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Abstract—Destination-basedforwarding in traditional IP routershasnot
beenable to take full advantageof multiple paths that fr equently exist in
Internet Service Provider Networks. As a result, the networks may not
operate ef�ciently , especiallywhen the traf�c patterns are dynamic. This
paper describesa multipath adaptive traf�c 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 measurement and analysisof path congestion. MATE adopts a
minimalist approach in that intermediate nodesare not required to per-
form traf�c engineeringor measurementsbesidesnormal 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 convergence.Several practical designtechniquesto implement
MATE are described.Simulation resultsare provided to illustrate the ef�-
cacyof MATE under various network scenarios.

I . INTRODUCTION

A. Motivation

InternetServiceProviders(ISPs)arefacingthechallengeof
designingtheirnetworksto satisfycustomers'demandsfor fast,
reliable, and differentiatedservices. Internettraf�c engineer-
ing is emerging as a key tool for achieving thesegoals in a
cost-effective manner. According to the IETF, Internettraf�c
engineeringis broadlyde�ned asthat aspectof network engi-
neeringdealingwith the issueof performanceevaluationand
performanceoptimizationof operationalIP networks[2]. More
speci�cally, traf�c engineeringoftendealswith effective map-
ping of traf�c demandsonto the network topology, andadap-
tively recon�guring the mappingto changingnetwork condi-
tions. It is worth noting that traf�c engineeringis more gen-
eral thanQoSroutingin thesensethat traf�c engineeringtypi-
cally aimsat maximizingoperationalnetwork ef�ciency while
meetingcertainconstraints,whereasthemainobjective in QoS
routing is to meetcertainQoSconstraintsfor a given source-
destinationtraf�c �o w.

The emergenceof MultiProtocol Label Switching (MPLS)
with itsef�cient supportof explicit routingprovidesbasicmech-
anismsfor facilitatingtraf�c engineering[7], [14]. Explicit rout-
ing allowsaparticularpacketstreamto follow apre-determined
path rather than a path computedby hop-by-hopdestination-
basedrouting suchas OSPFor IS-IS. With destination-based
routingasin traditionalIP network, explicit routingcanonly be
providedby attachingto eachpacket thenetwork-layeraddress
of eachnodealongthe explicit path. However, this approach
generallymakestheoverheadin thepacketprohibitivelyexpen-
sive. In MPLS,a path(known asa labelswitchedpathor LSP)
is identi�ed by a concatenationof labelswhich are storedin
the nodes.As in traditionalvirtual-circuit packet switching,a

packet is forwardedalongthe LSP by swappinglabels. Thus,
supportof explicit routing in MPLS doesnot entail additional
packetheaderoverhead.

Several researchershave proposedto addtraf�c engineering
capabilitiesin traditionaldatagramnetworksusingshortestpath
algorithms(e.g., see[15], [9]). Although suchschemeshave
beenshown to improvetheef�ciency of thenetwork, they suffer
from severallimitationsincluding:

� loadsharingcannotbeaccomplishedamongpathsof different
costs,

� traf�c/polic y constraints(for example,avoiding certainlinks
for particularsource-destinationtraf�c) arenot taken into ac-
count,

� modi�cationsof link metricsto re-adjusttraf�c mappingtend
to have network-wideeffectscausingundesirableandunantici-
patedtraf�c shifts,and

� traf�c demandsmustbepredictableandknown apriori.
Thecombinationof MPLS technologyandits traf�c engineer-
ing capabilitiesareexpectedto overcometheselimitations.Ex-
plicit LSPsand�e xible traf�c assignmentaddressthe�rst lim-
itation. Constraint-basedroutinghasbeenproposedto address
the secondlimitation. Furthermore,network-wide effectscan
be preventedwhenLSPsarepinneddown. A changein LSP
routewill only causethedisturbanceof thetraf�c for thecorre-
spondingsource-destinationpair. Theobjective of this paperis
to addressthelastlimitation.

In MPLS, traf�c engineeringmechanismsmay be time-
dependentor state-dependent.In a time-dependentmechanism,
historicalinformationbasedon seasonalvariationsin traf�c is
usedto pre-programLSP layoutandtraf�c assignment.Addi-
tionally, customersubscriptionor traf�c projectionmaybeused.
Pre-programmedLSP layout typically changeson a relatively
long time scale(e.g.,diurnal). Time-dependentmechanismsdo
notattemptto adaptto unpredictabletraf�c variationsor chang-
ing network conditions.An exampleof a time-dependentmech-
anismis a global centralizedoptimizerwherethe input to the
systemis a traf�c matrix andmulticlassQoSrequirementsas
describedin [13].

When thereare appreciablevariationsin actual traf�c that
could not predicted using historical information, a time-
dependentmechanismmay not be able to prevent signi�cant
imbalancein loadingandcongestion.In suchasituation,astate-
dependentmechanismcanbeusedto dealwith adaptive traf�c
assignmentto theestablishedLSPsaccordingto thecurrentstate
of thenetwork whichmaybebasedonutilization,packetdelay,
packet loss,etc. In this paper, we assumethat LSP layouthas
beendeterminedusinga long-termtraf�c matrix. The focusis
onloadbalancingshort-termtraf�c �uctuationsamongmultiple



2

AI

AE
BI

BE

Switching
  Cloud

Fig. 1. A TransitNetwork RunningMATE

LSPsbetweenaningressnodeandanegressnode.

B. Overview

We proposea state-dependenttraf�c engineeringmechanism
calledMultipath Adaptive Traf�c Engineering(MATE). Some
of thefeaturesof MATE include:

� distributedadaptive load-balancingalgorithm,
� end-to-endcontrolbetweeningressandegressnodes,
� no new hardware or protocol requirementin intermediate
nodes,

� noknowledgeof traf�c demandis required,
� no assumptionon the schedulingor buffer management
schemesata node,

� optimizationdecisionbasedonpathcongestionmeasure,
� minimalpacket reordering,and
� noclocksynchronizationbetweentwo nodes.

MATE operationalsettingassumesthat that several explicit
LSPs(typically rangefrom two to � ve)betweenaningressnode
andanegressnodein anMPLS domainhave beenestablished
usingastandardprotocolsuchasCR-LDP[10] orRSVP-TE[3],
or con�guredmanually. This is a typical settingwhichexistsin
anoperationalISPnetwork thatimplementsMPLS.Thegoalof
the ingressnodeis to distribute the traf�c acrossthe LSPsso
that the loadsarebalancedandcongestionis thusminimized.
Thetraf�c to bebalancedby theingressnodeis theaggregated
�o w (calledtraf�c trunk in [12]) that sharesthe samedestina-
tion. MATE is intendedfor traf�c that doesnot requireband-
width reservation with best-effort traf�c beingthe mostdomi-
nanttype.Figure1 showsanexampleof anetwork environment
wheretherearetwo ingressnodes,AI andBI, andtwo egress
nodes,AE andBE, in anMPLS domain.MATE would berun
on AI andBI to balancetraf�c destinedto AE andBE, respec-
tively, acrosstheLSPsconnectingfrom AI to AE andfrom BI to
BE. Note that theLSPsconnectingthe two pairsmaybeover-
lappingandsharingthe sameresources.However, this paper
showsthatstabilitycanbeguaranteedeventhoughthepairsop-
erateasynchronously.

Figure2 shows a functionalblock diagramof MATE located
at an ingressnode. Incomingtraf�c entersinto a �ltering and
distributionfunctionwhoseobjectiveis to facilitatetraf�c shift-
ing amongthe LSPsin a way that reducesthe possibilitiesof
having packetsarriveat thedestinationoutof order. Themech-
anismdoesnotneedto know thestatisticsof thetraf�c demands
or �o w stateinformation.

Thetraf�c engineeringfunctiondecideson whenandhow to
shift traf�c amongtheLSPs.This is donebasedon LSPstatis-
tics which are obtainedfrom measurementusingprobepack-
ets. The traf�c engineeringfunction consistsof two phases:a
monitoringphaseanda loadbalancingphase.In themonitoring
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phase,if an appreciableand persistentchangein the network
stateis detected,transitionis madeto theloadbalancingphase.
In the loadbalancingphase,thealgorithmtries to equalizethe
congestionmeasuresamongthe LSPs. Oncethe measuresare
equalized,thealgorithmmovesto themonitoringphaseandthe
wholeprocessrepeats.

The role of themeasurementandanalysisfunction is to ob-
tainone-wayLSPstatisticssuchaspacketdelayandpacketloss.
This is doneby having theingressnodetransmitprobepackets
periodicallyto the egressnodewhich returnsthembackto the
ingressnode.Probingmaybedoneperclass,i.e.,probepackets
have thesametypeof serviceheaderinformationasthe traf�c
classbeingengineered.Basedon theinformationin thereturn-
ing probepackets,the ingressnodeis ableto computetheone-
wayLSPstatistics.Estimatorsof LSPstatisticsfrom theprobes
maybeobtainedreliablyandef�ciently usingbootstrapresam-
pling techniques.Thesetechniquesprovide a dynamicmecha-
nismfor sendingtheprobepacketssothatthesmallestnumberis
automaticallyselectedasthetraf�c conditionschangetoprovide
a givendesirabledegreeof accuracy. Recentmeasurementsin
theInternetindicatelittle variationsof aggregatetraf�c on links
in 5-min intervals[17]. This quasi-stationarityconditionwhere
traf�c statisticschangerelatively slowly (muchlongerthanthe
round-tripdelaybetweenthe ingressandegressnodes)facili-
tatestraf�c engineeringandloadbalancingbasedon measure-
mentof LSPstatistics.

C. Paperorganization

The rest of the paper is organizedas follows. SectionII
presentsan analyticalmodelfor multipathload balancing,de-
rivesaclassof MATE algorithms,andprovestheirstabilityand
optimality. SectionIII detailsthe overall MATE schemeand
discussesseveral implementationtechniques,suchastraf�c �l-
teringanddistribution, traf�c measurement,bootstrapping,etc.
SectionIV describesanexperimentalsetupto verify theeffec-
tivenessof theproposedscheme.SectionV presentstheperfor-
manceresultsandilluminatesthebehaviors of thealgorithmin
differentnetworkingenvironmentsandwith traf�c modelsrang-
ing from Poissonto traf�c modelswith longerdependence.The
Appendixprovidesanalyticalsupportandproofsfor theresults
presented.

I I . MATE ALGORITHMS

In this sectionwe presentan analyticalmodelof multipath
load balancing,derive a classof asynchronousMATE algo-
rithms,andprovetheirstabilityandoptimality.
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A. Model

WemodelaMATE network by aset
�

of unidirectionallinks.
It is sharedby aset � of ingress–egress(IE) nodepairs,indexed
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� . Eachof theseIE pairs � hasa set ��
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���

of LSPs
availableto it. Notethat,by de�nition, no two (distinct)IE pair
usesthesameLSP, eventhoughsomeof their LSPsmayshare
links. Hence� 
 aredisjointsets.

An IE pair � hasa total input traf�c of rate ��
 androutes��
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Associatedwith eachlink 1 is a cost :
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, asa functionof the
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. We assumethat, for all 1 , :
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hencecontinuous).

Ourobjectiveis to minimizethetotalcost :>&(�",?#A@

3

:

3

&(�

3

,
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A vector� is calledafeasiblerateif it satis�es(2–3).A feasible
rate � is calledoptimalif it is aminimizerto theproblem(1–3).

As observedin [5, Chapter5], thederivative of theobjective
functionwith respectto �
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We will interpret :

S
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&(�
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, asthe �rst derivative lengthof link 1 ,
and

Q

:UT

Q

�
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&.�V, asthe(�rst derivative) lengthof LSP � .
Thefollowing characterizationof optimalrateis adirectcon-

sequenceof theKuhn–Tuckertheorem(seealso[5, Chapter5]).
It saysthatatoptimalityapairsplitsits traf�c only amongLSPs
thathavetheminimum(andhenceequal)�rst derivativelengths.

Theorem1: The ratevector �XW is optimal if andonly if, for
eachpair � , all LSPs�Y�0�Z
 with positive �o ws haveminimum
(andequal)�rst derivativelengths.

B. Asynchronousalgorithm

A standardtechniqueto solve the constrainedoptimization
problem(1–3) is thegradientprojectionalgorithm. In suchan
algorithmroutingis iteratively adjustedin oppositedirectionof
thegradientandprojectedontothefeasiblespacede�nedby (2–
3). Eachiterationof thealgorithmtakestheform:

�[&.\^]
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,_# ` �+&.\a,Zb%cXdE:>&(\a,fehg

where cji O is a stepsizeand shouldbe chosensuf�ciently
small, d>:>&.\a, is a vector whose &��

�

�", th elementis the �rst
derivative length ` d>:>&(\a,fe(
��k#

Q

:�T

Q

�"
K� of LSP � at time \ ,
and ` l�e

g

is theprojectionof a vector l ontothe feasiblespace.
Thealgorithmterminateswhenthereis no appreciablechange,
i.e., mGm �+&.\^]

�

,Zbn�[&(\a,
mGm�oqp for someprede�ned p .
Notethattheabove iterationcanbedistributively carriedout

by eachpair � without theneedto coordinatewith otherpairs:
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t, is � 's rate vectorat time \ ,
and d>: 
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�w�x� 
 , is the vectorof �rst
derivative lengthsof LSPsin � 
 . However (4) is not realistic,
for two reasons.

First (4) assumesall updatesaresynchronized.Secondit as-
sumeszerofeedbackdelay. Speci�cally (4)assumesthatassoon
asthe IE pairshave calculateda new ratevector �+&.\a, , it is re-
�ected immediatelyin all thelink �o ws:
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andin all the�rst derivativelengths:
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Moreoverall pairs � have availablethesenew valuesin d>:{
�&.\a,

for computationof theratevectorin thenext period.In practice
the IE pairsupdatetheir ratesasynchronouslyandin an unco-
ordinatedmanner. Moreover the�rst derivative lengthof a LSP
canonlybeestimatedempiricallyby averagingseveralmeasure-
mentsover a periodof time. We now extendthemodelto take
thesefactorsinto account.

Let |
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bea setof timesat which IE pair � ad-
justsits ratebasedon its currentknowledgeof the(�rst deriva-
tive) lengthsof LSPs�€�•�
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 accordingto �
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, until after thenext updatetime in
|X
 . Here „"
�&.\a, is anestimateof the�rst derivativelengthvector
at time \ , andis calculatedasfollows.

Thenew ratescalculatedby the IE pairsmaybe re�ected in
thelink �o wsaftercertaindelays.We modelthisby (cf. (5))
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In theabove
…

�

3

&.\a, representsthe �o w rateavailableat link 1 at
time \ andis anweightedaverage(convex sum)of pastsource
rates�
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canbe differentbetweeneachsource� andlink 1 , on different
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LSPs� , andat differenttimes \ . Thismodelis verygeneraland
includesin particularthefollowing two populartypes:

� Latestdataonly: only the latestrate � 
�� &��4, , for some(typi-
cally unknown) �/�Y} \[bn\��

�	�
�	�t�

\

•

, is usedin themeasurement
of

…

�

3
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if \

S

#�� and0 otherwise.
� Latestaverage:only theaverageoverthelatest
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in the measurementof
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•

.
An IE pair � estimatesthe �rst derivative length of an LSP

� � � 
 by asynchronouslycollectinga certainnumberof mea-
surements(usingprobepackets,seebelow), andforming their
mean.Hence(cf. (6))
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Again theestimateis obtainedby `averaging'over thepastval-
uesof LSP lengths,andcandependon &�1

�

�

�

�

�

\a, . The model
is very generalandincludethe specialcasesof usingonly the
last received measurementor the averageover the last

�

val-
ues,asdiscussedabove. Theinterpretationin bothcasesis that
themeasurements
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i	� havenotbeenre-
ceivedby � by time \ , andthemeasurementsfor \

S

o
� (latest
dataonly) or for \

S��

� b

�

(latestaverage)havebeendiscarded.
Thisconcludesthedescriptionof ouralgorithmmodel(equa-

tions7–11). Themodelis similar to that in [18], with two dif-
ferences. First their model distinguishesbetweenthe desired
rate �+&.\a, ascalculatedby the projectionalgorithmandthe ac-
tual realizedsourcerate

…

�+&.\a, . Theactualrate
…

�+&.\a, is a convex
combinationof thecurrentdesiredrate �[&(\a, andthepreviousac-
tual rate

…

�[&(\�b

�

, . This modelsthe fact thata desiredrate �+&.\a,

maynot berealizedimmediately, asin a virtual circuit network
wherevirtual circuits may persistover several updatecycles.
We arehowever only dealingwith IP datagramsandhenceit is
reasonableto assumethateachingressnodecanshift its traf�c
amongthe LSPsavailableto it immediatelyafter eachupdate.
Secondtheirmodelassumesthat,at time \ , each� hasavailable
thecurrent�rst derivativelengths@

3

�$�

:

S

&

…

�

3

&(\a,a, andusesit in
placeof the gradientin theupdatealgorithm. We however as-
sumethat, at time \ , � may only have outdated�rst derivative
lengths(see(10–11));moreover � usesa weightedaverageover
severalpastlengthsin theupdatealgorithm.This is because,in
ourcase,� canonly estimatethe�rst derivativelengthsthrough
noisymeasurement.

Thenext resultstatesthatthealgorithmconvergesto anopti-
mal routing,providedthefollowing conditionsaresatis�ed:
C1: Thecostfunctions :

3

&(l , aretwice continuouslydifferen-
tiableandconvex.
C2: Their derivatives :
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&(l , are Lipschitz over any bounded
sets,i.e., for any boundedset 
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m .
C3: For any constant� thesets} lVm :

3

&(l ,

�

�

•

arebounded.
C4: Thetime interval betweenupdatesis bounded.

Theorem2: UnderconditionsC1–C4,startingfrom any ini-
tial vector �[&

O
, , thereexistsa suf�ciently smallstepsizec such

that any accumulationpoint of the sequence}	�+&.\a,

•

generated
by theasynchronousalgorithmis optimal.

A more careful accountingshows that the stepsizec , and
hencethespeedof convergence,dependsonthedegreeof asyn-
chronismasexpressedby the parameter\�� de�ned in (8), the
`steepness'of the cost function as expressedby the Lipschitz
constantin conditionC2, andthesizeof thenetwork. For ease
of exposition,supposethecostfunctionsareuniformly globally
Lipschitz,i.e.,for all links 1 andall l , l

S

, wehave

m :�S

3

&�l!,+b :�S

3

&(l!SG,	m

�
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Theorem3: An upperboundin Theorem2 is:

c o

�

�

&

�

]����J„[&

�

\�� ]

�

,a,

where � is the total numberof LSPsin the network, � is the
numberof hopsin the longest(maximum–hop)LSP, „ is the
maximumnumberof LSPsgoingthrougha link, and \ � , de�ned
in (8), measuresthedegreeof asynchronism.
Thetheoremsuggeststhatthelargerthedegreeof asynchronism
measuredby \�� , the smallerthe stepsizeandhenceslower the
convergence.

C. Examplecostfunction

The choiceof cost functionsdeterminesthe parametersto
be measuredand equalizedin carrying out MATE. A natural
choicefor the link costis delay. ThenTheorem1 implies that
thederivativesof theLSPdelayarethecongestionmeasuresto
beequalized.

If we take the delayto be the averagedelayof an � T�� T

�

queue:

3

&.�

3

,U#

�

T�&��

3

bƒ�

3

, , �

3

representingthe link capacity
then :

3

satis�estheconditionsof Theorem2 andhencetheal-
gorithmwill convergeto an optimal traf�c split. Note that the
link capacity�

3

typically �uctuatesrandomly. Hencethedelay
derivativescannotbe computedand mustbe measured.Loss
maybeincorporatedinto thecostby treatingeachpacketlossas
a �x ed(large)delay. Anotheralternativeis to usetheproductof
lossanddelayasthecostfunction. In summary, thebasicgoal
is to steerthenetwork towardsa desiredoperatingperformance
basedonachosencostfunction.

I I I . MATE IMPLEMENTATION TECHNIQUES

In this section,we provide further elaborationon the tech-
niquesemployedin our implementationof theMATE functions.

A. Traf�c �ltering anddistribution

The traf�c �ltering anddistribution function �rst distributes
the traf�c to be engineeredfor a given ingress-egresspair
equallyamong � bins, wherethe numberof bins determines
the minimum amountof the traf�c that canbe shifted. If the
total incomingtraf�c to beengineeredis of rate � bps,eachbin
would receiveanamountof �u#��‚T�� bps.Thetraf�c from the

� binsis thenmappedinto the � LSPsaccordingto theMATE
algorithmdescribedin thelastsection.

Theengineeredtraf�c canbe�ltered anddistributedinto the
� binsin anumberof ways.A simplemethodis todistributethe
traf�c on a per-packetbasiswithout �ltering. For example,one
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maydistributeincomingpacketsat theingressnodeto thebins
in a round-robinfashion.Althoughit doesnot have to maintain
any per-�o w state,themethodsuffersfrom potentiallyhaving to
reorderanexcessive amountof packetsfor a given �o w which
is undesirablefor TCPapplications.

On theotherextreme,onemay�lter thetraf�c on a per-�o w
basis(e.g.,basedon o sourceIP address,sourceport, destina-
tion IP address,destinationport, IP protocoli tuple),anddis-
tributethe �o ws to thebinssuchthat the loadsaresimilar. Al-
thoughper-�o w traf�c �ltering anddistributionpreservespacket
sequencing,this approachhasto maintaina large numberof
statesto keeptrackof eachactive �o w.

Anothermethodis to �lter the incomingpacketsby usinga
hashfunctionon theIP �eld(s). The�elds canbebasedon the
sourceanddestinationaddresspair, or othercombinations.A
typical hashfunction is basedon a Cyclic Redundancy Check
(CRC). The purposeof the hashfunction is to randomizethe
addressspaceto prevent hot spots. Traf�c canbe distributed
into the � binsby applyinga modulo-Noperationon thehash
space.Note that packet sequencefor each�o w is maintained
with thismethod.

After the engineeredtraf�c is distributedinto the � bins, a
secondfunction mapseachbin to the correspondingLSP ac-
cordingto theMATE algorithm. Therule for thesecondfunc-
tion is very simple. If LSP � is to receive twice asmuchtraf�c
asLSP � , thenLSP � shouldreceive traf�c from twice asmany
binsasLSP � . Thevalue � shouldbechosensothatthesmall-
estamountof traf�c thatcanbeshifted,which is equalto

�

T��

of thetotal incomingtraf�c, hasa reasonablegranularity.

B. Traf�c measurementandanalysis

The ef�cacy of any state-dependenttraf�c engineering
schemedependscrucially on the traf�c measurementprocess.
MATE doesnot requireeachnodeto performtraf�c measure-
ment.Only theingressandegressnodesarerequiredto partici-
patein themeasurementprocess.

For thepurposeof balancingtheloadsamongLSPs,theavail-
ablebandwidthappearsto beadesirablemetricto measure.The
methodsfor measuringtheavailablebandwidthof a givenpath
have beendescribedin the past(e.g.,see[11], [8]). Basedon
our experience,this metric turnsout to be dif�cult to measure
accuratelyusingtheminimal requirementsassumedin MATE.

To this end,we found that packet delayis a metric that can
be reliably measured.Thedelayof a packet on anLSPcanbe
obtainedby transmittingaprobepacketfrom theingressnodeto
theegressnode.Theprobepacketis time-stampedattheingress
nodeat time |�� andrecordedat theegressnodeat time |�� . If
the ingress'clock is fasterthan the egress'clock by |�� , then
thetotalpacketdelay(i.e,queueingtime,propagationtime,and
processingtime) is |��‚b |��{]w|

� . A groupof probepackets
sentone at a time on an LSP can easily yield an estimateof
themeanpacket delay � ` |

�
bƒ|

�
e"]q|	� . Thereliability of the

estimatorcanbeevaluatedby bootstrapping(seedetailsbelow)
to give thecon�denceinterval for themeandelay. Oneimpor-
tant point to note is that the valueof |

� is not requiredwhen
only themarginaldelayis needed.MATE exploits thisproperty
by relying only on marginal delaysratherthanabsolutedelays.
Therefore,clocksynchronizationis notnecessary.

Packet lossprobabilityis anothermetricthatcanbeestimated
by a groupof probepackets. In general,only reasonablyhigh
packet lossratescanbe reliably observed. Packet lossproba-
bility canbe estimatedby encodinga sequencenumberin the
probepacket to notify theegressnodehow many probepackets
have beentransmittedby the ingressnode,andanother�eld in
theprobepacket to indicatehow many probepacketshavebeen
receivedby theegressnode. Whena probepacket returns,the
ingressnodeis ableto estimatetheone-way packet lossproba-
bility basedonthenumberof probepacketsthathasbeentrans-
mittedandthenumberthathasbeenreceived.Theadvantageof
this approachis that it is resilientto lossesin thereversedirec-
tion.

Thebootstrapis a powerful techniquefor assessingtheaccu-
racy of a parameterestimatorin situationswhereconventional
techniquesarenot valid [19]. Most othertechniquesfor com-
puting the varianceof parameterestimatorsor for settingcon-
�dence intervals for the true parameterassumethat the sizeof
the availablesetof samplevaluesis suf�ciently large, so that
asymptoticresults(centrallimit theorem)canbeapplied.How-
ever, in many situationsthe samplesizeis necessarilylimited,
suchis thecasein traf�c engineeringmechanismslike MATE,
wheretheprobepacketloadshouldnotconsumesigni�cant net-
work resources.In MATE, we canusethe bootstrapto obtain
reliableestimatesof thecongestionmeasuresof themeandelay
andcell lossratefrom agivensetof measurementsobtainedvia
theprobepackets.By selectinga desirablecon�denceinterval,
wegetadynamicwayof specifyingthenumberof observations
needed.Thisprovidesabuilt-in reliability estimatorwhichauto-
maticallyselectstherequirednumberof probepacketsto send.
Wehavefoundthisquiteusefulin ourimplementations,in com-
parisonwith schemeswherethenumberof probepacketsis set
in anad-hocmanner, andthenumberof probesmaybetoosmall
or toolarge.Thefollowing is abasicprocedurefor computinga
con�denceinterval:

� Step0: Supposetheoriginalsampleis 
 #k}	�
�

�

�
�

�	�
�
�	�

���

•

.
� Step1: Draw arandomsampleof mvalues,with replacement,
from 
 . Thisproducesthebootstrapresample
 .

� Step2: Calculatethemeanfor 
 (say, ��� ).
� Step3: Repeatsteps1 and2 alargenumberof timesto obtain
n bootstrapestimates�

�

�

�
�

�
�
�	�
�

�	� .
� Step 4: Sort the bootstrapestimatesinto increasingorder

��&

�

,

�	�
�
�	�

��&��^, .
� Step5: Thedesired&

�

b��Z,

�

O8O�� bootstrapcon�denceinterval
for the meanis &���&��

�
,

�

��&��
�

,a, , where �
�

#P&��	��T

�

, and �
�

#

� b�����]

�

.

IV. EXPERIMENTAL METHODOLOGY

In this section,we usesimulationsto evaluatethe effective-
nessof MATE. The objective of our simulation study is to
show that within a network that has multiple LSPs between
someingressand egressnodes,the traf�c distribution under
the MATE algorithmis stable,andloadbalancingis achieved.
We concentrateon two network topologies:onewith a single
ingress-egresspair connectedby multiple LSPs,andthe other
with multiple ingress-egresspairswheresomelinks areshared
amongtheLSPsfrom differentpairs.Notethatin thelattercase,
thereis a considerableinteractionbetweenthepairs.In thefol-
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Fig. 4. ExperimentNetwork Topology2

lowing, we will presenta descriptionof the simulator, the test
networksweuse,andthedatacollection.

We wrotea packet level discrete-eventsimulator, which sup-
ports entitiessuchas packet queues,switchedLSPs,network
connections.We considernetworking environmentswherethe
traf�c conditionsvary dueto changesin network load(link uti-
lization), for example,dueto ”rush hour” conditions,or some
LSP failures,andtraf�c variationsdueto correlationsandde-
pendencies.We realizethat we cannot distribute packetsbe-
longing to short lived network connections. As a result, we
specifytwo typesof traf�c in our simulator:engineeredtraf�c
andcrosstraf�c. Theengineeredtraf�c is the traf�c thatneeds
to be balanced,and the crosstraf�c is the backgroundtraf�c
thatwehavenocontrolover. Weassigna lifetime to eachtraf�c
sourcesoweareabletosimulatethedynamicbehaviorsof anet-
work by switchingonandoff crosstraf�c sources.We consider
a traf�c modelwhich exhibits short-rangedependencies,such
asPoisson,andanothermodelwhich canbe tunedto modela
largedegreeof dependencies.For thelatterwe usetheDAR(� )
process(discreteautoregressive processof order � ) [16]. The
parameter� determinesthetime-scaleoverwhichtraf�c depen-
dency and correlationare exhibited. If � is 1, the processis
a standardMarkov process.In our experimentswe set � to a
valueof 10; this leadsto a substantialdegreeof correlationin
thegeneratedtraces.

Figure3 andFigure4 arethetwo network topologiesusedin
our experiment. The �rst topologyconsistsof a singlepair of
ingress-egressnodes.Thereare6 LSPsconnectingthe ingress
nodeto the egressnode,andall links are identicalso that the
LSPshave thesamebottlenecklink bandwidth.

In the secondnetwork topology, we have 3 ingressnodes,
I1, I2, andI3, andthreeegressnodes,E1, E2, andE3. Alto-
gether, they form threepairs.Thelinks in thisnetwork areagain
all identical. Eachingress-egresspair hastwo LSPsfor traf�c
balancing. We setup this scenarioso thereis a commonlink
for every two pairs. In eachof our simulations,theengineered
traf�c for eachpair �o ws from the ingressnodeto the egress
node. Thecrosstraf�c entersat the intermediatenodeandex-
its at egressnode(s).We considertwo implementationsof the
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basicalgorithm. In the�rst one,a small randomdelayis intro-
ducedbeforethealgorithmmovesfrom themonitoringphaseto
thetraf�c engineeringphaseupondetectionof changein traf�c
conditions.This dampingmechanismreducessynchronization
amongmultiple ingressnodes. In the secondimplementation,
thereis acoordinationamongtheingressnodessothatonly one
ingressnodeat a time entersthetraf�c engineeringphase.This
obviouslyrequiresa specialcoordinationprotocol.We omit the
detailsin thispaper.

In orderto dodatacollection,werecordthetotalofferedload
andthelossrateoneachlink. We computethelossrateoneach
LSP from the link lossrates. The lossrateon an LSP canbe
computedby assumingthat the link lossratesareindependent
asfollows:

\��$\

‹

1 1����$� # &

�

b

�

&

�

b 1����$����, ,

wheretheproductis takenoverall links � in theLSP.

V. SIMULATION RESULTS

In thissection,weshow theresultsfrom thesimulationof the
two networksin theprevioussection.Theseresultsareencour-
agingin that they show our algorithmshave goodstability and
convergenceproperties.

First we presenttheresultsfrom a singleingress-egresspair.
We show two setsof datafor this scenario.Figure5 andFig-
ure6 show theresultsof anexperimentwith Poissontraf�c on
the network in Figure3. Initially, all of the engineeredtraf�c
streamsareroutedononeof theLSPs,andcrosstraf�c enterthe
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ogy2

network at the intermediatenodesconnectingthe ingressand
egressnodes.Wehaveanunbalancedsituationwith oneheavily
congestedLSP and� ve lightly loadedLSPs. As shown in the
plot, thealgorithmis ableto successfullyreducetheengineered
traf�c from theoverloadedlink anddistributethemto theunder-
utilized links. Thelosscurveshows clearlythatthelossrateon
the �rst LSPdroppedfrom 40% to a valuethat is too small to
observe1. The loss rateson the otherLSPsaremaintainedat
negligible levelsthroughoutthesimulation.The�nal traf�c dis-
tributionconvergesto a steadystate,whereutilizationsarevery

�

Notethatlossrateson theorderof 10%to 20%arenot atypicalin theInter-
net.

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0 1000 2000 3000 4000 5000 6000 7000 8000

Lo
ss

 R
at

e

Time (sec)

Loss Rate on Link 1
Loss Rate on Link 2
Loss Rate on Link 3

Fig. 13. LossunderPoissontraf�c with coordinationfor network topology2



8

0

0.2

0.4

0.6

0.8

1

1.2

1.4

0 1000 2000 3000 4000 5000 6000 7000 8000

O
ffe

re
d 

Lo
ad

Time (sec)

Aggregate Traffic on Link 1
Aggregate Traffic on Link 2
Aggregate Traffic on Link 3

Fig. 14. OfferedloadunderDAR traf�c with coordinationfor network topol-
ogy2

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0 1000 2000 3000 4000 5000 6000 7000 8000

Lo
ss

 R
at

e

Time (sec)

Loss Rate on Link 1
Loss Rate on Link 2
Loss Rate on Link 3

Fig. 15. LossunderDAR traf�c with coordinationfor network topology2

closeonall LSPs.Weobservesimilarbehavior in Figures7 and
8 wherethePoissonstreamsareherereplacedwith DAR traf�c
streamsthatpossesscorrelationanddependence.We point out
thattheprobetraf�c requiredin theeachphaseof thealgorithm
is around O

���

� of the engineeredtraf�c, therebyensuringthe
scalabilityof theoverallapproach.

The Figures10 - 13 show the simulationscenariofor Fig-
ure4 underthe two implementationsmentionedearlier. Again
theengineeredtraf�c streamstravel from theingressnodeto the
egressnode,andthecrosstraf�c entersthroughtheintermediate
nodesandexit at the egressnodes.Thecrosstraf�c dynamics
areshown in Figure9. Thereis a decreasein crosstraf�c on
link 3 right before2000secondsanda increasein crosstraf-
�c on link 2 around3600seconds.In orderto balancetraf�c,
thealgorithmsmustshift traf�c into link 3 andpossiblyout of
link 2. Both implementationsessentiallyachieve thesameper-
formance,whereutilizationsand loss rateson threeLSPsare
comparable.Figure14andFigure15show thesamesimulation
with DAR traf�c insteadof Poissontraf�c wherecoordination
amongingressnodeis considered.

VI . CONCLUSIONS

Our focuson this paperwas to apply adaptive traf�c engi-
neeringto utilize network resourcemoreef�ciently andmini-
mizecongestion.We haveproposedaclassof algorithmscalled
MATE, which tries to achieve theseobjectivesusingminimal
assumptionsthrougha combinationof techniquessuchasboot-
strapprobepackets,which control the amountof extra traf�c,

andmarginal delaysthat areeasilymeasurableanddo not re-
quire clock synchronization.Our analyticalmodelsprove the
stability andoptimality of MATE. Our simulationresultsshow
thatMATEcaneffectivelyremovetraf�c imbalancesamongthat
may occur amongmultiple LSPs. We observe that, in many
cases,high packet loss ratescan be signi�cantly reducedby
properlyshifting sometraf�c to lessloadedLSPs.This should
bene�t many applicationssuchasTCP. For futurework wewill
considermorerealisticnetworking environmentsandexamine
theimpactof MATE ontheapplicationlevel.
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APPENDIX

Proofof Theorem1

Sincethe cost function is convex the �rst order optimality
conditionis bothnecessaryandsuf�cient: �^W is optimal if and
only if ��W is feasibleandthereexist constants�
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Proofof Theorem2

Its proof is adaptedfrom thatin [18]. Let lJ&(\a,I#k�+&.\[]
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 (16) trivially holds.For \ �%|[
 applytheprojection
theorem[4] to (7) to obtain
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�

†

�




�

3

�$��9 �����8 

�

�

�

�

�

�

� 
�� &(\a,Zb †

‡

�

†.‡ ‡Gˆ�†.‡h‰"†.Š

‹

3


�� &.\<S S

�

\<S ,Ž� 
�� &.\<S S ,

�

�

�

�

�

�

�

�  

C�

�




C�
��

�$���! 

C�

�

†f‰"† Š

�

† ‡

�

†

C�
��

† ‡ ‰J† Š

�

† ‡ ‡

�

† ‡

m � 
�� &.\a,�b%� 
�� &.\<S S ,
m

�

�! 

C�

�




C�
��

�$���! 

m �"
��4&(\a,Zb%�V
��J&.\+b

�

,
m ] ;	;
;

]€m �"
��4&.\+b

�

\ � ]

�

,+bn�"
��4&(\+b

�

\ � ,
m

�

� � †f‰

�

�

†

‡

ˆX†f‰

�

†
Š

m m l"&.\ S ,
mGm � (20)

Hence

m m d>:>&.�[&(\a,a,?b „[&.\a,	m m�;8mGm l"&.\a,	m m

�

�
�

†f‰

�

�

†.‡ ˆ�†f‰

�

†.Š

mGm lJ&(\<SG,	m m$; m m l"&.\a,
mGm

�

� � †

�

†

‡

ˆ�†f‰

�

†
Š

mGm lJ&(\<SG,	m m

�

wherethe last inequalityfollows from the fact that the convex
function @

�

� �"��]#�

�

b
@

�

� �$� attainsits minimumof zeroover
}%�

�

�

�Xm �
��N O

�

�
N O

•

at theorigin. Thiscompletestheproof of
(15).

Substituting(14–15)into (13)wehave

:>&.�+&.\^]

�

,a,

�

:>&.�+&.\a, ,�b

&

�

c

b'� �)(•m m lJ&(\a,
mGm

�

]�� � †

�

†
‡

ˆ�†f‰

�

†
Š

m m lJ&(\
S

,	m m

�

Summingoverall \ wehave

:>&.�[&(\[]

�

,a,

�

:>&.�[&
O

, ,�b

&

�

c

b'� �)(

†

�

*

ˆ

�

m m lJ&��4,
mGm

�

]��
�

†

�

*

ˆ

�

*

�

†.‡ ˆ

*

‰

�

†.Š

m m l"&.\
S

,
mGm

�

�

:>&.�[&
O

, ,�b

&

�

c

b'�
�

b'�
�

&

�

\��I]

�

,
(

†

�

*

ˆ

�

m m l"&��4,
mGm

� (21)

Choosec smallenoughsuchthat �

+

b,� �{b,� �!&

�

\
�

]

�

,Mi
O .

Since �[&.\a, is in a compactsetand : is continuous,:>&(�[&(\a,a, is
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lowerbounded.Thensince:>&(�[&(\a,a, is boundedfor all \ wemust
have @�� *

ˆ

�

mGm lJ&��4,
mGm

�

o

� , which implies

m m lJ&(\a,
mGm�� O as \��

� (22)

Substitutingthis into (20)weconcludethat

„[&.\a,�� d>:>&.\a, as \��

� (23)

Let � W beanaccumulationpoint of }	�+&.\a,

•

. Oneexistssince
}	�+&.\a,

•

is in acompactset.By (23)andthefactthat : is contin-
uouslydifferentiablewehave

„^&(\a,��

	

DGC

†




�

dE:>&(\a,%# d>:>&.�

W

, (24)

Sincethe time interval betweenupdatesis bounded,for any � ,
we can�nd a subsequence} �[&.\���,

�

\
�n� | 


•

that convergesto
�VW , i.e.,

	

DGC

�+�+&.\
�8,�# �VW . Applying againtheprojectiontheo-
rem[4] to (7) wehave for any feasible�X


&.�



&.\
��,+b%cX„



&(\
��,Zbn�



&(\
� ]

�

,a,t&(�



bn�



&(\
�{]

�

,a,

�

O

&(l�
$&(\
�

,X] c�„"
�&.\
�

,a,t&(�"
 bn�"
�&(\
�

]

�

,a,
N O

Taking
�

�

� we have by (22) and(24) that for any feasible
�


 ,

d>:



&(�

W




,t&(�



b

	

D C

�




�

�



&.\
� ]

�

,a,
N O

SincelJ&(\a,�#x�+&.\�]

�

,	b �+&.\a,��
O by (22),wehave

	

DGC

�[�



&.\
��]

�

,�#

	

D C

�+�



&.\
��,�# �VW




, andhence

d>:2
�&.�

W




,t&.�V
 b%�

W




,
N O

for any feasible�

 . Summingoverall � , wehavefor any feasible

�

d>:>&.�

W

,
&.�•bn�

W

,
N O

which, since : is convex, is necessaryandsuf�cient for �[W to
beoptimal.

Proofof Theorem3

Sincethecostfunctions :

3

areglobally Lipschitzuniformly
in 1 , theconstant� � in (13)equalstheLipschitzconstant

�

. For
any � –tuple l , m m lVm m �

���

�?mGm lVm m

�

, andhencetheconstant�
� in

(17) is � . Similarly, since m m l"mGm
�

�

�?mGm lVm m

�

, theconstant�	� in
(18) is ��� . By Lipschitzcontinuity, the constant�

� in (19) is
�

�
# �	�

�

# ���

�

, theconstant�
 following is �

 
# �

�
„0#

���

�

„ . Finally, since mGm lVm m

�

�

mGm lVm m � , we have � �ƒ# �! •#

���

�

„ in (20). Hencefrom (21)anupperboundfor thestepsize
c is

c o

�

�
�

] �
�

&

�

\��I]

�

,

#

�

�

&

�

]����J„[&

�

\�� ]

�

,a,


