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ABSTRACT
Routingoverlayshave becomea viable approachto working aroundslow
BGPconvergenceandsub-optimalpathselection,aswell asto deploy novel
forwardingarchitectures.A commonsub-componentof aroutingoverlayis
a routingmesh: the route-selectionalgorithmconsidersonly thosevirtual
links—inter-nodelinks in an overlay—in the routing meshratherthanall
N 2 virtual links connectinganN -nodeoverlay. Doing soreducesrouting
overhead,therebyimproving the scalabilityof the overlay, aslong asthe
processof constructingthemeshdoesn't itself introduceoverhead.

This paperproposesand evaluatesa low-cost approachto building a
topology-aware routing meshthateliminatesvirtual links that containdu-
plicatephysicalsegmentsin theunderlyingnetwork. An evaluationof our
methodon PlanetLabshows thata conservative link pruningalgorithmre-
ducesrouting overheadby a factor of two without negatively impacting
routeselection. Additional analysisquanti�es the impacton routeselec-
tion of de�ning anevensparsermeshon top of thetopology-awarerouting
mesh,documentingthe cost/bene�ttradeoff that is intrinsic to routing. It
alsoshows thatconstructinga sparserroutingmeshon thetopology-aware
routingmesh—ratherthandirectlyontheInternet—itselfbene�tsfromhav-
ing the reducednumberof duplicatephysicalsegmentsin the underlying
network, which improvestheresilienceof theresultingroutingmesh.

Categoriesand SubjectDescriptors
C.2[Computer-Communication Networks]: General

GeneralTerms
Design,Algorithm
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1. INTRODUCTION
Routingoverlayshave recentlybeenproposedasanapproachto

improving therobustness,performance,andfunctionalityof packet
delivery over the Internet[4, 6, 7, 8, 14, 15, 27, 30]. To improve
robustness,overlaysrapidly �nd analternative pathwhenthecur-
rent BGP-provided routefails [16, 26]. To improve performance,
overlaysselectthe bestof multiple alternative paths. To improve
functionality, overlaysrun application-speci�ccodeon intermedi-
atenodes[30]. Routingoverlaysaccomplishthesegoalsby moni-
toring theavailablepaths,resultingin a fundamentaltrade-off be-
tweenhow aggressively theoverlaymonitorsthenetwork (i.e.,how
many alternativesit monitorsandhow frequentlyit probesthem),
andthesizeto which theoverlayis ableto scale.

Existing routing overlaystypically treat the Internetasa black
box, relying on end-to-endperformancemeasurements(primarily
latency probes)to selectroutes. In RON [4], for example,each

nodeactively monitorseachof theothernodes,watchingfor oppor-
tunitiesto useanindirectpaththroughanintermediatenodeshould
thedirectpathfail or suffer from lesserperformance.Evidencein-
dicatesthatsuchanN 2 approachis ableto scaleto approximately
50overlaynodes.

In general,onecanview aroutingoverlayasconstructingasub-
stratefor routing packets, often called a routing mesh, and then
monitoringthevirtual linksonthismeshto selectthebestroutebe-
tweenany pair of nodes.RON usesa fully connectedmesh,where
eachvirtual link correspondsto thedefault Internetpathbetweena
pair of nodes.An alternative is to �rst build a moresparsemesh—
onewith fewer thanN 2 edges—andthenactively monitoronly the
edgesin this meshto selectroutes.If onecouldconstructa sparse
meshthat eliminatesvirtual links (meshedges)that arenever se-
lectedby the routing algorithm,thenprobingcostswill go down
andscalabilitywill improve without harmingtheoverlay's ability
to selectgood routes. If the overlay wishesto further prunethe
mesh,ideally suchpruningwill tradeoff goodnessfor sparseness
in a reasonableway.

This raisesthequestionof how to bestselectwhich virtual links
to keepin the routing mesh.An approachusedby several single-
sourceapplication-level multicastoverlays[6, 7, 8, 14] is to con-
structa self-organizingrouting mesh. Like RON, however, such
systemsalsotreatthe Internetasa blackbox, anddependon end-
to-endperformancemetricsto determinewhich nodesshouldpeer
with eachotherin themesh.

Anotherapproachis to exploit statictopologyinformationabout
theInternetto build a routingmeshthatis representative of theun-
derlyingphysicalnetwork [19]. Theresultingrepresentativemesh
attemptsto eliminatevirtual links (meshedges)that have dupli-
catephysicalsegmentsin the underlyingnetwork. A representa-
tive meshcanbede�ned at differentlevelsof granularity—e.g.,at
the autonomoussystem(AS) level or at the router level—but in
general,selectingvirtual links thatshareasfew underlyingphysi-
cal links aspossiblebothreducesredundanttraf�c on thephysical
links andeliminatesfatesharingin thecaseof link failure.

Thispaperdescribesandevaluatesasystem,calledPLUTO, that
builds a representative meshto be usedby routing overlays. We
extenda preliminaryanalysisof a representative mesh[19] by in-
troducingPLUTO in two stages.First, we presenta conservative
heuristicto identify andremove meshedgesthatdo not contribute
to routeselection;we call theseedgesredundantsincetherouting
algorithmis likely to selectotherindirectpaths.Thisheuristicuses
only passive measurementsandseldom-changingtopology infor-
mationsuchasAS-level topologyandgeographicalinformation;it
doesnot itself addto monitoringoverhead.Experimentson Plan-
etLab[24] show thatusingthis heuristic,PLUTO is ableto reduce
monitoringcostswith marginalnegative impacton routeselection.



In the secondstage,we explore the cost/bene�ttrade-off in more
detail. Speci�cally, we evaluatethe impact of pruning the mesh
constructedin the�rst stageevenfurther, but at thecostof impact-
ing theoverlaysability to selectthebestpossiblepaths.

2. REPRESENTATIVE MESH
A factor in the scalability of any routing overlay is the total

amountof overhead—linkprobesandrouteupdatedissemination—
that it introducesinto thenetwork. Theintuition is thatany reduc-
tion of total overheadproducedby an overlay of a particularsize
providesanopportunityto scaletheoverlayto morenodes.

Generallyspeaking,reducingthenumberof virtual edgesin the
routingmeshis thesimplestway to cut down theoverhead.More
formally, supposeoverlay networks useping to measurenetwork
propertiesperiodicallyat the rateof p perpeerandemploy a link
statealgorithmto disseminatetheupdateat the rateof r perpeer.
Also supposethe overlay nodei hasn i neighborsin a meshwith
N overlay nodes(1 � i � N ). The total ping traf�c P andlink
statetraf�c R in theentiremesharegivenasfollows. 1

P = � N
i =1 pni = �pN 2 (1)

R = � N
i =1 r n2

i ; � 2r N 3 � R � �r N 3 (2)

where� = E =N 2 is the edge-reductionparameterindicatingre-
ductionin thenumberof virtual links E = � N

i =1 n i versusthefully
connectedmesh.(� = 1 meansthegraphis fully connected.)For
example,a methodthat sets� to be inverselyproportionalto N
makesP andR proportionalto O(N ) andO(N 2 ), respectively.

Although it is straightforward to createa sparserrouting mesh
by removing virtual edgesat random,this approachmight elim-
inatea link with goodnetwork properties;in the worst case,the
network mightbecomepartitioned.Thequestionis how to remove
virtual links to de�ne a sparsebut usefulroutingmesh.This prob-
lem is immediatelycomplicatedby the fact that routing overlays
sometimesaimto achieveresilience.Evenif avirtual link performs
poorly, wemaywishto retainit in themeshfor usewhenotherlinks
fail. It is importantto coverasmany independentroutesaspossible
in theunderlyingnetwork, which contradictsour goalof eliminat-
ing asmany virtual links aspossible.Supportingroutingoverlays
suchasRON complicatesthisproblemfurther, sinceunlike for sin-
gle sourcemulticastoverlays,we needto supportresiliencefor all
possiblepairwiseconnections;anunnecessaryvirtual link for one
couldbea crucialonefor others.

Accordingly, the insight into solving this problemis to elimi-
natea directvirtual link whentherearealternatemulti-hopvirtual
links bearingsimilarnetwork characteristics.Sincethegoalis scal-
ability, inexpensive informationmustbeexploited: eitherstaticor
passive information that the Internethasalreadycollectedfor its
own operation.Themeshbuilding strategy usesinexpensive hints
to �nd setsof threevirtual links, suchthatonevirtual link is almost
identical in theunderlyingphysicaltopologyto theconcatenation
of the other two virtual links. For eachsuchset, the strategy re-
moves the former virtual link sinceit is expectedto bearsimilar
network propertiesto thecombinationof thelattertwo. As aresult,
duplicatesegmentsin the underlyingnetwork are removed from
the routing mesh,yielding a meshthat resemblesthe underlying
topologyasmuchaspossible.This routingmeshis referredto as

1The �rst inequality in (2) follows from � N
i =1 n2

i �
(� N

i =1 n i )2=N = E 2=N since � N
i =1 (n i � n)2 � 0 where

n = � N
i =1 n i =N = E =N . The second follows from

� N
i =1 n2

i � N E . We expressP and R in terms of � and N
insteadof E andN for thesake of simplicity in ourdiscussion.

a (physically)representativemesh. Althoughthemeshmay intro-
ducemorehopsin the optimal route, it is often not necessaryfor
every nodealongthepathto forwardpackets.We will discussthis
in moredetail in Section4.6.

3. PLUTO ARCHITECTURE
This sectiondescribesPLUTO (PlanetLabUnderlayTopology

servicesfor OverlayNetworks),which de�nesa two-layerrouting
hierarchy. Thebottomlayersupportsa topology discoveryservice
that reportsstatictopology informationaboutthe underlyingnet-
work, typically extractedfrom informationthattheInternethasal-
readycollectedfor its own operation.Theupperlayerbuildsarep-
resentative meshusingthe topologydiscovery service. Although
PLUTO wasdesignedandimplementedon PlanetLab,we believe
thatis usefulfor genericoverlaynetworks.

3.1 TopologyDiscovery
PLUTO implementstwo topology discovery operations. The

�rst,

Path = GetASPath(src, dst)

returnsthe veri�ed ASpath traversedby packetssentfrom IP ad-
dresssrc to IP addressdst. Notethatthis operationmapsa pair of
network pre�xesto thesequenceof AS numbersthatconnectthem,
muchlikeaBGProutingtablemapsanetwork pre�x to anASpath.
Also, thisoperationmustlimit thesrc anddst to addressesof over-
lay nodesbecausePLUTO needsapoint-of-presencewithin anAS
in orderto resolve this query. Thesecondoperation,

PG = GetASGraph()

returnsthepeeringgraph (PG) for the Internet.This graphrepre-
sentsthecoarse-grain(AS-level) connectivity of theInternet,where
eachvertex in PGcorrespondsto anAS,andeachedgerepresentsa
peeringrelationshipbetweenASes.TheInternetdoesnotcurrently
publishthecompletePG,but it is easyto constructanapproxima-
tion of the PG by aggregatingBGP routing tablesfrom multiple
vantagepoints in the network, as is currently doneby sites like
RouteViews [3] and FixedOrbit [1]. That is, an edgeexists be-
tweenany two verticesX andY in PGif someBGProutingtable
containsa pathin whichASesX andY areadjacent.

Figure1 sketchesthe implementationof thesetwo operations.
We assumeeachAS that hostsoneor more overlay nodeshasa
BGProuterthat feedsBGPupdatesto a PLUTO service.A given
overlay nodesendsoneof the above queriesto the local PLUTO
service,which answersthequeryimmediatelyif it can,otherwise
it redirectsthequeryto anappropriatePLUTO servicethatcanan-
swerthequery. Theanswerto thequeryis thencachedin thelocal
PLUTO service. For example,supposethe overlay nodeIPx in
the�gure issuesa GetASPath queryto learntheAS pathbetween
IPy andIPz . The PLUTO servicein AS X determinesthat IPy

is locatedin AS Y usingthe translationservicedescribedbelow,
andredirectsthis queryto thePLUTO servicein AS Y sincethis
instanceof PLUTO shouldbe ableto answerthe queryaboutAS
pathsoriginatingfrom AS Y .

Notethatwhile PLUTO assumesthata BGPfeedis availablein
every AS, this is dif�cult in practice.Thus,for thesake of evaluat-
ing PLUTO, we developedan“AS Traceroute”serviceasa partof
theGetASPath operation.Theimplementationtranslatesa tracer-
oute result into an AS pathusing the translationservice,thereby
emulatinga BGP-basedimplementationof GetASPath. SinceAS
pathshave nocycles,wemodi�ed thetracerouteprogramsothatit
performsabinarysearchfor AS boundaries,sendingmultipleUDP
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Figure1: PLUTO topology discovery sub-services

probingpacketsin parallel. SinceAS hopcountis muchlessthan
routerhopcount,thismethodsuppressesprobetraf�c signi�cantly.
PLUTO alsocachesAS pathsderivedin this way, andupdatesthis
informationinfrequently.

In addition to thesetwo topology-relatedoperations,PLUTO
alsoprovidesthreetranslationservices.The�rst,

GeoInfo = IP2Geo(addr)

returnsgeographicalinformationGeoInfo correspondingto thegiven
IP addr. This information includesthe longitude/latitudecoordi-
nateswherethe correspondingmachineis located. Currently, we
assumetheoverlay nodesreporttheir own geographicallocations
with their IP addressesto PLUTO.

In thispaper, weoftencomputegeographicdistancebetweentwo
points using longitudeand latitude. This distanceD (along the
greatcircle) is easilyderived asD = R� arccos[sin � 1 � sin � 2 +
cos� 1 � cos� 2 � cos(� 1 � � 2)], whereR is theradiusof theEarth,
(� 1 ; � 1), (� 2 ; � 2) are(latitude,longitude)coordinates(in radian)of
two points.

Thesecondoperation,

ASN = IP2AS(addr)

returnstheAS numberASN thatthegivenIP addr belongsto. This
canbe doneby selectingthe routein a BGP tablethat matchesa
givenIP address,andtheninferring thatthelastAS numberon the
pathin thatrouteis theAS thatcontainsthenodewith thegivenad-
dress.We take a simplerapproachthanthatof Mao et al. [18] and
make this inferenceusinga collectionof BGP tablesto improve
theaccuracy. We alsotake theInternetExchangePoints(IXP) ad-
dressesinto account[2]: if a given IP addresscorrespondsto an
IXP andif that IXP hasanAS number, reportit; otherwisereport
thatit is anIXP withoutanAS number.

Thelastoperation,

PoPInfo = AS2PoP(ASN)

returnspoint-of-presence(PoP)informationPoPInfo for thegiven
AS numberASN. This informationincludesthelist of IP addresses
and geographicallocationsof PoPsof the AS of ASN. PLUTO
currentlyregistersPoPgeographicallocationsof 68 largeASesob-
tained from Rocketfuel[29]. This information is expectedto be
updatedvery infrequently.

3.2 Mesh Construction
Weimplementameshconstructionservice,calledPLUTO-Mesh,

ontopof topologydiscoveryoperationsjustdescribed.Theservice
constructsanAS-level representative meshusingpassiveandstatic

information.Wecurrentlyassumeeverynodehasa list of theother
nodesin the overlay network at the time the meshis created,al-
thoughit wouldbestraightforwardto periodicallyupdatethemesh
to incrementallyincorporatenew nodes.However, theintentis that
the meshnot changefrequently, but instead,the routing overlay
running on top of the meshrun its own membershipprotocol to
determinewhich nodesandlinks in the mesharecurrently “up”.
That is, rapidly adjustingto nodesjoining andleaving themeshis
viewed aspart of the routing problemratherthan the meshcon-
structionproblem. For overlaysthat includeboth a stablecoreof
nodesa dynamicsetof end-usernodes,a hybrid approachwould
berequired.

3.2.1 AS­LevelPruning
PLUTO-Mesh identi�es and removes topologically redundant

virtual links (at the AS level) betweenoverlay nodes,or saidan-
other way, retainsonly thoseedgesthat we can determineto be
independentin the underlyingAS-level network. It doesthis in a
distributedfashion.That is, an instanceof PLUTO-Meshrunson
eachoverlay node,anddetermineswhich otheroverlay nodesare
neighborsin themeshbasedon calls to the GetASPath (andop-
tionally GetASGraph) operations.The entireglobal meshcould
be formed by aggregating theseneighborsets,but many routing
overlaysmaintainonly immediateneighborsetsat eachnodeand
donot needtheglobaltopology.

Our approachis limited to edgesthat canbe removed without
building a global pictureof the network. An alternative strategy
would befor a centralauthorityto collectglobalnetwork informa-
tion, build the entiremesh,anddistribute it throughoutthe over-
lay. We opt for a localizedapproachfor reasonsof scalabilityand
cost—e.g.,it is practicalto updatethe meshwhenever AP paths
change—althoughtheresultingmeshmaynot beassparseasthat
producedby a centralizedalgorithm.

Our algorithmprunesan edgefrom the local nodeu to remote
nodev if theAS pathfrom u to v includesAS W , suchthat there
is anoverlaynodew thatis locatedwithin AS W . This scenariois
illustratedin Figure2(a).Althougheachnodeu runsthisalgorithm
locally, it will not causea resultingmeshto be partitioned,since
it prunesthe edge(u; v) only when it �nds a physically similar
alternatepathto reachv.

In addition,we pruneedge(u; v) shouldan intermediatenode
w residein anAS that is directly connectedto thepathfrom u to
v, asillustratedin Figure2(b). PLUTO MeshusesGetASGraph
to narrow the scopeof candidateintermediatenodes. When the
links into andoutof theAS thatcontainsw arepoor, ouralgorithm
mayprunea betterdirectedgefrom u to v. In orderto avoid this
situation,we optionally�nd out morepreciseinformation.For ex-
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uu vv
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(a) TopologyA
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(b) TopologyB

Figure 2: Black dots u, v, and w denoteoverlay nodesand the
white dots denoterouters. Virtual link (u; v) is redundant and
can be removed fr om the mesh,sinceedges(u; w) and (w; v)
connectu to v.
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Figure3: Mesh Including Cross-CountryTransit AS (Abilene AS 11537)

ample,we estimatelatency from u to w andfrom u to v usingthe
latency estimatordiscussedin 5.1,anddo notprunetheedgeif the
differenceis greaterthansomethreshold.Notethatthisscenarioof
pruningrequirescomplex coordinationbetweennodesso that the
network maynotbepartitioned.In thispaper, we focusonly onthe
scenarioshow in Figure2(a).

3.2.2 Geo­BasedPruning
Althoughour algorithmis very straightforward,AS-level infor-

mation may be too coarse-grainto producea satisfactory result,
especiallywhenwe have largeASesspanninga continent.In Fig-
ure2(a),if AS W is across-countryAS, thedefaultpath(u; v) and
its indirectionpath (u; w; v) may not have many duplicateroute
hops,andsomaynotbearsimilarnetwork propertiesto (u; v). We
have also implicitly assumedthat thereis only oneoverlay node
per AS andhave not dealtwith the casewheretherearemultiple
nodesin (especially)largeASes.Onesimplesolutionis to let one
of the nodesbe a representative of the nodesin its AS. However,
sincetheAS in questioncancover a largearea,this approachwill
notalwayswork well.

To resolve theseproblems,we implementa discriminatorthat:
(1) preserves good direct links, and (2) selectsamongmultiple
nodesin a singleAS. Thebasicideabehindthediscriminatoris to
usegeographicalinformationprovidedby the IP2Geo translation
service.It usesthegeographicallocationof thenodesandPoPsof
cross-countryASesfrom theAS2PoP service,andleveragestwo
assumptions:(1) largeASesarewell-connected,hence,geograph-
ical distancewithin AS shouldbe highly correlatedwith latency,
and(2) regionalASesareconnectedto thegeographicallynearest
PoPsof a largeAS.

PreservingGoodLinks
Ourstrategy is to prunethedefault path(u; v) whenwe expectthe
path(u; w; v) hassimilar network properties,usingonly AS-level
information. Figure 3(a) illustratesthe idea with a simple mesh
createdusingthealgorithmde�ned up to this point. It containssix
nodesspanningsix ASes: UW, Princeton,Duke, UCDavis, Abi-
lene, and UWisc. In this case,Abilene is a large AS spanning
the U.S.; we selectan overlay nodein the middle of the country.
This meshformsa treerootedat Abilene,sinceevery AS pathbe-
tweenASesother than Abilene goesthroughAbilene; our algo-
rithm haspruneda directlink (u; v) andreplacedit by theindirect

path(u; w; v), wherein this casew is a nodein Abilene.
Figure3(b) comparesthedirect latency between(u; v) andthe

indirect latency of (u; w; v), showing only the latency between
pairswherewe prunethe direct links. In otherwords,this �gure
comparesthe latency before/afterpruning(u; v). As canbeseen,
exceptfor acoupleof anomalies,directlatency andindirectlatency
arealmostthesame.Weseeanomalouscasesfor (Princeton,Duke)
and(UW, UCDavis) whereindirectlatency is muchhigherthanthe
directlatency.

Thereasonis thatat the routerlevel, packetstravel throughthe
PoPsof Abilenethatarecloserto theendpoints.For example,be-
tweenUW andUCDavis, packetsgo throughPoPsat Seattleand
Sunnyvale, while betweenPrincetonandDuke, they go througha
PoPin WashingtonD.C.Therefore,if we rely ononly AS-level in-
formation,we mightprunegooddirect links whenwe have a large
crosscountryAS alongthe route. It is necessaryto avoid getting
rid of thesedirectlinks.

u

v

w

D1

D2

AS W
(Cross-Country)

Node
PoP

Pu

Pv

Voronoi
Diagram
by PoPs

AS U

AS V

Figure4: Meshalgorithm 1 (preserving gooddir ect links)

Figure4 illustrateshow ourdiscriminatorworkstopreservegood
direct links. Supposewe considerremoving direct link (u; v) be-
causewe believe indirect link (u; w; v) hassimilar network prop-
erties.In orderto assessthelatency differencebetween(u; v) and
(u; w; v), we �rst draw a voronoidiagramusinggeographicallo-
cationsof PoPs.Thevoronoidiagrampartitionsthespacesuchthat
eachcell containsexactlyonePoPandeverypoint in agivencell is
closerto thatcell'sPoPthanto any otherPoP. Wethenidentify the
nearestPoPsin W , Pu andPv for thenodesu andv, respectively.
As mentioned,we assumethat regionalASesconnectto thenear-
estPoPof thecross-countryAS they subscribeto; this means,for
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Figure5: Meshalgorithm 2 (discriminating multiple nodes)

example,thatpacketsfrom u will enterAS W atPu . Wenext com-
parethegeographicaldistanceD 1 andD 2 , andif D 2 differssignif-
icantly from D 1 , we electto keepthedirectedge(u; v). Here,we
assumethata largeAS shouldbewell connected,sogeographical
distanceshouldre�ect latency. Morespeci�cally, wede�ne packet
traversaltime difference� t = jD 1 � D 2 j=v wherev is effective
light speedin �ber discussedin moredetail in Section5.1.2,and
if � t > � t � , we keepthe direct edge. We currentlyset � t � to
5 msec,which successfullyremovestheanomalouspointsin Fig-
ure3(b).

DiscriminatingMultiple Nodes
Anotherquestionis how we connectnodeswhenwe have multi-
ple nodesin the sameAS. Figure5 shows how our discriminator
solves this problemin two steps. Note that every noderuns the
samealgorithmlocally.

[Step1: ClassifyingNodes]Supposewehave4 nodesN1 to N4

and4 popsP1 to P4 in AS X . First, we subdivide the AS into
voronoicellsby PoPs.PoPsP1 andP2 eachhave 1 node,P3 has
2 nodes,andP4 hasno nodes. We thenclassifynodesaseither
activeor inactive: thenodeclosestto thePoPin eachvoronoicell
is consideredactive andall othersareinactive. Similarly, we call
a PoPactive whenit hasat leastonenode;PoPswith no overlay
nodesin their cellsareconsideredinactive.

[Step2: Construct Virtual Edges]Oncewe identify active and
inactive nodes,we connectedgesbetweenall the active nodesin
thesameAS, andalsointerconnectactivenodesandinactivenodes
sharingthe samePoP. In addition,we constructan edgefrom an
active nodeA to anotheractive nodeB (in a differentAS), when
A's PoPhasB 's PoPin its region. At this point, we subdivide
AS X into voronoi cells by active PoPs. Figure5(b) shows that
active nodeN3 connectedgeto N5 sinceP3 hasN5 's PoPP5 in
its region.

PLUTO-MeshusesAS2PoP to obtainPoPlocationsfor agiven
AS. If it determinesthat a particularAS is not amongthe regis-
teredlarge ASes,PLUTO usesthe nodewith the smallestIP ad-
dressamongthenodesin thesameAS asa effective PoPlocation
for thatAS.

4. EVALUATION
ThissectionreportsonexperimentsdesignedtoevaluatePLUTO-

Mesh's ability to help routing overlays reduceredundanttraf�c
without sacri�cing performanceand resilience. Our experiments
use RON [4] as the example routing overlay, since designinga

meshto supporta routing overlay like RON is morechallenging
than supportinga single-sourcemulticastoverlay (e.g., [6, 7, 8,
14]). Ideally a routingmeshshouldoptimizeall possiblepairwise
connections;RON is soaggressive in monitoringlink behavior that
onecanview it asapproximatingtheoptimalrouteselectionstrat-
egy. The experimentsshow that our meshsuccessfullyremoves
super�uousvirtual links andsuppressesunnecessarytraf�c with-
out degradingthe performanceof the routing overlay. A point of
emphasis:weuseRON asaworst-casebenchmarkof overlayrout-
ing overhead;onewould not necessarilyrun theunmodi�ed RON
algorithmon top of thePLUTO-Meshfor reasonsdiscussedat the
endof thissection.

4.1 RedundancyMetrics
It is undesirablefor multiple virtual links in a routing meshto

shareunderlyingphysicallinks, becausesharedphysicallinks rep-
resentasinglepointof congestionor failureamongseeminglydis-
joint virtual paths.We de�ne two metricsthat togetherattemptto
capturethequality of a meshcomposedof virtual links: resilience
andduplicates. Theresiliencemetric indicateshow many disjoint
minimum spanningtreesof virtual links we can iteratively “ex-
tract” from the mesh. The duplicatesmetric then quanti�es the
disjointednessof the underlyingphysicalpathsby countinghow
many pairsof virtual links of the meshsharea physicallink. We
de�ne two variantsof the duplicatesmetric, countingboth dupli-
cateAS hopsandrouterhops.For any two mesheswith thesame
resilience, we prefertheonewith thesmallerduplicatesmetric.

4.2 Experimental Setup
To evaluatethe meshconstructedby PLUTO, we run one in-

stanceof RON (ron1 ) ona fully connectedmesh,andat thesame
timeonthesamesetof nodes, asecondinstanceof RON (ron2 ) on
topof PLUTO-Mesh.Werunbothinstancesof RONfor 40minutes
across60 PlanetLabnodesgeographicallydistributed throughout
theU.S.We thencompareroutingtablesandtheamountof traf�c
bothRON instanceshave generated.

We modi�ed RON slightly for our experiments. Although the
originalRON implementationexchangeslink-stateinformation
amongall nodesin theoverlay, it calculatesonly single-hopindi-
rectionroutesasalternateroutesbasedon theobservationthatsin-
glehopindirectiongivesusthebestalternatepathmostof thetime.
We cannotrely on singlehopindirectionwith PLUTO-Meshsince
eachnodehasa limited numberof virtual neighbors.Ourmodi�ed
RON calculatestheoptimalmulti-hop indirectionroute.Note that
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Figure6: Ping traf�c comparison

 0

 20

 40

 60

 80

 100

1 10 20 30 40 50 60

R
ou

te
 S

en
t (

K
bp

s)

Node ID

ron1(Full)
ron2(PLUTO)

(a) RouteSent

 0

 20

 40

 60

 80

 100

1 10 20 30 40 50 60

R
ou

te
 R

ec
ei

ve
d(

K
bp

s)

Node ID

ron1(Full)
ron2(PLUTO)

(b) RouteReceived
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Figure8: Total traf�c comparison

whenrunonthefully connectedmesh,thismethodwill �nd routes
thatareat leastasgoodasthosefoundby theoriginalRON.

4.3 Mesh Sparseness
For the examplesetof 60 PlanetLabnodes,PLUTO-Meshcal-

culatesa representative meshwith 1968directedvirtual links, as
opposedto 3540(=60x59)in thefully connectedvirtual topology.
This reductionin the numberof virtual links (� =55.6%)greatly
suppressesthetraf�c of probesandroutedissemination.Figures6,
7, and 8 comparethe various traf�c (ping, route dissemination,
andtotal traf�c respectively) thatbothRON instancesgenerateper
node.Notethatwe usetheroutingoverlay itself to bridgethedis-
connectivity betweenthepublic InternetandInternet2,andtheto-
tal traf�c alsoincludestraf�c resultingfrom disseminatingroutes
throughtheoverlay. Accordingto thesegraphs,on averageron2
carriesabout50%of the traf�c of ron1 . Somenodes(especially
thoseat network cross-roads)have signi�cantly lesstraf�c since
thesenodesdonothave many virtual links.

4.4 Mesh Quality
Next, we examinewhetherwe have sacri�ced performanceby

reducingthe numberof virtual links. To do this, we comparethe
optimal latency and bandwidthbetweenevery pair of nodeson
ron1 andron2 . Thebandwidthof eachvirtual link is calculated
usingTCPcongestioncontrolequations[11, 21] andthemeasured
latency and loss rate. This is the sameas in the original RON,
andalthoughit may not representreal throughput,it is a reason-

ablecomparisonpoint. We usethemodi�ed Dijkstra algorithmto
calculatebandwidth-optimizedpaths[10, 28].

AsFigures9(a)and9(b)show, theperformancedegradationfrom
usingPLUTO-Meshis minimal. Figure9(a)shows thereis strong
correlationbetweentheoptimallatency in ron1 andthatin ron2 .
Note 61% of routeson ron1 arebetterthanthe Internet. Figure
9(b) shows thecumulative distribution of a Relative DelayPenalty
(RDP)andaRelativeBandwidthPenalty(RBP).RDPis calculated
asa ratio of thelatency difference(ron2-ron1 ) to thereference
latency (ron1 ). RBPis de�ned asa ratio of thebandwidthdiffer-
ence(ron1-ron2 ) to thereferencebandwidth(ron1 ), andindi-
cateshow muchbandwidthwe losein ron2 versusron1 .

Notethatsometimes,ron2 (onPLUTO-Mesh)canachieve bet-
ter performancethanron1 (on the completemesh). We believe
this is partlybecausethereexistssome�uctuation in routeconver-
gence;also, becauseof the high-bandwidthusageincurredfrom
runningtwo instancesof RON, adensermeshhasahigherchances
of losingrouteupdates.

4.5 Mesh Redundancy
We evaluatethemeshresilienceby extractingMSTs from both

graphs.Our off-line analysisshows that the fully connectedmesh
contains20 MSTs(i.e., resilience=20), while our meshincludes5
MSTs (resilience=5). Although this metric may not show the ac-
tual resilienceof the mesh,it imply that our meshstill leavesus
the amplepossibility of �nding alternateroutesin casesomeof
the links go down. However, it is not fair to comparethe dupli-
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catesmetric betweenthecompletemeshandPLUTO-Meshsince
their resilienceis signi�cantly different.We explorethevalidity of
PLUTO-Meshin this regardin Section5.

4.6 Discussion
Theef�cacy of any topology-awaremeshconstructionalgorithm

dependson the underlyingtopology of a given overlay network.
PLUTO-Meshis no exception.This paperhasevaluatedour mesh
constructionalgorithm in PlanetLab,using about60 nodesgeo-
graphicallydistributedin theU.S. This setincludesboth nodesat
theedgeof thenetwork,aswell asatcross-roadsinsidethenetwork
(e.g.,nodesco-locatedwith Internet2PoPs).Generallyspeaking,
ourapproachworksbetterthemoreoverlaynodestherearecloseto
PoPsinsidetheunderlyingnetwork. Thisshouldnotcomeasasur-
prisesincemoreinteriornodesresultsin moreredundantedgesthat
canbe removed. As an aside,althoughwe usedPlanetLabnodes
wherenodedistribution is biasedtowardGREN(GlobalResearch
andEducationalNetwork) [5], our meshalgorithmis independent
of which kind of network theoverlay belongsto. That is, thead-
vantagesof runninga routing overlay may vary, but the valueof
our edgereductionstrategy is more dependenton the breadthof
overlaycoveragethanthespeci�c link characteristics.

It appearsthat themoreoverlaynodesthereare,thegreaterthe
opportunityto pruneedges.In previouswork [19], simulationson
datacollectedfrom RouteViews andPlanetLabBGP feedsshow
that the parameter� = E =N 2 decreaseslinearly as the number
of nodesN increases,asshown in Figure10. That is, with 1000
nodes,we expectPLUTO-Meshto achieve abouta 70%reduction
(� =30%)in routingoverhead.Thereis yetanotherwayto interpret
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theresultspresentedin this paper. If our missionis to strategically
pick a setof nodesto constructa routingoverlay, we needto con-
sidernot only scalabilitybut alsonodeplacement.Our resultsim-
pliesthat it is obviously bene�cial to include“inside” nodesrather
than“edge” nodes,andto run our meshalgorithmto signi�cantly
reducetheoverheadof routing.

Finally, apotentialobjectionto sparseroutingmeshesis thatthey
could increasethe numberof overlay hopsin the optimal route.
This mayintroduceextradelayandpointsof failurein a RON-like
routing overlay that aims to achieve resilienceand performance.
We expect suchrouting overlaysto usePLUTO in a smartway.
The insight is that if (a part of) the optimal routeconsistsof the
default Internetroute,theroutingoverlaydoesnothave to forward
the packets throughthe intermediateoverlay nodes. PLUTO can
usetheAS informationto helptheoverlaybreakdown theoptimal
routeinto a smallernumberof forwardinghops.

Forexample,supposeRONonPLUTOchoosestheoptimalover-
lay path(s; x; y; z; d), wheres, x, y, z, d areoverlay nodes,and
this translatesinto anAS path(S;X ; Y; Z; D ). If RON canverify
(with PLUTO'shelp)thattheInternetroute(s; y) translatesinto an
AS path(S;X ; Y ) and(y; d) into (Y; Z; D ), thenit doesnot need
to forwardthepacket throughall the3 intermediatehopsx,y,z, but
insteadit canuseonly oneintermediatehopy to forwardpackets
to d. Thepoint is that theoverlay is alwaysfreeto usethedefault
Internetroutes.

5. COST/BENEFIT TRADE­OFF
ThePLUTO meshprovidesclearbene�ts to routingoverlaysby

enablingthemto reduceunnecessarytraf�c. Ourexpectationis that
this strategy is suf�cient to supportoverlayscontaininga few hun-
dredoverlay nodes,provided they arereasonablydistributedover
theInternet.However, if thegoalof aroutingoverlaydesigneris to
scaleto athousandnodes,thenthePLUTOmeshmaynotbesparse
enough.For example,RON scalesto about50 nodes(2500edges)
onthefully connectedmesh.Assumingthatthenumberof edgesin
theroutingmeshis a limiting factorin theoverlay's scalability, we
expectthata RON-like overlaycouldscaleto a thousandnodesif
theunderlyingmeshhadonly a few thousandedges.However, this
would requirethattheedgereductioncoef�cient � besmallerthan
1%,andourresultsindicatethatthePLUTOmeshcanachieveonly
around70%edgereductionfor 1000nodes.Furtheredgepruning
is clearlynecessaryto enableroutingoverlayslikeRON to scaleto
suchdimensions.Speci�cally, it is necessaryto drasticallyreduce



� , say, inverselyproportionalto N so the resultingsparsemesh
will have anedgecountthatis linearin thenumberof nodes.

This sectionevaluatesthecostandbene�t of furtherpruningthe
PLUTO meshto form aneven moresparsegraph. A moresparse
meshobviouslyreducesthetraf�c for bothactiveprobingandroute
dissemination,but at thecostof impactingtheoverlay's ability to
selectthebestpossiblepaths.To make theoverlay topologyeven
moresparse,we needto rely on morethanAS topologyandgeo-
graphicalinformation. Theproblemis that this informationneeds
to be inexpensively obtained,otherwisewe have tradedonesetof
expensive probesfor another. Toward this end, we develop the
PLUTO Minimum Latency Estimator(MLE) to predictthepacket
roundtrip timesbetweenanarbitrarypair of nodesusingonly pas-
sive and infrequentlyupdatedinformation. PLUTO MLE infers
the AS pathbetweenany two nodesbasedon the availableBGP
data,and thenestimatesthe latency betweenthe nodesusing the
geographiclengthof the inferredpath. Our methoddoesnot ac-
tively probethenetwork at all, yet provideslatency estimatesthat
areon-parwith otherapproacheslike GNP[20].

UsingPLUTO MLE, we thenconstructmoresparsemeshesby
building k minimumspanningtreesonthePLUTO mesh,andeval-
uatethesparseness,qualityandredundancy of theresultingmeshes.
A key advantageof theresultingk-MST meshis thatits edgecount
is linearin thenumberof nodes;we expectthatsucha meshcould
enablearoutingoverlaylikeRON to scaleto athousandnodes.We
show thatpruninga representative meshinto a sparsemeshgrace-
fully degradesanoverlay's ability to selectthebestpossiblepaths.
We alsoshow that building a sparsemeshon top of the PLUTO
Meshprovidesbetterresultsthanbuilding thesparsemeshdirectly
on thefully connectedvirtual topology.

5.1 Minimum Latency Estimator
ThePLUTO Minimum Latency Estimator(MLE) estimatesthe

latency betweenan arbitrary pair of nodesusing the geograph-
ical locationsof both end-pointsand PoPsin large ASes,along
with existing BGPfeedsfrom variousvantagepoints.Previousre-
search [22] hasshown the dif�culty of estimatinglatency using
only thegeographicallocationsof end-points,especiallywhenthe
end-pointsarefar away. We believe that the resultinginaccuracy
is mainly causedby the fact that a packet trajectorybetweentwo
endnodesis not geographicallya straightline betweenthem,but
rathera zig-zagcurve de�ected by the variousASesit traverses.
Ourbasicideais to �rst infer theAS Pathbetweenarbitrarypairof
endnodes,andthento sumup PoP-to-PoPgeographicaldistances
alongtheAS pathto infer theend-to-endlatency. Notethattherea-
sonthatwe must�rst infer theAS pathbetweenendnodesis that
we do not have theBGPtablesfor every AS; if we happento have
aBGPfeedattheAS containingoneof theend-points,wecansim-
ply usetherealAS path.Next weexplainourstrategy for inferring
pathsusingonly a limited numberof BGPfeeds,andthendescribe
how to usethis informationto estimatethelatency betweennodes.

5.1.1 ASPath Inference
A simplemethodfor inferring AS pathsusingonly a handfulof

BGP feedsis to constructan AS connectivity graph(e.g.,via the
GetASGraph operation),andthento infer an AS pathby calcu-
lating the shortestpathon this connectivity graph. However, the
problemis that this approachdoesnot accountfor BGP policies
that often result in selectionof a pathotherthantheonewith the
fewestAS hops.Previouswork [19] shows thatonly 50%of 5500
examinedpathsarepredictedby this shortestpathmethod. Note
that, in reality, predictionis muchworsethan50%,sincethecon-
nectivity graphis so densethat thereare multiple shortestpaths
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Figure11: AS Path Infer ence

with the sameAS hop count; the matchingschemesimply veri-
�es that theactualAS pathis in thesetof multiple shortestpaths
calculatedfrom theBGProutes.In otherwords,theAS graphcon-
tainspairs of nodeshaving several hundredshortestpathsof the
samelength. Inferring the actualpathinvolvesguessingwhich is
the actualpathfrom hundredsof candidates.Factoringin the AS
peerrelationshipusingGao's method[13], andattemptingto ex-
cludeillegal prediction(suchasa customerAS carryingtraf�c for
a provider AS), thepredictionaccuracy is only slightly betterthan
usingthenä�ve approach.We believe thatthelow accuracy of this
simplepathpredictionmethodresultsfrom thefactthatpoliciesare
sodeeplyembeddedin BGProuting.

Our AS pathinferenceapproachis basedon the following two
insights. First, about70% of the AS pathsobserved in the BGP
tablesobtainedfrom RouteViews aresymmetric.Second,it seems
reasonableto assumethatAS pathsareusuallytransitive, meaning
that if theAS pathfrom A to C is (A; B ; C), thenthepathsfrom
A to B andfrom B to C arelikely to be (A; B ) and(B ; C), re-
spectively. Of course,this is notnecessarilytrue,becauseAS paths
aredeterminedby network pre�xes,ratherthanAS numbers.

We usetheseinsightsto infer AS pathsasfollows. Supposewe
aretrying to infer anAS pathbetweena sourcenodes (in AS S)
andadestinationnoded (in ASD ), bycombininginformationfrom
a numberof different vantagepoints wherewe can accessBGP
tables.For eachvantagepointv in someASV , wecalculatetheAS
pathfrom thatvantagepoint to s, P1 = (V; X ; M ; Y; S), andalso
theAS pathfrom thatvantagepoint to d, P2 = (V; X ; M ; Z; D ).
Notethat theAS pathsarethesameuntil they reachsomeAS M ,
atwhichpoint they diverge.Thenwesimply infer thattheAS path
from s to d is Pv = (S;Y; M ; Z; D ), asshown in Figure11. We
repeatthis processacrossall vantagepointsto obtaina setof AS
pathcandidates,removeduplicatesfrom theset,andthenrankthem
in orderof increasingAS hopcounts.

To evaluatethis strategy, we have examinedBGP tablesfrom
56 distinct vantagepointsusingRouteViews andPlanetLabBGP
feeds. For eachvantagepoint in someAS X , we usethe other
55 vantagepointsto infer theAS pathfrom AS X to every single
network pre�x (therearetypically 150,000suchpre�xes)andthen
comparetheresultswith theactualpathsgivenby theBGPtables
from AS X . Figure12shows thesuccessof ourmethod.Thesolid
line in eachsub�gureshows theaverageacrossall vantagepoints,
andtheerrorbarsshow thestandarddeviation for individual van-
tagepoints. First, Figure12(a)shows how oftentheactualpathis
within thetopr rankedinferredpaths.For example,onaverage,the
actualAS pathwasoneof thetop� verankedcandidatesabout71%
of thetime,but thesuccessof themethodhasstandarddeviationof
15%. We have foundthatthevantagepointsfor which themethod
did not work aswell arelocatedin EuropeandAsia, wherewe do
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not have a concentrationof vantagepoints. However, for vantage
pointsin theU.S.,ourmethodoftengivesgoodresults.

Second,we notethat,for thepurposeof predictinglatency, it is
not necessaryto infer the actual AS path,but only onewith sim-
ilar geographicproperties—namely, that traversesthesamemajor
PoPs.Basedon this insight,we evaluatethe candidatesetsusing
thecriterionof ambiguousmatching, whereweconsiderthatanin-
ferredAS pathmatchesthe actualAS patheven if they differ by
oneAS. Figure12(b)shows that this ambiguousmatchingranksa
paththatis similarto theactualpathwithin thetoptwo over90%of
the time, andwithin thetop � ve over 95%of thetime. This result
indicatesthat thetop few AS pathsinferredby our methodshould
beusefulfor predictinglatency.

5.1.2 MinimumLatencyEstimation
Using the AS path inferencemethoddescribedin the previous

section,andthegeographicallocationsof majorPoPs,wehave im-
plementeda minimum latency estimator. We have obtainedPoP
locationsof 68 major ASesat the city level from Rocketfuel [29]
and translatedthe city namesinto longitude/latitudecoordinates.
For a givenpair of nodes,we �rst infer theAS pathbetweenthese
two nodes,andthenconnectPoPsalongthe AS pathto infer the

packet trajectorybetweenthem. More speci�cally, whenwe �nd
anAS path(S;X ; A; Y; B ; Z; D ) betweennodess andd, whereA
andB areASeswhosePoPlocationsareknown, we �rst construct
a graphconnectings to the geographicallynearestPoPin AS A,
eachPoPin A connectingto thenearestPoPin AS B , andd con-
nectingto thegeographicallynearestPoPin AS B . All PoPsin the
sameAS arealsoconnectedby edges.

We next �nd the shortestpathfrom s to d in this graph,calcu-
late the geographicaldistancealong this path, and then divide it
by theeffective speedof light to gettheestimatedlatency between
the nodes. The effective speedof light is calculatedasv = � �c
, wherec is the light speedin vacuumand � < 1 denotesthe
light speedfactor; usually � needsto be determinedusingsome
training set of data. Sincewe infer a candidateset of AS paths
for a given pair of nodes,and Figure 12 empirically shows that
the probability of the candidateof rank r beingsimilar to the ac-
tual AS path decreasesexponentiallyas r increases,we take an
exponentiallyweightedsumof thecontributionof eachAS pathin
thecandidateset. Formally, theestimatedlatency is calculatedas
r tt e = � n

i =1 k�e� i=� �r i wherer i is round-trip-time(RTT) estimate
from i -th rankedcandidate,n is thenumberof candidates,� is the
dampingfactor(currentlysetto1),andk = (e1=� � 1)=(1� e� n=� )



is the normalizationfactor. Note that the probability of �nding
theactualAS pathby usingpredictionof i th rank is expressedas
k�e� i=� �. We have not throughlyexploredthespaceof �nding the
right probabilitydistribution function,but this methodworks rea-
sonablywell.

Wehavecomparedthelatency estimateproducedby ourmethod
with the actuallatency reportedby ping between8192pairsof
107 PlanetLabsites. Figure 13(a) comparesthe estimatedRTT
(r tt e) and the actualRTT (r tt a ), wherethe estimatedlatency is
adjustedby thelight speedfactor� = 0:42 derivedfrom theactual
datasets. The plot shows a strongcorrelationbetweenr tt e and
r tt a . Figure13(b)shows thecumulative distribution of a Relative
DelayPenalty(RDP),de�ned as(r tt e � r tt a )=rtt a , andits abso-
lute variantjr tt e � r tt a j=rtt a . This plot shows thatabout90%of
pairshave lessthan50% absoluteerrors,which is comparableto
whatotherapproachessuchasGNP[20] achieve.

5.2 k­MST on PLUTO Mesh
We now prunethePLUTO meshto make it moresparseby ex-

tractingak-minimumspanningtree(k-MST)[32], usingthePLUTO
MLE justdescribed.Wealsoshow thatak-MST meshbuilt on top
of thePLUTO Meshcontainsfewerduplicatephysicallinks thana
k-MST meshbuilt directly from thefully connectedvirtual topol-
ogy.

Of coursebuilding ak-MST isonly onewayto constructasparse
mesh,but it hassomedesirableproperties.First, a k-MST mesh
containsa numberof edgesthat is linear in the numberof nodes,
which weexpectwill enableroutingoverlaysto scaleto thousands
of nodes. Second,a k-MST can be constructedin a distributed
fashion[32]. Third, sinceour de�nition of resilienceis basedon
thenumberof MSTsthatcanbeiteratively extractedfrom a given
representative mesh,it is naturalto investigatek-MST asanexam-
plemesh.

Note that theMST algorithmoperateson undirectedgraphsbut
ourPLUTO-Meshgeneratesadirected(asymmetric)representative
mesh.For this reason,we symmetrizea PLUTO-Meshsuchthatif
thedirectedge(u; v) is replacedwith the indirectedge(u; w; v),
we make sure(v; u) is alsoreplacedwith (v; w; u). Fromnow on,
weassumethatthemeshwediscussis asymmetricdirectedgraph,
or simplyanundirectedgraph.

5.2.1 MeshSparseness
Thebene�t from usinga k-MST meshin termsof reductionin

thenumberof virtual links is obvious. SinceeachMST is disjoint
with respectto the others,the total numberof virtual links in the
k-MST meshis k(N � 1). Using 55 PlanetLabnodeslocatedin
the U.S.,we have built the PLUTO Meshandtried to constructa
k-MST on top. It turnsout that this particularPLUTO meshonly
hasa resilienceof 3, meaningit containsonly 3-MSTs. However,
by runningRON on thesek-MST (with k � 3) meshes,we also
foundthattheend-to-endoverlayhopcountexceedsRON'sdefault
maximumof 8. In orderto bothavoid stressingRON's limits and
to examinethequality of densermeshes,we extendthede�nition
of k-MST for (k > 3) asfollows.

Intuitively, afterextractingthemaximumnumberof k-MST out
of a givengraph,we try to furtherextractMST's from theresidual
connectedsubgraphsto addlocally ef�cient redundantmeshedges.
Thepseudocodebelow calculatestheextendedk-MST, Gk , asfol-
lows:

1: R0 = G
2: for i = 0; : : :; k � 1 do
3: (R0

i ,: : :,Rm
i )=subgraphs(R i )

4: F i = [ j =0 :::m MST(R j
i )

5: G( i +1) = Gi [ F i

6: R( i +1) = R i � F i

7: done

whereMST(R) representsthe minimum weight spanningtreeof
graphR, and subgraphs(R) returnsa vector of connectedsub-
graphsin R. In the i -th iterationof the loop (lines2-7), we com-
putetheMST F i of the residualgraphR i from theprevious step.
If theresidualgraphR i is disconnected,we computetheMST of
connectedsub-graphsR j

i andunionthemtogetherinto F i (line 4).
The(i + 1)-th residualgraphR( i +1) is de�ned asa differencebe-
tweenR i andF i . (line 6). NotethatGk is a compositeof MST's,
that is, theunionof MST's from eachstep(line 5). Table1 shows
thenumberof virtual links in theextendedk-MST from ourexper-
iment.Notethatin all cases,thenumberof links in ourmeshis no
greaterthanthenumberof links in thestandardk-MST.

k 1 2 3 4 5 6 7 PLUTO Mesh

edgecount 54 108 162 215 268 318 365 1364

k(N-1) 54 108 162 216 270 324 378 N/A

Table1: Edgecount in k-MST

For different k-MST meshes,Figure14(a) comparesthe three
typesof traf�c statisticsthatwe have examinedfor PLUTO Mesh
in Section4.3: ping,route-updates,andtotal (includingping,route
updates,androute-updatesforwarding). Eachplot shows theratio
of total traf�c generatedonthek-MST meshesto thetotaltraf�c on
thefully-connectedmesh.As theplot shows, theamountof traf�c
decreasesin proportionto k, that is, to thenumberof virtual links
in themesh.

5.2.2 MeshQuality
Usingthesamesetof 55 PlanetLabnodesasin thepreviousex-

periment,we have comparedtheoptimallatency andbandwidthof
thefully connectedmeshandthek-MST meshesbuilt ontopof the
PLUTO Mesh. Eachexperimentrunsabout60 minutes.For each
k-MST mesh(k = 4; : : : ; 7), we run two instancesof RON at the
sametime usingthesamesetof nodes,oneon thefully-connected
mesh(ron1 ) andtheotheron thek-MST mesh(ron2 ).

Figure14(b)showsthecumulativedistributionof theHopCount
Penalty(HCP).HCP de�nes the differencein hop countbetween
thelatency optimizedpathschosenby ron2 (on thek-MST mesh
or PLUTO mesh)and ron1 (on the completemesh). The plot
shows that ron2 on the PLUTO meshincursessentiallyno HCP
relative to ron1 ; half thepathshave morehopson ron1 andhalf
havemoreonron2 . However, thek-MST meshesincurmoreHCP
as k decreases.For example,only 5% of pathson the PLUTO
meshaddmorethan2 extrahopscomparedto pathsin thecomplete
mesh,while this is truefor about30%of pathsonthe4-MSTmesh.

Figure15(a) shows the cumulative distribution of the Relative
Delay Penalty(RDP) for end-to-endlatency. RDP is calculated
asa ratio of thelatency difference(ron2-ron1 ) to thereference
latency (ron1 ). Not surprisingly, we seethat we sacri�ce some
performanceas k decreases:while 90% of pathsin the PLUTO
meshhave anRDPof lessthan50%,only 80% of pathsin the4-
MST meshachieve anRDPof lessthan50%.Wealsoobserve that
about3% of thepathson sparsergraphshave 50% betteroptimal
pathsthanon thecompletegraph.We conjecturethis is causedby
thesamereasonsdescribedin Section4.4.

Likewise,Figure15(b)shows thecumulative distribution of the
RelativeBandwidthPenalty(RBP)of thebandwidthoptimalpaths.
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RBP is calculatedas a ratio of the bandwidthdifference(ron1
-ron2 ) to the referencebandwidth(ron1 ), and representsthe
bandwidthsacri�ced whenwe reducethenumberof virtual links.
The plot shows that 90% of pathson the PLUTO meshand80%
of pathson the4-MST meshretainmorethan50%of thepossible
bandwidth.

5.2.3 MeshRedundancy
Wenow examinetheredundancy metricsde�ned in Section4.1.

Obviously, the resiliencemetric of a k-MST meshis k, sinceby
its de�nition, it includesk edge-disjointMSTs in the graph. To
evaluatethe duplicatesmetric, we comparetwo k-MST meshes
among60nodes,oneconstructedon topof thefully connectedvir-
tual topology(kmst1 ), andtheotheron top of thePLUTO Mesh
(kmst2 ) usingPLUTO MLE to estimatelatency. For eachmesh,
weusetraceroutealongall virtual links in themeshto obtainrouter
andAS sequences.Figure16 shows theduplicatesmetric at both
AS granularityandroutergranularity.

Figure16(a) shows the improvementsin the duplicatesmetric
at the AS-level ((kmst1 -kmst2 )/kmst1 ). Recall that the AS
level duplicatesmetric countsthe pairsof virtual links that share
oneor moreAS hops. As barsin the “Total” category shows, the
k-MST meshbuilt on PLUTO-Meshcontains13% (k=1) to 31%

(k=5) fewer virtual edgepairs that shareany AS hops—thatis, it
makesthismany virtual edgepairsdisjoint. Furtherbreakingdown
theresultaccordingto thenumberof overlappingASesin thenon-
disjointvirtual edgepairs,weseethatthebene�tsof PLUTO-Mesh
aredistributedacrossall overlapcounts.

Finally, Figure16(b)shows theimprovementsat therouterlevel.
The “Total” category shows that the increasein disjoint router-
level pathsis less than 5%, but the break-down by the number
of overlappingrouterhopsshows thatPLUTO-Meshgenerallyre-
ducesthe duplicatesmetric for longeroverlappingpaths,while it
increasestheduplicatesmetricfor shorteroverlaps.This resultim-
plies PLUTO-Meshturns virtual link pairs sharinglonger router
hopsinto thosesharingshorterhops,and thus improves the dis-
jointednessof theresultingmesh.NotethatPLUTO-Meshachieves
this improvementonly usingAS-level topologyandgeographical
information.

5.3 Summary
This sectionexploresthe trade-off between� , representingthe

numberof virtual links in a sparserouting mesh,and the mesh's
quality. Onereasonwe have chosena k-MST meshasanexample
sparseroutingmeshis because,with sucha mesh,theedgereduc-
tion parameter� is inverselyproportionalto N . We have shown
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thatusingPLUTO MLE wecanconstructak-MST meshontopof
thePLUTO Meshwithout actively probingtheInternet.Thequal-
ity of thek-MST mesh,measuredin both latency andthroughput,
degradesgracefullywith k. As a result,aggressive reductionsin
� can be achieved while still producinggood resultsfor routing
overlays.

We have alsoshown thata key bene�t of building a sparserout-
ing meshon top of the PLUTO Meshis to reducethe numberof
pathsthat have duplicatephysicalsegments. Nä�vely construct-
ing a k-MST meshdirectly on top of a fully connectedmesh(i.e.,
theInternet)leadsto a signi�cant numberof sharedphysicallinks
amongthe seeminglydisjoint paths. A k-MST meshbuilt using
the PLUTO Meshasa middle layer hasfewer duplicatephysical
segmentsin theunderlyingnetwork, thusimproving theresilience
of theresultingroutingmeshat minimal cost.

Finally, we recognizethat an overlay with a thousandnodesis
likely to stressroutedisseminationalgorithms.It is easyto imagine
overlaysadoptinglessaggressive disseminationstrategiesat large
scalesincetheir failuremodesaredifferentthanwhenusedin tra-
ditionalphysicalnetworks(e.g.,theoverlaycanalwaysfall backto
usethedefault Internetpathbetweenapairof nodes).How to scale
routing protocolsto work on a largeoverlay is a subjectof future
work.

6. RELATED WORK
Overlayscommonlymaintainsubgraphsof the completegraph

asaroutingmesh.As opposedto RON [4]' scompleteroutingmesh
scheme,several single-sourceapplication-level multicastoverlays
(e.g.,ESM[7, 8], YOID [23], Overcast[14], Bullet [15], andSplit-
Stream[6]) de�ne moresparseroutingmeshesandsometimesbuild
multicasttreeson top of them. Most relatedto our approachmay
beInterleavedSpanningTree[32], whichproposedadistributedal-
gorithmto de�ne sparsermeshfor genericoverlaynetworks.How-
ever, all of thesemeshbuilding strategies treat the Internetas a
blackbox,relyingonexpensive performancemeasurementsbefore
constructingaroutingmesh;nonecapturetheideaof duplicateseg-
mentsin theunderlyingnetwork. To thebestof ourknowledge,our
work is the�rst attemptto de�ne aninfrastructurefor constructing
topology-awarerepresentative meshesin a cost-effective manner.

Several researchefforts have tried to inexpensively predict the
end-to-endlatency for agivenpairof nodes.IDMaps[12] explored
the feasibility of a public infrastructureto provide end-to-enddis-
tanceinformation. GNP[20], Lighthouses[25], ICS [17], Virtual
Landmarks[31], andPIC [9] proposedacoordinate-basedstrategy
to predictdistanceby treatingthe Internetasa high-dimensional
geometricspace.OurPLUTO MLE is novel in thatit usesonly in-

formationthat is passive (BGPtables)andfairly static(geograph-
ical locationof PoPsof major ASes)to achieve reasonablygood
latency estimation.

7. CONCLUSIONS
Thispaperdescribesadistributedservicethatconstructsatopol-

ogically-representative meshusingonly passive measurementsand
static topology information. By eliminating meshedgesthat are
not likely to beselectedby ahigh-level routingoverlay, weareable
to reducethe impactof unnecessarilyprobingthenetwork to �nd
goodroutes,andin theprocess,improve thescalabilityof routing
overlays.Experimentsshow thatwhenredundantedgesareconser-
vatively removed,routeselectiondoesnot suffer but theoverhead
of probing the network anddisseminatingrouting information is
reducedby a factorof two. Additional analysisquanti�es the im-
pactonrouteselectionof moreaggressively removing meshedges,
documentingthecost/bene�ttrade-off thatis intrinsic to routing.

Oneof the main insightsof this work is that while treatingthe
underlyingInternetasa black-boxis appealingin many ways,in-
formationaboutthe Internet's topologyis readilyavailable,either
for free or at very low cost, and that using this information can
have a dramaticeffect on building a routing overlay that is both
cost-conscious(scalable)andeffective.
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