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Abstract

Multi-constrained path (MCP) selection,in which the
key objectiveis to search for feasiblepathssatisfyingmulti-
ple routing constraints simultaneously, is knownto be an
NP-Completeproblem. Multi-constrained path optimiza-
tion (MCPO)is differentfromMCP mainlyin that, thefea-
sible pathsselectedshouldalso be optimal with regard to
an optimizationmetric, which makespath computationin
MCPOevenharder.

We proposea fully distributed multi-constrained path
optimizationrouting (MPOR)protocol that solvesthegen-
eral � -constrainedpathselectionand routingoptimization
problems. MPOR computespathsusing distancevectors
exchanged only amongstneighboringnodesand doesnot
require the maintenanceof global networkstateaboutthe
topologyor resources;supportshop-by-hop,connectionless
routing of data packets,and implementsconstrainedpath
optimization by distributively constructingan � -optimal
path set (i.e., the shortest,the secondshortestand up to
the � th shortestpath in termsof the optimizationmetric)
for each destinationat each node. Simulationsshowthat
MPOR has satisfactoryrouting successratios for multi-
constrainedpathselection,andperformsconsistentlywith
varyingnumberof constraints. For constrainedpath opti-
mization,MPORhashigh probabilitiesof �nding feasible
pathsthat are also optimal or near-optimal for the given
optimizationmetric.

1This work was supportedin part by the Baskin Chair of Computer
EngineeringatUCSC,theNationalScienceFoundationunderGrantCNS-
0435522,theU.S.Army ResearchOf�ce undergrantNo. W911NF-05-1-
0246.Any opinions,�ndings, andconclusionsarethoseof theauthorsand
donotnecessarilyre�ect theviews of thefundingagencies.

1 Intr oduction

A central problem in QoS routing consistsof �nding
feasiblepaths 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.) a given optimizationmetric (e.g.,hop-constrained
widest-pathrouting,delay-constrainedleast-costpathrout-
ing). The �rst problemis known as the NP-hardmulti-
constrainedpath(MCP) selectionproblem,andthesecond
is called the multi-constrainedpathoptimization(MCPO)
problem.Many heuristicalgorithmshave beenproposedto
solve eachproblem. However, only a few approachesad-
dressbothproblemssimultaneously, especiallyfor thegen-
eral � -constrainedpathoptimizationproblem.

To date, most existing constrainedrouting algorithms
deal with routing subject to two constraints,or its opti-
mizationcase–therestrictedshortestpath (RSP)problem,
in which thetaskis to seekpathsthatsatisfyoneconstraint
while optimizinganothermetric.SuchMCPandRSPprob-
lemsarenot strongNP-complete,in that therearepseudo-
polynomialrunningtime algorithmsto solve themexactly,
andthecomputationalcomplexity dependson thevaluesof
link weight in addition to the network size [5]. However,
their complexity is prohibitively high when the valuesof
link weightbecomelarge.

Basedon thelatterobservationabove,ChenandNahrst-
edt[1] proposedto scaleonecomponentof thelink weight
down to an integer that is lessthan ���
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, where � is a
pre-de�nedinteger and ��� is the correspondingconstraint
on weightcomponent��� . They prove that theproblemaf-
ter weightscalingis polynomiallysolvableby anextended
versionof Dijkstra's (or Bellman-Ford) algorithm,andany
solutionto the latter is alsoa solutionto theoriginal MCP
problem.Therunningtime is ������������� whentheextended
Dijkstra's algorithm is used;and it is ��� �
!"�#� whenthe



extendedBellman-Ford algorithmis used,where ! and �

arethenumberof links andnodes,respectively. However,
asshown in [7], satisfactoryperformanceis achievableonly
whenparameter� is large enough(e.g., ���

���

), which
incursconsiderablecomputationcomplexity.

Anothercommonlyusedschemefor MCP is to de�ne a
goodlink-cost(or path-weight)aggregationfunctionbased
on the routing metrics and the given constraints. Then
any shortestpath algorithm can be usedto computethe
shortestpathw.r.t. the singleaggregatedmetric. Jaffe [5]
was the �rst to usea linear link-cost function � �����	� �
�

�

�
� �����	� ����� �

�

������� � , in which �

�	������� . Ever since,
bothlinearandnon-linearaggregationfunctionshave been
proposed.Themajor limitation of this approachis that the
ability to �nd feasiblepathsbasedon anaggregatedmetric
largely dependson thequality of thefunctionsbeingused,
andmostof themareempiricalheuristics. Consequently,
theshortestpathcomputedw.r.t. thesingleaggregatedmet-
ric maynot simultaneouslysatisfythemultiple constraints
beingconsidered.

The general � -constrainedpath computationhas re-
ceivedfarlessattentionthanthe � -constrainedMCPor RSP.
Yuan[14] generalizedtheideasof link-weightscalingasthe
limited-granularity(LG) heuristic, and also proposedthe
limited-path(LP) heuristicin which � non-dominatedpaths
aremaintainedat eachnode. Thenan extendedBellman-
Ford algorithmis usedto work with oneof themto solve
thegeneral� -constrainedMCP problem.Therunningtime
of Yuan's algorithmis � ��������! , where � ��� is the sizeof
the table to use,for LG; and it is �����#! , where � is the
numberof pathto maintain,for LP. The performanceand
complexity of Yuan's heuristicsdependon the numberof
possiblevaluesto which link weightcanbescaleddown,or
thenumberof pathsto maintainat eachnode. For Yuan's
algorithmsto work correctly, globalnetwork statehasto be
availableto nodesthatperformthepathcomputation.

The implementationstrategies for QoS routing can be
classi�ed into centralizedsourcerouting and distributed
routing. Most constrainedrouting algorithmsproposedto
dateusecentralizedapproaches,i.e., they computefeasible
pathsat eachsource,andsimply assumetheavailability of
global network statewhenever they are needed. Central-
ized MCP algorithmssuffer from high computationcom-
plexity at the sourcenodes,sluggishresponseto network
changes,andexcessive overheadcausedby disseminating
topologyandresourceinformationthroughoutthenetwork,
whichsigni�cantly limit their scalability. Dueto theuseof
sourcerouting, a completefeasiblepath towardsthe des-
tination usuallyneedsto be establishedbeforeactualdata
aresentout (i.e., connectionoriented),or appendedto the
headerof everydatapacket,whichmayincreasethepacket
deliverydelayandconsumelargefractionof thebandwidth
whenthepathsbeingusedarelong.

DistributedMCP algorithmscomputefeasiblepathslo-
cally at eachnode,andforwardpacketsbasedonly on their
destinationaddresseson a hop-by-hopbasis. Distributed
routing is more responsive, robust and scalablethan cen-
tralizedschemesmainly in that,nodesindependentlymake
routing decisionand thereforeareable to respondto net-
work dynamicsquickly.

Mieghemet al proposeda hop-by-hopdestinationbased
only (HbHDBO)QoSroutingalgorithm[9] BasedonTAM-
CRA [10] andits exactmodi�cation SAMCRA. HbHDBO
hasthe worst casecomplexity ��� � �
 �!#" � � �#�$� � �#% ! � ,
where � is thenumberof non-dominatedpathsmaintained
at eachnodeand % is thenumberof constraintsbeingcon-
cernedwith. A node that runs HbHDBO usesa modi-
�ed Dijkstra'salgorithmto compute� non-dominatedpaths
for eachdestination,using a non-linearweight function
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, where � � is the constrainton metric
�

� . For HbHDBO to work correctly, global network state
is requiredat eachnode,androutingconstraintsmustalso
beknown a priori. However, in theworstcase,� cangrow
exponentiallylarge;andtheperformanceof HbHDBO also
varieswith thenumberof routingconstraints.

Sobrinhousesanalgebraicapproachandinvestigatesthe
path optimizationproblemin the context of Hop-by-Hop
QoSrouting[12]. In Sobrinho'salgebraicframework, rout-
ing is separatedinto pathweightfunctionsthatde�ne rout-
ing optimization requirements(e.g., widest-shortestpath,
most-reliablepath),andthealgorithmsthatcomputetheop-
timal pathsbasedon the aggregatedmetric de�ned by the
weight function being used. Sobrinhoestablishesthe al-
gebraicpropertiesthat a path weight function must have,
in order for any routing algorithm to converge correctly
(i.e., to give the optimal pathsw.r.t. the aggregatedmet-
ric). Thoughthe resultsobtainedby Sobrinhoestablisha
generalizedframework for QoS-orientedpathoptimization,
they cannotbesimplyappliedto constrainedpathoptimiza-
tion, becausepathsareoptimizedonly with respectto the
pathweightfunction,ratherthanbeingcomputedto satisfy
multipleconstraints.

It is clearfrom theabove summaryof relatedwork that
existing distributed MCP algorithmsrequire a consistent
view of global network stateat eachnode,andsomeeven
assumethat the distribution of arriving routing constraints
is known,which is not trueor hardlyachievablein practice.
On the otherhand,mostproposedQoSpathoptimization
algorithmsoptimize routing basedonly on an aggregated
metric,andthereforecannotbeappliedto pathoptimization
subjectto multiple constraints.

In this paper, we propose,analyze,and validate the
multi-constrainedpathoptimizationrouting(MPOR)proto-
col. NodesthatrunMPORusedistancevectorsto exchange
route informationonly amongstneighbors,anddo not re-
quireknowing theglobalnetwork stateor thepotentialar-



riving constraints.MPORsolvesthegeneral� -constrained
pathoptimizationby distributively computingan � -optimal
pathset(the�rst � shortestpathsw.r.t. thegivenoptimiza-
tion metric) for eachdestinationin the network, in sucha
way that feasiblepathscanbe foundwith a smallvalueof

� . Becausemultiple pathsaremaintainedat eachnode,as
in TAMCRA [10] andHbHDBO [9], MPORalsoresolves
themulti-constrainedpath(MCP)selectionsimultaneously.
MPOR operatesin line with IP routing (i.e., table-driven,
hop-by-hop,andconnection-less),andis able to optimize
routingw.r.t. asingularmetric(thecasein theconventional
MCPO),aswell asany logical distancethatconsidersmul-
tiple routingmetrics,providedthat thepathfunctionbeing
usedis both (+!�� !

�

!���� and ����!

�

!����

1.
The restof this paperis organizedas follows. Section

2 introducesthe network model and backgroundknowl-
edgeusedin our discussion. Section3 describesthe op-
erationprinciplesof MPOR, the orderedloop-freecondi-
tion o-LFC, the processof path weight propagation,and
theconvergencepropertyof MPOR.Section4 presentsthe
complexity analysisandSection5 presentsextensivesimu-
lation resultsof how effectively MPOR solvesboth multi-
constrainedpathselectionand routing optimization. Sec-
tion 6 presentstheconcludingremarks.

2 Systemmodel

We modelthenetwork asa directedgraph � �
	�� ��
�� ,
where � is thesetof nodesand 
 is thesetof links inter-
connectingthenodes. � and ! arethecardinalitiesof �

and 
 , i.e., � � � � � and ! ��� 
�� , respectively.
We assumethat eachlink 	  ���� � � ����� ����� is associ-

atedwith a link weight vector � ������� � ��	��
�

� �

�������

����� ,
in which � � is an individual weight component,i.e., a
single routing metric. Accordingly, any path & from a
sourceto a destinationcanbe assigneda pathweight vec-
tor �

0

��	��

0

�

� �

0

�

�����

�

0

�

� , where �

0

�
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0

� �����	� � ,
if �

� is an additive metric (e.g., delay); or �

0

�

�

(*�+� ���
�

�����	� ��� �  
��� �

��& , if �
� is a minimal metric (e.g.,

bandwidth)2.
The logical distance(LD) of path & is given by a path

function ,

0

basedon the weightsof its consistinglinks.
In QoS routing, ,

0

is usually used to specify how the
routing shouldbe optimized. In the bandwidth-inversion

1Monotonemeansthat the logical distanceof a pathcannotdecrease
whenthepathis extended,andisotonemeansthattheorder - betweentwo
pathsmustbepreservedwhenthey arepre�xedor suf�x edby a common
third path.Readerscanreferto [13] for details.

2A minimal routing metric meansthat its pathmeasurementis deter-
minedby theminimal valueof thecorrespondingmetricof all links in the
path;while anadditive or multiplicative routingmetricmeansthatits path
measurementequalsto thesumor productof thecorrespondingmetricof
all links alongthepath.Wedonotconsidermultiplicative metricsbecause
they canbetranslatedinto additive metricsby usinglogarithm.

shortest-path,e.g., ,

0

�  " $'& (

�

.

.

��� �

2

�  �/� � � & , where
0

������� � is the available bandwidthof  1�/� � , such that the
shortestpath, in term of invertedbandwidth,is preferred;
while in themost-reliablepathrouting,we cande�ne ,

0

�

 "%$'& (3254�6�7 �'&98 !;: �����	� ��� �� <��� � � & , where&98 !;: �����	� � is the
reliableprobabilityof  ��� � , suchthat themostreliablepath
is preferred.Therefore,we call ,

0

the optimizationfunc-
tion, andthelogicaldistancecomputedby ,

0

theoptimiza-
tion metric, given that the path with minimal logical dis-
tanceis also optimal w.r.t. the optimizationrequirements
implied by ,

0

. Notethatanoptimizationmetricshouldnot
beconfusedwith theanactualroutingmetric,whichcanbe
for instancebandwidthor delay.

It is worthpointingoutthatlogicaldistancesarenot nec-
essarilysimple real numbers.A logical distanceis a real
numberonly if the optimizationfunction ,

0

canbe given
by aclose-formequation,asfor thecasesof thebandwidth-
inversion shortestpath (

 

"%$'& (
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), the most-reliable
path (

 
"

$'& (
254�6�7 �'&98 !;: �����	� ��� ), or the aggregatedmetric

usedin the Interior Gateway RoutingProtocol(IGRP) [2]:
,

0

�=
 �

�

> , where � is a positive constant,
 and ?

are the path lengthandcapacity, respectively. Otherwise,
a logical distancecanbe a tuple consistingof themultiple
routingmetricsbeingconsidered.For example,for widest
shortest-path(WSP) routing, a pathwith the shortestdis-
tance(e.g.,hops)is preferred,and if multiple suchshort-
estpathsexist, theonewith themaximalbandwidthis pre-
ferred. For WSP, ,

0

is de�ned by �

 

?@��� � �	(A�+� �

0

��� ��� � ,
in which ?��/� � and

0

��� � arethedistanceandbandwidthof
eachcomprisinglink  

��� � alongthepath. As the result,to
comparetheprecedencebetweenpaths,only bandwidthor
distanceis notenough.Tuple BC? �

0ED

hasto beusedasthe
logical distancefor eachpath ( ? and

0

are distanceand
bandwidth,respectively), andpath & with logical distance

BC?

�

�

0

�

D

is betterthanpath F with BC? � �

0

�

D

, only if

?

�

BG? ��H �I?

�

�J? ��K

0

�

DL0

� � (1)

Similarly, in least-costshortest-pathrouting (LCSP),tuple
BM? � %

D

is usedas the logical distancefor eachpath, in
with ? is the distanceand % is the cost. Function ,

0

is
de�ned by �+ N?

��� �
�O %

��� �
� over all comprisinglink  

��� �

of a path. Path & with BP?

�

� %

�

D

is preferredover path F

with BC? � � % �

D

, only if

?

�

BQ? ��H �1?

�

�#? ��K+%

�

B�% � � (2)

By extrapolatingthe real-numbermetricsusedin conven-
tional best-effort routing to logical distances,it is handyto
computeoptimalpathsin thecontext of QoSrouting,pro-
vided thata total orderproperlyexistsamongstthe logical
distancesde�ned by thepathfunction ,

0

beingused,aswe
furtherdiscussin thenext section.



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

MPORattemptsto �nd theoptimalpathfor theoptimiza-
tion metricde�ned by anoptimizationfunction ,

0

, andthis
path must also be feasiblew.r.t. the given constraints,if
thereis any.

To achieve the optimal routing de�ned by ,

0

, MPOR
usesdistance-vector routing to distributively computethe
shortestpath w.r.t. the optimizationmetric calculatedby

,

0

. However, aswe discussedin Sec. 1, theshortestpath
computedbasedonly on a single aggregatedmetric may
not meetthemultiple constraintsbeingconsidered.There-
fore, MPORmaintainsan � -optimalpathsetfor eachdes-
tination. A generalizedloop-freeconditiono-LFC is intro-
duced,which allows MPOR to chooseany neighborsatis-
fying it as the successorfor a destinationwithout causing
routing loops. A path weight propagationand deduction
processis usedto keeptrackof theraw weight �

0

of each
pathin theconstructionof the � -optimalpathset,whichen-
ablesMPORto verify whetherfeasiblepathscanbefound
when a routing requestarrives. Lastly, we show that the
convergenceof MPOR canbe ensuredif the optimization
function ,

0

beingusedis both (+!�� !

�

!���� and ����!

�

!���� .
We show throughextensive simulationsthat satisfying

routingsuccessratioscanbeachievedwith asmallvalueof
� (e.g., � ��� ), andthefeasiblepathsbeingfoundalsohave
high probabilitiesto be optimal or near-optimal w.r.t. the
given ,

0

.

����� �	����
���
�������������������� �"!

When computingthe �rst � shortestpathsfor a desti-
nation, a nodemay usemultiple neighborsas successors
to reachthis destination.Hencecaremustbe taken to en-
surethatroutingloopsarenotformedbecausenodeschoose
their successorsdistributively. Theorem3.1 introducesthe
orderedloop-freecondition(o-LFC), whichis ageneralized
loop-freeconditionderivedfrom thesourcenodecondition
(SNC)in [4], for computingloop-free� -optimalpathsetin
MPOR.

Let 
 ?

�

# denotethelogical distancefrom node� to des-
tination $ asknown by node � . 
 ?

�

#

�

denotesthe logical
distance
 ?

�

# from node � , which is a neighborof node � ,
to destination$ , as reportedto node � by node � . % 
 ?

�

#

denotesthe feasiblelogical distance(FLD) of node � for
destination$ , which is an estimateof the minimal logical
distancemaintainedfor destination$ by node� .

Theorem3.1. (o-LFC) If a total orderrelation & , andthe
associatedstrictorder ' , canbeproperlyestablishedonthe
logicaldistancesde�ned by agiven ,

0

, thenanode� is free
to chooseany neighboringnode� from its neighborset �

� ,

asthesuccessorto reachdestination$ withoutcausingrout-
ing loops,providedthatthefollowing conditionis satis�ed:


 ?

�

#

�

'(% 
 ?

�

#

� � � �

� (3)

Proof. For any neighbor� satisfying(3), % 
 ?

�

#

')% 
 ?

�

# .
Therefore,given that all estimatesare properly updated,
loop-freedomis obtained,becausethe % 
 ? s of all the
nodesalonga path to destination$ arestrictly orderedin
a decreasingmanner. Oncea total order can be properly
establishedon the logical distancescalculatedby ,

0

, the
formal proof of o-LFC is similar to that of SNC (see[4],
Theorem1, pp. 132), which is omittedheredueto space
limitations.

A setof logical distances* is total-orderedw.r.t. & if
thefollowing four propertiesaresatis�ed: (1) & is re�exive,
i.e., *+& * �-, * �.* ; (2) & is anti-symmetric,i.e., if *"& :

and :	& * , then * � : ; (3) & is transitive, i.e., if */& : and
:0& � , then *1& � ; and(4) for , * � : �2* , either *1& : or
:3&�* . We use*4'J: to denotethat *4&J: while *65 � : .

For example for WSP, if 
 ?#�'& � and 
 ?��1F � are the
logical distancesof two paths & and F , respectively, then


 ?�� & �7' 
 ?��1F � only if ?

0

B ?98 H �1?

0

� ?98 K

0

0

D

0

8 ); for LCSP, 
 ?��'&��:'L
 ?��1F � only if ?

0

BL?/8�H �1?

0

�

?98 K+%

0

B�%;8�� .
Whenonly a singleadditivemetricis considered,& and

' reduceto thenormal < and B ; ando-LFC reducesto the
sourcenodecondition(SNC) in [4], which considerspath
distancesin positive realnumbersonly, on which the total
order < and B arealwayswell de�ned.

���>= �6
?�@�BADC��E���F
:�G�E��H@�E
JIE�@K.�L
M��� �"!

A node � that runsMPORmaintainsa routingentry for
eachdestination$ , which includesfeasiblelogical distance

% 
 ?

�

# , currentlogicaldistance
 ?

�

# and N

�

# – thesuccessor
set chosenfor $ . 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  

��� �
� � � �

� .
Becauseevery nodemustrun a separatecopy of MPOR

and runs MPOR for eachdestination,we focus on node
� runningMPOR to computethe � -optimal pathset for a
destination$ . It shouldbe pointedout that � may receive
and recordup to � (the shortest,the secondshortestand
up to the � th shortest)valuesof 
 ?

�

#

�

from eachneighbor
� ; node � also reportsto its neighborsthe �rst � shortest
logical distancesfrom itself to destination$ , of which the
minimal valueis alsousedasthe feasiblelogical distance

% 
 ?

�

# of node � . For thedestination$ , we have 
 ?

#

#

�PO

�

,

% 
 ?

#

#

�
O

�

, and 
 ?

�

#-#

�
O

�

�-, � � �

#

, where
O

�

is thezero
asde�ned by ,

0

. Whena nodeis poweredup, % 
 ? is set



to
O

� , thein�nity asde�ned by ,

0

, andall theotherentries
are set to empty. We also assumethat node � knows the
stateof eachoutgoinglink � �1� � � � � �)� �

� . Whennode �

receivesan input eventat time
�

, it behavesin oneof three
possibleways:

1. Node � is idle andall estimatesareleft unchanged

2. Node � receives 
 ?

�

# from neighbor� , updatesthees-
timates
 ?

�

#

�

andleavesall otherestimatesunchanged

3. Node � updatesits successorsset N

�

#

�

�

� for destination
$ basedonEq. (3), i.e.,

N

�

#

�

�

� � 	�� � 
 ?

�

#

�

�

�

�J'(% 
 ?

�

#

�

�

� � � � �

�

� (4)

andupdatesthefeasiblelogical distance

% 
 ?

�

#

�

�

� � (*�+�

�


 ?

�

#

�

�

�

���) �� ��� � � � �

�

��� (5)

for all 
 ?

�

# reportedby eachneighbor� , andoverall neigh-
borsin �

� .  �� ��� � � � is the logical distanceof the adjacent
link  

��� � , and � is thebinaryoperatorde�ned by ,

0

, which
is usedto combinetwo paths(or links) andcomputethelog-
ical distanceof the resultingcompositepath. Node � also
re-computesthe�rst � shortest
 ?

�

# maintainedfor $ , and
sendsneighborsupdatesif any changeoccurs;otherwise,it
leavesall otherestimatesunchanged.�

As with thedistributedBellman-Ford (DBF) algorithm,
MPOR usesdistancevectorsto communicatelogical dis-
tancesonly amongstneighboring nodes, and therefore
avoidsexpensiveroutingoverheadcausedby disseminating
link-stateinformation throughoutthe network. However,
major differencesexist betweenMPOR andDBF. MPOR
canoptimizetheroutingasde�ned by a givenoptimization
function ,

0

, aswell asthesimplemetricsusedin conven-
tionalbest-effort routing.MPORmaintainsthe�rst � short-
estpathsfor eachdestination,andthereforeis alsoableto
supportmulti-constrainedpathselection;Lastly, MPOR is
aloop-freemultipathQoSroutingprotocoldueto theuseof
o-LFC (Theorem3.1), which allows nodesto choosetheir
successorsindependentlywithoutcausingloops.

��� � 	 A ���:I�����
 ��� C
� �L��� ��� ��A � �EH K

As long as a node�nds neighborsthat satisfy o-LFC,
it canupdateits routingtablewithout having to coordinate
with its neighbors(Theorem3.1).

When node � is unableto �nd neighborssatisfyingo-
LFC for destination$ , mustincrease% 
 ?

�

# in awaythatno
loopscanbecreated.MPORusesa schemesimilar to that
usedby DUAL [4] to achieve instantaneousloop freedom.
More speci�cally, diffusingcomputationsareusedto coor-
dinateupstreamnodesin the pathfor destination$ , when

node � detectstheincreaseof logical distanceandneedsto
raiseits feasiblelogical distancefor $ , beforeanotherset
of feasiblesuccessorscanbesafelyobtained.Dueto space
limitations,weomit thedetailshereandreaderscanreferto
[4] for moredetails.

����� �2�@����H C��E���P��
 
:ADC���� � ��
���C

�

0

For a path& in the � -optimalpathsetcomputedfor des-
tination $ , besidesthe logical distance,its raw pathweight

�

0

mustalsobe maintained,becausewe need �

0

to ver-
ify whether& canbea feasiblepathwhena routingrequest
arrives. To achieve this, MPOR usesa pathweight prop-
agationanddeductionprocessto keeptrack of �

0

, which
exploits the samerouting messagesusedfor the exchange
of logical distances,andassuchincursno morecommuni-
cationoverhead.

More speci�cally, in MPOR,thedistancevectorreport-
ing a path & for $ by node � is a tuple of 	 $ ��
 ?

�

#

��&
�

�

#

� ,
in which 
 ?

�

# and&
�

�

#

� 	�& �

�

#

�

�

� �

�����

&
�

�

#

��( �

�����

&
�

�

#

� % � �

arethelogicaldistanceandtheassociatedpathweightfor & ,
respectively, and % is thenumberof constraints.Provided
that & �

#

#

��( � �

�

for anadditive metricand& �

#

#

��( � �

�

for aminimalmetric,thenafterreceiving thedistancevector
from neighbor� via adjacentlink  

��� � , whoselink weightis
� ��� � � � �
	��
� �

�����

��� �

�����

�

>

� , node � cancomputethecor-
respondingpathweightfor $ by

& �

�

#

��( � �

�

& �

�

#

��( � � �
� for additivemetrics

(*�+�

�

& �

�

#

��( � ���
��� for minimal metrics

(6)
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�

� �

�����

% .
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We argue that the choice of ,

0

is policy-orientedor
application-orientedin practice,becausetheredoesnot ex-
ist an absolutelybetteror best routing optimizationmet-
ric for a given network. Therefore,the strategy adopted
by MPOR is to specifythe propertiesthatan optimization
functionmusthave,insteadof specifyingaspeci�c ,

0

. The
advantageof this approachis that,diversi�ed routingopti-
mizationpoliciescanbe de�ned andimplementedaslong
as ,

0

is properlyselected,andtheconvergenceof MPORis
alsoensuredsimultaneously. This is formally formulatedin
thefollowing theorem.

Theorem3.2. If the ,

0

beingusedis bothmonotoneand
isotone, within �nite timeafterthelastlink-statechangeoc-
cursin thenetwork, MPORconvergescorrectly, i.e.,main-
tainstheoptimalpathfor eachdestination.



j


1
 2


5
 5


-1


-1


(b)


s


2


j
1

(2M,1)


(5
M

,1
)
 (5M

,1)


(2M,1)


(a)


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

Proof. Accordingto thesuf�cient andnecessaryalgebraic
conditionsfor routing convergence[13] (Sec. 6.2, Propo-
sition 3-5), a distancevectorrouting protocolalwayscon-
vergesto optimal pathsw.r.t. the optimizationmetric de-
�ned by a given ,

0

, if andonly if ,

0

is bothmonotoneand
isotone. Becausein essenceMPOR exploits distancevec-
torsandcomputestheoptimallogicaldistancefor eachdes-
tinationusingBellman-Ford iteration(Eq. (5)), the results
establishedin [13] alsohold for MPOR.

Thereasonthat ,

0

hasto bemonotoneandisotone,for
MPOR to convergecorrectly, canbe illustratedby the ex-
amplesdepictedin Figure1. We assumethatnodesusedin
ourexamplesrun aDBF-like distance-vectorprotocol.

Unlike WSP, shortest-widestpath (SWP) routing at-
temptsto �nd thepathhaving themaximalbandwidth,and
the onewith shortestdistanceis selectedif multiple such
pathsarefoundwith thesamebandwidth.It is easyto ver-
ify that isotoneis not true in SWP. In Figure1 (a), links
are labeledwith (B,D) where

0

is the bandwidthand ?

is the distance(in hops), respectively. Node
�

chooses
node � as the successorfor destination $ becausepath

�

�

� � ��$ � offersmorebandwidth(5M) thanpath �

�

�E$ � (2M);
node N hasno other choicebut node

�

as the successor
for destination$ . As a result,wheneachnodeselectsits
successordistributively, the path formed from N to $ is

� N��

�

� � �E$ � �EB �������

D

, which is not optimalbecausepath
�I� �

�

�E$ � �EB ����� �

D

and B ����� �

D

' B �������

D

.

Figure1 (b) is anexamplein which themonotoneprop-
ertydoesnothold. Assumethatlink  �

�

�

and  

�

�
� havenega-

tivecost-1, andthe ,

0

usedis simpleaddition
 

  � � where
  � � is the costof every intermediatelink in the path. It is
easyto seethat the pathsfor destination$ at nodes1 and
2 canoscillateandneverconverge. In this simplescenario,
the result is obvious, becauseDBF cannotconverge if the
topologycontainsnegative cycles [3]. More optimization
functionscanbefoundin [12, 13].

4 Complexity Analysis

At node � , thespacecomplexity is ������� �

�

� � � �
�#� �

������� �

�

� �#� , where � �

�

� is thenumberof neighborsof node
� , becausethe main routing tableandeachneighbortable
have ��� �#� entries,andeachentrycankeepup to � routes
for eachdestination. The computationcomplexity is the
timetakento processdistancevectorsregardingasamedes-
tination,which is ��� ��� �

�

� � . Whenonly theshortestpathis
maintained,thenthespaceandcomputationcomplexity re-
duceto ��� � �

�

� �#� and ��� � �

�

� � , respectively, whicharethe
sameasthatof DBF.

5 Simulation

We implementedMPOR in the network simulatorNS-
2[11] andconductedextensivesimulationsto testits perfor-
mance.Threetypesof topologiesareusedin our simula-
tion experiments:ANSNET, Pure-random graphandWax-
mangraph.ANSNET is widely usedby ChenandNahrst-
edt [1] and other researchersto study QoS routing algo-
rithms. In Pure-randomgraphs,the existenceof the link
betweenany two nodesis determinedby a constantproba-
bility 	�&�� �

�

B &��PB

�

� , while in Waxmangraphs,&�� is de-
�ned as&�� �

�

��	




�
�

�

�

B

�

�	� B

�

� where� is thedistance
betweenthesetwo nodesand 
 is themaximalinter-nodal
distancein the topology, suchthat inter-nodal distanceis
alsoaccountedfor.

� ��� � ��� �J����
 
 ��A K ���JIE� 
�ADC�� K

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

N�� �

numberof routingrequestsbeingrouted
numberof total routingrequests

(7)

!�� �

numberof requestsroutedbyexactalgorithm
numberof total routingrequests

(8)

%�� �

numberof requestsroutedbyheuristicalgorithm
numberof requestsroutedbyexactalgorithm

(9)

!�� actuallyequalsthe SR of an exact algorithm, and
indicateshow dif�culty afeasiblepathcanbefoundto meet
thegivenrequest(a smallEPmeansthat it is hardto �nd a
feasiblepathfor thegiven constraints);%�� indicateshow
well a heuristicalgorithm can work in comparisonto the
exactalgorithmwith thesame!�� .

1Thepurposeof suchcon�gurationis to comparewith existingsimula-
tion resultsof MCP algorithms,e.g.in [6].
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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 �

���

� �

���

, except for ANSNET in
the caseof two constraints,in which the �rst component
is uniformly distributedin �

�

� �

���

, while thesecondis uni-
formly distributed in �

�

� �

� ��� 1. All sourcesand destina-
tions are randomlychosenfrom the networks and all re-
sultspresentedhereareaveragedover5000randomlygen-
eratedroutingrequests,for differentrangesof routingcon-
straints.Routingmetricsbeingconsideredareadditive un-
lessspeci�edotherwise,becausemostalgorithmsproposed
for MCP, and thosebeing usedto comparewith MPOR
in our simulations,only addressadditive constraints.The

,

0

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

,

0

�  

�

�
�

�

�

�

���

� , if thereare � constraints.It 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 presentedin
Fig. 2 andFig. 3, respectively. Fig. 2 indicatesthat a � -
optimalpathsetfor everydestinationis suf�cient for MPOR
to achievesatisfyingcompetitive ratios(no lessthan ���	� ),
for all rangesof constraints(EPrangesfrom 0.25to 0.99),
whensourcesanddestinationsare randomlychosenfrom
the network. Also asshown by Fig. 3, MPOR performs
evenbetterwhensourcesanddestinationsarechosenfrom
boundarynodes,i.e., potentialfeasiblepathstraversefrom
coastto coast,becausea � -optimal pathset con�guration
achievesalmost

��� �

� CRsfor all rangesof constraints.We
alsonoticethattheCRof MPORapproachesto asaturation
level andcannotbe improvedanymoreevenby 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 � . Themainreasonis thattheo-LFCcondition
hasto besatis�edbeforeaneighborcanbeselectedinto the
successorset,andthereforesomefeasiblepathsmaybeex-
cludeddueto the ,

0

beingused.In thefollowing,parameter
� ��� unlessspeci�edotherwise.

TheMCPalgorithmsthatweuseto comparewith MPOR
areEDFS[7], KKT (Korkmaz,Krunz andTragoudas[6])
and JSP(a variation of Jaffe's algorithm [5]: Dijkstra's
shortestpathalgorithmw.r.t. theaggregatedlink-costfunc-
tion � �����	� � ��


�
� .

��� �

2

�

�

�

��� .

�/� �

2

�

�

�

), in which �
� is thecon-

strainton routing metric �
� . As the baseline,we alsoim-

plementanexactalgorithm,whichhasexponentialrunning
time, but cangive all feasiblepathsfor a givenrouting re-
quest.TheSRcomparisonsof routingwith two constraints
usingANSNET, Pure-randomandWaxmangraphsarepre-
sentedin Figs. 4 and5, respectively. Theresultsof routing
with moreconstraintsarepresentedin Fig. 6.

JSPlags behindall the other algorithmsin all scenar-
ios, which further con�rms that pathsoptimizedw.r.t. a
singleaggregatedmetric may not be a goodapproachfor
constrainedpathselection.EDFSoutperformsMPOR and
other algorithmswhen the constraintsare tight, and per-
forms worsewhentheconstraintsaremoderateandloose,
for which EDFS has to iterate over more exploring se-
quencesto achieve a better SR. Though both KKT and
MPORperformconsistentlyandsimilarly well, MPORcan
solvegeneral� -constrainedMCPproblem,while KKT only
dealswith two constraintsand its running time is unpre-
dictableif constraintsare tight [7]. We also observe that
theSRof MPORis insensitive to thenumberof constraints
in all rangesof constraintsandfor all the topologiesbeing
simulated.Lastbut not least,we point out thatall thealgo-
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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

rithmsweuseto comparewith MPORarecentralizedalgo-
rithmsandrequiretheglobalnetwork stateat every source
node,while MPORis a fully distributedprotocol.

� �>= �M�E���J�E� 
 H ��� K C ��AL�E����� ��
�C�����A I	
:ADC���K

We investigate the � -additive-constraint widest-path
(in terms of inverted bandwidth)routing and � -additive-
constraintmost-reliablepath routing, which representthe
scenariosin which themetricsto beoptimizedareminimal
andmultiplicative,respectively.

The challengehere is how to communicatethe band-
width : � ������� � or reliability probability & �����	� � of a link

 <�/� � throughoutthenetwork without usinglink-statebroad-
casting. Our approachis to de�ne an ,

0

(monotoneand
isotone)that translates: � �����	� � or & ������� � into anadditive

[20,30] [30,40] [40,50] [50,60] [60,70]
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

All constraints are uniform ~ [x
1
,x

2
]

S
uc

ce
ss

 R
at

io

Four Constraints

 

 

All constraints are uniform ~ [x
1
,x

2
]

EXACT
MPOR
EDFS
JSP

[20,30] [30,40] [40,50] [50,60] [60,70]
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

S
uc

ce
ss

 R
at

io

Eight Constraints

 

 

EXACT
MPOR
EDFS
JSP

Figure 6. ANSNET, multiple constraints, SR
comparison, x = 5

metric,andusesit asthelogicaldistancecommunicatedby
distancevectors. More speci�cally, for widest-pathopti-
mization,wede�ne ,

0

as

, 0 ���

"
$'& (

�

: � �����	� �

�

0

���




�� 
��� �

� & (10)

where
0

���




is anestimateof themaximumbandwidthover
all the links in thenetwork, then : �

�

0

���




canbethought
of as the normalizedbandwidthof link  1�/� � . For most-
reliablepathoptimization,wede�ne ,

0

as

, 0 ���

"
$'& (

254�6/7�� & ������� � � �� 
��� �

� & (11)

Figure7 andFig. 8 demonstratethe probability distribu-
tion functions(PDF) of how a feasiblepathcanbe found
within the � -optimalpathsetconstructedby MPOR.First,
aspresentedby the legendsin Fig. 7 andFig. 8, both ,

0

(10) and ,

0

(11) achieve satisfyingcompetitive ratio (CR)
for thegiventwo additiveconstraints.TheCR for function
(10) is above ���

� �

� , andtheCR for function(11) is above
�

� �	�

� , for all rangesof existencepercentage(EP), which
variesbetween

�

�

�

� and
�

�

� � (i.e., from tight constraints
to looseconstraints).Second,morethan

�

�

� of the feasi-
ble pathsfoundby MPORarealsotheoptimalpathsw.r.t.
thespeci�ed ,

0

, andalmost ��� � of the feasiblepathscan
be found if we alsoconsiderthe secondandthird shortest
pathscomputedby MPOR.This indicatesthat the feasible
pathscomputedby MPORhavea high probabilityof being
optimal,or near-optimalpathsw.r.t. thegivenoptimization
metric. Notethat in someprior work [8] MCPOis de�ned
asselectingtheshortestpathfrom thesetof feasiblepaths
only, which thereforemaynotbegloballyoptimalw.r.t. the
given ,

0

. In thiscase,it is intuitive thatMPORhasaneven
higherprobabilityof �nding theconstrainedoptimalpath.
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6 Conclusionand futur e work

MPOR is a fully distributed multi-constrainedrouting
andpathoptimizationprotocol that exploits distancevec-
tor routing,anddoesnot requireglobalnetwork stateto be
maintainedat every node,or otherunrealisticassumptions
suchasknowing the distribution of arriving constraintsat
eachnode. MPOR can optimize routing w.r.t. any logi-
caldistancecomputedby anoptimizationfunction ,

0

, pro-
videdthat ,

0

is both ( !�� !

�

!���� and ���#!

�

!���� .

In thefuture,we areinterestedin addressingtherouting
overheadincurredbydiffusingcomputationswhenpathdis-
tancesincreaseor link failuresoccur. Wearealsointerested
in using multiple ,

0

for different classesof traf�c �o ws,
which is meaningfulin thecontext of aDiffServmodel,for
example.
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