis optimal.
A more careful accountingshows that the stepsize , and

generated

, is usedin themeasurement hencethe speedf corvergencedepend®nthedegreeof asyn-

chronismas expressedy the parameter de ned in (8), the
“steepnessof the costfunction as expresseddy the Lipschitz
constanin conditionC2, andthe sizeof the network. For ease
of exposition,supposehecostfunctionsareuniformly globally
Lipschitz,i.e.,for all links andall , ,wehave

Theoem3: An upperboundin Theoren? is:

where is the total numberof LSPsin the network, is the
numberof hopsin the longest(maximum—-hop)LSP  is the
maximumnumberof LSPsgoingthroughalink, and , de ned

in (8), measurethedegreeof asynchronism.
Thetheorensuggestshatthelargerthedegreeof asynchronism
measuredy , the smallerthe stepsizeand henceslower the
corvergence.

C. Examplecostfunction

The choice of costfunctionsdetermineghe parametergo
be measuredand equalizedin carrying out MATE. A natural
choicefor thelink costis delay ThenTheoreml impliesthat
thederivativesof the LSPdelayarethe congestiormeasure$o
beequalized.

If we take the delayto be the averagedelay of an
gueue , representinghelink capacity
then satis esthe conditionsof Theorem2 andhencethe al-
gorithmwill corvergeto anoptimaltrafc split. Note thatthe
link capacity typically uctuatesrandomly Hencethedelay
derivatives cannotbe computedand mustbe measured.Loss
maybeincorporatednto thecostby treatingeachpacletlossas
a x ed(large)delay Anotheralternatveis to usethe productof
lossanddelayasthe costfunction. In summarythe basicgoal
is to steerthe network towardsa desiredoperatingoerformance
basedn achosercostfunction.

I1l. MATE IMPLEMENTATION TECHNIQUES

In this section,we provide further elaborationon the tech-
niguesemployedin ourimplementatiorof the MATE functions.

A. Trafc Itering anddistribution

Thetrafc Itering anddistribution function rst distributes
the trafc to be engineeredfor a given ingress-gresspair
equallyamong bins, wherethe numberof bins determines
the minimum amountof the traf c that can be shifted. If the
totalincomingtraf c to beengineereds of rate  bps,eachbin
would receive anamountof bps.Thetrafc from the

binsis thenmappedntothe LSPsaccordingotheMATE
algorithmdescribedn thelastsection.

Theengineeredraf c canbe ltered anddistributedinto the

binsin anumberof ways.A simplemethods to distributethe
traf c onaperpacletbasiswithout ltering. For example,one



may distribute incomingpacletsat the ingressnodeto the bins
in around-robinfashion.Althoughit doesnot have to maintain
ary per o w statethemethodsuffersfrom potentiallyhaving to
reorderan excessve amountof pacletsfor a given o w which
is undesirabldor TCPapplications.

Ontheotherextreme,onemay lter thetrafc onaper ow
basis(e.g.,basedon sourcelP addresssourceport, destina-
tion IP addressdestinationport, IP protocol tuple),anddis-
tributethe o wsto the binssuchthatthe loadsaresimilar. Al-
thoughper o wtrafc Itering anddistributionpreserespaclet
sequencingthis approachhasto maintaina large numberof
statego keeptrackof eachactive o w.

Anothermethodis to Iter theincomingpacletsby usinga
hashfunctiononthelP eld(s). The elds canbebasednthe
sourceand destinationaddresgair, or othercombinations.A
typical hashfunctionis basedon a Cyclic Redundang Check
(CRC). The purposeof the hashfunctionis to randomizethe
addressspaceto prevent hot spots. Trafc can be distributed
into the  binsby applyinga modulo-Noperationon the hash
space. Note that paclet sequencdor each o w is maintained
with this method.

After the engineeredraf c is distributedinto the  bins, a
secondfunction mapseachbin to the correspondind_SP ac-
cordingto the MATE algorithm. Therule for the secondfunc-
tion is very simple. If LSP is to receve twice asmuchtrafc
asLSP ,thenLSP shouldrecevetrafc from twice asmary
binsasLSP . Thevalue shouldbechosersothatthesmall-
estamountof traf c thatcanbe shifted,whichis equalto
of thetotalincomingtraf ¢, hasareasonablgranularity

B. Traf c measuementandanalysis

The efcacy of ary state-dependentrafc engineering
schemedepend<rucially on the traf c measuremenprocess.
MATE doesnot requireeachnodeto performtrafc measure-
ment. Only theingressandegressnodesarerequiredto partici-
patein themeasuremergrocess.

For thepurposeof balancingheloadsamongL SPs theavail-
ablebandwidthappears$o beadesirablametricto measureThe
methodsfor measuringhe availablebandwidthof a givenpath
have beendescribedn the past(e.g.,see[11], [8]). Basedon
our experiencethis metric turnsout to be dif cult to measure
accuratelyusingthe minimal requirementassumedh MATE.

To this end,we found that paclet delayis a metric that can
be reliably measuredThe delayof a paclketon anLSP canbe
obtainedy transmittingaprobepaclketfrom theingressodeto
theegressode.Theprobepacletis time-stampedttheingress
nodeattime andrecordedatthe egressnodeattime . If
the ingress'clock is fasterthanthe egress'clock by , then
thetotal pacletdelay(i.e, queueingime, propagatiortime, and
processingime) is . A groupof probepaclets
sentoneat a time on an LSP can easilyyield an estimateof
the meanpaclet delay . Thereliability of the
estimatorcanbe evaluatedby bootstrappindseedetailsbelow)
to give the con denceinterval for the meandelay Oneimpor
tant point to noteis thatthe valueof  is not requiredwhen
only themaginal delayis neededMATE exploits this property
by relying only on mamginal delaysratherthanabsolutedelays.
Thereforeclock synchronizatioris notnecessary

Pacletlossprobabilityis anothemetricthatcanbeestimated
by a groupof probepaclets. In general,only reasonablhjhigh
paclet lossratescan be reliably obsened. Packet loss proba-
bility canbe estimatedby encodinga sequence&umberin the
probepacletto notify the egressnodehow mary probepaclets
have beentransmittedby the ingressnode,andanothereld in
theprobepacletto indicatehow mary probepacletshave been
receved by the egressnode. Whena probepaclet returns,the
ingressnodeis ableto estimatethe one-way pacletlossproba-
bility basedonthe numberof probepacletsthathasbeentrans-
mittedandthe numberthathasbeenreceved. The advantageof
this approachis thatit is resilientto lossesn the reversedirec-
tion.

Thebootstrags a powerful techniquefor assessinthe accu-
ragy of a parameteestimatorin situationswherecorventional
techniquesarenot valid [19]. Most othertechniquedgor com-
puting the varianceof parameteestimatorsor for settingcon-

dence intervals for the true parameteassumehat the size of

the available setof samplevaluesis sufciently large, so that
asymptotiaesults(centrallimit theorem)canbeapplied.How-

ever, in mary situationsthe samplesizeis necessariljfimited,

suchis the casein traf ¢ engineeringnechanisméike MATE,

wherethe probepacletloadshouldnotconsumesigni cant net-
work resources.In MATE, we canusethe bootstrapto obtain
reliableestimate®f the congestiommeasuresf themeandelay
andcell lossratefrom a givensetof measurementsbtainedvia
the probepaclets. By selectinga desirablecon denceintenal,

we getadynamicway of specifyingthenumberof obsenations
neededThisprovidesabuilt-in reliability estimatomwhichauto-
matically selectshe requirednumberof probepacletsto send.
We have foundthis quiteusefulin ourimplementationsn com-
parisonwith schemesvherethe numberof probepacletsis set
in anad-hoanannerandthenumberof probeamaybetoosmall
ortoolarge. Thefollowing is abasicprocedurdor computinga
con denceinterval:

Step0: Supposeheoriginalsampléas

Stepl: Draw arandomsampleof m valueswith replacement
from . Thisproduceghebootstrapesample .

Step2: Calculatehemeanfor (say ).

Step3: Repeastepsl and2 alargenumberof timesto obtain
n bootstrapestimates

Step4: Sort the bootstrapesnmates nto increasingorder

Step5: Thedesired
for the meanis

bootstrapgon denceintenal
, Where and

IV. EXPERIMENTAL METHODOLOGY

In this section,we usesimulationsto evaluatethe effective-
nessof MATE. The objective of our simulation study is to
shav that within a network that has multiple LSPs between
someingressand egressnodes,the trafc distribution under
the MATE algorithmis stable,andload balancingis achieved.
We concentrateon two network topologies: one with a single
ingress-gresspair connectedy multiple LSPs,andthe other
with multiple ingress-gresspairswheresomelinks areshared
amonghe L SPsfrom differentpairs.Notethatin thelattercase,
thereis a considerablénteractionbetweerthe pairs. In thefol-



Fig. 4. ExperimentNetwork Topology?2

lowing, we will presenta descriptionof the simulator the test
networkswe use,andthedatacollection.

We wrote a paclet level discrete-gentsimulator which sup-
ports entitiessuchas paclet queues switchedLSPs, network
connections We considemetworking ervironmentswherethe
traf c conditionsvary dueto changesn network load (link uti-
lization), for example,dueto "rush hour” conditions,or some
LSP failures,andtrafc variationsdueto correlationsandde-
pendencies.We realizethat we cannot distribute paclets be-
longing to short lived network connections. As a result, we
specifytwo typesof trafc in our simulator: engineeredrafc
andcrosstraf c. Theengineeredraf ¢ is thetraf c thatneeds
to be balancedandthe crosstrafc is the backgroundrafc
thatwe have no controlover. We assigralifetime to eachtraf ¢
sourcesowe areableto simulatethedynamicbehaiorsof anet-
work by switchingon andoff crosstraf c sourcesWe consider
a trafc modelwhich exhibits short-rangedependenciesuch
asPoissonandanothermodelwhich canbe tunedto modela
large degreeof dependencied-or the latterwe usethe DAR( )
procesqdiscreteautorgyressie processof order ) [16]. The
parameter determineshetime-scaleoverwhichtrafc depen-
deng and correlationare exhibited. If is 1, the processs
a standardMarkov process.In our experimentswe set to a
valueof 10; this leadsto a substantialegreeof correlationin
thegeneratedraces.

Figure3 andFigure4 arethe two network topologiesusedin
our experiment. The rst topologyconsistsof a single pair of
ingress-gressnodes.Thereare6 LSPsconnectinghe ingress
nodeto the egressnode,andall links areidenticalso that the
LSPshave thesamebottlenecKink bandwidth.

In the secondnetwork topology we have 3 ingressnodes,
11, 12, and |3, andthreeegressnodes,E1, E2, and E3. Alto-
getherthey form threepairs. Thelinks in thisnetwork areagain
all identical. Eachingress-gresspair hastwo LSPsfor traf c
balancing. We setup this scenarioso thereis a commonlink
for every two pairs. In eachof our simulationsthe engineered
trafc for eachpair o ws from the ingressnodeto the egress
node. The crosstraf c entersat the intermediatenodeand ex-
its at egressnode(s). We considertwo implementation®f the
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basicalgorithm. In the rst one,a smallrandomdelayis intro-
ducedbeforethealgorithmmovesfrom the monitoringphaseo
thetraf c engineeringphaseupondetectionof changen traf c
conditions. This dampingmechanisnreducessynchronization
amongmultiple ingressnodes. In the secondmplementation,
thereis acoordinatioramongtheingressnodessothatonly one
ingressnodeat atime enterghetraf ¢ engineeringphase.This
obviouslyrequiresa specialcoordinatiorprotocol. We omit the
detailsin this paper

In orderto dodatacollection,we recordthetotal offeredload
andthelossrateon eachlink. We computethelossrateon each
LSP from the link lossrates. The lossrateon an LSP canbe
computedby assuminghat the link lossratesareindependent
asfollows:

wheretheproductis takenoverall links in theLSP

V. SIMULATION RESULTS

In this sectionwe shaw theresultsfrom the simulationof the
two networksin the previoussection. Theseresultsareencour
agingin thatthey show our algorithmshave goodstability and
corvergenceproperties.

First we presentheresultsfrom a singleingress-gresspair.
We shaw two setsof datafor this scenario.Figure5 and Fig-
ure 6 shaw the resultsof anexperimentwith Poissortrafc on
the network in Figure3. Initially, all of the engineeredrafc
streamareroutedononeof theLSPsandcrossrafc enterthe
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network at the intermediatenodesconnectingthe ingressand
egresmodes We have anunbalancedituationwith oneheaily
congested.SP and ve lightly loadedLSPs. As shawn in the
plot, thealgorithmis ableto successfullyeducethe engineered
traf c fromtheoverloadedink anddistributethemto theunder
utilized links. Thelosscurve shaws clearlythatthelossrateon
the rst LSP droppedfrom 40%to a valuethatis too smallto
obsene’. The lossrateson the other LSPsare maintainedat
negligible levelsthroughouthesimulation.The nal trafc dis-
tribution corvergesto a steadystate whereutilizationsarevery

Notethatlossrateson the orderof 10%to 20%arenot atypicalin the Inter
net.
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closeonall LSPs.We obsenesimilarbehaior in Figures7 and
8 wherethe Poissorstreamsareherereplacedvith DAR traf ¢
streamghatpossesgorrelationanddependenceWe point out
thatthe probetraf c requiredin theeachphaseof thealgorithm
is around of the engineeredrafc, therebyensuringthe
scalabilityof the overallapproach.

The Figures10 - 13 showv the simulationscenariofor Fig-
ure 4 underthe two implementationgnentionedearlier Again
theengineeredraf c streamdravel from theingressnodeto the
egresmnode,andthecrosstraf ¢ enterghroughtheintermediate
nodesandexit at the egressnodes. The crosstraf c dynamics
areshown in Figure9. Thereis a decreasén crosstrafc on
link 3 right before2000 secondsand a increasein crosstraf-
¢ onlink 2 around3600seconds.In orderto balancetrafc,
the algorithmsmustshift traf ¢ into link 3 andpossiblyout of
link 2. Both implementationgssentiallyachieve the sameper
formance,whereutilizations and loss rateson threeLSPsare
comparableFigurel4 andFigurel5 shav the samesimulation
with DAR trafc insteadof Poissontraf ¢ wherecoordination
amongingressnodeis considered.

VI. CONCLUSIONS

Our focus on this paperwasto apply adaptie trafc engi-
neeringto utilize network resourcemore ef ciently and mini-
mizecongestionWe have proposed classof algorithmscalled
MATE, which tries to achiere theseobjectives using minimal
assumptionghrougha combinationof techniquesuchasboot-
strapprobepaclets, which control the amountof extra traf c,

and maminal delaysthat are easily measurableand do not re-
quire clock synchronization.Our analyticalmodelsprove the
stability and optimality of MATE. Our simulationresultsshav
thatMATE caneffectivelyremovetraf c imbalanceamonghat
may occur amongmultiple LSPs. We obsenre that, in mary
cases,high paclet loss ratescan be signi cantly reducedby
properlyshifting sometraf c to lessloadedLSPs. This should
bene t mary applicationssuchasTCP For futurework we will
considermorerealistic networking ervironmentsand examine
theimpactof MATE ontheapplicationlevel.
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APPENDIX
Proofof Theoem1

Sincethe costfunction is corvex the rst order optimality
conditionis both necessarandsufcient: is optimalif and

only if  is feasibleandthereexist constants suchthatfor
all

— 12)
with equalityif . Henceall LSPs with
have their rst derivative lengthsequalto |



Proof of Theoem?2
Its proofis adaptedrom thatin [18]. Let

. Usinga rst orderTaylor expansionfor  we have for
someratevector 2
13)
where andtheconstant dependsn
theinitial vector . We next shaw that
- (14)
(15)

for someconstant thatdepend®n
First, notethat(14) holdsif thefollowing holdsfor all :

- (16)
For (16) trivially holds. For applythe projection
theorem4] to (7) to obtain
Rearrangingermsyields(16).
To shawv (15) notethat sinceall normsin areequvalent
thereexistconstants and  suchthat
— 7)
(18)
Let and
, for some . In words, is the set

of ratevectors atwhichthetotal cost is no greaterthan
theinitial cost.As will beseen providedthestepsize is suf-
cientlysmall, forall (seg(21)).Thatis,

is thesetof all possibleratevectorsgiventheinitial . (This

For simplicity we write insteadof the more correctnotation for
the inner productof two vectors and . We usuallyuse to denotethe
Euclideamorm,but sometimes for emphasis.

canbemademorerigorousby induction.) Then s the setof
all possiblelink owsonlink . By conditionC2, we have for
someconstants

(19)

(20)

Hence

wherethe lastinequalityfollows from the fact that the corvex
function attaingits minimumof zeroover
attheorigin. This completeghe proof of
(15).
Substituting(14—15)into (13) we have

Summingoverall we have

(21)

Choose smallenoughsuchthat —

Since is in acompactsetand is continuous, is



lowerboundedThensince isboundedor all wemust
have , whichimplies

as (22)
Substitutinghisinto (20) we concludethat
as (23)

Let beanaccumulatiorpoint of . Oneexistssince
isin acompactet.By (23) andthefactthat is contin-
uouslydifferentiableve have

(24)

Sincethe time intenval betweerupdatess boundedfor ary ,
we can nd asubsequence that corvergesto

, e, . Applying againthe projectiontheo-
rem[4] to (7) we have for ary feasible

Taking we have by (22) and(24) thatfor ary feasible
Since by (22),wehave
, andhence

forarny feasible . Summingpverall ,wehaveforary feasible

which, since is corvex, is necessarandsufcient for  to
beoptimal. |

Proofof Theoem3

Sincethe costfunctions  areglobally Lipschitz uniformly
in ,theconstant in (13)equalghelipschitzconstant . For
ary -tuple , N , andhencetheconstant in
(A7)is . Similarly, since , theconstant in
(18)is . By Lipschitzcontinuity, the constant in (19)is

, theconstant followingis
. Finally, since , we have
in (20). Hencefrom (21) anupperboundfor the stepsize
is
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