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Abstract

A systemof techniquess presentedor optimizing OSPF/IS-1Sweightsfor intra-domain
routingin a changingworld, the goal beingto avoid overloadedinks. We addresgpredicted
periodicchangesn traffic aswell asproblemsarisingfrom link failuresand emeging hot-
spots.
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1 Introduction

The optimizationgoalsof traffic engineeringareto enhancehe performanceof IP traffic while
utilizing network resourcesconomically In this paper our focusis on optimizingOSPF/IS-IS
traffic routing so as to make more efficient useof networkresoucesin scenariosof changesto
traffic andnetworks.

ShortestPath First (SPF)protocolssuchas OpenShortestPath First (OSPF)[22] or Interme-
diate System-Intermediat8ystem(IS-1S) [9] arethe mostcommonlyusedintra-domaininternet
routingprotocolstoday Traffic is routedalongshortespathsto thedestination.Theweightsof the
links, andtherebythe shortespathroutes,canbe changedy the network operator A simplede-
faultweightsettingsuggestedby Cisco[11] is to make theweightof alink inverselyproportional
to its capacity As analternatve to OSPF/IS-ISthe moreflexible Multi-Protocol Label Switching
(MPLS) protocolhasbeensuggestedb, 24]. MPLS is notyetwidely deployed,but in principle, it
would allow arbitraryroutingin networks.

Our generalobjectiein this paperis to routedemandshroughan OSPF/IS-1Sbasedhetwork
soasto avoid congestionn termsof link loadsexceedingcapacitiewith resultingpacletlossand
back-of in TCP.

In the context of a fixed network with afixed known demandmatrix this problemhasalready
beenaddressedxperimentallyin [18] with realandsyntheticdata,shaving thatwe canfind weight
settingssupportingb0%-110%moredemandshanCisco’s defaultsinverse-capacity-weightand
getwithin afew percenof thebestpossiblewith generaflouting,includingMPLS. Similar positive
findings have beenreportedin [23], [19], and[7]. Here,the demandmatrix could be basedon
concreteaneasurementgssdescribedn [15] (seealso[6, 12]), but couldalsobebasedon concrete
servicelevel agreement§SLAS).

However, asstipulatedin [3], demandmatricesand networkschange. The obviousideafor
dealingwith changes to just resetthe weightsusingthe above mentionedechniques However,
aswe shall seeshortly, thereare several reasonsvhy one shouldavoid weightchangesasmuch
as possible. Our target in this paperis to matchthe above mentionedimprovementsfor fixed
networksanddemandmnatricesn scenario®f changingnetworksanddemandmatriceschanging
asfew weightsaspossible.

Why weight changesarebad Therearesereralreasonsvhy weightchangesareto be avoided
asmuchaspossible.

(i) Weightsareoftennot setcentrally andif hundredsof weightsareto be changedthereis a
goodchanceof humanerrors.

(i) It takestime for a network to flood informationabouta new weights,for new shortespath
routesto be computedandfor theroutingtablesto getupdated.Changinga lot of weights,
this could createtemporarychaosin a network with pacletsarriving out of ordet degrad-
ing the performanceof TCPR Also, the changesnay impactthe routesadwertisedto other
autonomousystemsvhoseroutingmaythenalsoexperiencdluctuations.

(i) A humannetwork operatoris responsibldor the routing andhasto approve the changes.
Thenetwork operatormay have severalrequirementso theroutingthatarenot specifiedfor



the weight optimizing algorithm, e.g. that certaindemandshave to be routedalongcertain
links. It is very hardfor a humanto checkthe consequences hundredsf weightchanges,
but the consequencedsf afew weightchangeshouldbe easyto grasp.

Above, (i) mayberesolhedsoon[20], but the otherpointsremainvalid.

Good performance with few weight changes Motivatedby the problemsin changingweights,
our first contritutionis atechniqueor optimizingweights,changingasfew weightsaspossible.

Thetechniquewvasappliedto arealweightsettingof the AT&T IP backboneandit wasfound
thatincreasinga singleweightfrom 1024to 1025reducedthe max-utilizationby 8%. Here,the
utilization of alink is theratio of its load over its capacity so utilization above 100% meansan
overloadedink. The max-utilizationis the maximumutilization over all links in the network.
Thus,from the perspectre of max-utilization theweightchangevasworthan8% increasen link
capacities.Checkingthe impactof a singleweight changeis relatively easy and executingit is
muchcheapethanbuying andinstalling new links with highercapacity

Our techniquewas also tried on the experimentalnetworks from [18], including a proposed
AT&T IP backboneaswell asthe synthetic2-level graphsof Zeguraetal. [28, 29, 10]. Hereit
wasfoundthatif we startedwith Cisco’s suggestediefault link weightsinverselyproportionalto
link capacitiesusingat most10 weight changeswe could supportaround50% more demands,
achiezing about2/3 of the gainsreportedn [18] with acompletechangeof all weights.

Of particularinterest,we consideredhe problemof reestablishingperformanceafter a local
changesuchasa link-failure or a new hot-spot. Thatis, our startingpoint wasa setof weights
optimizedfor a network with a givendemandmatrix. We thensimulatedall possiblesinglelink-
failuresandhot-spotsanddiscoveredthatevenin the worst casesthreeweight changesuficed
to getwithin afew percentof the bestpossiblewith a completedynamicchangeof all weights.

We notethatimprovedroutingmay causel CPto sendpacletsmoreaggressiely, thuschang-
ing thedemandmatrix. Allowing TCP to sendmoretraffic thanksto lessloadedlinks andpaclet
lossis in itself consideredoositive, and herewe ignore the more complicatedinteraction. We
note,however, thatwe in responsé¢o demandchangegrom TCP could applythe weightchanges
iteratively.

Periodic daily changes Evenonadaily basistherearelarge structuraldifferencesetweernday
andeveningtraffic. However, this patternis relatively similar for differentdays,thatis, the traffic
undepgoesquite predictedperiodicchange®n a daily basig[15, 16].

Themostobviousideafor dealingwith daily changesvould beto usethe above techniquedo
adapttheweightsto the changesHowever, evena few daily weightchangesarebestavoided.

We proposehereto seekoneweight settingthatis goodfor all the typical periodicchanges
happeningluringaday To dealwith periodicchangesye suggesbptimizingthe weightsetting
basednafew representatie demandnatricessuchasonedayandoneeveningmatrix. Ourbasic
ideais thatif onesetof weightsworks well for somerepresentatie demandmatrices,it works
aswell for all demandmatricesdominated(< in eachentry) by corvex combinationsof these
representatie demandmatrices,thusallowing us to cover aninfinite spaceof demandmatrices
ratherthanjust a few singularpoints. This combinedwith generalrobustnesgso noisegivesusa
chanceof addressingll the periodicchange$appeninghroughouta day.



For our testinstancesye succeedeth finding singleweightsettingsfor pairsof structurally
differentdemandmatricesthat simultaneouslyfor eachindividual demandmatrix gave routing
closeto the optimumfor generalrouting (including MPLS) for thatdemandmatrix. Thatis, our
fixedweightsettingis competitve with idealdynamicroutingwith unlimited powerto adaptinde-
pendentlyto eachdemandmnatrix.

This finding is someavhat surprisingin thatit is easyto constructpairs of demandmatrices
sothat however we fix therouting, evenwith MPLS, it is goingto be badfor at leastoneof the
demandmatrices.

Oursuccessfubptimizationover multiple demandmatriceds alsointerestingor differentiated
serviceswith Quality of Service(QoS)constraints.Herewe wantto find oneweight settingthat
on the one handsatisfiescertainperformanceguarantee$or high priority customersandon the
otherhandgivesgoodbesteffort servicefor the generaltraffic. Having onedemandmatrix for
the high priority customersandanotherfor the regulartraffic, we canapply the abose mentioned
techniques.

Summary of contribution Thisis thefirst paperaddressinghe problemof finding goodweight
settingsfor OSPF/IS-1Swithout the freedomto changeall weights. We believe that respecting
the problemin changingweightstakesus from a nice classicalstyle combinatorialoptimization
problemto somethingof true practicalrelevance.

Our techniquefor tuning a weight settingwith asfew weight changesas possibleis a novel
generaladaptatiorof the classicallocal searchapproachof combinatorialoptimization[1], and
we expectit to find mary otherapplicationsin areaswhere parameteichangesare undesirable.
Fromaprogrammingperspectie, theadaptatiorhadtheadvantagehatwe couldlargely reuseour
previouslocal searchcodefor agoodsettingof all weights[18].

Concerningperiodicchangespur mainnew ideais notto dotheobviousthing of precomputing
weightchangedor atransitionbetweensay day andevening,but to strive for oneweightsetting
goodfor thewholeday

The value of our techniquess demonstrate@xperimentallyon syntheticand real networks,
shaving that we canimprove significantly over standarddefault weight settings,andin fact get
closeto the bestdynamicrouting with the moregeneralMPLS scheme As pointedoutin [4, 17,
18], it is trivial to construcinetworksanddemandmatricesfor which the bestOSPF/IS-ISouting
is worsethanthe bestMPLS routing. Also, in this paper we present negative examplewith two
demandmatricesthat do not have a good commonrouting, evenwith MPLS. Thus, our positive
resultscannotbe achievedin general but they indicatethatthe negative examplesareunlikely to
dominatein realnetworks.

In combination,our techniquegrovide an efficient tool for OSPF/IS-IStraffic management
in achangingworld. It is now anintegratedpartof AT&T’ s NetScope/Breo traffic engineering
tool for IP networks[14]. Notethatourwork mayalsobe applicableto MPLS traffic engineering
whenlabel-switchedhathsor tunnelsbecomedogical links with weightslik e the physicallinks in
OSPF/IS-IS.

Contents First, in 82, we defineour exact modeland objectves. Next, in 83, we presentour
techniquefor optimizingwith few weightchangesin 84, this techniques appliedin connection
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Figurel: Theneedfor globalweightsoptimization

with link failuresandhot-spots.Then,in 85, we describeandevaluateour approactwith multiple
demandmatrices.Finally, we have someconcludingremarksin §6.

2 Modesand experimental test-bed

This sectionpresentanddiscussesheframenork from [18] usedto evaluateweightsettingsfor a
givennetwork anddemandmatrix. Whereaq18] keptthe network anddemandmatrix fixed, we
aregoingto shav how to dealwith changesn the subsequergections.

2.1 Thegeneral routing problem

Optimizingthe useof existing network resourceganbe seenasa generaroutingproblemdefined
asfollows. We aregivenacapacitatedirectedgraphG = (N, A,c),AC N x N, c:= (Ca)aca, Whose
nodesandarcsrepresentoutersandthe capacitatedinks betweerthem,anda demandmatrix D
that, for eachpair (s,t) of nodestells us how muchtraffic flow we needto sendfrom stot. We
referto s andt asthe sourceandthe destinatiornof the demand.Many of the entriesof D may be
zero,andin particulay D[s, t] shouldbezeroif thereis no pathfromstot in G. A routingsolution
specifiesfor eachsource-destinatiopair how the demandedraffic shouldflow in the network.
Theload /,; on anarca is thenthe total traffic flow throughthe arc, including the contributions
from eachsource-destinatiopair.

In the left sideof Figurel is a concreteexampleof a network whereeachof the nodesq, r,
s, andw demanda flow of 1 tot. In the displayedrouting solution,the flows just follow shortest
pathsto thedestinationandtherebyaloadof 3 is accumulate@nlink (u,t) whereasll otherlinks
have loads0 or 1. Thetableontheright will bediscussedn thenext subsection.

For realinstance®f the problem,additionalcomplicatingconstraintsuchasnodesforbidden
for transittraffic or point-to-multi-pointdemandsarise [15]. Thesekind of constraintscan be
integratedby modifying the graphincluding artificial links, but theseconstraintslo not affect the
methodsandresultspresentedhereandareleft out for the sale of clarity.
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Figure2: Arc cost@(/5,1) asafunctionof load/, with capacityc = 1.

Sofar, we have beenrathervagueaboutour objective of “avoiding overloadedarcs”, andwe
will now definesomemore exact objectves. Recallthat the utilization of an arc a is the load
divided by the capacityi.e. £5/ca, andalink is overloadedf the utilization exceeds100%. The
max-utilizationis themaximumutilization overall links. Thus,if all links in Figurel hadcapacity
2, themax-utilizationwould be 3/2 = 150%.

Minimizing the max-utilizationasin [19] is a very naturalandintuitive objective for routing.
In our example,we canreducethe max-utilizationto 1 by sendingthe traffic from s via v and
w to t insteadof via u. We will considerthe max-utilizationin this paper but it suffers from
allowing a single bottle-neck,e.g. aningresslink from anotherdomainover which we have no
control,to dominatethe whole picture. Also, it doesnt penalizeusingvery long detours.To geta
measuremerdonsideringhe whole network, we considercostfunctionsof theform

&= Z (p(Ea, Ca)

acA

summinga cost@(£,Ca) from eacharca dependingon the relationbetweerthe load £, andthe

capacityc,. In [23] they useaqueuingtheorystylelink costfunction@(£a,ca) = £a/(Ca—¥£a). With

this function, it is more expensve to sendflow alongarcswhoseloadsapproackcapacity which

is whatwe want. However, the functiondoesnt dealwith overloadedinks, andin reality, asingle
overloadedink doesnot take down a whole network. To overcomethis problem,we resorted
to a piece-wisdinear approximationof /,/(ca — £a), definedwith heary penaltyfor overloaded
links. More precisely for somefixed capacityc,, we define@(x, c;) asthe continuousfunction

with (0, c,) = 0 andderivativein theload x of

( 1 for 0<x/ca< 1/3,
3 for 1/3<x/ca< 2/3,
_ 10 for 2/3<x/ca < 9/10,
(% Ca) = 5 70 for 9/10< x/ca < 1, ()
500 for 1 <x/ca< 11/10,
[ 5000 for 11/10 < X/Cy < 0.

Thearccostfunction@is illustratedin Figure2. Generallyit is cheapto sendflow overanarcwith
asmallutilization Z5/c,. Thecostincreaseprogressiely asthe utilization approache400%,and
explodeswhenwe go above 110%.



Becauseof the explosive increasen costasloadsexceedcapacitiesour objective typically
impliesthatwe keepthe max-utilizationbelow 1, or atleastbelow 1.1, if atall possible.

Theexactcoeficientsarenotimportant.We tried mary variationsin the objectve functionand
foundthatthis did not changethe essencef our results. More importantly the routing solutions
foundwerevery robustto changesn the objective function. In particular whenoptimizing rout-
ingsfor @, our solutionstendedto alsodo very well with respecto max-utilization,andbasecdn
this we conjectureghatthey aregoodwith respecto ary “reasonable’tostfunction.

The piece-wisdinearity of our costfunction hasthe advantagethat usinga Linear Program-
ming (LP) solver, we canfind the optimal solutionto the generakrouting problemwith no limita-
tionsto how we candistributetheflow betweerthe paths.We canthencompareourselhesagainst
this unrealisticidealto seehow competitve we arewith any otherapproachincluding MPLS.

A problemin the currentformulationof @ is thatit doesnot provide a universalmeasureof
congestion. With the max-utilization, it is clearfor any routing in ary network that we have a
problemif it exceedsl00%,andwe would like a similar universalcut-off for our summedink-
costs.To achieve this, we usea normalizedcostfunctiont

O = /W

whereW is the costwe would have hadif all flow wassentalonghop-countshortestpathsand
all loadsmatchedthe capacities. More formally, if A(s,t) is the hop-countdistancebetweens
andt, ¥ =3 s1ev2(D[s t]- A(s,t) - 9(1, 1)). Notethatfor agivennetwork anddemandnatrix, the
divisionby W doesnt affectwhichroutingsareconsideredjood. Summingup, ®* > 1impliesthat
weareperformingasbadlyasif all flowswherealonghop-counshortespathswith loadsmatching
the capacitiesThe samecostcan,of course alsostemfrom someloadsgoingabove capacityand
othersgoing belaw, or by flows following longerdetoursvia lessutilized arcs. Neverthelessit is
naturalto saythataroutingcongestsa network if ®* > 1.

2.2 OSPF/IS1Srouting

As mentionedearlier this paperfocuseson routing with OSPF[22] andIS-IS [9], which arethe
mostcommonlyusedintra-domaininternetrouting protocolstoday The network operatorassigns
aweightto eachlink, andshortespathsfrom eachrouterto eachdestinationarecomputedusing
theseweightsas lengthsof the links. In eachrouter the next link on all shortestpathsto all
possibledestinationss storedin atable,anda flow arriving at therouteris sentto its destination
by splitting the flow betweerthelinks thatareon the shortespathsto the destination.The details
of the splitting/tie-breakingdependn the configurationof the router In this paperwe assumea
hash-basedplitting, asusedin the AT&T IP network: if a routerhasmultiple outgoinglinks on
shortestpathsto a destination pacletsareassignedn outgoinglink basedon a hashfunction of
someinformationin their header The hashingascertainghat pacletsfrom the sameflow follow
the samepath,whichis importantfor the pacletsto arrivein the orderthey weretransmitted.The
hashbasedsplitting generallyresultsin aroughlyevensplit, andfor simplicity, we assumehatthe
splitis exactly even.

In [17, 18], it wasfoundthatCiscos[11] suggestedefaultof settingweightsinverselypropor
tionalto the capacitywasasgoodor betterthansettingall weightsto 1, or usingphysicaldistance.

1Thenormalizatiorfrom [18] wasdefineddifferentlysothatit wasg(1,1) = 10% timesbigger
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This justifies that inverse-capacitys the only default weight settingthat we compareoursehes
againsin the currentpaper

2.3 Theneed for global optimization

A naive approacho the problemof trying to improve a givenrouting by modifying only oneor
few weightswould be to just increasethe weight of overloadedinks, thusavoiding the needfor
sophisticatedools aspresentedn this paper (Un)fortunately sucha stratey is ofteninsufficient
to provide the bestresults. To illustratethis, reconsidethe network of Figure1l assuminghatall
capacitiesare2. Supposehatwe wantto sendoneunit of flow from g,r,sandw tot. Thetable
in Figurel presentsheloadsresultingfrom threedifferentweightsettings.For unitsweights,we
getamaximalloadof 3 onlink (u,t). If we wishto decreasehis maximalload by increasinghe
weightof this heavily loadedlink, the bestsolutionis to settheweightto 2. We thengetthatthe
flows comingfrom g,r ands aresplit alongthetwo possiblepaths,andthe maximalloadbecomes
2.50nlink (w,t). If we insteadlook for the bestchangeover all links, we easily seethat setting
theweightof link (s,u) to 3 changesheroutingfor the flow from sto t, but notthosefrom g and
r tot, andthe maximalloadin the network is therebydecreasetb 2, matchingthe capacity

Notethatin this optimalsolution,the shortespathsare unique ,hencethatwe madeno useof
the even splitting feature. Ratherit just singlesout part of the traffic from s andredirectsit. A
similar patternwasfoundin mary of theoptimizedweightsettingsrom [18]. A someavhatsimilar
finding is reportedin [25], wherethe authors,in a slightly differentcontext, shav that the best
routing strateyy usuallyis obtainedwith alimited numberof differentpaths.

2.4 Test instances

Our basicexperimentalnetworks and demandmatricesare the sameasin [17, 18]. We have a
proposedAT&T IP backbonewith 90 nodes,274 arcsand projecteddemands. Also, we have
a synthetic2-level networks producedusing the generatorGT-ITM [28], basedon a model of
Calvert, BhattacharjeeDaor, andZegura[29, 10]. This modelplacesnodesin a unit squarethus
gettinga distanced(x,y) betweeneachpair of nodes.Thesedistancedeadto randomdistribution
of 2-level graphswith arcsdividedin two classesiocal accessarcsandlong distancearcs. Arc
capacitieswvere setequalto 200 for local accessarcsandto 1000for long distancearcs. Many
networks weregenerate@andtested alsoincluding Waxmangraphs[27] andrandomgraphs but
for spacaeasonswe only presenexperimentover one2-level graphwith 50 nodesandl148arcs.
Resultsor othernetworksareconsistentvith thosereproducedereandfollow the samepatterns.
The above syntheticnetwork modeldoesnot include a modelfor the demands.Inspiredby
classicalentroy modelsfor urbantraffic [26], we decidedto modelthe demandssfollows. For
eachnodex, we pick two randomnumbersoy, dy € [0, 1] . Further for eachpair (x,y) of nodeswe
pick arandomnumbercy ) € [0,1]. Now, if theEuclideandistancglL ) betweerx andy is 8(x,Y),
thedemandoetweerx andy is
A0,DyCxy) €OV 2)

Herea is a parameteandA is the largestEuclideandistancebetweenary pair of nodes.Above,
the ox and dy modelthat differentnodescan be more or lessactive sendersandrecevers, thus
modeling hot spotson the net. Becausewne are multiplying threerandomvariables,we have a
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quite large variationin the demands.The factore 3*¥)/22 implies thatwe have relatively more
demandetweerclosepairsof nodesyetthedistanceonits own never hasanimpactbiggerthan
afactor,/eé= 1.648... In our experimentsye alsotried not usingthe factore-%¥)/?2 andthe
resultswereessentiallyunchanged.

In our experimentswe generatednedemandmatrix for eachnetwork, thenwe scaledit (by
multiplying eachentry by a constant)at differentlevels to obtain differenttotal demands. All
our resultsarereportedfor theseincreasingotal demandswhich allows to measurefor a given
routing, at which level of total demandcongestionoccursfor the given topology and demand
pattern.

Our techniquefor few weightchangesvasalsotestedon thereal AT&T IP backbonewith its
realweightsettingandmeasurediemand$15].

Discussion of test instances We will now briefly discussour choiceof syntheticdata. On the
positive side, for the network modelitself, it hasalreadybeenestablishedhatit givesgoodap-
proximationsto realnetworksin mary aspectg§29, 10]. Further the similarity in resultsfoundin
[18] betweerthe proposedAT&T IP backboneandour syntheticnetworksindicatethatthe model
is reasonablyaithful for our purpose.

Onthenegative side,it hasrecentlybeenfoundthatthedegreedistributionfor IP networkshas
heavy tails [13] (we notethat[13] actuallyconsiderghe Internetasa whole whereaswve areonly
consideringa singledomain),andsimilar findingshave beenfoundfor the demandg15], thatis,
we shouldhave somenodeswith very high degreesandsomevery large demandsOur synthetic
modelsdo not provide suchheavy tails.

Generatingnetworks and demandmatriceswith heavy tails is in itself easy[2]. For the net-
works,onecouldevenusesomeof theofficial networksavailableat[8]. However, in realnetworks,
the heavy tails of the networksanddemandmatricesarehighly dependentGenerally heavy tails
meansstructure. High degreenodesare placedat stratgic positionsrelative to the structureof
the expecteddemandmatrix. Indeed,we have foundthat AT&T’ s network performsvery poorly
on a randomdemandmatrix. A randomheavy tail demandmatrix placing a large demandin,
say Alaska,would be even worse. Thus, networks and demandmatriceswith heavy tails have
to betailoredto eachotherto berealistic. Sofar, thereis no establisheanodelfor suchtailored
combinationandtailoring theinput dataourseheswould make our resultslesscorvincing.

The advantageof Zegura’s networksis thatthey areconstructedn a genericway notfavoring
ary particulardemandsandfor thatreasorthey work reasonablyvell for genericdemandnatrices
suchasours.

Thus, we argue thereis no obvious betterchoiceof a model, given that, to claim good op-
timization results,we cannotcorvincingly constructa model by hand. However, for the sale
of optimizationwork like ours,we seeit asanimportantchallengeto developa singleheavy tail
modelintegratingbothIP networksanddemandmatricesvherethe P network is reasonablyuned
for the demandmatrix. In fact,asarguedabove, we think that suchan integratedapproackmay
give abetterunderstandingf the heavy tails foundin IP network, viewing the hight degreenodes
asstrateyically positionedhops.



3 Few weight changes

In this sectionwe considetthe problemof optimizing, makingasfew weightchangesspossible.
We apply our techniquefor few changesn two scenarios.Oneis whenthe weight settinghas
not previously beenoptimized,e.qg.if the network is sofar just run with inversecapacityweights
following Cisco’s recommendatioifil1]. The otherone,describedn Section4, is in responseo
problematicchangesn demand®r topologylik e critical link failuresor emeging hot-spots.

3.1 Techniquefor few changes

We wantto make asfew weightchangesspossible.Thelocal searchfrom [17, 18] thatwe used
for multiple demandmatricesworks with a single solutionthatis iteratively improved by small

changesn the currentsolution. It typically performsa lot of iterations(5000in our practical

experiments) andthereforeproducesa solutioncompletelydifferentfrom the startingone. This

canbeseenasadepth-firstsearchin thesolutionspaceput sincewe wantto make asfew changes
aspossible pur approactshouldratherbe a breadthfirst search.

Our heuristicfor improving aninput weightsettingwp with asfew weightchangesspossible
works as follows: first we considerabout1000 single weight changedo wg, correspondingo
about5 weight changedor eacharc in our largestnetworks. Insteadof selectingonly the best
weightchangeasin [17, 18], we keepthe 100 bestweightchangesn a family F of “bestweight
settings”. The processs iteratedwith F insteadof wp: we considerl000singleweight changes
for eachweight settingin F anda new F is selectedcontainingthe 100 bestof the old weight
settingsin F andthe about100,000new weight settingsconsidered After i iterations,including
the startfrom wp, thefamily consistof weightsettingswith up to i weightchangedrom wg. The
sizeof F correspondgo the breadthof our search. All the above numbersare just parameters
thatexperimentallywerefoundto give a goodcompromisebetweemuality of solutionandtime.
For the largestnetworks considered]0 iterationstook about1 1/2 hourson a 194 MHz CPU SGI
ChallengeXL. If runningtime is anissue,one can, for example,reducethe family size or the
numberof iteration,or evenbetter buy a betterfastercomputer

This techniquefor few changeshas,to our knowledge,not beenusedbefore.Its maininterest
is thatit providesa generaframavork for optimizingwith few changeshatcanbe easilyadapted
for otherapplications It hastheadvantagehatif alocal searchsuchasour previousheuristicfrom
[18] is available,the mainingredientsuchasthechangesppliedto onesolutionto geta neighbor
of it, or the procedureso evaluatea new solution,canbe reusedn this new framework, saving a
lot of implementatiorwork.

3.2 Experimentswith few changes

As our baseexperimentwith few changeswe took the inverse-capacityveight setting(InvCap-
OSPF)asa startingpoint. A concreteoutputfor runningthe codefor 3 iterationsis presentedn
Figure3.

It tells the userhow muchimprovementcanbe obtainedwith 1, 2, and3 changesandwhich
changedo make. Further it shavs morepreciselyhow theloadson the mostutilized links change
asmorechangesreapplied.
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cost

Number of iterations set to 3.
Will  profile  top 4 utilized links.
Demand scaling  factor set to 2.916967.
Data file: experiments/hier  100.d at
No input  weights.  Using InvCap as default.
Scaling  factor 16113.563
InvCap 8.873 (1.210)
Utilization profile:
69:2.420e+02/2.00  0e+02= 1.210
170:1.63%e+02/2 .00 0e+02=  0.820
176:1.584e+02/2 .00 0e+02=  0.792
89:1.564e+02/2.00 0e+02=  0.782
Iteration 1 : 1.323 (0.820)
w69 : 5 -> 11
Utilization profile:
170:1.639e+02/2 .00 0e+02=  0.820
69:1.623e+02/2.00 Oe+02=  0.811
89:1.564e+02/2.00 0e+02=  0.782
81:1.533e+02/2.00 0e+02=  0.766

Iteration 2 : 1.308 (0.811)
wie9] : 5 -> 11
w[170] : 5 -> 10
Utilization profile:
69:1.623e+02/2.00 0e+02=  0.811
89:1.564e+02/2.00 0e+02=  0.782
81:1.533e+02/2.00 0e+02=  0.766
231:1.499e+02/2 .00 0e+02=  0.750
Iteration 3 : 1.294 (0.782)
w100] : 5 > 1
wie9] : 5 -> 12
wl70] : 5 > 9
Utilization profile:
89:1.564e+02/2.00 0e+02=  0.782
81:1.533e+02/2.00 0e+02=  0.766
180:1.466e+02/2 .00 0e+02=  0.733
63:1.456e+02/2.00 Oe+02=  0.728
Adaptive  CPU time 221
Best found 1.294 (0.782)

Figure3: Optimizingwith few change®n 2-level graphwith 100nodesand280arcs.
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The resultsof applyingour techniqueare presentedn Figures4-5, with InvCap+k denoting
thatwe appliedk changes.DirectOSPFepresents weight setting,involving all weights, opti-
mizedwith our local searchfrom [18], and OPT is the solution of the generalrouting problem,
includingthe possibilitieswith MPLS.

First, asin [17, 18], we notethatall curvesstartoff pretty flat, andthen,quite suddenly start
increasingrapidly. This behaior follows our costfunctionthatexplodeswhentheload of a link
reachests capacity(cf. (1) andFigure2).

The mostinterestingcomparisorbetweerthe differentschemess theamountof demandhey
cancopewith beforethe network suddenlygetscongestedn the sensethat its normalizedcost
exceedsl. Here 1l changegives 10%-50%,3 changeggive 25%—75%while 10 changegyive
35%—-90%.Thusquite substantiaimprovementsanbe obtainedwith few changes.

The codewasalsorun with on the real AT&T IP backbonewith its real weight settingand
measuredlemands.It was found that changingthe weight of a singlelink from 1024 to 1025
improvedthe max-utilizationby 8%. Furtherdetailson this are,however, proprietary

4 Link failuresand hot-spots

In this sectionwe considerthe problemof link failuresandemeging hot spots.We show thatthey
arenot normally problematic.However, thereareafew critical casesbut for thesewe reestablish
goodperformancevith at most3 weightchanges.

4.1 Link failures

For AT&T’ s proposedP backboneywe tried all possiblelink-failures,and computedhe routing
bothwith InvCapOSPFandwith a weightsettingoptimizedfrom beforethe link-failure (Direct-
OSPF).Theresultsaredepictedin Figure6, giving the values first without link-failures,thenas
averageover all link-failures,andfinally with worst-casdink failures. Here, by worst-casewe
meanthelink whosedeletiondecreasetheobjectivefunctionthemostfor thegivenweightsetting.
Thislink is thusfoundindependentlyor eachweightsettingconsidered.

For averagelink failures,we seethat DirectOSPFperforms25% betterthan InvCapOSPF
which s still pretty good. However, for worst-casdink failuresfor the proposedAT&T IP back-
bonein Figure6, we seethatour optimizedweightsdo 65% worsethaninvCapOSPFShortlywe
will turnthis defeatinto victory.

If we remove theworst-casdink thatcausedhe biggestproblemfor weightsettingsfound by
our DirectOSPHor the proposedAT&T IP backboneandre-optimizewith asfew weightchanges
aspossible asdescribedn thelastsectionwe obtainresultsdepictedn Figure7. HereOldOSPF
denotesour optimizedweightsettingfrom beforethelink failure,andOld+k denotesheresultof
optimizing this weight settingwith k changesInvCapOSPFDirectOSPFandOPT areall based
directly on the network without the badlink.

First obsene that OldOSPFcomesdown andperformaswell or betterthaninvCapOSPHor
demandscaledaround11000and19000.Thereasorfor thisis thatfor theoriginal weightsettings
generatedor thesetwo demandscalings,it wasactuallya differentlink thatwasbad. However,
for all theotherdemandevels, it is theworstpossibldink we have deleted.This essentiallyneans
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Figure6: Link-failureon AT&T’ s proposedackbone.
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Figure 7: Resurrectingperformanceafter worst possiblelink failure in AT&T’ s proposedback-
bone.

that our weight settinghad somedifferentchoicesin whatlinks to make critical, andthe choice
happenedo comeoutdifferentlyfor two of thescalings.Thejumpsnearlydisappeaafterjustone
weightchangewhich makesusbeatinvCapeverywhere.

Whatwe now seeis thatafterjust 1 weightchangewe do 60% betterthaninvCapandwith 3
changesve do 160%better gettingwithin 10%of OPT.

4.2 New hot-spots

Our next experimentsconcernthe developmentof new hot-spots.The essentiabxperimentis to
take onerouterandmultiply all incomingdemandsy afactorof 3. This correspond$o multiply-
ing onedy by 3 in (2), which againamountgo multiplying all entriesin a columnof thedemand
matrix by 3. Thisis likely to give morestructuraldifferencethanjust noise,turninglinks towards
x into bottlenecks.

Theresultsof theexperimentsaredepictedn Figure8. As for link failures theaverageandthe
worst performanceare obtainedover hot-spottingall nodes,oneat thetime. We do this with the
weightsettingsboth from InvCapOSPFandDirectOSPFWe seethat DirectOSPHperforms20%
betterthaninvCapOSPHRor averagehot-spotsand30% betterfor worst-casenhot-spots.Without
hot-spots,DirectOSPFperformed50% betterthan InvCapOSPFThus, we do lose someof our
adwantageover InvCapOSPFbut our optimizedweight settingstill provides a clear advantage
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over InvCapOSPF

As for link-failures,wetried to take theworstpossiblehot-spot(in thesensehatit deteriorates
themosttheobjectivefunction),andreestablistyoodperformanceTheresultis depictedn Figure
9. Thenicething is thatwe only needa singleweightchangeto getbackvery closeto optimum,
whichis evenbetterthanfor the worstpossibldink failure.

5 Multipledemand matrices

Our motivationfor working with multiple demandmnatricess the generalexperiencefrom AT&T
thattraffic follows quite regular periodswith a peakin the day andin the evening. The network
operatorsdo not wantto changeweightson a regular basisso we want just one weight setting
whichis goodfor thewhole period. We thencollecta peakdemandmatrix for thedayandonefor
theevening.A weightsettingperforminggoodon bothperformsgoodon all corvex combinations,
andhencet hasa goodchanceof performingwell for thewhole period.

5.1 Animpossible example

In Figure 10, it is illustratedthat if we have two fix onesetof routesfor two differentdemand
matricesthis mayforceusto increaséhe max-utilizationby 50%for oneof them.In theexample,
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Figurel10: Badchoice

onedemandnatrix wantsoneunit of demandrom s to tg andfrom s; to t; while the otherwants
oneunit of demandrom sy to tg andfrom s, to to. However, ary flow from s to to hasto share
alink with eitherflow from s; to tg, or from s, to to. In eachsituationindependentlywe canget
max-utilization1, but if we have to fix the routing from sy to to, the bestwe cando is to split
the sp-to flow evenly, gettinga max-utilizationof 3/2 in both casesAs for the negative examples
in [18], this worst-caseexampleis far from real networks, andwe will seethatin practice,real
networks performmuchbetter

5.2 Optimizing for multiple demand matrices

Givenanetwork G = (N, A, c) with severaldemandmatricesD4, ..., Dy, we wantto find a single
weightsettingw := (Wa)aca Whichworkswell for all of them.In generalwe will use/;(G, D, w)
to denotetheloadon link a with network G, demandmnatrix D, andweightsettingw. Similarly for
our costfunction,we have ®(G,D,w) = ¥ ,Pa(£a(G, D, w)) with @, asdefinedin (1).

Now considera demandmatrix D dominatedby a corvex combinationof D4, ..., D, thatis
D <a1Dj +---+axDk whereas + - - - +akx = 1. Hereeverythingis understoodo be entry-wise,
sofor all x,y, D[x,y] < a1D1[X,y] + - - - + axDk[x, V]

Sincethe routing for eachsource-destinatiopair is fixed by the weight settingw, for each
arca€ A, £3(G,D,w) < 01£a(G,D1,W) + - - - + axla(G, Dy, w). In particular it follows thatthe
max-utilizationfor D is no worsethat the worst max-utilizationfor the D;. Further sinceeach
arccostfunction®, is corvex, ®5(£3(G,D,w)) < a1Pa(£a(G,D1,W)) + - - - + axPa(£a(G, D, W)),
andhence®(G,D,w) < a1P(G,D1,w) + - - - + axP(G, Dy, w). Thus, our weight settingw does
no worsefor D thanfor the worstof the D;, neitherwith respecto our costfunction ®, nor with
respectto max-utilization. Note that the sameobsenation holdstrue with MPLS, aslong asthe
routingfor eachsource-destinatiopairis fixed.

From[17], we know thatit is NP-hardevento approximatea goodweightsettingfor a single
fixed demandmatrix, thatis, unlessNP=P, therecannotbe ary generalmethodproviding guar
anteedgoodresults. However, an efficient local searchheuristicfor the problemis suggestedn
[17, 18] thatfor a givennetwork G anddemandmatrix D looks for a weight settingw thatmini-
mizes®(G, D, w).

To optimizesimultaneouslyor severaldemandnatricesD, ..., Dk, we simply modify thelocal
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searchheuristicto minimize

®(G,Du; D) = 5 &(G,0w 3

As in our original motivation for defining @, this hasthe the effect of penalizinghighly loaded
links, this time, for all the demandmatricesinsteadof just one. Our negative theoreticalexample
shavsthatwe cannotin generahopefor goodresults,but we canstill hopeto dowell in practice.

5.3 Experimentsfor multiple demand matrices

In [17, 18] therewasonly onedemandmatrix D, for eachnetwork. Herewe generated second
independenmatrix D2, usingthe samedistribution, and scaledto have the sametotal demand
asD;. We call this demandmatrix a twin of D;. The differencebetweenD; and D>, models
structuraldifferencesn traffic, with a completechangein who arethe big sendersandrecevers,
thusmodeling.e.g. thedifferencebetweerdayandeveningtraffic. We alsoderivedanoisyversion
D, of D1 thatwill bediscussedater.

We comparedOPT, InvCapOSPFand DirectOSPF(obtainedwith our heuristicfrom [18])
againstOSPF/IS-I1Sroutingsof D; using weight settingsoptimizedrelative to D, (TwinOSPF)
andfor D1 and D, simultaneously(PairOSPF)asin (3). A symmetricsetof experimentswere
performedwith therolesof D; andD» interchanged A goodperformanceof PairOSPFon both
D1 and D, shaws that we have successfullyfound one weight settingthat compromisecheither
demandmatrix.

The resultsof our experimentsare presentedn Figures11-14with differentscalingsof the
demandmatrices.

In the experimentswe seethat DirectOSPFallows usto copewith 50%-110%moredemand
thanthe oblivious heuristics.Also, DirectOSPHs lessthan2% from beingableto copewith the
samedemandsstheoptimalgeneraroutingOPT.

If we look at TwinOSPFE we seethatit is often at leastasbad, or worsethanInvCapOSPF
NeverthelessPairOSPFdoesvery well, never gettingmorethan10%worsethanDirectOSPFand
OPT. In particular PairOSPFis always doing simultaneouslywell for both demandmatricesit
optimizesover.

Putin termsof our day-evzeningexample,this meanghatif we justoptimizerelative to a peak
demandmatrix from the day, we cannotexpectto gainanything for the evening. However, if we
do simultaneousptimizationfor a day andeveningdemandmatrix, we canhopedo well on both.
This combinedwith our robustnesgo noise(seebelon) andour automaticbenefitfor all convex
combinationsgives us a good chanceof dealingwell for typical daily periodic changeswith a
singleweightsetting.

Onemay wonderwhy thingswork sowell in spite of simple negatve exampleslike the one
presentedn Figure 10. A simple explanationcomesfrom the fact that even if a bad example
occursas a subgraphof the network, real networks are usually large enoughthat we can steer
thetraffic aroundsucha small bottle-neckevenwith limited control over the routing. Indeed,in
our experimentdt usuallyturnedout thatonly a smallnumberof links whereoverloadedso our
bottlenecksverelocal,andmakingjustafew goodweightchangeallowedusto smoothoutthese
local discrepancies.
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5.4 Robustnessto noise

We derivedanoisyversionD; of D1 by multiplying eachentryby arandomnumberbetweer0 and
2. On the averagethis changesachentry by 50% without changingthe expectedtotal demand.
Thediscrepang betweenD; andD; could represenproblemsof gettingexactmeasure$l5], or
generalfluctuationdn traffic.

The resultsof our experimentswith noise are also presentedn Figures11 and 13, where
we comparedDirectOSPFagainstroutingsof D1 usingweight settingsoptimizedrelative to D,
(NoiseOSPF)NoiseOSPHs doing quite well, gaininga minimum of 40% over InvCapOSPF
Thus our weight settingsare pretty robust to noise,andthis implies that we only needa rough
estimateof the demandmatrix.

Note thatthe resultsobtainedwith D, with weightsoptimizedfor D1 (TwinOSPF)are much
worsethanthosewith D; (NoiseOSPF)meaningweight settingsare more sensibleto structural
changeghanto noise.

5.5 Differentiated service

We now outline how our positive experiencewith multiple demandmatricescouldalsobe applied
with differentiatedservice.Supposeave have two classe®f customersgold customerghatwere
promiseda guaranteedhandwidth,andnormalcustomersWe wantto ensurethatgold customers
paclets are routedin the first 60% of the capacityof eachlink. Supposewne canfind a weight
settingsuchthatwe remainbelonr 60% of the capacityif we only sendgold customerglemands.
Thenwe canensurewith this weightsettingthatgold customersgpacletswill be sendbelonv 60%
of the capacityby giving themthe priority over normal customerausingweightedfair queuing.
Let D1 be the demandmatrix describingthe bandwidthpromisedto gold customers.We need
to route D; with max-utilization3/5. Recallthat our objectve function @ is designedo keep
max-utilizationbelow 1, whichis alsoevidentin our experimentswvith DirectOSPFTo satisfyour
gold customerskeepingtheir max-utilizationbelov 3/5, we canthereforeoptimizewith respect
to ®(G, (10/6D1),w).

However, this approachdoesnot take normalcustomersnto accountandcouldleadto really
bad situationsfor them. To remedythis, let D> be a demandmatrix estimatingthe total traffic,
including the gold customers.We want to provide good best-efort servicewith respectto D,
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while keepingthe objective of gettingthegold customersnax-utilizationbelon 3/5. Thisproblem
hasbeenaddressetbr MPLS [21] whereit is justa multi-commodityflow problem.
This leadsusto acombinedobjectve functionof theform

ad(G, (10/6D1),w) + P(G, D2, w)

wherea is a parameterthat we canjust optimizeaswe did for multiple demandmatrices. If o
is sufficiently high, we only careaboutthe first term, andthenwe are pretty sureto stay below
60% capacityfor gold customersif atall possible However, assoonaswe have satisfiedthe gold
customersyve betterstartworrying aboutbesteffort servicefor everybodyasin the seconderm,
sothenaturaloptimizationis to usethesmallest for whichthegold customergetsatisfied.This
smallesto canbefoundby a binarysearch.

The interestingthing hereis that our successfukexperimentswith multiple demandmatrices
indicatethatwe cansatisfyboth gold customersandnormalcustomersvith OSPF/IS-ISwithout
compromisingeither

6 Conclusion

We have presented systemof algorithmsfor efficient OSPFtraffic managemenin a changing
world. As describedn 85, we can optimize efficiently over a few peakdemandmatrices,say
representinglay andeveningUsS traffic andinternationatraffic in the night, andtherebyproduce
aweightsettingcoveringall demandmatricesdominatecdby corvex combinationsof thesepeaks.
The noisetolerancefrom 85 impliesthatwe don't needto find the absolutepeaks,aslong aswe

getwithin areasonabl@eighborhooaf them.Further theresultsfrom 84 indicatethatourweight
settingis goodfor new hot-spotsandmostlink failures,sogenerally we do not expectto haveto

changeheweightsetting.

However, by simulation,we may discoverthatafew critical link failurescancauseproblems.
For thesefew links we pre-computea few weightchangego be appliedin casethey fail. Similar
pro-actve strategyiescanbe appliedagainsiotherpredictedchanges.

In casethe whole structureof the demandmatrix evolvesto a degreethatour weightsettingis
nolongersatisfictory we expectto reestablislyoodperformancavith justafew changesHerethe
codefrom 83 canbeusedto generallymonitorthenetwork, keepingthenetwork operatoiinformed
whetherhe canimprove network performancewith afew changes.The currentrunningtimesof
1-2 hoursmay be consideredoo slow for suchon-linetraffic engineeringHowever, asis typical
for local searchwe canalwaysmake a lessexhaustve searchto terminateearlier Within 10-15
minutes,one often getwithin 5% of the presentedesults. Also, thereare muchfastermachines
on the market. Anyhow, our systemis expectedto be mostinterestingto network operatorsn
casesvhererealproblemsareexperiencedn the network, andwherethe alternatve is to buy new
hardware.In suchacase1-2 hoursof CPUtimeis cheap.

Besideghe above concreteresults,we believe thatwe have seta quite generaframenork for
efficient traffic managementand mary of the objectvescould be reusedwithin MPLS routing.
Particularlythis coversthe corvexity idea.

In combination,our techniquegrovide and efficient systemfor OSPF/IS-IStraffic manage-
mentin achangingworld. It is now anintegratedpartof AT&T’ sNetScope/Bneo traffic engineer
ing tool for IP networks[14].
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