
To appear in IEEE Infocom 2000.

OnthePlacementof InternetInstrumentation

SugihJamin ChengJin Yixin Jin
Departmentof EECS Departmentof EECS ComputerScienceDepartment

Universityof Michigan Universityof Michigan Universityof CaliforniaLosAngeles
Ann Arbor, MI 48109-2122 Ann Arbor, MI 48109-2122 LosAngeles,CA 90095

jamin@eecs.umich.edu chengjin@eecs.umich.edu yjin@cs.ucla.edu

Danny Raz Yuval Shavitt Lixia Zhang
Bell Labs Bell Labs ComputerScienceDepartment

LucentTechnologies LucentTechnologies Universityof CaliforniaLosAngeles
Holmdel,NJ 07733-3030 Holmdel,NJ07733-3030 LosAngeles,CA 90095

raz@research.bell-labs.com shavitt@ieee.org lixia@cs.ucla.edu

Abstract— The IDMaps project aims to provide a distancemap of the
Internet fr om which relative distancesbetweenhostson the Internet can
begauged[1]. Many distributed systemsand applicationscanbene�t fr om
such a distance map service, for example,a common method to improve
user perceived performanceof the Internet is to placedata and server mir -
rors closerto clients. When a client tries to accessa mirr ored server, which
mirr or should it access?With IDMaps, the closestmirr or can be deter-
mined basedon distanceestimatesbetweenthe client and the mirr ors. In
this paper we investigateboth graph theoretic methodsand ad hocheuris-
tics for instrumenting the Internet to obtain distancemaps.Weevaluate the
ef�cacy of the resulting distancemapsby comparing the determinations of
closestreplica usingknown topologiesagainstthoseobtainedusing the dis-
tancemaps.

I . INTRODUCTION

TheIDMapsproject[1] aimsat providing a distance1 mapof
theInternetfrom which relative distancesbetweenhostson the
Internetcanbegauged,i.e. is host � closerto host

�

or host � ?
We envision thatmany distributedsystemsandapplicationscan
greatly bene�t from sucha distanceinformation service. For
example,placing mirrors of popularWeb siteshasbecomea
commonmethodto improveuser-perceivedperformanceandto
reducenetwork load. While strategically placedWeb caches
mayimproveperformanceof staticcontent,usingservermirrors
hasbeenproposedto improveperformanceof dynamiccontent.
Givena setof mirrors,which oneshoulda client access?Aside
from themany ad hocsolutions,suchasroundrobin DNS and
geography-or IP-address-basedpartitioning,therealsoarepro-
prietarysystemsthataddressthis question2 [2], [3]. Onefactor
to considerin determiningthe mirror closestto a client is the
topologicaldistancesbetweentheclient andthesetof mirrors,
theinformationIDMapsintendsto provide.
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Jaminis furthersupportedby theNSFCAREERAwardANI-9734145andthe
PresidentialEarly CareerAward for ScientistsandEngineers(PECASE)1998.
Additional funding is providedby MCI Worldcom,LucentBell-Labs,andFu-
jitsu LaboratoriesAmerica,andby equipmentgrantsfrom SunMicrosystems
Inc. andCompaqCorp.
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Wede�ne distancein thegenericgraph-theoreticsenseof pathcost:thesum
of thelink-costof all links alongapath.

�

Thesesystemsarenot publicly disclosedandhencecannotbe evaluatedin
this paper.

The architectureof IDMaps [1] consistsof a network of in-
strumentationboxes,which we call Tracers, distributedacross
the Internet. Tracersmeasuredistancesamongthemselvesand
betweenthemselvesandregionsof the Internetto build a dis-
tancemap. IDMaps aimsat providing long-termmeasuresof
relativedistancesbetweenhostsacrosstheglobalInternet.Gen-
erally speaking,given a host � anda list of someotherhosts
on theInternet,IDMapscanreturnanorderedlist of theseother
hostsby theirdistancesto host � . Suchasimpleservicesuf�ces
for applications,liketheonedescribedabove,thatdonotneces-
sarily needa preciseor absolutemeasureof distancesbetween
hosts.

The regions of the Internetthat Tracersmeasureare called
APs (“AddressPre�xes”). Tracersmeasuredistancesamong
themselvesandto APs. We call eachsuchmeasurementa vir-
tual link andtheprocessof measuring,tracing. Tracersadver-
tisetheirmeasureddistancesononeor moremulticastchannels.
Collectively, thesemeasureddistancesform the distancemap
or, equivalently, the virtual topology of the Internet. From the
distancemap,distancebetweenany two hostson the Internet
canbeestimated.

Theef�cacy of IDMapsmaybeevaluatedbasedonhow accu-
ratetheestimateddistancesarecomparedto actualdistances,but
for applicationssuchasclosestserver selection,only theorder-
ing of distancesbetweena client andserver mirrors is needed.
Wede�ne anevaluationmetriccalled ���	�
� , for applicationlevel
performancemetric that comparesthe “correctness”of closest
server selectionusing the distancemap provided by IDMaps
againstselectionbasedontheunderlyingtopology. A morepre-
cisede�nition of themetricis providedin SectionIII-A. In this
paper, weexplorethefollowing questions:

1. how many Tracersmustbedeployed?
2. whereshouldtheseTracersbeplaced?
3. mustthedistancemapbea full-mesh?

Althoughourgoalin thispaperis biasedtowardstheIDMaps
project,we believe that theresultsshouldbegenerallyapplica-



ble to theplacementof measurementinstrumentationboxeson
theInternet.

In thenext section,wereview two graphtheoreticapproaches
that can be usedto determinethe numberand placementof
Tracers.Both of theseapproachesrequirea priori knowledge
of the network topology. Sincethe topologyof the Internetis
not known and is continuallychanging,we call thesethe ide-
alizedIDMapsplacementalgorithmsandusetheir performance
asyardsticksto evaluatetheperformanceof our heuristicspre-
sentedin SectionIII-B. In SectionIV, we examinealgorithms
usedto constructthe distancemap. Our experimentsexamine
the tracerplacementproblemandthe virtual link construction
using � �	�
� onarti�cially generatednetwork topologies.We de-
scribeourtopologygenerationprocessin SectionV andourper-
formanceresultsin SectionVI.

Notations:We adoptthefollowing notationsfor this paper:the
network is a graph

���������
	

, where
�

is the setof nodes,and
���
�����

is thesetof links. We use �����

�

� to denotethe
numberof nodesin

�

, and � to denotethenumberof Tracers
we placein thegraph.We denotethedistancebetweennodes�

and � in thegraph
�

, ���

�

�

�

�

	

; we will omit
�

whenit canbe
deducedfrom thecontext.

I I . PLACEMENT ON KNOWN TOPOLOGY

In this sectionwe review two graphtheoreticapproachesthat
canhelpusdeterminethenumberandtheplacementof Tracers
whenthenetwork topologyis known. We usethegenericterm
“center” in placeof “Tracer” in thefollowing descriptions.We
studytwo variantsof thecenterplacementproblem:in the �rst
case,themaximalcenter-nodedistanceis given,andoneis re-
quiredto �nd theminimal numberof centersneededto satisfy
themaximaldistanceconstrain;in thesecondcase,thenumber
of centersis given,andoneneedsto decidethelocationsof these
centerssuchthatthemaximumdistancebetweenanodeandthe
nearestcenteris minimized. In the following paragraphs,we
give theformalde�nitions of thetwo variants.

Numberof Centers: Givena network
�

with � nodes,(that is,
the topologyis a priori known), a bound � , onehasto �nd a
smallestsetof centers��� suchthat the distancebetweenany
node � andits closestcenter  "!$#%�&� is boundedby � . The
performancemetric( �('

!
�*) ) is thesizeof this set( � �

�
� ). More

formally �nd theminimum + suchthat thereis a set �
�%,

�

with � ���-�.�/+ and 01��#

�32

�

�

�

�

 54

	56

� .

CenterPlacement:For theplacementof agivennumberof cen-
ters, one could considerthe following metric ( �()

!87.9 ): min-
imize the maximumdistancebetweena nodeand the nearest
center. This problemis known astheminimum + -centerprob-
lem, which states:givenanundirectedgraph

�

�

�:�;�<�=	

with
link costssatisfyingthe triangleinequality,3 andan integer + ,
�nd a setof + nodessuchthat themaximumdistancebetween
a nodeon thegraphandthenearestcenteris minimized.

We presenttwo algorithmsbelow, eachof whichcanbeused
to solve both the Numberof Centers problemand the Center

>

A costfunction ? satis�esthetriangleinequalityif for all vertices@ , A , B in
C

, ?EDF@HGIB(JLKM?ED8@NG:AOJQP�?EDFARG:B(J [4].

Algorithm 1 (Greedyplacement)

1. SUTWVYX

2. while ( �.�

�QZ

�I[$\�	5]

� )
3. ^_T

[ \

4. SUT`Sba

[ \

5. SUT`SdceVgf

Fig. 1. Greedyplacementof centersonan h -HSTtree.

Placementproblem.Thetwo algorithmsweredesignedto solve
somewhatdifferentproblemsthanTracerplacement.Our tacit
assumptionin applyingthesealgorithmsto Tracerplacementis
thatby minimizing themaximumdistancebetweena nodeand
its closestTracer, wewill obtainthebestdistanceestimate.

A. i -HST

We presentin this subsectionan algorithm basedon the k-
hierarchically well-separatedtrees( i -HST) [5]. The i -HSTal-
gorithmconsistsof two phases.In the �rst phase,thegraphis
recursively partitionedasfollows: A nodeis arbitrarily selected
from the current(parent)partition, and all the nodesthat are
within a randomradiusfrom this nodeform a new (child) parti-
tion. Thevalueof theradiusof thechild partitionis a factorof

i smallerthanthediameterof theparentpartition.Thisprocess
recursesfor eachpartition, until eachnodeis in a partition of
its own. We thenobtaina treeof partitionswith the root node
beingtheentirenetwork andleaf nodesbeingindividual nodes
in thenetwork. In thesecondphase,a virtual nodeis assigned
to eachof the partitionson eachlevel. Eachvirtual nodein a
parentpartition becomesthe parentof the virtual nodesof the
child partitions. The lengthof the links from a virtual nodeto
its childrenis half thepartitiondiameter. We embedthevirtual
nodesin theoriginal graphbasedon a techniquedevelopedby
AwerbuchandShavitt [6]. Together, thevirtual nodesalsoform
a tree.

The randomizationof a partition radiusis doneso that the
probability of a short link being cut by partitioningdecreases
exponentiallyas one climbs the tree. Hencenodesclose to-
getherare more likely to be partitionedlower down the tree.
We take advantageof this characteristicof theresulting i -HST
treeto devisethefollowing greedyalgorithmto �nd thenumber
of centersneededwhenthe maximumcenter-nodedistanceis
boundedby � .

Let nodej betherootof thepartitiontree,V
! bethechildren

of node� onthepartitiontree,and S bealist of partitionssorted
in thedecreasingorderof thepartitiondiameteratall times.

[_\

denotesthe partition at the headof the list, and �k�

�QZ

�I[M\�	

its
diameter. Fig. 1 presentsour greedyalgorithmon the i -HST
tree.Thealgorithmpushesthecentersdown thetreeuntil it dis-
coversapartitionwith diameter

6

� . Thenumberof partitions,
� Sl� , is the minimum numberof centersrequiredto satisfy the
performancemetric �('

!
�*) . To selecttheactualcenters,we can

simply set the virtual nodesof thesepartitionsin S to be the
centers.

The i -HST-based greedy placementalgorithm presented
above tells us the numberof centersneededto satisfythe per-



Algorithm 2 (2-approximateminimum + -center [8])

1. Construct
�

�

�

�<�

�

�

�

�����

���

�

)

2. Compute
�

! for each
�

�

!

3. Findsmallest� suchthat �

�

!<�

6

+ , say �

4.
���

is thesetof + centers

Fig. 2. Two-approximatealgorithmfor theminimum 	 -centerproblem.

formancemetric �(' ! � ) . For any given budgetof centers,the
algorithmabovecanalsobeusedto determinetheir placement.
For example,to place + centers,we simply changeline 2 in
Fig. 1 with “while ( � Sl��
`+ )”. Obviously, the performance
metric � ' ! �*) mayno longerbesatis�ed for + below a certain
number.

B. Minimum + -Center

The placementof a given numberof centerssuch that the
maximumdistancefrom a nodeto the nearestcenteris min-
imized, known as the minimum + -center problem, is NP-
complete[7]. However, if wearewilling to tolerateinaccuracies
within a factorof 2, i.e. themaximumdistancebetweena node
andthenearestcenterbeingno worsethantwice themaximum
in theoptimal case,theproblemis solvablein O

�

� �

�

�

	

[8] as
follows:

Givena graph
�

�

�:�;�<�
	

andall its edgesarrangedin non-
decreasingorderby edgecost, � : �

�
�

�
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let
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�
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, where
�

!
���

�

�

���

�

�

�����

���

!�� . A squaregraph
of

�

,
�

�

is the graphcontaining
�

andedge
�

�

�

�

	

wherever
thereis a pathbetween� and � in

�

of at mosttwo hops, ��� �

� —hencesomeedgesin
�

�

arepseudoedges,in thatthey don't
exist in

�

. An independentset of a graph
�

�

�������
	

is a
subset

��� � �

suchthat, for all �

�

� #

���

, the edge
�

�

�

�

	

is
not in

�

. An independentsetof
�

�

is thusa setof nodesin
�

thatareat leastthreehopsapartin
�

. We alsode�ne amaximal
independentset

�

asanindependentset
�

�

suchthatall nodes
in

�

a

���

areat mostonehopaway from nodesin
���

.
The outline of theminimum + -centeralgorithmfrom [8] is

shown in Fig. 2. The basicobservation is that the costof the
optimalsolutionto the + -centerproblemis thecostof

�

! , where
� is the smallestindex suchthat

�

! hasa dominatingset4 of
sizeat most + . This is true sincethe setof centernodesis a
dominatingset,andif

�

! hasa dominatingsetof size + , then
choosingthis setto be the centersguaranteesthat the distance
from a nodeto thenearestcenteris boundedby

�

! . Thesecond
observationis thata startopologyin

�

! , transfersinto a clique
(full-mesh)in

�

�

!

. Thus,a maximalindependentsetof size +

in
�

�

!

impliesthatthereexistsasetof + starsin
�

, suchthatthe
costof eachedgein it is boundedby �

�

! : thesmallerthe � , the
larger the + . The solutionto the minimum + -centerproblem
is the

�

�

!

with + stars. Note that this approximationdoesnot
alwaysyield auniquesolution.

The 2-approximateminimum + -centeralgorithm can also
be usedto determinethe numberof centersneededto satisfy

�

a dominatingsetis asetof � nodessuchthatevery A��

C

is eitherin � or
hasaneighborin � .

theperformancemetric � ' ! � ) by picking an index i suchthat
�

�
���.	 6

�! "� . Themaximumdistancebetweena nodeandthe
nearestcenterin

���

is thenatmost� , andthenumberof centers
neededis �

�

�

� .

The graph theoretic approachesdescribedabove assume
known network topologies. However, the topology of the In-
ternetmaynot beknown to all partiesat any onetime. Further-
more,the Internettopologychangescontinuously, from physi-
cal andalgorithmiccauses.Nevertheless,therearescenariosin
which the above algorithmswould be applicableon the Inter-
net. For example,anInternetServiceProvider (ISP)mayknow
the topology of its network andbe able to usethe algorithms
to distributeTracerswithin its own network, or companiesmay
usethealgorithmsto distributeTracersontheir intranets.In this
paper, resultsfrom the graphtheoreticalgorithmsareusedas
yardsticksto evaluatetheperformanceof ourTracerplacement
heuristicsin thenext section.

I I I . TRACER PLACEMENT ON THE INTERNET

A. Numberof TracersandPerformanceMetric

Thenumberof instrumentationboxesneededto cover theIn-
ternetdependsgreatlyon the performancemetric theseboxes
must satisfy. In this subsectionwe discussvariouscandidate
performancemetrics for IDMaps and the implicationson the
numberof Tracersrequired.

Onecouldapplythe �('
!

�*) metricandrequirethateachnodes
is within a certain distanceof the nearestTracer, or require
that the distancesbetweennodesandTracersto be minimized
( �

)
!F7 9 ). Neitherof thesemetrics,however, tells ushow good

a serviceIDMaps provides. A higherlevel metric, suchasre-
quiring that # % of IDMapsestimatesbewithin a factorof $ of
actualdistances,maybemoreuseful.Dependingonthevalueof

# and $ , this performancemetricmaynotbeachievablefor any
reasonablenumberof Tracers.In theworstcase,thenumberof
Tracersrequiredmay be O(� ). For example,in orderto geta
factorof 2 estimationin all cases,we needto put Tracersin a
way thatfor any node� thedistancefrom � to its closestTracer
doesnot exceedtheshortestdistancefrom � to any othernode

� . In many practicalnetworks,this will requirea largenumber
of Tracers( �% &� ).

IDMaps doesnot intendto provide preciseestimatesof dis-
tancesbetweenhostson the Internet; what it doesprovide is
estimatesof relative distancesbetweena source(e.g.a client)
anda setof potentialdestinations(e.g.server mirrors). Hence
we adoptanapplication-level performancemetric, � � � � , which
measureshow often the determinationof the closestmirror to
a client, usingthe informationprovidedby IDMaps, resultsin
a correctanswer. A quantitative evaluationof � �	�
� requiresa
de�nition of sometargetaccuracy, $ . A goodplacementis one
thatmaximizesthenumberof possiblenodepairsfor which $ %
of client nodeswill correctlyselecttheclosestmirror usingthe
distancemapinducedby IDMaps.Welaterintroduceapractical
lax versionof this measure.

As we will show in SectionVI, this ratherlax metricstill al-
lows IDMapsto provideusefulserviceswith a smallnumberof
Tracers.Furthermore,in reality, thenumberof Tracerswe can



place,andwherewecanplacethemontheInternet,will becon-
strainedby both administrative and budgetaryconsiderations,
our goal in this paperis not to determinethe minimum num-
berof Tracersrequiredto provide distanceestimatesto a given
precisionof accuracy, but rather to evaluatethe effectiveness
of variousplacementstrategiesfor varyingnumberof available
Tracers,accordingto theperformancemetric � �	�
� .

B. TracerPlacementHeuristics

Givena numberof Tracersandanunknown topology, wede-
visethefollowing heuristicsfor Tracerplacement:
Stub-AS:Tracersareplacedonly onstubAutonomousSystems
(ASs). This would mostlikely re�ect the initial deploymentof
Tracerson the Internet,whenTracerswould be run from end
hosts.
Transit-AS: Tracersare placedonly on transit ASs, i.e. ASs
connectedto morethanoneotherAS. This re�ects deployment
of IDMapson ISPbackbones.As IDMapsbecomesmorepop-
ular, we hopethat therewill be enoughincentivesfor network
providersandinstitutionswith privatenetworksto deploy it. For
networksthatdonothave IDMapsdeployed,Tracerscouldstill
berun from endhosts.
Mixed: Tracersareuniformly placedon the network. On one
hand,this is the simplestplacementmethodand doesnot as-
sumeany knowledgeof network characteristics.Ontheother, it
meansTracersareplacedonbothstubandtransitASs.In terms
of deployment,this placementre�ects IDMaps beingpartially
deployedonsomeISPs.
Idealized: For thepurposesof comparativestudy, we alsocon-
sider Tracerplacementusing the two algorithmspresentedin
SectionII. Sincethesealgorithmsrequirea priori knowledgeof
network topologies,wecall this theidealizedIDMaps.

IV. THE DISTANCE MAP

OnceTracersareplacedon the Internet,they starttracingto
eachotherandto regionsof the Internet,calledAPs (seedef-
inition in SectionIV-B.) The resultingtracesareadvertisedto
IDMaps' clients. Clients of IDMaps, suchas SONAR [9] or
HOPS[10] servers,collect the advertisedtracesandconstruct
distancemaps.In this section,we �rst discussTracer-to-Tracer
part of the distancemap; thenwe discussTracer-to-AP virtual
links.

A. Tracer-TracerVirtual Links

As of the writing of this paper, thereareabout60,000rout-
ing addresspre�xeson the Internet[11]. Assumingwe have
5% as many Tracers,and eachTracer tracesto every other
Tracer, therewill be about9 million virtual links to be con-
tinually tracedand advertised. In [1], we identi�ed casesin
which IDMaps may reducethe numberof virtual links traced
andstill maintainsgooddistanceestimates.We now generalize
this resultby applyingthe

�

-spanneralgorithm[12] to distance
mapconstruction.A

�

-spannerof a graphis a subgraphwhere
thedistancebetweenany pair of nodesis at most

�

timeslarger
thanin the original graph[13], [14]. Formally, given a graph,

���:�;�<�=	

, a
�

-spanneris a subgraph
�����:�;�<��� 	

,
���$� �

such
that �

���

�

�

�

�
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���

�
�

�

�

�

�

	

, 01�

�

� #

�

. Thenumberof edges
requiredto build a 5-spanner, for example,on a graphwith �

Algorithm 3 (
�

-spanner[12])

1. sort
�

by cost � in non-decreasingorder
2.

� �

T

�:�;�<��� 	 �����

T��

3. for eachedge
�

�

�

�

	

in
�

do
4. if

�

���

�

�<�

�

�

�
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���

T

�

�

�

�

	

c

���

Fig. 3. The 	 -spanneralgorithm.

nodesis O(��

�

�

). For
�

�������;� , thenumberof edgesrequired
is O(� ). We examinethe effect of usingdifferent

�

valueson
theperformancemetric � �	�
� in SectionVI.

The designof IDMaps allows its clients to provide feed-
backto Tracersonwhichvirtual links form their

�

-spannersand
shouldbe continually traced. To capturetopologicalchanges,
insteadof completelydisregardingvirtual links not currently
usedin building distancemaps,Tracerswill simply reducethe
frequenciesat which they traceandadvertisetheselinks. We
next describethe

�

-spanneralgorithm.
Cai [15] showed that the minimum

�

-spanner(a
�

-spanner
with the minimum numberof edges)is an NP-completeprob-
lem. However, asymptotically, the algorithm of Althöfer et
al. generates,from a graph

���:�;�<�
	

, a
�

-spannerswhoseedge
countis in thesameorderof magnitudeastheoptimal

�

-spanner
[12].

Fig. 3 presentsthe
�

-spanneralgorithmof Althöferetal. [12].
It �rst sorts,in increasingorder, all theedgesin

�

by theedge
cost. The edgesare examinedstartingwith the shortest. An
edge

�

�

�

�

	

is addedto thespanner
���

if it improvesthedistance
between� and � by at leasta factorof

�

.
To apply the

�

-spanneralgorithmdescribedabove would re-
quire IDMaps clients to �rst collect and store all �

�

virtual
links advertisedby the � Tracers. It alsoassumesthat oncea

�

-spanneris computed,it will remainstatic.In reality, wedonot
expectall IDMaps clients to be able to store �

�

virtual links.
As theunderlyingInternettopologychanges,we furtherexpect
the set of virtual links that makesup the

�

-spannerto change
from timeto time. HenceTracerscontinuallytraceandadvertise
all �

�

virtual links—albeitat differentfrequencies,with higher
frequenciesfor thoseusedby the

�

-spannerandthosethat are
lessstable;accordingly, IDMapsclientsmustbeableto examine
eachnew advertisementof a virtual link andcontinuallyupdate
their

�

-spanners.To allow for this incrementalupdate,we have
developedanincremental

�

-spanneralgorithm.5

B. Tracer-APVirtual Links

We de�ne an AP (AddressPre�x) asa consecutive address
rangewithin which all assignedaddressesareequidistant(with
somehysteresis)to therestof thenetwork. We investigatevar-
iousalternativesto discoveringAPson theInternetin a related
work [16]. In this paper, we look at whetherit is suf�cient for
eachAP to betracedby a singleTracer. If anAP hasmorethan
onepathto therestof theInternet,having asingleTracertracing

�

Spacelimitation preventsusfrom includingour incremental	 -spanneralgo-
rithm in thispaper.
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to thatAP couldresultin baddistanceestimatesbetweenthisAP
andhoststhatarenotsharingpathswith theTracer. Fig.4 shows
anetwork of four ISPsandthreeAPs.OneTracereachis placed
in ISP1,ISP2,andISP3,i.e.,T1, T2, andT3, respectively. The
labeloneachlink denotesthedistanceof thelink. Considerthe
following scenario.Mirrors M1 andM2 of a serviceareplaced
in AP3 andAP2, respectively. AssumethatTracerT1 tracesto
AP1,T2 tracesto AP2,andT3 tracesto AP3. Client C1 in AP1
will thenbedirectedto mirror M1 in AP3insteadof M2 in AP2.
Had TracerT2 alsotracedto AP1, the client would have been
directedto M2. We investigatethe effect of having morethan
oneTracertracingto eachAP in SectionVI-F.

V. SIMULATION SETUP

To studythevariousalgorithmspresentedin this paperprior
to thedeploymentof IDMapson theInternet,we conductsome
simulationson generatednetwork topologies. In this section,
we give anoverview of thethreetopologygenerationprocesses
usedin this study. Thenwe describehow we “deploy” IDMaps
on thegeneratedtopologies.Finally, we describehow theper-
formancemetric, � �	�
� , is computed.

TABLE I

NETWORK DIAMETER AND MAX NODE DEGREE

Model HopCount E2EDistance Max NodeDegree

Waxman 21 77,655 8
Tiers 35 14,635 20
Inet 18 78,379 24

A. TopologyGeneration

For thepurposesof building distancemaps,wemodeltheIn-
ternetas a �at network consistingof regions,all hostswithin
a region areconsideredequidistantto the rest of the Internet.
In our simulatednetworks,eachnoderepresentssucha region
(

�

� ). To havea roughestimateof thenumberof APs,we need
to take a look at ASs(AutonomousSystems)on thecurrentIn-
ternet.As of this writing, thereareabout5,300ASson theIn-
ternet,with about30% of them announcingonly one routing
pre�x [11]. Fig. 5 shows the distribution of inter-AS connec-
tivity degreeobservedfrom BGP peeringdatacollectedby the
NLANR (NationalLaboratoryfor Applied Network Research)
for themonthsof Nov. 97,Jun.98,andJun.99 [17]. Maximum
inter-AS connectivity was590 in Nov. 1997,812 in Jun.1998,
and1,161in Jun.1999.WemaketheobservationthatlargeASs,
suchasthosebelongingto ISPsandlarge companies,connect
togethermany networks thataretopologicallydispersed.From
the publishedISP backbonedata[18], we estimatethat large
ISPshave about20 exchangepoints each. To the �rst order
of approximation,we considerASswith degreeof connectivity
lessthan20asAPs.

We use three models to generatenetwork topologies: the
Waxmanmodel [19], Tiers [20], and a model basedon AS-
connectivity (“Inet”) observed from datacollectedon the In-
ternet. All threemodelswork by �rst placinga given number
of nodes, � , on a planeof dimensions� distanceunits by �

distanceunits. In this paper, we alwayschoose� that is oneor-
der of magnitudelarger than � . The costof eachedgein the
generatednetwork is the Euclideandistancebetweenthe two
endnodes,thecostof a pathbetweentwo nodesis the sumof
the edgecosts. The threemodelsdiffer in their determination
of (1) how nodesareplacedon the plane,(2) how many other
nodeseachnodeshoulddirectly connectto (a.k.a.nodecon-
nectivitydegree, or simply, nodedegree), and(3) which edges
areselectedto form the network. Thesethreemodelsproduce
networkswith very differentcharacteristics,includingthenode
degreedistribution, the end-to-enddelay distribution, and the
network diameter.

We usethe threemodelsto generatethree1,000nodenet-
works.6 Fig. 6 shows the distribution of nodedegreeof the
threegeneratedtopologies(we will explain the graphlabeled
“Inet Phase1” later). TableI lists the diameterandthe maxi-
mumnodedegreeof eachnetwork, andFigs.7 and8 show the
distribution of hop countsandend-to-enddistancebetweenall
nodepairson thethreenetworks,respectively. In Fig. 7 (8) the
hop counts(e2edistances)are normalizedby the diameterof
the respective network. We next describethe topologygenera-
tion processin greaterdetails.Waxman.TheWaxmanmodelis

�

Wecontinueto experimentwith morenetworksfrom eachmodel.
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widely usedin the literaturefor generatingrandomtopologies.
To usethis model, we selecttwo parameters:

�

, the average
nodedegree,and $ , the densityof shortedgesin the network.
Given � nodes,the Waxmanmodelplacesthemon the plane
by randomlygeneratingeachnode's # and � coordinatesfrom a
uniform distribution over the interval � �

�

��� . We thencompute
�

, the maximumEuclideandistancebetweenany two nodes
on the network. The probability of having an edgebetween
nodes � and � is then calculatedaccordingto the probability

�

�

�

�

�

	

�

� ���
	

'

����


4��

�����

� , where �

�

�

�

�

	

is theEuclideandis-
tancebetween� and � . A randomnumberbetween0 and1 is
generated.Theedgeis addedif this numberis smallerthanthe
computed�

�

�

�

�

	

. We use $ �

� � and
�

�

�

������� , which give
us a meannodedegreeof around2.2. Finally, a spanningtree
is computed,addingedgeswherenecessary, suchthat the �nal
network is a connectedgraph.

Tiers. Tierswasdesignedto generatenetworkswhosetopology
resemblesthatof typical internetworks; in particular, Tierswas
designedto capturethepresenceof locality andhierarchyin in-
ternetworks. Sincewe model the Internetasa �at network of
APs,weuseTiersto generatenetworksconsistingof only WAN
(wideareanetwork) nodes(in Tiersterminology).7 Tiersplaces
the given � nodeson the �

�

� planeensuringthat nodesare
not within a radiusof �

� �  �� � of eachother. Theconnectivity
degreeof eachnodeis randomlydistributedwith a maximum
nodedegree(WAN redundancy, in Tiersparlance)of j . Fig. 6
showsthedistributionof theresultingnodedegreeonour1,000
nodenetwork for j � ��� . Edgesareaddedby �rst computing
a minimum spanningtreeconnectingthe nodes.Eachnodeis
thenconnectedto asmany othernodesasspeci�ed by its node
degree. In selectinga node's neighbors,theonesclosestto the
nodethathavenot yetmettheirnodedegreesareselected�rst.

Inet. We constructthis modelbasedon resultsreportedin [21]
andthefollowing empiricalobservationswe madeon theinter-
AS connectivity datafrom NLANR:
1. ThetopmostconnectedASsform afull-mesh.
2. Themostcommonpeersof thetop mostconnectedASsare
ASswith connectivity degreeof two.
3. The top mostconnectedASs generallydo not directly con-
nectto otherASswith connectivity degreeof one,eventhough
oneis themostcommondegreeof connectivity.

�

Tiersis alsocapableof generatinghierarchicalnetworks;however theresult-
ing topologylooks like a single-backboneISP network insteadof an internet-
work of ISPs.

The above observations about AS connectivities coincide
with the�ndings ontreedepthin [21]. As of June1st,1999,the
numberof ASs that qualify for “the top mostconnectedASs”
using eachof the threecriteria is 10, 15, and 5, respectively.
Fig. 5 indicatesan increasein AS connectivity between1997
and1999,both in termsof the increaseof dual-connectedASs
andtheincreaseof maximuminter-AS connectivity. Maximum
inter-AS connectivity was590 in Nov. 1997,812 in Jun.1998,
and1,161in Jun.1999.Henceweexpecttheaboveobservations
to remaintruefor thefuture.

OurInetmodelis constructedin two phases.In the�rst phase,
we modelAS connectivity by randomlyplacing � a�� � nodes
on an �

�

� plane,we de�ne � and � in the descriptionof the
secondphasebelow. Sinceouredgeselectionprocess(described
below) doesnot addedgesbasedon Euclideandistance,we do
notneedto ensurethatnodesareat leastacertaindistanceapart.
We thenassignthenodedegreesuchthatthefrequency of each
degreeoccurringagreeswith the power law presentedin [21].
Edgesarethenaddedto simulatethecharacteristicsof inter-AS
connectivity we observed from the NLANR data,as follows:
�rst we connectthe top ! nodesinto a full-mesh; in this pa-
per ! �"� . For these! nodes,we thenconnect10% of their
edgesto randomlyselectednodeswith degreeof connectivity
two. Finally, to achievefull connectivity, we�ll thenodedegree
requirementof theremainingnodes,startingfrom theoneswith
highestdegreeof connectivity, by ensuringthateachnodeis ei-
ther connectedto these! nodesor connectedto anothernode
thatcanreachthese! nodes.

In thesecondphase,we expandthemostconnected� nodes
into networkswith � nodeseach.This is to simulatetheobser-
vationwemadeearlierthatASswith thelargestdegreesof con-
nectivity usuallybelongto ISPswith geographicallydispersed
networks. In this paper, we use� �#��� for � �#�

�

����� , � �%$��

for � �'&

�

����� , and �/� ��� in all cases.We call the nodes
generatedin the �rst phaseof the Inet model,“phase-1nodes”
andthosegeneratedin thesecondphase,“phase-2nodes.” Re-
�ecting the geographicallydispersednatureof networks con-
nectedto largeISPs,phase-2nodesarerandomlyplacedon the
plane.Connectivitiesbetweenphase-2nodesreplacingthesame
phase-1nodearedeterminedusingtheWaxmanmodel. These
phase-2nodesalsoinherit, from thephase-1nodethey replace,
anddivideamongthemselves,connectivity to therestof thenet-
work. In Fig. 6, the graphlabeled“Inet phase1” shows the
distribution of the nodedegreeof the � a(� � phase-1nodes,
thegraphlabeled“Inet” shows thedistribution of thenodede-
greeof all � nodes,after the secondphaseexpansion;in this



case� � �

�

����� . Themaximumnodedegreebeforethesecond
phaseexpansionis 170,afterwards,24.

B. IDMapsInfrastructure

Oncea network is generated,webuild anIDMapsinfrastruc-
ture on it. In this section,we describehow the variousTracer
placementanddistancemapcomputationalgorithmsandheuris-
ticsareimplemented.

Tracer Placement.In SectionIII-B, we list four Tracerplace-
ment heuristics: Stub-AS,Transit-AS,Mixed, and Idealized.
Given � Tracers,to implementStub-ASTracerplacement,we
pick � nodeswith the lowest degreesof connectivity to host
Tracers.Conversely, for Transit-ASplacement,wepick � nodes
with thehighestdegreesof connectivity. We implementMixed
Tracerplacementby giving equalprobabilityto all nodeson the
generatednetwork to hostaTracer. We implementtheIdealized
placementby computingTracerplacementusingthealgorithms
describedin SectionII.

DistanceMap Computation. A distancemap consistsof two
parts: Tracer-Tracervirtual links and Tracer-AP virtual links.
Each Tracer advertisesthe virtual links it traces. Clients of
IDMaps collect theseadvertisementsandbuild a distancemap
out of them. We do not simulatevirtual link tracingandadver-
tisementin this study, andwe only simulatea single IDMaps
client. The simulatedIDMaps client hasa full list of Tracers
andtheir locations.TheTracer-Tracerpartof thedistancemap
is computedeitherassuminga full-meshamongall Tracers,or
by executingtheoriginal

�

-spanneralgorithmshown in Fig. 3.
EachAP (node)canbetracedby oneor moreTracers.When

eachAP is tracedby asingleTracer, theTracerclosestto anAP
is assignedto traceto theAP. If anAP is to be tracedby more
thanoneTracer, Tracersareassignedto theAP in theorderof
increasingdistance. In our simulations,we assumeall edges
arebidirectional,andpathshavesymmetricand�x edcosts.We
studytheeffect of measurementerrorandstability on IDMaps'
performancein a relatedwork [16].

Onceadistancemapis built, thedistancebetweentwo nodes,
�

and
�

is estimatedby summingup the distancefrom
�

to
its nearestTracerTA, thedistancefrom

�

to its nearestTracer
TB, and the distancebetweenTA and TB. When a full-mesh
is computedbetweenTracers,theTA to TB distanceis exactly
the length of the shortestpath betweenthem on the underly-
ing network. Otherwise,they arecomputedfrom the

�

-spanner.
If

�

and/or
�

have multiple Tracerstracing to them, the dis-
tancebetween

�

and
�

is theshortestamongall combinations
of Tracer-AP and Tracer-Tracerdistancesfor the Tracersand
APsinvolved.

C. PerformanceMetric Computation

Recallthatweevaluatetheef�cacy of IDMapsby computing
the “correctness”of closestserver selectionusingthe distance
mapprovidedby IDMapsagainstselectionbasedon theunder-
lying topology( ���	�
� ). Consideringthaton theInterneta client
servedby a server 15 ms away would probablynot experience
a perceptibledifferencefrom being served by a server 35 ms
away, or thata server200msaway will not appearmuchcloser
thanone150 ms away, we considerIDMaps' server selection

TABLE II

SIMULATION PARAMETERS

Topology Placement � T-T Map T/AP
Waxman Stub-AS 10 full-mesh 1
Tiers Transit-AS 20 2-spanner 2
Inet Mixed 40 10-spanner 3

Min 	 -center 100
h -HST

correctas long as distancebetweenthe client and the closest
server determinedby IDMaps is within a factorof � timesthe
distancebetweentheclient andtheactualclosestserver (in this
paper, weuse �_� � ).

To computethe ef�cacy of IDMaps, we �rst place3 server
mirrors on our simulatednetwork. We placethe mirrors such
that the distancebetweenany two of them is at least1/3 the
diameterof the network. We considerall the other nodeson
thenetwork asclientsto theserver. We thencomputefor each
client theclosestserver accordingto thedistancemapobtained
from IDMaps,andaccordingto theactualtopology. For agiven
3-mirror placement,we compute���	�
� asthepercentageof cor-
rectIDMaps' answersovertotalnumberof clients,with thecor-
rectnesscriterionde�ned above. We repeatthis experimentfor
1,000different3-mirror placements,obtaining1,000 �

� � � val-
ues. In the next section,we presentour simulationresultsby
plotting thecomplementarydistribution function8 of these� �	�
�

values.We planto studytheperformanceof IDMapswhenthe
clientpopulationis notuniformly distributedacrossall nodesin
a relatedwork [16].

VI . SIMULATION RESULTS

TableII summarizestheparametersof our simulations.The
headingof eachcolumn speci�es the nameof the parameter,
andthevariousvaluestried arelisted in therespective column.
Thecolumnlabeled“Topology” lists thethreemodelsweuseto
generaterandomtopologies.The“Placement”columnlists the
Tracerplacementalgorithmsandheuristics.The “ � ” columns
lists the numberof Tracerswe use on 1000-nodenetworks.
The “T-T Map” columnlists the methodsusedto computethe
Tracer-Tracerpartof thedistancemap.The“T/AP” columnlists
thenumberof Tracerstracingto anAP. We experimentedwith
almostall of the 540 possiblecombinationsof the parameters
on1,000nodenetworksandseveralof themon4,200nodenet-
works.Themajorresultsof our studyare:
1. Mirror selectionusing IDMaps gives noticeableimprove-
mentover randomselection.
2. Network topologycanaffect IDMaps' performance.
3. Tracerplacementalgorithmsthat rely on knowing the net-
work topologydonotalwaysoutperformheuristicsthatdonot.
4. AddingmoreTracersgivesdiminishingreturn.
5. Numberof Tracer-Tracervirtual links requiredfor goodper-
formancecanbeO(� ) with a smallconstantmultiplier.
6. Increasingthe numberof Tracerstracing to eachAP im-
provesIDMaps' performancewith diminishingreturn.
Theseresultsapply to both the 1000-nodeand4200-nodenet-
works. We presentsimulationdatasubstantiatingeachof the
aboveresultsin thefollowing subsections.

�

Thecomplementarydistribution function, ��� D��.J
	���
��5D��.J , where�5D��.J

is thecumulative distribution functionof therandomvariable� .



A. Mirror Selection

Resultspresentedin this subsectionareobtainedfrom simu-
lationson a 1,000-nodenetwork with topologygeneratedusing
the Inet model. In all cases,thenumberof Tracersdeployedis
10(1%of nodes),thedistancemapsarebuilt by computingfull-
meshesbetweentheTracers,with only asingleTracertracingto
eachAP.

We comparethe resultsof randomlyselectionagainstselec-
tion usingthedistancemapgeneratedby IDMaps.Themetricof
comparisonis � �	�
� . Eachline in Fig. 9ashowsthecomplemen-
tary distribution function of 1,000 ���	�
� valuesasexplainedin
theprevioussection.For example,theline labeled“Transit-AS”
showsthatwhenmirrorsareselectedbasedon thedistancemap
computedfrom Tracersplacedby theTransit-ASheuristic,the
probability that 80% of all clientswill be directedto the “cor-
rect” mirror is 100%(recall our de�nition of correctnessfrom
the previous section);however, the probability that 98% of all
clientswill be directedto the correctmirror is only 85%. We
start the x-axis of the �gure at 40% to increaselegibility. The
line labeled“ i -HST” is the result for idealizedIDMaps when
the i -HST algorithmis usedto placeTracers. The i -HST al-
gorithmrequiresknowledgeof thetopology(seeSectionII-A).
The line labeled“RandomSelection” is the result when mir-
rors are randomlyselectedwithout using a distancemap. As
expected,it performswell for less than 40% correctnessand
the performancedeterioratesbeyond 60% correctness.Mirror
selectionusingdistancemapsoutperformsrandomselectionre-
gardlessof theTracerplacementalgorithm.Weranthesameex-
perimentwith Inet topologiesgeneratedusing31 differentran-
domseedsandcomputedthe95%con�denceinterval (shown as
error bars)for the tail distribution in Fig. 9a. We includeonly
the bestandworst performingTracerplacementalgorithmsin
Figs.9 for legibility of thegraphs.Therelative performanceof
thevariousplacementalgorithmsis presentedin SectionVI-C.

B. Effectof Topology

Figs. 9b and9c show the resultsof runningthe samesetof
simulationsasin theprevioussection,but on topologiesgener-
atedfrom the WaxmanandTiers models,respectively. Again,
theerrorbarsoneach�gure showsthe95%con�denceinterval
computedfrom 31 randomlyseededtopologies. While mirror
selectionusingadistancemapprovidesbetterperformancethan
randomselectionin all cases,performanceon the Tiers gen-
eratedtopology exhibit a qualitatively different behavior than
thoseon the other two topologies. For example,the Transit-
AS heuristicgivesbetterIDMapsperformancethanthe i -HST
algorithmon topologiesgeneratedfrom the Inet andWaxman
models,but not soon thetopologygeneratedfrom Tiers.

We offer a hypothesisfor the relatively poorperformanceof
randommirror selectiononTierstopology. Fig. 8 showsthatal-
mostall theend-to-enddistancesin Inet generatednetwork fall
between20%and60%of thenetwork diameter. Whenwe ran-
domly pick two distancesfrom this network, it is highly likely
that they will fall within this range.Consequently, onedistance
will benomorethan3 timeslongerthantheother. Sogivenour
de�nition of theperformancemetric,eventherandomselection
cangiveacceptableperformance.As canbeseenby comparing

Fig. 9b againstFigs.9aand9c, this is moreevident in thenet-
work generatedfrom the Waxmanmodel,wherethe distances
fall between30%and70%of thenetwork diameter. However,
the distancedistribution for the Tiers topology is much more
dispersed,and the rangeis between10% and 70% of the di-
ameter. It is much harderfor two randomlypicked distances
to be closewithin a factor3. This is corroboratedby the poor
results“RandomSelection”returns.We noteagainthatdespite
thesigni�cant differencesin thethreemodels,IDMapsis ableto
providenoticeableimprovementsin mirror selectionin all three
cases.

C. Performanceof PlacementAlgorithms

To comparethe relative performanceof the variousTracer
placementalgorithmsandheuristics,we repeatthesamesimu-
lationsasin theprevioustwo subsections,oncefor eachplace-
ment algorithm. Then using the complementarydistribution
function of the � �	�
� valuesobtainedfrom running the Mixed
placementalgorithmasthebaseline,we computethe improve-
mentof theplacementalgorithmsrelative to Mixedplacement.
Theresultsarepresentedin Figs.10aand10bfor networksgen-
eratedusingthe Inet andTiers model,respectively. For exam-
ple, Fig. 10b shows that for the Tiers topology, while the Min

+ -center, i -HST, and Stub-ASplacementalgorithmsoutper-
form theMixedalgorithm,theTransit-ASplacementalgorithm
underperformsit. While no placementalgorithmconvincingly
outperformany other, it is interestingto notethatthemereexis-
tenceof IDMaps,regradlessof theplacementalgorithm,already
providessigni�cant improvementover randomselection.

D. HavingMore Tracers

In this subsection,we studytheeffect of increasingthenum-
berof Tracerson IDMaps' performance.Fig. 11ashows there-
sultsof runningtheTransit-ASplacementalgorithmona1,000-
nodenetwork generatedusingthe Tiers model. Increasingthe
numberof Tracersfrom 10 to 20 improvesperformanceper-
ceptibly, with diminishingimprovementsfor further increases.
ComparingFig. 11aagainstFig. 9c from SectionVI-B we see
that increasingthenumberof Tracersfrom 10 to 20 makesthe
performanceIDMapsusingtheTransit-ASplacementalgorithm
comparableto thatusingthe i -HSTalgorithmwith 10Tracers.

Fig. 11b shows the resultsof runningthe Transit-ASplace-
ment algorithm on a 4,200-nodenetwork generatedusing the
Inet model. Again, we see a perceptibleimprovement in
IDMaps performancewhen the numberof Tracersincreases
from 10 to 35, with diminishing improvementsfor further in-
creases.Also of signi�canceis thathaving only .2%of all nodes
servingasTracersalreadyprovidescorrectanswer90% of the
time with very high probability. Overall, it is clearthat we do
notnecessarilyneedalargescaleIDMapsdeploymentto realize
animprovementin thecurrentmetricof interest,�

�	�
� .

E. DistanceMapReduction

In all the simulationsreportedso far, the distancemapsare
built by computingfull-meshTracer-Tracervirtual links. Fig-
ure 12 shows the resultsof running the Transit-ASalgorithm
to place100Tracerson a 1,000-nodenetwork generatedusing
the Inet model,with Tracer-Tracervirtual links computedasa
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Fig. 9. Mirror selectionon1,000-nodenetwork with 10Tracers.

-50

-40

-30

-20

-10

0

10

20

30

40

50

40 50 60 70 80 90 100

P
er

ce
nt

ag
e 

of
 Im

pr
ov

em
en

t

Percentage of Correct Answers

Transit AS
Min K-center

Stub AS
k-HST

a. Inet

-50

-40

-30

-20

-10

0

10

20

30

40

50

40 50 60 70 80 90 100
P

er
ce

nt
ag

e 
of

 Im
pr

ov
em

en
t

Percentage of Correct Answers

Transit AS
Min K-center

Stub AS
k-HST

b. Tiers
Fig. 10. Improvementof placementalgorithmsover the“Mix ed” algorithmon1,000-nodenetwork, 10Tracers.

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

40 50 60 70 80 90 100

C
om

pl
em

en
ta

ry
 D

is
tr

ib
ut

io
n 

F
un

ct
io

n

Percentage of Correct Answers

10 Tracers
20 Tracers
40 Tracers
80 Tracers

100 Tracers

a.1,000-nodeTiersnetwork

0

0.2

0.4

0.6

0.8

1

80 85 90 95 100

C
om

pl
em

en
ta

ry
 D

is
tr

ib
ut

io
n 

F
un

ct
io

n

Percentage of Correct Answers

10 Tracers
35 Tracers
70 Tracers

140 Tracers
350 Tracers

b. 4,200-nodeInetnetwork
Fig. 11. Mirror selectionusingIDMapswith varyingnumberof Tracers.

full-meshandas
�

-spanners.For
�

� � , thereis no perceptible
differencein performance;for

�

� � � , theperformanceis worse.
Qualitatively similar resultsareobserved for topologiesgener-
atedby theWaxmanandTiersmodels,with worseperformance
for

�

� ��� in theTierscase.

Using a
�

-spannerin placeof a full-mesh can signi�cantly
reducethe numberof Tracer-Tracervirtual links that must be
traced,advertised,andstored. Table III shows that for all the
topologieswe experimentedwith, the numberof virtual links
usedby both2- and10-spannersareO(� ) with asmallconstant
multiplier. In contrast,the numberof virtual links requiredto
maintaina full-meshfor � � � ��� is 4,950edges.

TABLE III

NUMBER OF VIRTUAL LINKS USED BY 	 -SPANNER.

Placement 2-spanner 10-spanner
Inet

Stub 628 198
Mixed 520 200
Transit 434 198
Min 	 -center 402 198

Waxman
Stub 654 198
Mixed 466 198
Transit 386 202
Min 	 -center 434 196

Tiers
Stub 268 202
Mixed 264 200
Transit 262 198
Min 	 -center 266 202
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F. Multiple Tracersper AP

In all oursimulationssofar wehaveassumedthatonly a sin-
gle Tracer traceseachAP. On the 1000-nodenetwork gener-
atedusing the Waxmanmodel, we experimentedwith having
two andthreeTracerstracingto eachAP. Tracersareplacedus-
ing the Transit-ASalgorithm,anda full-meshis computedfor
Tracer-Tracervirtual links. Using the oneTracerper AP per-
formanceasthebaseline,we computethepercentageimprove-
mentof increasingthenumberof TracersperAP. We only con-
siderup to 3 TracersperAP sincecurrently85%of ASson the
Internethave degreeof connectivity of at most3 (seeFig. 5).
Figs. 13 shows the resultsfor IDMaps with 100 Tracers. The
�gure shows clearly the diminishingreturnof having multiple
tracersperAP.

VI I . CONCLUSION

It hasbecomeincreasinglyevidentthatsomekind of distance
mapserviceis necessaryfor distributedapplicationson the In-
ternet. However, the questionof how to build sucha distance
mapremainslargely unexplored. In this paper, we tackle the
questionof how a measurementnetwork canbe placedon the
Internetto collectdistanceinformation.

In the context of closestserver selection for clients, we
showedthat,signi�cant improvementoverrandomselectioncan
be achieved usingplacementheuristicsthat do not requirethe
full topologicalknowledge. In addition, we showed that the
IDMapsoverheadcanbeminimizedby applyingspannersto the
Tracer-Tracervirtual links, which resultsin linearmeasurement
overheadwith respectto the numberof Tracers.Furthermore,
we looked at sometheoreticalapproachesto the well-known
centerplacementproblem,which canpotentiallyprovidea the-
oreticalbasisfor our on-goingresearch.Overall this studyhas
providedpositive resultsto show thatan Internetdistancemap
serviceis indeeduseful.
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