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ABSTRACT
Severalmodelshave beenrecentlyproposedfor predictingthe la-
tency of endto endInternetpaths.ThesemodelstreattheInternet
asa black-box,ignoring its internalstructure.While thesemodels
aresimple,they canoftenfail systematically;for example,themost
widely usedmodelsusemetricembeddingsthatpredict no beneÞt
to detourrouteseven thoughhalf of all InternetroutescanbeneÞt
from detours.

In this paper, we adopta structuralapproachthat predictspath
latency basedon measurementsof the InternetÕs routing topology,
PoPconnectivity, and routing policy. We Þnd that our approach
outperformsVivaldi, themostwidely usedblack-boxmodel. Fur-
thermore,unlikemetricembeddings,ourapproachsuccessfullypre-
dicts65%of detourroutesin theInternet.Thenumberof measure-
mentsusedin our approachis comparablewith that requiredby
blackbox techniques,but usingtraceroutesinsteadof pings.

Categories and Subject Descriptors
C.2.3 [Communication Networks]: Architectureand DesignÑ
topology; C.2.5 [Communication Networks]: Local and Wide-
AreaNetworksÑ Internet

General Terms
Algorithms,Design,Experimentation,Measurement

Keywords
Latency prediction,Internettopology, Routemeasurements

1. INTRODUCTION
The latency betweenInternethostsis an importantcomponent

of pathandserver selectionin many distributedapplications.Pop-
ular InternetservicessuchasGoogle,Akamai,andBittorrent use
latency estimatesto directclientsto nearbypeersor replicas.Over-
lay routingsystemscanuselatency estimatesfor neighborselection
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in distributedhashtables,constructionof efÞcientmulticasttrees,
anddetourroutingon theInternet.

To meetthis demand,severalnetwork distanceestimationtech-
niquessuchasIDMaps,GNP, andVivaldi have beenproposed[2,
12, 1, 17, 9]. Thesetechniques uselatency measurementsfrom a
few vantage points to clients to predictthe latenciesof pathsthat
arenot directly measured.A popularprediction methodologyis to
embednodesin a low-dimensionalcoordinatespaceand usethe
correspondingvectordistanceto predictthe latency betweenarbi-
trarynodes.

Thesetechniquestreatthenetwork asanunknown Òblackbox.Ó
Black-boxapproachesaredesirable if they canobtaingoodaccu-
racy using simple modelsthat abstractaway unimportantdetails
of thesystem.However, despitetheir compellingsimplicity, these
techniqueshave someseriousshortcomings.For example,black
box techniquesappearpoorly suited to predicting complex path
propertiessuchasbottleneckcapacity, lossandjitter. Furthermore,
popularblackbox techniques basedon metricembeddings[12, 1]
arefundamentallyincapableof predictingdetourroutes. Detours
exist whenunderlyingdistancesviolate the triangleinequalityÑa
commonoccurrencein theInternettoday[15, 21].

Our positionis thatmeasuringtheInternetÕs topologyandmod-
eling complex routing protocolsis fundamentalto accuratelypre-
dicting its endto endperformancecharacteristics.To this end,we
develop andevaluatea structural modelof Internetrouting at the
granularityof Pointsof Presence(PoPs);we usethis modelto pre-
dict latency andshow that it outperformsVivaldi, themostwidely
usedblack box model. We Þrstmeasurethe network to construct
an ÒatlasÓof the Internet, launchingprobesfrom vantagepoints
distributedacrosstheworld. Clientsaddthemselvesinto theatlas
by contributing a smallnumberof traceroutes,andthendownload
predictionsfor the sets of IP preÞxeswith uniquerouting behav-
ior. This is similar to how clientsusea smallnumberof measure-
mentsto positionthemselvestodayin a black box metric embed-
ding. Oncea client integratesitself to the Internetatlas,the sys-
tem canmake accuratepredictionsaboutthe clientÕs connectivity
to otherendhosts.

Our goal is to determinea simple structuralmodelthatpredicts
pathsand latencieswith high accuracy. To this end, we rely on
thecomprehensivenessof theatlasandobserved routingbehavior
asmuchaspossible.Our basicprinciple is to exploit similarity of
routes.Our hypothesisis thatgivena largenumberof distributed
vantagepoints,the routefrom any sourceto a destinationwill be
similar to the route to the samedestinationfrom a vantagepoint
closeto thesource.To abstractaway details,we groupgeograph-
ically proximateroutersusing a novel clusteringmethod. Infor-
mally, ourmethodÒzoomsoutÓontheatlasandsplicesashortpath
segmentfrom the sourcewith an observed pathsegmentgoing to



the destinationasan estimateof the actualpath. The latency of
the path is thenestimatedfrom measuredlatenciesof constituent
segments.

A limitation of our approachis that it requiresthe investment
of measurementeffort in generatingtheatlas.However, thetrafÞc
overheadis small. Regeneratingtheentireatlason a daily basis,a
timeperiodoverwhichmostroutesarestationary[13], takes4Kbps
for eachvantagepoint. Oncethe atlasis generated,new clients
needmakeasfew astenmeasurementsto gain its beneÞts.

While we focuson latency in thispaperto provideadirectcom-
parisonto previous techniques,our long termgoal is to usestruc-
tural modelsto predict a broaderset of path properties,suchas
capacity, lossrate,andavailablebandwidth. A subsequentpaper
exploresthis in moredetail [8]. Further, we believe the trend to
increasedinstrumentationof the Internetfavorsstructuralmodels.
Improvementsin Internetmeasurementwill increasethecoverage
andquality of mapsover time, andonecommondatabasecanbe
usedfor differentapplications.A structuralmodelis alsoamenable
to gradualreÞnement:for example,a disagreementbetweenthe
pathlatency estimateprovidedby themodelandobservedpathla-
tency maytrigger furthermeasurementto reÞnethemodel. These
issuesareleft for futurework.

2. STRUCTURAL MODEL
We seekto develop a simple structuralmodel that is capable

of predictinglatency betweenan arbitrary pair of Internethosts.
As it is both infeasibleandunscalableto obtainÞne-graineddata
abouttheentireInternet,themodelhasto operatewith incomplete
andcoarse-grainedinformationwithout compromisingits predic-
tion accuracy. We seekto strike a balancebetweenscalabilityand
accuracy in ourapproach.

2.1 Overview
Our techniquepredictsend-to-endpathsbetweenapairof nodes

by composingpath segments, fragments of known Internetpaths.
Most of thesesegmentsareobtainedfrom an Internetatlasthat is
constructedandmaintainedby a setof distributedvantagepoints.
Theatlascomprisesthe topologyandroundtrip latency measure-
mentsof the Internetcoreandsomeselectedportionsof the edge
to thevantagepoints. Whenanend-hostdesirespredictions,it lo-
catesitself within theatlasusingasmallnumberof measurements.
Thesenew measurementsarecombinedwith thecoreatlasfor path
prediction. To reßectasymmetryof routes,we separatelypredict
the path in the forward andreversedirectionsandderive end-to-
endRTT usingthelatency measurementsof thesegmentstraversed
in eachdirection.Thesepredictionscanthenbedownloadedto the
clientor local server to enablefastlookupsfor all destinations.

The basicprinciple underlyingour approachis to exploit simi-
larity of routes.Sincethe Internetpredominantlyusesdestination
basedrouting, routesfrom sourcesthat are closeby will tend to
convergewhenheadingto thesamedestination.For example,when
both sourcesareco-locatedin the sameAS, early convergenceof
routeswill occurin thecaseof bothearlyexit (bothtake thesame
nearestexit) and late exit (both take the exit nearestthe destina-
tion). So,our hypothesisis that, given a sufÞcientnumberof ge-
ographicallydistributedvantagepoints,the routefrom any source
to a destinationwill have a signiÞcantoverlapwith somepathseg-
mentto thedestinationfromoneof thevantagepoints.Wehopeto
make accuratepredictionsby maximizingthis overlap,subjectto
theway routingprotocolsoptimizekey routingmetricssuchasAS
pathlength,hopcounts,or latency.

Thefollowing challengesandquestionsarethemostsigniÞcant:
• What portionsof the Internetshouldbe probedby the vantage

pointsto generatea sufÞcientlyrich atlas? The challengeis to
ensuresufÞcientcoveragewithout requiringexhaustiveprobing.

• What is thegranularity of structuralinformationusedby theat-
las? If the atlasstorestopology at the granularityof network
interfaces,it might fail to detectthe nearnessof two observed
paths.If it is too coarse-grainedandcombinesroutersfrom dif-
ferentASesinto a singleentity, it might fail to capturerouting
policy.

• How do we selectamongthemany differentcandidatesof com-
posedpaths?

• How do we estimatethe end-to-endlatency oncewe have per-
formedpathprediction?
A summaryof thevarioustechniqueswe employ in addressing

thesechallengesis listedin Table1.

2.2 Building an Atlas
Our primarytool for building theatlasis traceroute , which

allowsusto identify theforwardpathfrom theprobingentity to the
destination.Traceroutealsoprovidesus with hop-by-hopround-
trip timesfrom whichonecouldinfer thelatency of pathsegments.
Asymmetryin the return routes,however, complicatesthis infer-
ence.We alsousetargetedprobesto network interfaces,someof
themwith UDPmessagesandsomewith ICMP messages,in order
to identify interfacesthatareco-locatedat thesamerouteror at the
samePoP, sothatthey canbeclusteredtogetherin theatlas.

We needgeographicallydistributed vantagepoints in order to
build theatlas.PlanetLabserversthatarelocatedat over 300sites
aroundtheworld areobviouschoicesfor our measurementinfras-
tructure. Probescanbe issuedfrom PlanetLabnodesat a reason-
ably fast rate; a tracerouteprobeevery secondtranslatesto mea-
surementtrafÞc of about4Kbps, a modestload on the PlanetLab
nodes.We issueprobesfrom thePlanetLabnodesto representative
IP addressesin routableBGPpreÞxes,choosingjustoneIP address
for apreÞx,therebyminimizing themeasurementload.

The PlanetLabmeasurementscanbe augmentedwith measure-
mentsfrom tracerouteserversthatoutnumberPlanetLabnodesand
arealsomorediversein termsof administrative domains.We use
theseserverssparingly, issuinga tracerouterequestonly onceev-
ery few minutes.In spiteof this limitation, they serveasavaluable
additionalsourceof informationaboutlocal routingpolicies.

Finally, weuseBGPsnapshotinformationfromRouteViews[11]
to determinewhich routersbelongto which autonomoussystems,
to infer when routescrossorganizationalboundaries,and to de-
terminewhat subsetof preÞxes are to be probedby the vantage
points. We leave for futurework determiningthe improvementin
predictionaccuracy by usingend-hostdatafrom sourcessuchas
DIMES [16].

2.3 Client Integration
We envision a systemwherethe sourceissuesa small number

(e.g.,10)of tracerouteprobesin orderto integrateitself into theIn-
ternetatlasconstructedby thevantagepoints.Clientsissueprobes
to representativedestinationsin asmallrandomlychosensubsetof
thepreÞxesobtainedfrom BGPtables.

The client canthen issuequeriesfor latency estimatesof arbi-
trary paths. Thesequerieswill be processedusing the measure-
mentscontributedby theclient in combinationwith theatlasgath-
eredfrom thevantagepoints. Pathsfrom only thesourcesareas-
sumedto be available,with none from the destinations, reßecting
the usagemodelwherea client wantsto communicatewith some
destinationthat is not necessarilyparticipatingin the infrastruc-
ture. Measurementscontributed by a client will be usedonly to
servicequeriesfrom thatclient, in orderto make thesystemrobust



Technique Description Goal Section
Traceroutes from
vantagepoints

Pathsto all preÞxes/atomsaremeasuredfrom a largenumberof geo-
graphicallydistributedvantagepoints

Build router-level at-
las

Section2.2

Traceroutes from
clients

Every client performstraceroutesto destinationsin 10 randomlycho-
senpreÞxes

Characterize access
link latency andlocal
routingbehaviour

Section2.3

Return TTL cluster-
ing

RouterinterfacesthatreturnsimilarTTLs to alargenumberof vantage
pointsareclusteredtogether

Cluster routers into
PoPs

Section2.6

Pathcomposition Observedroutingsegmentsfrom asourceandto adestinationarecom-
posedto predictapathbetweenthesourceanddestination

Predict end-to-end
paths

Section 2.4
and3.1

Inferenceof segment
latencies

Latency of anobservedroutingsegmentis estimatedfrom the tracer-
outesin which thesegmentoccurs

Predict end-to-end
latencies

Section 2.5
and3.3

Table 1: Summary of techniques employed in our approach
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Figure 1: The route from S to D is obtained by composing a route
from S with a route to D from a vantage point close to S (V1). BGP1

and BGP2 are destinations in two random prefixes to which S per-
forms traceroutes.

to misbehaving clients. Thesemeasurementswill alsobegarbage
collectedby thepredictionengineaftertheclient leavesthesystem.

2.4 Path Prediction
Figure1 depictshow we predict the pathfrom a sourceS to a

destinationD usingthefew pathsgoingout from S andpathsfrom
all vantagepoints to D . We seekto determinea path from one
of our vantagepointsto D that hasa signiÞcantoverlapwith the
actualpathfrom S to D . We traversepathsgoingout from S until
we Þndan intersectionI with oneof thepathsgoing into D . The
predictedpath from S to D is obtainedby splicing the segment
from S to I (S → I ) with thesegmentfrom I to D (I → D ). In
caseno intersectionis found,we thenusepathsfrom our vantage
pointsto S insteadof pathsfromS, andintersectthesewith pathsto
D . Similarly, whenpredictingthereversepathbackfrom D , from
which no pathsarepresentin thesystem,we splicepathsfrom our
vantagepointsto D with pathsto S.

Theatlasgatheredby thevantagepointsincludestraceroutesto
only onedestinationin eachroutablepreÞx.Hence,whenpredict-
ing thepathbetweena pair of end-hosts,theatlasmaynot include
pathsto either end-host. In suchcases,we approximatethe path
betweenS andD with thepathpredictedbetweentherepresenta-
tive end-hostsin thesamepreÞxesasS andD . Further, we extend
this predictedpathto S if thefew pathscontributedby S intersect
with the pathsegmentsto the representative end-hostin the same
preÞxasS.

Thereareof coursemany pairsof pathsegmentsthatcanbecom-
posedto predicttheend-to-endpath. Which pathshouldonepick?
WeapproximatethepaththeInternetchoosesby modelinghow In-
ternetroutingworks in practice.We useBGPtablesto determine
theorigin AS for eachIP addressencounteredon a pathsegment.
Eachpathsegmentis thenassignedapathlengthin AS hops,apath
lengthin IP hops,anda latency estimate.Thesemetricsareknown
to largely determinepathsusedin the Internet. For example,in-
terdomainroutingprefersshorterAS pathsover longeronesin the
absenceof conßictinglocally preferredpolicies,andintradomain
routinguseslatency of pathswithin theAS to determinetheappro-
priateexit point. In Section3, we show how to usethesemetrics
to determinewhich combinationof pathsegmentsto composeto
determinetheend-to-endpath.

2.5 Latency Estimation
We estimatethe round-trip latency by a simple techniquethat

considersthepathspredictedfor theforwardandreversedirections.
For theforwarddirection,we Þrstgenerateanestimatefor thede-
lay from S to I by halving the RTT measuredto I aspart of the
traceroutefrom S. Whenusinga pathmeasuredfrom a vantage
point to S, weestimatethedelayfrom S to I ashalf thedifference
of theRTTs reportedby probesto S andI . We similarly estimate
thedelayfrom I to D . Thesedo not necessarilyrepresentthetrue
latenciesof segments(S → I ) and (I → D ) sincethe reverse
pathbackfrom any hop observed on a traceroutecould be asym-
metric. So, we approximatethe true latency of a segmentas the
medianof all its latency estimates.For example,if the segment
(I → D ) is seenon traceroutes to D from V1, V7, and V9, we
derive anestimatefor this segmentfrom eachof thesetraceroutes
(thedifferencebetweenRTTs from Vi to D andfrom Vi to I ) and
thenapproximatethe latency alongthis segmentasthemedianof
theseestimates.Sincewe typically observe a segmentfrom multi-
ple vantagepoints,thehopeis that themedianis closeto the true
latency. Wesumlatenciesoversegmentsinsteadof links to prevent
accumulationof errorsassociated with the estimatefor eachlink.
Theestimatedlatency of theforwardpathis simply thesumof the
delayestimatesfor thetwo segments(S → I ), and(I → D ). We
similarly estimatethe reversepath latency. The estimatedround
trip time is thesumof theestimatedlatenciesfor the forwardand
reversepaths.

2.6 Clustering Routers
Our approachallows pathcompositionsto bedeterminedat var-

iousgranularities.Onecoulddeclaretwo pathsto have intersected
only if thesamenetwork interfaceaddressappearson bothpaths,
but sucha strategy would fail to composepathsthat passthrough



distinct network interfacesco-locatedon the samerouter/PoP. On
the other hand,declaringan intersectionif both pathstraversea
commonAS is prone to signiÞcantpredictionerror as it allows
for compositionof pathspassingthroughdifferentPoPswithin the
sameAS. Thus,pathsneedto composedat a level coarser-grained
thannetwork interfacesbut Þner-grainedthanASes.

We determineclustersof routerinterfacesthat aresimilar from
a routingperspective, e.g.,aliasednetwork interfaceaddressesbe-
longingto thesamerouter, routersbelongingto thesamePoP, and
routersthat belong to the sameAS and are also geographically
nearby. To avoid incorrectlypredictingtransitbetweenASes,we
only clusterroutersthat belongto the sameAS. Thereis a trade-
off betweenthe utility of clustersand their correctness.Increas-
ing clustersizesinitially improvespredictionaccuracy by detect-
ing missedintersections,but subsequentlydegradesaccuracy by
predictingnon-existentpaths.Ourclusteringalgorithmattemptsto
hit thekneeof this curve.

Our clusteringmethodologyinvolvestwo distinctstepsÑ alias
resolutionandintra-ASclustering.For clusteringrouterinterfaces
into routersby resolvingaliases,we usethesource-addressbased
techniqueemployedby Mercator[4]. Next, we clusterroutersinto
PoPsby probingeachrouterfrom alargenumberof vantagepoints.
WeusetheresponseTTL valueto estimatethelengthof thereverse
path,asdonein [10]. Routersin the sameAS that aregeograph-
ically nearbywill normally take similar reversepathsbackto the
vantagepoint. We associateeachrouterwith a reverse path length
vector Ñ avectorwith asmany componentsasthenumberof van-
tagepoints, in which the i th componentis the length of the re-
versepath from the routerback to the i th vantagepoint. If two
path lengthvectorsaresimilar, in the sensethat the averageand
themaximumof thecomponent-wisedifferencesarebelow certain
thresholds,thenthetwo correspondingroutersaregroupedtogether
in thesamecluster.

Of the341,602routerinterfacesthatweobservedin all ourtracer-
outes,260,637respondedto our ICMP probesfrom at leasthalf of
the143PlanetLabnodesactingasvantagepoints,andthesewere
clusteredinto 62,453clusters.Improvementsto our clusteringal-
gorithm usinggeographicinformationbasedon DNS names[19,
14] arepresentedin [8].

3. EVALUATION
We usenodesin PlanetLab,and several public tracerouteand

lookingglassserversto performourmeasurements.Ouratlascom-
prisesmeasurementsto a wide rangeof destinationsmadefrom
158PlanetLabnodesthatserveasourvantagepoints.Weobtained
thelist of all globally routablepreÞxesfrom RouteViews [11] and
in eachpreÞx,determineda .1 addressthat respondedto probes.
On 3 February2006,we performedtraceroutesfrom our vantage
points to 87,334destinations.Our atlasalso includestraceroutes
performedon the sameday from 582 public tracerouteandlook-
ing glassserversto destinationsin 200 randompreÞxeseach. To
evaluateour model,we usepathsmeasuredfrom thesetraceroute
serversasour validationset. Whenever we usea tracerouteserver
as a client, we exclude measurementsmadefrom it from the at-
las. Insteadwe includewhat it would do asa typical client; a few
traceroutesto randompreÞxes,not includingthetestcases.

3.1 Does our atlas include the true AS path?
We begin by evaluatingthefeasibility of AS pathprediction.To

comparetheactualandpredictedAS paths,we deÞneanAS path
similarity metricthatis similar to theRSIM metricusedin [6]. We
deÞnethe similarity metric betweentwo AS pathsto be the ratio
of the sizeof the intersectionto the sizeof the union, of the sets

Figure 2: Accuracy of AS path prediction with varying number of
paths from the source. The number of paths available from each source
is in brackets.

Figure 3: Comparison of AS path prediction accuracy across policies
used for predicting paths.

of ASesin eachof the paths;the orderingof ASs in the pathsis
not considered.Themaximumvalueof this metricis 1, whenboth
pathspassthroughexactly thesamesetof ASes.

For eachsource-destinationpair, we consideredall intersections
obtainedusingthebasictechniqueof intersectingpathsfrom/to the
sourcewith pathsto the destinationin our atlas. We refer to the
policy that chooses(usingthe validationdataset)the intersection
suchthat theresultingpredictedpathmaximizestheAS similarity
metricastheoptimal policy. Figure2 plots thedistribution of the
similarity metric for this optimal policy. Availability of 10 paths
from the sourceto randomdestinations increasesthe fraction of
pathsfor which the optimal policy getsthe AS pathexactly right
from 63% to 84%. We found that the marginal increasein the
ability to performAS pathpredictionwith theuseof morethan10
pathsis small.So,for therestof ourevaluation,weassumethatwe
have10pathsfrom eachsource.

3.2 Can we predict the AS path?
The previous resultdemonstratesthat in mostcases,the actual

AS pathexists in our atlasasa combinationof pathsegments.To
Þndthis path,we needto determinea policy to chooseamongthe
setof pathsegmentsjoining the sourceanddestination.We eval-
uateda handfulof policies. Thepoliciesthatworkedbest,both in
termsof predictingpathsandestimatinglatencies,chooseI (the
intersection)that minimizesend-to-endAS path lengthalongthe
predictedpath. Minimizing AS path lengthapproximatesBGPÕs
default objective function, andhence,is likely to choosea policy
compliantpath. Among thosethat minimize the AS path length,
weconsidertwo policies.TheÞrstchoosesI suchthatthedistance
to exit theÞrst-hopAS is minimized. Minimizing thedistance,in



Figure 4: Comparison of latency estimates based on our predicted
paths with Vivaldi based estimates.

termsof latency, coveredby the pathwithin the Þrst-hopAS en-
codesthedefaultearlyexit intradomainroutingpolicy. Thesecond
picks the I closestin RTT to the source. We refer to thesetwo
policiesas(Min AS path, early exit) and(Min AS path, min RTT).
Figure3 plots theaccuracy with which thesepolicieshelp in Þnd-
ing thecorrectAS path,for thecasewhenwe have 10 traceroutes
from thesource.Among the83% of pathsfor which theAS path
exists in our atlas,eitherpolicy predictstheAS pathcorrectlyfor
at least65%of paths.

Sinceour modeldoesnot involve useof inferredAS relation-
ships,the pathswe predictcould violate policy routing. To seeif
this is aproblem,weappliedGaoÕsAS relationshipinferencealgo-
rithm [3] on AS pathsobservedin all our measurementsaswell as
on AS pathsobtainedfrom the RouteViews [11] BGP dump. We
thencomputedhow many of theAS pathsin ourvalidationset,and
how many of thepredictedAS paths,violatevalley-freerouting[3].
Of the42,028pathsin ourvalidationset,valley-freeroutingwasvi-
olatedin 119of theobservedAS pathsandin 212of thepredicted
AS paths. This demonstratesthat our policiesdo usuallymanage
to Þndpolicy-compliantpaths.As notedearlier, our choiceof an
intersectioncloseto the sourceminimizes the numberof policy
decisionsour model must predict. This result also suggeststhat
constrainingour model to only chooseamongstpolicy-compliant
candidatepathswill notdecreaseits predictiveability.

3.3 Can we estimate latencies?
We now studytheaccuracy of our latency estimatesin compar-

ison with that of one of the best existing coordinate-basedsys-
tems, Vivaldi [1]. Feedingthe latenciesof all pathsin our at-
las into Vivaldi, we generate2-dimensionalEuclideancoordinates
with heightvectorsfor all end-hostsin our validationset. Vivalidi
wasrun until its coordinatesconverged. We usethesecoordinates
to predictlatencies.Thenumberof measurementsusedin our ap-
proachis comparablewith thatgivenasinput to Vivaldi, but uses
traceroutesinsteadof pings.Ourpredictionsarebasedonthepaths
tracedby traceroutesfrom the vantagepoints to variouspreÞxes,
while VivaldiÕscoordinatesweregeneratedfrom theend-to-endla-
tenciesfor all of thesemeasuredpaths.

Figure4 comparesthe latency estimatesobtainedusingVivaldi
with theestimatesobtainedusingour predictedpaths.Our latency
estimates,obtainedusing10 pathsfrom thesource,arebetterthan
thoseyieldedby VivaldiÕs coordinatesin termsof absoluteerror.
For example,54% of our predictionsacrossall pathsare within
10 ms of actuallatency, while only 35% of VivaldiÕs are. Our la-
tency estimatesare also better than thoseof Vivaldi in termsof

Figure 5: Benefits of choosing detours using predicted latencies. Note
that the graph has a log-scale y axis.

relative error, the metric for evaluationusedin [1].1 The latency
estimatesshown in Figure4 werethoseobtainedusingthe(Min AS
path, min RTT) policy; theaccuracy of estimatesobtainedwith the
(Min AS path, early exit) policy weresimilar.

Ourapproachof estimatinglatency basedonpredictedpathsalso
helpsus reasonasto why an estimateis accurate/inaccurate.Fig-
ure 4 shows the accuracy of our latency estimatesfor the cases
whenwepredicttheAS pathcorrectly, andwhenwedonot. Ourla-
tency estimatesaresigniÞcantlymoreaccuratewhenthepredicted
AS pathis correct.

3.4 Can we predict detours?
Detectingbetter latency detoursis one of the several applica-

tionsenabledby our approach.NotethatVivaldi, by construction,
predictsno detours. To evaluatehow well our latency estimates
preservedetours,weconsideronly pathsmeasuredfrom PlanetLab
nodes.Fromthe158PlanetLabnodesin our dataset,we chose35
at randomto serve asthesourcesin our experiment.The remain-
ing 123PlanetLabnodesserve aspotentialdetournodes.For each
pathfrom the35sources,wecomputethebestlatency path,includ-
ing thedirectpathto thedestinationandthesetof one-hopdetour
pathsvia any of the123detournodes.We thendo thesameusing
thepredictedlatency for thedirectpathto thedestination.Figure5
comparesthe detourbeneÞts(ratio of underlayto detourlatency)
obtained.Our modelpredictstheexistenceof a detourfor 43% of
all pathswhereas66% actuallyshow a beneÞt.Thoughwe predict
a detourwhenit doesnot exist for 10% of paths,only for 1% of
all pathsdoesthechosendetourstretchthe latency of thepathby
morethan30%(not shown in theÞgure).

4. RELATED WORK
This work provides a bridge betweentwo islandsof research:

InternetmeasurementandInternetdistanceestimation.
Several recentmeasurementstudiesanalyzethe effects of In-

ternetstructureand routing policy on path performance.Spring
et al. [18] usean analyticalmodelof routing to isolatedifferent
factorsthatcauseapaththroughthenetwork to belongerthannec-
essary. Our resultsareconsistentwith theirsin that modelingthe
AS path is importantfor accuracy of latency prediction. Spring
et al. choosea restricted subsetof the Internetto studyanduse
geographicpathdistanceasa baselineto analyzelatency inßation.
Our goalsaredifferent: we seekto Þndthe simplestcomposition
of internalnetwork performanceinformationandtopologythatcan
beusedto predictInternetpathlatency.
1In our experiments,the relative error distribution for Vivaldi is
consistentwith thatreportedin [1].



Internetdistanceestimationhasbeenmotivatedby applications
suchasoverlay routing networks andserver selection,e.g.,a re-
cent Bittorrent client, Azureus,usesVivaldi [1] to selectnearby
peers. Suchapplicationshave spurreda large body of black box
techniquesto predict latencies,which broadlyfall into two broad
categories,the landmark approachand the dimensionality reduc-
tion approach.

Landmark Approach IDMaps, one of the Þrst techniquesto
predictInternetlatencies,estimatesthelatency betweentwo clients
i andj asthe latency from i to its closestvantagepoint plus the
latency from j to its closestvantagepointplusthelatency between
thetwo vantagepoints.Our approachcanbeseenasa generaliza-
tion of IDMaps,by usingmeasuredinformationaboutthestructure
of the network to yield bettercompositepaths. King [5] is simi-
lar to IDMapsbut usesDNS serversaslandmarks.Meridian [20]
performson-demandprobingfrom a carefullychosensubsetof its
landmarksto determinethelandmarkclosestto agivendestination.
Meridianimplicitly assumesanunderlyingmetricspaceto predict
theclosestnode,andit isunclearhow to extendit to predictlatency
betweenanarbitrarypair of nodes.

Dimensionality Reduction Approach The dimensionality re-
ductionapproachattemptsto compactlyrepresentmeasuredlaten-
ciesbetweenvantagepointsandclients in a low dimensional ge-
ometric space. The techniquesin this spacecan be classiÞedas
metric, i.e., the resultingdistancessatisfy the triangle inequality,
andnonmetric.

• Metric Embeddings:GNP [12] pioneeredthe dimensionality
reductionapproachby embeddingvantagepoints and clients
in a low-dimensionalEuclideanspace.Vivaldi [1], the model
weusefor comparison,usesanon-Euclideanembeddingwhere
nodeslie on a planewith a positive height coordinateandthe
distancebetweena pair of nodesis the sum of their heights
plusthedistancealongtheplane.Earlierpublisheddatashows
that theseblackboxtechniquesoutperformboth IDMaps and
King [1, 12]. However, a seriousdrawbackof metric embed-
dings[7, 21] is that themethodis fundamentallyincapableof
detectingdetours,becauseEuclideanandVivaldi-likedistances
obey thetriangleinequality.

• NonmetricApproaches:Shavitt andTankel [17] embednodes
in ahyperboliccoordinatespaceanddemonstrateimprovedac-
curacy over Euclideanembeddings. However, the hyperbolic
coordinatesystemhasbeenshown to performpoorlycompared
to Vivaldi [7], thecoordinatesystemagainstwhichweevaluate
our model. More recently, Mao et al. [9] proposeda dimen-
sionalityreductiontechniquebasedonmatrixfactorization.Ex-
plicitly accountingfor theasymmetryof pathsandusing anon-
metricembeddingmakesthis approachpromising. However, it
is unclearhow to obtainone-way latenciesfrom vantagepoints
to arbitrary clients; the evaluation in [9] assumessymmetric
RTTs.

5. CONCLUSION
In this paper, we have presenteda simple structuralapproach

for predictingInternetpath latenciesthat outperformsblack box
techniques. Our latency predictionsare basedon an underlying
pathprediction model that canpredictPoP-level pathswith high
accuracy. Encouragedby the resultsobtained,we have extended
our approachto predict other path propertiessuchas bottleneck
capacityandlossrate,aspartof the iPlane system[8]. We planto
make iPlane publicly availableasaservicein thenearfuture.
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