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We presenta mixed integer linear programming(MIP) formulationfor a trafc engineeringoroblem
wherewe addresshe restrictednumberof active tunnelson eachlink in the presenceof diversity re-

guirements.The designhassigni cance in networks suchas multi-protocol-label-witching (MPLS)-

basednetworks wheresuchconditionscan be applicable. For large networks, we presentthe solution

approachusing Lagrangeardecompositioralgorithmby consideringthe dual problemand using sub-

gradientoptimization.Thedualsubproblemsreshavn to have integral solutionsfor continuouselaxed

versions Suchaconstructiorgivesusthebene t of solvingthe MIP problemwith a seriesof continuous
problems We presentumericalresultsfor fairly large networks generatedandomlyusinga topology
andtrafc generatarWe alsopresentcomputationatesultsto shawv thein uence of tunnelrestriction
anddiversityparametepontrafc engineeringf anetwork.
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1 Intr oduction

Trafc Engineerings becominganincreasinglyimportantconsideratiorfor thebackboneom-
municationnetworks. For example,Multi-Protocol Label Switching (MPLS) provides one of
themeandor achieving traf ¢ engineeringn anetwork [1]. MPLS framewvork enablesxploit-
ing of thebene tsof Constraint-Base®outingandNetwork Controls.An importantfeatureof
MPLSis its capabilityto setup multiple labelswitchedpaths(LSP)betweersourceanddestina-
tionsandenabldoadbalancingof traf ¢ betweermultiple LSPs(“tunnels”). As degreeof load
balancingsupported numberof pathsactivated)by a routeris increasedbetterperformance
canbeachiered.But sucha performancéene t comesata compleity cost.

EachLSP setuprequiresa label on eachintermediatenodewhich is usedfor switchingthe
inputtraf c to thedestinedoutputport. Hencesettingup eachnew LSP bringsadditionallabel
to eachintermediatenode.To route eachpaclet, a label switchedrouter (LSR) hasto search
throughthe Label Swappingtableto nd the matchinglabel andthe port to get the output
label andthe port. It thenappendghe outputlabelto the paclet and sendsthe paclet to the
outputport. HenceeachactivatedLSP leadsto morelabelsat the LSR, therebyrequiringmore
processindo forwardeachpaclet.
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In this paper we presenta mixed integer linear optimizationformulationof a trafc engi-
neeringproblemwherewe have capturedestrictionon tunnelsfor a routerin termsof number
of LSPsthatcanbe supportedn aspeci c link in the presencef multi-servicetrafc classes;
further, we put restrictionon demando w on a pathby introducingdiversity constraintsTyp-
ically, diversity constraintis introducedto provide somelevel of survivability, in caseone of
theactive LSPsis affecteddueto alink failure (see for adifferentexample,[2]). While we use
MPLS andLSPsto explaintheproblem themodelcanbeapplicablen othertraf ¢ engineering
framavorkswheretherestrictionon the numberof tunnelsis anissue.

Therestof thepapelis organizedasfollows. In section2, we presenthedescriptionparame-
tersandtheformulationasanMIP problem.In section3, we presentdecompositioralgorithm
to solve the MIP problemwith a seriesof continuousproblemsin sectiond, we presentesults
for smallandlarge networks (experimentalindrandomlygenerated).

2 Formulation

We consideranaggregated- ow basechetwork, wheretraf ¢ data(paclets)arriving to asource
for a speci c destinatiomneedso be sentover oneof the active LSPsbetweerthe sourceand
thedestinationTrafc databelongsto oneof the serviceclassesandhencecanonly be senton
the LSPsof its serviceclass.Eachserviceclassmaintainsits own setof LSPsbetweensource
anddestinationsThe LSPsare assumedot to be sharedoetweenserviceclassessinceeach
serviceclasscanhave its own stringentend-to-endequirementThe total LSPschosento be
activatedacrosghe network aresuchthatthe total numberof LSPs o wing througheachlink
arerestricted.The formulationmaximizesthe weightedcarried o w acrossthe network while
honoringtheactive LSPconstrainandLink Capacityconstrainbneverylink. We rst describe
thenotation:

Setof nodesin the Network . Setof nodegroupswith traf c

Setof links . Capacityof link

Setof serviceclassest nodegyroup :  Maximumnumberof tunnelsallowed
onlink

Unit revenueof serviceclass and . Trafc demandor serviceclass and

nodegroup nodepair .

Minimum thresholdon ow onapath : Maximum allowed fraction of de-
mand ow for serviceclass and
nodepair

We aregiventhefollowing information: , , , , , , , , and . Weinitially

generata setof candidatgathsfor eachserviceclassanddemandpair. We assumehata path
generatosuchasthek-shortespathalgorithm)is usedto generatehe setof paths,

Let be the numberof candidatepathsgeneratedor serviceclass of demand
. We now introducethe fractional ow variable associatedvith the path  for
serviceclass of request which takesa valuebetween0 and asthe fraction

of demand allocatedto path.Here, restrictsthe maximumamountof o w thatcan
be allocatedto arny onepathandis referredto asdiversity constraint Diversity constraintsare
usefulto incorporatea certaindegreeof fractionalsurvivability for aserviceclass As discussed



earlier dueto capacitylimitation, it is quite possiblethata demandmay not be routed(while
propernetwork designwouldtry to avoid suchsituationsby over-engineeringfrom atrafc en-
gineeringmodelingstandpointjt is necessaryo incorporatethis variableto avoid infeasibility
of theproblem).To considetthis aspectwe have thefollowing constraint

(1)

(2)
To addresshefractionof o w of aserviceclassof thedemandn eachlink (for eachpath),we

now introducetheindicatornotationto mapbetweerthedemandihe serviceclassandthelink,
asthey relateto pathsasfollows:

if path for serviceclass of nodepair usedink
otherwise.

Thus,the bandwidthneededon ary link  (denotedoy ) to carry ow for differentservice
classeanddemandsannow be capturecby theamount

Sinceeachlink hascapacity , wethushave thefollowing constraintdor eachlink

(3)

Next, we considerthe numberof active LSPssharinga link. Sincewe wantthatthe numberof
activetunnelsonary link shouldbelessthat .We rst needto have avariablethatcaptures
if any givenpathis beingusedor not. The valuetake by sucha variabledependn the value
takenby the correspondingo w variable. Hence we de ne asthe (binary)tunnelactiity
variable whichis 1 if apathis beingusedto route o ws and0 otherwise Sucha functionality
canbeachieredby incorporatingfollowing two constraints:

(4)
()

Theseconstraintdncorporateandforce dependenciebetweervariables, and .When is
0, constraint(4) forces to be 0. On the otherhand,when is 0, constraint(5) forces to
be 0. Note the useof the thresholdparameter , to limit the generatiorof tunnelsof very low
bandwidth We forcetunnelconstraintusing

(6)

(7)



The objective function maximizesthe total weighted o w acceptedy the network. Thus,the
trafc engineeringoroblem(P) canbeformulatedas

(8)

subjectto constraintg1- 7).

Obsene thatthe diversity constraintcanplay a crucial role in the throughputachiered. For
smallervaluesof it forcesthe useof multiple tunnelsand henceincreaseghe conict be-
tweenvariousnodepairsin sucha scenariofestrictionon active numberof tunnelscanresult
in seriousperformancedegradation.We will discussmore on the role of diversity constraint
in section4. The problemis a Mixed Integer Linear Programwith numberof variablesbeing

( ,binary)and ( , continuous)Thenumberof constraints
requiredto besatis edare (Constraintg4), (5) and(2)) + (Con-
straint(1)) + (Constraint(3) and(6)). Sincethe MIP containsoverwhelmingnumberof

binary and continuousvariablesalongwith high numberof constraintsusing direct solution
methodgshey couldonly be solvedfor smallnetworks.

3 Decompositionalgorithm

In thissectionwe describeadecompositioralgorithmfor theproblem(P) usingLagrangeame-
laxationwith dualityandsubgradienbptimization[3]. In ourcasewe considethelLagrangean
relaxationby observingthatthe constraintg4) and(5) are coupling constraintdbetweervari-
ables and . Hencewe take Lagrangeamelaxationaroundthesetwo constraintssothatthe
remainingconstraintgetdecoupledrom theobjectivefunction.In theprocessye'll show that
oneof the subproblemsvith integrality constraintcanbe solvableby relaxingthe integrality
requirementFirst we startwith the Lagrangean

9)
Rearrangingwe get
(10)
This canbewrittenas Thedualproblem(D) is
(11)

Notethatfor agiven and ,thelLagrangean isseparabléen and reducego solvingtwo
independensubproblemsvhere

(12)
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subjectto constraintg1), (3) and(2) and

(13)

subjectto constraintg6) and(7). Thus,to solvetheoriginal problem(P), we usethealgorithmic
stepsshown in Table-1.

Note thatthe solutionto the problemdescribedn Section2 consistsof solving threesmaller
problemsnamely , and . Obsene thatproblem is a linear con-
tinuousprogrammingproblemwhich canbeef ciently solvedusingSimplex methodfor fairly
large numberof variables Thus,we discusselon how to solve

3.1 Solving

Problem is a specialcaseof Multiple KnapsackProblem(MKP). MKP is known to
be NP complete.Thus,solvingthe GeneralMKP problemby directmethodamposesa severe
constrainton the scalability of the solutionapproachlin our casethe volumeof eachitem is
equalto or in all theknapsackandsizeof eachknapsacks integral, makingthis special
caseeffectively solvableby fasterapproachesBelow we shallshav thattherealwaysexistsan
integral solutionfor the LP versionof MKP. Moreover, at leastonefeasibleoptimumsolution
of therelaxed is integral andhencethe useof the Simplex algorithmwill give usthe
integral solutions. (Relaxed MKP) canbewritten as:

(14)

whereA isa x matrix with non-binaryentries( isthe  columnof A capturingthe
's,amountof resourcesequiredby  objectin  sack),wisan -vectorof variableg ,
.., ), ba -vectorwith nonngative integer componentsThe Dynamic Programming

framework [4] is usedto solve the RMKP. It is sufcient to considerthe family of problems



(15)

for varyingfrom to ,andwhere isastatevectorof dimension , ,
everycomponent is continuousandcantakevaluesin [0, ]. Therecurrenceelationbetween
thevaluesof reads:

(16)

for decreasingrom to and :
Theorem 1 RelaxedViultiple Knapsa& Problem(RMKP)with andinteger has
at leastonebinary solutionin the setof all optimalsolutions.

PROOF. We prove the theoremby mathematicainductionusingthe DynamicProgramming

approachWe intendto prove thatfor each, andeachintegervector :
we have anoptimalbinary solutionof with for
Theinitial inductive assumptioris satis ed asthe solutionof is binary; since
if
(17)
otherwise.
Notethatfor integral and , asanobjecteither lls totally or not at all. Hencefor
,variable takeseitherthevalue or .
Now assumehat for all integer vectors  suchthat , thereexists a binary optimal
solution for . We now needto shaw that hasa binary solution
for each . Let be the optimal solution for and
for , and considerthe two feasiblebinary solutions
of
with
with ,
for . Let
= and
= and
Considera setof feasiblesolutionsof denedas = . The

solution  consistsof fractionalvaluesfor someof its componentandcanbe written in the



following form:
and (18)

Obserethat is afeasiblepoint sinceby construction |, is a corvex combinationof
and ,since

We de ne whichis therevenuewhenthe knapsaclcontains
exactly afraction of object andsomeamountsof objects (fractional
are possible)which arerequiredto be chosento Il optimally a knapsacksmallerby in

volume.

We shaw thatthe problem for all , the optimalrevenueis =

,andthus, istheoptimalandbinarysolutionof

We shaow this by contradiction.Supposehat thereexists such
that and . Considera feasiblesolution = - of

(cf. Figurel). Becausehe consideregroblemis linear, we have

(19)

andhencewe have . Thisis a contradictionsincewe have assumedhat

is the optimal solutionamongthe all possiblevaluesof . Hencethe
valuesof : lie ontheline segmentjoining points and . Dueto
optimality of all , the solutionsetalwayscontainseither

Jor ( ).
Remark 2 An intuitive way to seethe solutionis to considereachconstraint
for asahyperplanéeingplacedn the dimensionatpaceSinceall ,
thesehyperplanesntersectwith the axesandwith eachotherat pointsof type
only, where . Henceall the extremepoints (points of intersectionof

planes)have binary values.And for the samereasonwe can effectively nd solutionsusing
simplex approactwhich checksthe extremepointsonly.

3.2 Solvingthe masterdual:

Obsenrethattheproblem is anunconstrainedptimizationproblemwith variables and .
Thefunctionto be minimizedis nonsmoothwe usesubgradienapproach3] to solve thedual
problem . This methoditeratesonthedualvariables and . Thusgiventhevalueof and

, oncethesolutionsto thesubproblems and areobtainedadualsubgradient,
and , for canbecomputedusingsubgradienimethods.

(20)

Thendualmultipliers, and areupdatedusing

max max (21)



We have usedthe subgradienmethodwith relaxationto minimize the non-smoothdual func-
tion. Hencethesizes, and |, aregivenby

(22)
where, is therelaxed primal value.We take andhalf it, if the solutionvaluedoes
not changefor consecutie iterations.We put the maximumiteration boundas and

if reachedacceptthe maximumrevenuesolutionamongthe alreadyencountere@dnesasthe
optimalsolution.

4 Resultsand Discussion

We have implementedour methodin using CPLEX callablelibrariesto solve subprob-
lems. The aim of this sectionis three-fold: (a) to showv the convergencebehaior depending
on whethertunnelingor capacityconstraintis dominant,(b) to shaw the interactionbetween
tunnelinganddiversity constraints(c) to demonstrateéhe effectivenessof the decomposition
algorithm.

We startwith the rst aim. Considerexperimentalnetworks shovn in Figures2 5. For
experimentalnetworks EN-I, EN-II and EN-1lI, capacitiesof links aregivenin Figures2 5
anddemandsrepresentedn Tablesl 3. For EN-IV, we considercapacityof Mbps
for eachlink andassumalemanddetweenall pairsof nodesof value Mbits andthree
serviceclassesreconsideredere.

In orderto understandhe corvergencebehaior basedon the dominationof tunnelingor
capacityconstraintye constructwo scenarioskor scenarid, we increasehe capacityof each
link to 10timesit presenvalue( ) Mbpsandallowednuberof tunnelsaremaintainedat
their presenvalue(5) andis referredto as  TunnelConstrainedscenario'(TCS)In scenaridl,
we malke allowed numberof tunnelson eachlink to be 5 timesits presenwvalue(25) andhence
is referredto as CapacityConstrainedscenario’(CCS).

We presentesultsregardingthe corvergencepropertiedor the experimentainetworks EN-I
andEN-1V in plotspresentedn gures 6to 9. Resultsfor EN-II andEN-III weresimilarto the
onespresentedor EN-I andarent shavn here.Theideais to obsene the corvergencecharac-
teristicsfor thesetwo casesObsene that the corvergenceof the algorithmis goodfor small
aswell aslarge networks. For experimentsin TCS, the currentbestsolutionhasmuchlower
valuethanthe valueof the relaxed problem.Sucha behaior canbe explainedasfollows: the
relaxationis taken aroundthe tunnelconstraintsandthus, forcing themto be honoredwhich
leadsto muchlower objectve value.As for the experimentan CCS,the currentbestsolution
closelyfollows the relaxed primal value. The relaxed constraintsare nearly obviated (allowed
numberof tunnelsarefairly large). We canalsoobsene thatthe objective valuedoesnot de-
creaseconsistentlyat eachstepof the iterationsincethe algorithmdoesnot guarante@escent
andthereforewe neededo storethe bestpossiblesolutionover all iterations With theehelp of
plotswe canconcludethatthe convergenceof the algorithmis goodandthatfairly large sized
networks canbe effectively solved usingthe decompositioralgorithm.
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Table 2.Demandfor EN-I Table 3.Demandfor EN-II

Table 4.Demandfor EN-III

Fig. 6.EN-I: TCS Fig. 7.EN-I: CCS Fig. 8.EN-IV: TCS Fig. 9.EN-IV: CCS

No. 3-Tuple Rel. PrimalValue | Dual Value | CurrentBestSoln. | Iterations
1 (10,20,40) 42637.2 45340.2 19686.5 83
2 | (30,90,120) 128522 133365 50752.5 85
3 | (50,150,200) 167646 174177 53405.5 168

Table 5.Resultsfor Random Topologies

We next presentresultsdemonstratinghe interplay betweenthe tunneling constraintand
the diversity constraint.The capacitiesgaken were the onesconsideredor tunnelconstrained
scenarioln gures 10,11,12 and13, we canobsene that allowed numberof tunnelsindeed
impactthe throughputof the system.For smallernetworks the interplayis relatively lessand
we canreachthe maximumthroughputfor relatvely small numberof tunnels(20 40) with a
moderatevalueof (0.25).However, for large networkswith every nodepairgeneratingraf c
of multipleclasseg3 in our case)maintainingadecentalueof mightrequirealargenumber
of tunnelsto reachits maximumvalue.

For thethird aim, we have generatediariousrandomtopologiesandclassbasedrafc with
the topology generatorusedin [5]. We representhe randomtopologiesthrougha 3-tuple
wherethey standfor thenumberof nodesnpumberof links, total numberof demand

pairs,respectrely (Table5). The numberof active tunnelsare sampledas uniform(——,
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——) for eachlink. We have setthe diversityparameteat . We foundthe methodto
corverge in areasonablamountof iterations,andfor therelaxed primal problem,the duality
gapto bevery minimal. Finally notethat, all investigationsonductechereassumedhat is
1.0for all serviceclassesnddemandsBy having differentvaluesof , eitherbasednservice
classor demandor both), canalterresultsandcorvergencepropertiego afairly high degree.

To summarizeye have presentec mixedintegerlinearoptimizationformulationfor a traf-
c engineeringoroblemwherewe addresghe restrictednumberof active tunnelson eachlink
in the presencef diversity requirementsWe have alsodevelopedan effective dual-basedp-
proachto solve theformulatedproblem. Throughcomputationastudieswe have obseredthat
theincreasan throughpuis notlinearwith theincreasen the maximumnumberof tunnelsal-
lowed (per link); in fact, we encounterdiminishing returns.For over-provisioned networks,
we obsened that the tunnel constraintindeedbecomesan issueandleadsto low throughput.
We alsonotedthat whenthe diversity factoris increasedeyond 0.5, impacton the obtained
throughputis minimal for obsenedtunnelconstraint{ ). Moreover, for large networks with
reasonableliversity parametef0.25),numberof tunnelsrequiredto reachmaximumthrough-
put could becomeconsiderablyhigh. Hencecompromiseneedsto be madein choosingthe
diversityparameteandthe active numberof tunnels.
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