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Abstract

Multi-constrained path (MCP) selection,in which the
key objectiveis to seach for feasiblepathssatisfyingmulti-
ple routing constrints simultaneouslyis knownto be an
NP-Completeproblem. Multi-constrmined path optimiza-
tion (MCPO)is differentfrom MCP mainlyin that, thefea-
sible pathsselectedshouldalso be optimal with regard to
an optimizationmetric, which males path computationin
MCPOevenharder.

We proposea fully distributed multi-constained path
optimizationrouting (MPOR) protocol that solvesthe gen-
eral -constainedpath selectionand routing optimization
problems. MPOR computespaths using distancevectois
exchanged only amongstneighboringnodesand doesnot
require the maintenancef global networkstateaboutthe
topologyor resouces;supportshop-by-hopgonnectionless
routing of data padkets, and implementsonstained path
optimization by distributively constructingan -optimal
path set(i.e., the shortest,the secondshortestand up to
the th shortestpathin termsof the optimizationmetric)
for each destinationat each node Simulationsshowthat
MPOR has satisfactoryrouting successatios for multi-
constained path selection,and performsconsistentlywith
varying numberof constaints. For constained path opti-
mization, MPOR has high probabilitiesof nding feasible
pathsthat are also optimal or nearoptimal for the given
optimizationmetric.
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1 Intr oduction

A central problemin QoS routing consistsof nding
feasible paths that satisfy multiple performanceoriented
constraints(e.g., bandwidth, end-to-enddelay and jitter)
betweena sourceand a destination. In somescenarios,
thesefeasiblepathsmustalsobe optimizedwith regardto
(w.r.t.) agiven optimizationmetric (e.g., hop-constrained
widest-pathrouting, delay-constrainetkast-cospathrout-
ing). The rst problemis known asthe NP-hard multi-
constrainegath (MCP) selectionproblem,andthe second
is called the multi-constrainedpath optimization (MCPO)
problem.Many heuristicalgorithmshave beenproposedo
solve eachproblem. However, only a few approachesd-
dresshoth problemssimultaneouslyespeciallyfor the gen-
eral -constrainegbathoptimizationproblem.

To date, most existing constrainedrouting algorithms
deal with routing subjectto two constraints,or its opti-
mization case—theestrictedshortestpath (RSP)problem,
in which thetaskis to seekpathsthatsatisfyoneconstraint
while optimizinganothemetric. SuchMCP andRSPprob-
lemsarenot strongNP-completejn thatthereare pseudo-
polynomialrunningtime algorithmsto solve themexactly,
andthe computationatompleity dependsn the valuesof
link weightin additionto the network size[5]. However,
their compleity is prohibitively high when the valuesof
link weightbecomdarge.

Basedonthelatterobsenationabose, ChenandNahrst-
edt[1] proposedo scaleonecomponenbf thelink weight
down to aninteger thatis lessthan — , where isa
pre-de nedinteger and s the correspondingconstraint
onweightcomponent . They prove thatthe problemaf-
ter weightscalingis polynomially solvableby an extended
versionof Dijkstra's (or Bellman-Ford) algorithm,andary
solutionto the latteris alsoa solutionto the original MCP
problem.Therunningtime is whenthe extended
Dijkstra's algorithmis used;andit is whenthe



extendedBellman-Ford algorithmis used,where and
arethe numberof links andnodes respectiely. However,
asshavnin [7], satishctoryperformanceés achievableonly
when parameter is large enough(e.g., ), which
incursconsiderableomputatiorcompleity.

Anothercommonlyusedscheméor MCP is to de ne a
goodlink-cost(or path-weightlaggreationfunctionbased
on the routing metrics and the given constraints. Then
ary shortestpath algorithm can be usedto computethe
shortestpathw.r.t. the singleaggreyatedmetric. Jafe [5]
wasthe rst to usea linear link-cost function

, in which . Eversince,
bothlinearandnon-linearaggreationfunctionshave been
proposed.The major limitation of this approachs thatthe
ability to nd feasiblepathshasedon anaggreyatedmetric
largely dependsn the quality of the functionsbeingused,
and mostof them are empirical heuristics. Consequently
theshortespathcomputedwv.r.t. thesingleaggrejatedmet-
ric may not simultaneouslysatisfythe multiple constraints
beingconsidered.

The general -constrainedpath computationhas re-
ceivedfarlessattentionthanthe -constrainedCPor RSP
Yuan[14] generalizedheideasof link-weightscalingasthe
limited-granularity (LG) heuristic, and also proposedthe
limited-path(LP) heuristicin which non-dominateghaths
are maintainedat eachnode. Thenan extendedBellman-
Ford algorithmis usedto work with one of themto solve
thegeneral -constrainedMCP problem.Therunningtime
of Yuan's algorithmis , Where is the size of
the tableto use,for LG; andit is , where is the
numberof pathto maintain,for LP. The performanceand
compleity of Yuan's heuristicsdependon the numberof
possiblevaluesto whichlink weightcanbescaleddown, or
the numberof pathsto maintainat eachnode. For Yuan's
algorithmsto work correctly globalnetwork statehasto be
availableto nodegthatperformthe pathcomputation.

The implementationstratgjies for QoS routing can be
classi ed into centralizedsourcerouting and distributed
routing. Most constrainedouting algorithmsproposedo
dateusecentralizedapproachesd,e., they computefeasible
pathsat eachsourceandsimply assumehe availability of
global network statewhenever they are needed. Central-
ized MCP algorithmssuffer from high computationcom-
plexity at the sourcenodes,sluggishresponseo network
changesand excessive overheadcausedby disseminating
topologyandresourceanformationthroughouthe network,
which signi cantly limit their scalability Dueto the useof
sourcerouting, a completefeasiblepath towardsthe des-
tination usually needsto be establishedeforeactualdata
aresentout (i.e., connectionoriented),or appendedo the
headeof every datapaclet, which mayincreasdahe paclet
delivery delayandconsumdargefractionof the bandwidth
whenthe pathsbeingusedarelong.

Distributed MCP algorithmscomputefeasiblepathslo-
cally ateachnode,andforwardpacletshasedonly ontheir
destinationaddresse®sn a hop-by-hopbasis. Distributed
routing is more responsie, robust and scalablethan cen-
tralizedschemesnainly in that,nodesndependentlynake
routing decisionand thereforeare able to respondto net-
work dynamicsquickly.

Mieghemet al proposeda hop-by-hopdestinatiorbased
only (HbHDBO)QoSroutingalgorithm[9] Basedon TAM-
CRA[10] andits exactmodi cation SAMCRA. HbHDBO
hasthe worst casecompleity ,
where is the numberof non-dominategathsmaintaine
ateachnodeand is the numberof constraintdeingcon-
cernedwith. A nodethat runs HboHDBO usesa modi-
ed Dijkstra'salgorithmto compute non-dominategaths
for eachdestination,using a non-linearweight function

—— , where is the constrainton metric

. For HbHDBO to work correctly global network state
is requiredat eachnode,androuting constraintamustalso
be known a priori. However, in theworstcase, cangrow
exponentiallylarge; andthe performanceof HbHDBO also
varieswith the numberof routingconstraints.

Sobrinhousesanalgebraicapproactandinvestigateshe
path optimizationproblemin the context of Hop-by-Hop
QoSrouting[13. In Sobrinhos algebraicframework, rout-
ing is separatedhto pathweightfunctionsthatde ne rout-
ing optimizationrequirementge.g., widest-shortespath,
most-reliablepath),andthealgorithmsthatcomputetheop-
timal pathsbasedon the aggreyatedmetric de ned by the
weight function being used. Sobrinhoestablisheghe al-
gebraicpropertiesthat a path weight function must have,
in order for ary routing algorithm to corverge correctly
(i.e., to give the optimal pathsw.r.t. the aggreatedmet-
ric). Thoughthe resultsobtainedby Sobrinhoestablisha
generalizedramavork for QoS-orienteghathoptimization,
they cannotbesimply appliedto constraineghathoptimiza-
tion, becausegathsare optimizedonly with respecto the
pathweightfunction, ratherthanbeingcomputedo satisfy
multiple constraints.

It is clearfrom the abore summaryof relatedwork that
existing distributed MCP algorithmsrequire a consistent
view of global network stateat eachnode,and someeven
assumehat the distribution of arriving routing constraints
is known, whichis nottrueor hardlyachievablein practice.
On the other hand, most proposedQoS path optimization
algorithmsoptimize routing basedonly on an aggreyated
metric,andthereforecannotbeappliedto pathoptimization
subjectto multiple constraints.

In this paper we propose,analyze, and validate the
multi-constrainegbathoptimizationrouting(MPOR)proto-
col. NodesthatrunMPORusedistancevectorsto exchange
route informationonly amongstneighbors,anddo not re-
quire knowing the global network stateor the potentialar



riving constraints MPOR solvesthe general -constrained
pathoptimizationby distributively computingan -optimal
pathset(the rst shortespathsw.r.t. the givenoptimiza-
tion metric) for eachdestinationin the network, in sucha
way thatfeasiblepathscanbe found with a smallvalue of

. Becausemultiple pathsare maintainedat eachnode,as
in TAMCRA [10] andHbHDBO [9], MPOR alsoresohes
themulti-constrainegath(MCP) selectiorsimultaneously
MPOR operatedsn line with IP routing (i.e., table-driven,
hop-by-hop,and connection-less)andis ableto optimize
routingw.r.t. asingularmetric(the casein the corventional
MCPO),aswell asary logical distancethatconsidersmul-
tiple routing metrics,providedthatthe pathfunctionbeing
usedis both and L

The restof this paperis organizedasfollows. Section

2 introducesthe network model and backgroundknowl-
edgeusedin our discussion. Section3 describeghe op-
erationprinciplesof MPOR, the orderedloop-free condi-
tion o-LFC, the processof path weight propagation,and
the corvergencepropertyof MPOR. Section4 presentghe
compl«ity analysisandSection5 present&xtensie simu-
lation resultsof how effectively MPOR solvesboth multi-
constrainedpath selectionand routing optimization. Sec-
tion 6 presentshe concludingremarks.

2 Systemmodel

We modelthe network asa directedgraph ,

where is the setof nodesand is the setof links inter-
connectinghenodes. and arethe cardinalitiesof
and ,i.e., and , respectiely.

We assumethat eachlink is associ-
atedwith a link weight vector ,
in which is an individual weight component,i.e., a
single routing metric. Accordingly, ary path from a
sourceto a destinationcanbe assignedh pathweight vec-
tor , Where ,
if is an additve metric (e.g., delay); or

 if is a minimal metric (e.g.,
bandwidth)?.

The logical distance(LD) of path is given by a path
function  basedon the weights of its consistinglinks.
In QoS routing, is usually usedto specify how the
routing should be optimized. In the bandwidth-irversion

IMonotonemeansthat the logical distanceof a pathcannotdecrease
whenthepathis extendedandisotonemeanghattheorder betweertwo
pathsmustbe presered whenthey arepre xed or sufx ed by acommon
third path.Readersanreferto [13] for details.

2A minimal routing metric meansthatits pathmeasuremeris deter
minedby the minimal valueof the correspondingnetricof all links in the
path;while anadditive or multiplicative routingmetric meanghatits path
measuremergqualsto the sumor productof the correspondingnetric of
all links alongthe path.We do not considemultiplicative metricsbecause
they canbetranslatednto additve metricsby usinglogarithm.

shortest-pathe.g., , Where
is the available bandwidth of , suchthat the
shortestpath, in term of invertedbandwidth,is preferred;
while in the most-reliablepathrouting,we cande ne
, where is the
reliableprobabilityof |, suchthatthe mostreliablepath
is preferred. Therefore,we call  the optimizationfunc-
tion, andthelogical distancecomputecby  theoptimiza-
tion metric, given that the path with minimal logical dis-
tanceis also optimal w.r.t. the optimizationrequirements
impliedby . Notethatanoptimizationmetric shouldnot
be confusedwith theanactualroutingmetric,which canbe
for instancebandwidthor delay
It is worth pointingoutthatlogical distancesrenot nec-
essarilysimple real numbers. A logical distanceis a real
numberonly if the optimizationfunction  canbe given
by aclose-formequationasfor the casef thebandwidth-
inversion shortestpath ( —), the most-reliable
path ( ), or the aggrgyatedmetric
usedin the Interior Gatavay RoutingProtocol(IGRP)[2]:
—, where is a positive constant, and
arethe pathlength and capacity respectrely. Otherwise,
alogical distancecanbe a tuple consistingof the multiple
routing metricsbeingconsidered.For example,for widest
shortest-pati{WSP) routing, a path with the shortestdis-
tance(e.g., hops)is preferred,and if multiple suchshort-
estpathsexist, the onewith the maximalbandwidthis pre-
ferred. For WSR  is de ned by ,
in which and arethe distanceandbandwidthof
eachcomprisinglink alongthe path. As theresult,to
comparethe precedencketweernpaths,only bandwidthor
distancds notenough.Tuple hasto beusedasthe
logical distancefor eachpath( and aredistanceand
bandwidth,respectiely), andpath with logical distance
is betterthanpath with ,only if

1)

Similarly, in least-cosshortest-pathmouting (LCSP),tuple
is usedasthe logical distancefor eachpath,in
with  is the distanceand is the cost. Function is

de ned by over all comprisinglink
of apath. Path with is preferredover path
with , only if

(@)

By extrapolatingthe real-numbemetricsusedin conven-
tional best-efort routingto logical distancesit is handyto
computeoptimal pathsin the context of QoSrouting, pro-
videdthata total orderproperlyexists amongsthe logical
distancesle ned by thepathfunction  beingused.aswe
furtherdiscussn the next section.



3 The Multi-Constrained Path Optimization
Routing Protocol (MPOR)

MPORattemptdo nd theoptimalpathfor theoptimiza-
tion metricde ned by anoptimizationfunction , andthis
path must also be feasiblew.r.t. the given constraints,jf
thereis any.

To achieve the optimal routing de ned by , MPOR
usesdistance-ector routing to distributively computethe
shortestpathw.r.t. the optimizationmetric calculatedby

. However, aswe discussedn Sec. 1, the shortestpath
computedbasedonly on a single aggrejatedmetric may
not meetthe multiple constraintsbeingconsidered There-
fore, MPOR maintainsan -optimal pathsetfor eachdes-
tination. A generalizedoop-freeconditiono-LFC is intro-
duced,which allows MPOR to chooseary neighborsatis-
fying it asthe successofor a destinationwithout causing
routing loops. A path weight propagationand deduction
processs usedto keeptrack of theraw weight  of each
pathin the constructiorof the -optimalpathset,whichen-
ablesMPORto verify whetherfeasiblepathscanbe found
when a routing requestarrives. Lastly, we showv that the
corvergenceof MPOR canbe ensuredf the optimization
function  beingusedis both and

We shav throughextensive simulationsthat satisfying
routingsuccessatioscanbeachievedwith a smallvalueof

(e.q., ), andthefeasiblepathsbeingfoundalsohave
high probabilitiesto be optimal or nearoptimal w.r.t. the
given

When computingthe rst  shortestpathsfor a desti-
nation, a node may use multiple neighborsas successors
to reachthis destination.Hencecaremustbe takento en-
surethatroutingloopsarenotformedbecaus@odeschoose
their successordistributively. Theorem3.1 introduceshe
orderedoop-freecondition(o-LFC), whichis ageneralized
loop-freeconditionderivedfrom the sourcenodecondition
(SNCQ)in [4], for computingloop-free -optimalpathsetin
MPOR.

Let denotethelogical distancefrom node to des-
tination asknown by node . denoteghe logical
distance from node , whichis a neighborof node ,
to destination , asreportedto node by node .
denoteshe feasiblelogical distance(FLD) of node for
destination , which is an estimateof the minimal logical
distancemaintainedor destination by node .

Theorem3.1. (o-LFC) If atotal orderrelation , andthe
associategtrictorder , canbeproperlyestablishe@nthe
logicaldistancesle nedby agiven ,thenanode isfree
to chooseary neighboringnode from its neighborset

asthesuccessato reachdestination withoutcausingout-
ing loops,providedthatthefollowing conditionis satis ed:

(3)

Proof. For ary neighbor satisfying(3),

Therefore,given that all estimatesare properly updated
loop-freedomis obtained, becausethe s of all the
nodesalonga pathto destination are strictly orderedin

a decreasingnanner Oncea total order can be properly
establishedn the logical distancescalculatedby , the
formal proof of o-LFC is similar to that of SNC (see[4],

Theorem1, pp. 132), which is omitted heredueto space
limitations. O

A setof logical distances is total-orderedw.r.t.  if

thefollowing four propertiesaresatis ed: (1) isre exive,
ie., ; (2) is anti-symmetricj.e., if
and , then ; (3) istransitve,i.e.,if and
, then ; and(4) for , either or
. Weuse to denotethat while
For example for WSR if and are the

logical distancesof two paths and
only if

, respectiely, then

); for LCSR only if
Whenonly a singleadditive metricis considered, and
reduceto thenormal and ; ando-LFCreducedo the
sourcenodecondition (SNC)in [4], which considergpath
distancesn positive real numbersonly, on which the total
order and arealwayswell de ned.

A node thatrunsMPOR maintainsa routing entry for
eachdestination , which includesfeasiblelogical distance
, currentiogical distance and —thesuccessor
setchosenfor . Node maintainsa neighbortable that
recordsthe logical distance reportedby eachnode
in its neighborset  for eachdestination ; anda link
table that re ects the link state for eachadjacent
link
Becaus&every nodemustrun a separateopy of MPOR
and runs MPOR for eachdestination,we focus on node
running MPOR to computethe -optimal pathsetfor a
destination . It shouldbe pointedoutthat may receve
andrecordup to  (the shortest,the secondshortestand
upto the th shortestyaluesof from eachneighbor
; node alsoreportsto its neighborsthe rst  shortest
logical distancedrom itself to destination , of which the
minimal valueis alsousedasthe feasiblelogical distance
of node . For thedestination , we have ,

,and , Where isthezeio
asde nedby . Whenanodeis poweredup, is set



to ,theinnity asde nedby ,andall theotherentries
aresetto empty We alsoassumehat node knows the
stateof eachoutgoinglink . Whennode
recevesaninputeventattime , it behaesin oneof three
possibleways:

1. Node isidle andall estimatesreleft unchanged

2. Node receves from neighbor , updateghees-
timates andleavesall otherestimatesinchanged

3. Node updatests successorset for destination

basednEg. (3),i.e.,
(4)

andupdateghefeasiblelogical distance

()
for all reportedby eachneighbor , andoverall neigh-
borsin is the logical distanceof the adjacent
link ,and isthebinaryoperatorde nedby , which
is usedto combinetwo pathg(or links) andcomputethelog-
ical distanceof the resultingcompositepath. Node also
re-computeshe rst  shortest maintainedor , and
sendmeighboraupdatesf ary changeoccurs;otherwisejt
leavesall otherestimatesinchanged.

As with the distributed Bellman-Ford (DBF) algorithm,
MPOR usesdistancevectorsto communicatdogical dis-
tancesonly amongstneighboring nodes, and therefore
avoidsexpensveroutingoverheadtausedy disseminating
link-state information throughoutthe network. However,
major differencesexist betweenMPOR and DBF. MPOR
canoptimizetheroutingasde ned by a givenoptimization
function , aswell asthe simplemetricsusedin corven-
tionalbest-efort routing. MPORmaintainghe rst  short-
estpathsfor eachdestinationandthereforeis alsoableto
supportmulti-constrainecpath selection;Lastly, MPORis
aloop-freemultipathQoSroutingprotocoldueto the useof
0-LFC (Theorem3.1), which allows nodesto choosetheir
successorgmdependentlyvithout causingoops.

As long as a node nds neighborsthat satisfy o-LFC,
it canupdateits routingtablewithout having to coordinate
with its neighborqTheorem3.1).

Whennode is unableto nd neighborssatisfyingo-
LFCfor destination , mustincrease in awaythatno
loopscanbe created. MPOR usesa schemesimilar to that
usedby DUAL [4] to achieve instantaneoutop freedom.
More speci cally, diffusingcomputationsreusedto coor
dinateupstreamnodesin the pathfor destination , when

node detectgheincreaseof logical distanceandneedgo
raiseits feasiblelogical distancefor , beforeanotherset
of feasiblesuccessorsanbe safelyobtained.Dueto space
limitations,we omit thedetailshereandreadersanreferto
[4] for moredetails.

Forapath inthe -optimalpathsetcomputedor des-
tination , besideghe logical distancejts raw pathweight

mustalso be maintained becauseve need  to ver
ify whether canbeafeasiblepathwhenaroutingrequest
arrives. To achieve this, MPOR usesa pathweight prop-
agationand deductionprocesdo keeptrackof , which
exploits the samerouting messagesisedfor the exchange
of logical distancesandassuchincursno morecommuni-
cationoverhead.

More speci cally, in MPOR, the distancevectorreport-
ing apath for by node is atuple of ,
in which and
arethelogical distanceandtheassociategathweightfor ,
respectiely, and is the numberof constraints.Provided
that for anadditive metricand
for aminimalmetric,thenafterreceving thedistancevector
from neighbor via adjacentink , whoselink weightis

, hode cancomputethe cor
respondingpathweightfor by

for additive metrics
for minimal metrics

(6)

where

We argue that the choice of is policy-orientedor
application-orientedh practice becauseheredoesnot ex-
ist an absolutelybetteror bestrouting optimization met-
ric for a given network. Therefore,the stratgly adopted
by MPOR s to specifythe propertiesthat an optimization
functionmusthave, insteadof specifyingaspecic . The
adwantageof this approachs that, diversi ed routing opti-
mization policiescanbe de ned andimplementedasliong
as s properlyselectedandthecorvergenceof MPORIs
alsoensureasimultaneouslyThisis formally formulatedin
thefollowing theorem.

Theorem3.2. If the  beingusedis bothmonotoneand
isotone within nite time afterthelastlink-statechangeoc-
cursin the network, MPOR cornvergescorrectly i.e., main-
tainsthe optimal pathfor eachdestination.



Figure 1. Counter examples — when isotonic-
ity or monotonicity fail

Proof. Accordingto the sufcient andnecessanalgebraic
conditionsfor routing corvergence[13] (Sec. 6.2, Propo-
sition 3-5), a distancevector routing protocol always con-
vergesto optimal pathsw.r.t. the optimizationmetric de-
ned by agiven ,if andonlyif isbothmonotoneand
isotone. Becausdan essencéVPOR exploits distancevec-
torsandcomputeghe optimallogical distanceor eachdes-
tinationusing Bellman-Ford iteration (Eq. (5)), theresults
establishedh [13] alsohold for MPOR. O

Thereasorthat  hasto be monotoneandisotone,for
MPOR to corverge correctly canbe illustratedby the ex-
amplesdepictedn Figurel. We assumehatnodesusedin
ourexamplesrun a DBF-like distance-ectorprotocol.

Unlike WSRE shortest-widestpath (SWP) routing at-
temptsto nd the pathhaving the maximalbandwidth,and
the one with shortestdistanceis selectedf multiple such
pathsarefoundwith the samebandwidth.It is easyto ver
ify thatisotoneis not true in SWP In Figurel (a), links
are labeledwith (B,D) where is the bandwidthand
is the distance(in hops), respectiely. Node chooses
node as the successoffor destination becausepath

offersmorebandwidth(5M) thanpath 2Mm);
node hasno otherchoicebut node asthe successor
for destination . As aresult,wheneachnodeselectsits
successodistributively, the path formed from to is
, whichis not optimalbecausgath
and

Figurel (b) is anexamplein which the monotoneprop-
ertydoesnothold. Assumethatlink and havenega-
tivecost-1,andthe  usedis simpleaddition where

is the costof every intermediatdink in the path. It is
easyto seethat the pathsfor destination at nodesl and
2 canoscillateandnever corverge. In this simplescenario,
the resultis obvious, becauséDBF cannotcorvergeif the
topology containsnegative cycles[3]. More optimization
functionscanbefoundin [12, 13].

4 Complexity Analysis

At node , the spacecompleity is

,Where is thenumberof neighborof node
, becausdhe main routing table and eachneighbortable
have entries,andeachentrycankeepupto routes
for eachdestination. The computationcompleity is the
timetakento procesgslistancevectorsregardingasamedes-
tination,whichis . Whenonly theshortespathis
maintainedthenthe spaceandcomputatiorcompleity re-
duceto and , respectrely, which arethe

sameasthatof DBF.

5 Simulation

We implementedVPOR in the network simulatorNS-
2[11] andconductedxtensie simulationgo testits perfor
mance. Threetypesof topologiesare usedin our simula-
tion experiments ANSNET, Pure-random graphandWax-
mangraph. ANSNET is widely usedby ChenandNahrst-
edt [1] and other researcherso study QoS routing algo-
rithms. In Pure-randongraphs,the existenceof the link
betweenary two nodesis determineddy a constantproba-
bility , While in Waxmangraphs, isde-
ned as where isthedistance
betweerthesetwo nodesand is the maximalinter-nodal
distancein the topology suchthat inter-nodal distanceis
alsoaccountedor.

The evaluationmetricswe usedin this casearesuccess
ratio (SR), existencepercentag€EP) andcompetitive ratio
(CR), which are introducedby Yuan[14] and de ned as
follows.

numberof routingrequestdbeingrouted

numberof total routin )
grequests
numberof requestsoutedby exactalgorithm (®)
numberof total routingrequests
numberof requestsoutedby heuristicalgorithm
numberof requestsoutedby exactalgorithm
©)

actually equalsthe SR of an exact algorithm, and
indicateshow dif culty afeasiblepathcanbefoundto meet
the givenrequesia smallEP meanghatit is hardto nd a
feasiblepathfor the given constraints);  indicateshow
well a heuristicalgorithm canwork in comparisorto the
exactalgorithmwith thesame

1Thepurposeof suchcon gurationis to comparewith existing simula-
tion resultsof MCP algorithms.e.g.in [6].



lo----6,_ : A
Tl L
- SO A---'A""é"'g
0.981%
N
h N
\\
o :
% 0.96F N
[ 3
ZE' \\ :‘
g 0.04f p% h
: ;. /
I
O : ,‘\. . i
0.92} DR x
IERRER SRR 2
Lo =% MPOR-1 | s RIS TS NS R
0.9 MPOR-2 A o=
-6 MPOR-3 » e
-& MPOR-5 BRI e
0.88 S
‘ R S R A S S A A S S A i i
0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Existence ratio

Figure 2. ANSNET (32 nodes and 54 links),
two constraints, CR Vs. EP and x = 1,2,3,5
Randoml y chosen sour ces and destinations

For all con gurations, all link weight componentsare
uniformly distributed in , exceptfor ANSNET in
the caseof two constraints,jin which the rst component
is uniformly distributedin , while the seconds uni-
formly distributed in . All sourcesand destina-
tions are randomly chosenfrom the networks and all re-
sultspresentedhereareaveragedover 5000randomlygen-
eratedrouting requestsfor differentrangeof routingcon-
straints.Routingmetricsbeingconsideredareadditive un-
lessspeci ed otherwise pecausenostalgorithmsproposed
for MCP, and thosebeing usedto comparewith MPOR
in our simulations,only addressadditive constraints.The

usedby MPOR is a linear combinationthat considers
eachlink-weight componentequally which is de ned by

, if thereare constraintslt is easy
to verify thatthis functionis bothmonotoneandisotone.

As the rst step, we study how the performanceof
MPOR varieswith the size of the optimal path set (i.e.,
the parameter ) maintainedfor eachdestination,using
ANSNET as the topology The resultsare presentedn
Fig. 2 andFig. 3, respectiely. Fig. 2 indicatesthata -
optimalpathsetfor everydestinations sufcient for MPOR
to achieve satisfyingcompetitize ratios(no lessthan ),
for all rangesof constraintdEP rangesrom 0.25to 0.99),
when sourcesand destinationsare randomly chosenfrom
the network. Also asshowvn by Fig. 3, MPOR performs
evenbetterwhensourcesaanddestinationgirechosernfrom
boundarynodes,.e., potentialfeasiblepathstraversefrom
coastto coast,becausea -optimal pathsetcon guration
achievesalmost CRsfor all rangef constraints\We
alsonoticethatthe CR of MPORapproacheto a saturation
level and cannotbe improved anymore even by increasing
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Figure 3. ANSNET (32 nodes and 54 links),
two constraints, CR Vs. EP and x = 1,2,3
Coast-to-coast sour ces and destinations

thevalueof . Themainreasons thattheo-LFC condition

hasto besatis edbeforea neighborcanbeselectednto the

successoset,andthereforesomefeasiblepathsmaybe ex-

cludedduetothe beingused.In thefollowing, parameter
unlessspeci edotherwise.

TheMCPalgorithmsthatwe useto comparewith MPOR
areEDFS|[7], KKT (Korkmaz,Krunz and Tragoudag6])
and JSP (a variation of Jafe's algorithm [5]: Dijkstra's
shortespathalgorithmw.r.t. theaggreyatedink-costfunc-
tion ), in which isthecon-
strainton routing metric . As the baselinewe alsoim-
plementan exactalgorithm,which hasexponentialrunning
time, but cangive all feasiblepathsfor a givenrouting re-
guest.The SRcomparison®f routingwith two constraints
usingANSNET, Pure-randonandWaxmangraphsarepre-
sentedn Figs. 4 and5, respectiely. Theresultsof routing
with moreconstraintsarepresentedn Fig. 6.

JSPlags behindall the other algorithmsin all scenar
ios, which further con rms that pathsoptimizedw.r.t. a
single aggreyatedmetric may not be a good approachfor
constrainedpathselection. EDFS outperformsMPOR and
other algorithmswhen the constraintsare tight, and per
forms worsewhenthe constraintsare moderateandloose,
for which EDFS hasto iterate over more exploring se-
guencesto achieve a better SR. Though both KKT and
MPOR performconsistentlyandsimilarly well, MPOR can
solvegeneral -constrainedMCP problem while KKT only
dealswith two constraintsand its running time is unpre-
dictableif constraintsaretight [7]. We also obsene that
the SRof MPORIs insensitve to the numberof constraints
in all rangesof constraintsandfor all the topologiesbeing
simulated.Lastbut not least,we point out thatall the algo-
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Figure 5. Pure-random (39 nodes and 75
links) and Waxman graphs (40 nodes and 95
links), two constraints, SR comparison, x=5

rithmswe useto comparewith MPORarecentralizedalgo-
rithmsandrequirethe global network stateat every source
node,while MPORIs afully distributedprotocol.

We investigate the -additive-constraintwidest-path
(in terms of inverted bandwidth)routing and -additive-
constraintmost-reliablepath routing, which representhe
scenariosn which the metricsto be optimizedareminimal
andmultiplicative, respectiely.

The challengehereis how to communicatethe band-
width or reliability probability of a link

throughouthe network without usinglink-statebroad-
casting. Our approachis to de ne an  (monotoneand
isotone)thattranslates or into anadditive
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Figure 6. ANSNET, multiple constraints, SR
comparison, x=5

metric,andusest asthelogical distancecommunicatedy
distancevectors. More speci cally, for widest-pathopti-
mization,wede ne  as

(10)

where is anestimateof themaximumbandwidthover
all thelinks in the network, then canbethought
of asthe normalizedbandwidthof link For most-
reliablepathoptimizationwede ne  as

(11)

Figure 7 and Fig. 8 demonstratehe probability distribu-
tion functions(PDF) of how a feasiblepath canbe found
within the -optimal pathsetconstructedy MPOR. First,
aspresentedy the legendsin Fig. 7 andFig. 8, both
(10)and  (11) achiere satisfyingcompetitve ratio (CR)
for thegiventwo additive constraints The CR for function
(10) is above , andthe CR for function (11) is above
, for all rangesof existencepercentag€EP), which
variesbetween and (i.e., from tight constraints
to looseconstraints).Secondmorethan of the feasi-
ble pathsfound by MPOR are alsothe optimal pathsw.r.t.
thespecied , andalmost of thefeasiblepathscan
be found if we alsoconsiderthe secondandthird shortest
pathscomputedby MPOR. This indicatesthat the feasible
pathscomputedoy MPOR have a high probability of being
optimal,or nearoptimal pathsw.r.t. the givenoptimization
metric. Notethatin someprior work [8] MCPOis de ned
asselectingthe shortestpathfrom the setof feasiblepaths
only, whichthereforemaynotbeglobally optimalw.r.t. the
given . Inthiscaseijt isintuitive thatMPORhasaneven
higherprobabilityof nding the constrainedptimalpath.
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6 Conclusionand futur e work

MPOR is a fully distributed multi-constrainedrouting
and path optimizationprotocol that exploits distancevec-
tor routing,anddoesnot requireglobal network stateto be
maintainedat every node,or otherunrealisticassumptions
suchas knowing the distribution of arriving constraintsat
eachnode. MPOR can optimize routing w.r.t. ary logi-
cal distancecomputedby anoptimizationfunction , pro-
videdthat isboth and

In thefuture,we areinterestedn addressingherouting
overheadncurredby diffusingcomputationsvhenpathdis-
tancedncreaseor link failuresoccur We arealsointerested
in usingmultiple  for differentclassesof trafc o ws,
whichis meaningfulin the context of a DiffServmodel,for
example.
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