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Abstract—Internet Service Providers and infrastructural companiesof-
ten employ mirr ors of popular content to decreaseclient download time
and server load. Dueto the immensescaleof the Internet and decentralized
administration of the networks, companieshave a limited number of sites
(relative to the sizeof the Internet) where they can placemirr ors. Mirr ors
of popular contentare usually replicatedon every site to maximize reacha-
bility to clients. In this paper, we study the performance improvementsas
the number of mirr ors increasesunder different placementalgorithms sub-
ject to the constraint that mirr ors can be placed only at certain locations.
Although there are extensive theoretical studieson center placementand,
morerecently, analytical and empirical studieson webcacheplacement,we
arenot awareof any published literatur e on mirr or placementespeciallyin
the caseof constrained mirr or placement. Our resultsshow that increas-
ing the number of mirr or sitesunder the constraint is effective in reducing
client download time and reducingserver load only for a surprisingly small
rangeof valuesregardlessof the mirr or placementalgorithm.

I . INTRODUCTION

Thereis a growing numberof frequentlyaccessedweb sites
thatemploy mirror serversto increasethereliability andperfor-
manceof their services. Mirror servers (or simply “mirrors”)
replicatethewholeor themostpopularcontentof a webserver
(the “server” henceforth).Clientsrequestingthe server’s con-
tent areredirectedto the mirrors. Sinceeachmirror seesonly
a portionof thetotal requests,clientscanbeservedfaster. Fur-
thermore,if clientsareredirectedto mirrorscloserto themthan
theserver, downloadtimecanbereduced.In thispaper, mirrors
referto locationsinsteadof servermachines;in otherwords,we
considerco-locatedserversto beasinglemirror.

At first glance,web cachesserve the samepurposeasmir-
rors. We differentiatemirrors from cachesin that client access
to a mirror alwaysfinds the requestedcontent. A client is re-
directedto amirror only whenthemirror hastherequestedcon-
tent.Mirrors canalsoservesomeformsof dynamiccontentand
contentcustomizedfor eachclient.

Thereis a cost to keepingmirrors’ contentconsistentwhen
the contentof the server changes.Variousalgorithmsto keep
webcachesconsistenthave beenproposedin the literatureand
are applicableto mirrors. We categorize thesealgorithmsas
basedon time-to-live, e.g. [1], or server invalidation,e.g. [2].
Without going into the detailsof the algorithms,we note that
thecostof keepingmirrorsconsistent,in termsof theamountof

This project is fundedin part by NSF grant numberANI-9876541. Sugih
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.

Danny Raz is currently with the ComputerScienceDepartment,Technion,
TechnionCity, Haifa 32000,Israel.http://www.cs.technion.ac.il/˜danny

Yuval Shavitt is currently with the Departmentof Electrical Engineering–
Systems,Tel Aviv University, Tel Aviv 69978,Israel

traffic seenattheserver(in thecaseof [1]) or in thetotalamount
of traffic seenon thenetwork (in thecaseof [2]) increaseslin-
earlywith thenumberof mirrors.Thusevenif oneassumesthat
larger numberof mirrors provides further reductionin server
load and client download time, simply increasingthe number
of mirrorswith impunity will resultin higherconsistency cost.
Certainly, onewould bewilling to pay thecostassociatedwith
larger numberof mirrors if it is outweighedby the reduction
in overall systemcost. We show in this paper, however, that
on Internet-like settings,increasingthe numberof mirrors be-
yonda certainnumberdoesnot significantlyreduceserver load
norclientdownloadtime. Obviouslywearenotconsideringthe
casewherethereis a mirror oneveryclienthostor LAN.

Given a finite numberof mirrors, we are then interestedin
whethertheir placementon the Interneteffectsthe overall sys-
temperformance.In SectionII we look at variousmirror place-
mentalgorithmsandheuristics.Ideally, a mirror canbeplaced
wherethereis a large concentrationof clientsinterestedin the
contentof a server [3]. In this paper, however, we only con-
sider a model in which there is a fixed numberof candidate
machineswheremirrors canbe placed. We call this the Con-
strainedMirror Placement(CMP) problem. An ISP (Internet
ServiceProvider) or anInternetinfrastructurecompany, for in-
stance,mayhave a largenumberof machinesscatteredaround
theInternetcapableof hostingmirrors.A contentproviderwith
a busywebserver canrentresourceson thesemachinesto host
theirmirrors.Thequestionis thus:onwhichsubsetof thecandi-
datemachinesshallacontentproviderputmirrorsof its content?

Beforewelook at theeffectsof increasingthenumberof mir-
rors andof the placementalgorithms,we first presenta more
formaldefinitionof theCMPproblemin thenext section.

I I . CONSTRAINED M IRROR PLACEMENT

WemodeltheInternetasagraph,
���������
	��

, where
�

is the
setof nodesand

	�
������
thesetof links. We define� 
��

to be the set of candidatehostswheremirrors can be placed,� 
 � thesetof mirrorsof a particularserver � , and � 
��
the setof � ’s clients. The objective of the CMP problemis to
placethe setof mirrors on the setof candidatehostssuchthat
someoptimizationcondition � ���������

(definedbelow) is satis-
fied for the client set. How well the optimizationcondition is
satisfieddependson thesizesandtopologicalplacementsof the
candidatehostandclients.We denotethesizesof thecandidate
host,mirror, andclientsetsas � ��� � � � � , and � ��� , andtheir topo-
logicalplacementsas � � �!�  ���"�

, and � � � respectively. We
usethenotation� �
� , and� todenoteaspecificsizeandplace-
mentof thesets.We only considerthecasewhere � � �$#%� �&� .
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In thispaper, westudytheeffectof changing' ()' and *�+�(-,
while holding ' .�' constant,with .�/1032�4 , and .�510%687 .
Weexperimentwith uniformly distributed *�+9.1, andby placing
candidatehostson nodeswith thehighestoutdegrees(outgoing
links) first. We alsoexperimentwith bothuniformly distributed
andtrace-based*�+:0;, .
A. Optimization Condition <�+�(>=�?�,

Weidentify two goalscommonlyassociatedwith placingmir-
rors on the Internet: reducingclient downloadtime andallevi-
atingserver load. In theprevioussectionwe presentedthecost
of keepingmirrors consistentasa limiting factor in deploying
largenumberof mirrors. We further statedthatevendiscount-
ing consistency cost,we will show in this paperthat increasing
thenumberof mirrorsbeyonda certainnumberdoesnot signif-
icantly reduceserver loadnor client downloadtime. Hence,for
the remainderof this paper, we will assumezerocost to keep
mirrorsconsistent.With zeroconsistency cost,we cantreatthe
server itself assimply oneof the mirrors. Assumingonecan
adda mirror with no cost, we ask by how much doesadding
onemoremirror reduceclient downloadtime andalleviateload
at existing mirrors(includingtheserver). Client downloadtime
is effectedby load at mirrors andnetwork latency (in termsof
round-triptime).1 Hencewe canrephrasethetwo goalsof mir-
ror placementasreducinground-triptime betweena client and
theclosestmirror andalleviating loadatmirrors.

Oneway to alleviate loadat mirrors is to run a load balanc-
ing algorithmby which clientsaredirectedto the mirror with
the leastload [4]. In this paper, we take a differentapproach
andconsiderreducinground-triptime asour sole optimization
condition, <�+�(�=�?�, . A heavily loadedmirror canalwaysbebet-
ter provisionedto meetthe load requirements,e.g.by forming
a server cluster[4], whereas,in the limit, it maynot be techni-
cally or administratively possibleto bringthemirrorsany closer
to the clients. In this study, we also ignore the time it takes
for the client to find its closestmirror; any mechanismto im-
provethis transactioncanbeequallyappliedto otherredirection
schemes.A majorconsiderationthatinformsourdecisionto use
round-trip time as the soleoptimizationcondition is that TCP
(TransmissionControlProtocol),thetransportprotocolthatun-
derlies the large majority of Web download, haswell-known
biasesagainstconnectionswith long round-trip times (RTTs)
[5]. TCP usesdroppedpackets as a signal of network con-
gestion.Upondetectionof network congestion,TCPbacksoff
its transmissionwindow sizeandslowly increasesthe window
againbasedon successfullyacknowledgedtransmissions.Con-
nectionswith longer RTTs thus experiencelonger congestion
recoveryperiods.In this paperwe studyin turn theuseof max-
imum,95%-tile,andmeanclients’RTTsto theirclosestmirrors
astheoptimizationcondition,denotedas <�+�(>=A@B, , <�+�(�=AC DFEG, ,
and <�+�(�=
HI, respectively.

In order to direct clients to the closestmirrors, we needto
know thedistancesbetweeneachclientandall of themirrors. If
thenetwork topologyis known, themirror closestto any partic-
ularclientcanbeidentifiedby computingtheshortestpathfromJ

Network round-triptimecapturesthepath’sbottleneckbandwidth,to thefirst
degreeof approximation.

Algorithm 1 (2-approximate minimum K -center [8])

1. ConstructLNM J!O LNMM OQPQPRPRO LNMS
2. ComputeTVU for eachLNMU
3. Find smallestW suchthat X TVUQXAYZK , say[
4. T]\ is thesetof K centers

Fig. 1. Two-approximatealgorithmfor theminimum K -centerproblem.

theclient to all mirrors,usingDijkstra’s shortestpathfirst algo-
rithm, for example.Whennetwork topologyis notknown, such
asin thecaseof theInternet,client re-directioncanbedoneran-
domly. In [6], theauthorshave shown thatclosestmirror selec-
tion usinga distancemap2 invariablygivesbetterperformance
thanrandomselection.In this paper, in comparingvariousmir-
ror placementalgorithms,we assumethat network topologyis
known andtheclosestmirror to aclientcanbedeterministically
computed.In SectionIII-C wepresentamethodologyby which
a virtual topologycanbe computedon the Internetwherethe
physicaltopologyis not known.

B. Mirror Placement Algorithms and Heuristics

We now presenttwo graph-theoreticalgorithms and one
heuristicswe usein placingmirrors. In the subsequentdiscus-
sion,weusetheterm“center” to mean“mirror”.

Min ^ -center: This is a graphtheoreticalgorithmthat finds a
setof centernodesto minimizethemaximumdistancebetween
a nodeand its closestcenter. Given this definition, the min^ -centerproblemis relevant only in the caseof optimization
condition <�+�(>=A@B, . Themin ^ -centerproblemis known to be
NP-complete[7], howevera2-approximatealgorithmexists[8].
With the 2-approximatealgorithm, the maximumdistancebe-
tweena nodeandits nearestcenteris no worsethantwice the
maximumin theoptimalcase.For easeof reference,we include
hereour summaryof the2-approximatealgorithmpresentedin
[6]:
The algorithm receives as input a graph _`2a+�7�=
bV, where7 is the set of nodes, bc2)7"de7 , and the cost of an edgef 2g+:hjik=RhklB,nmob , pk+ f , , is the cost of the shortestpath be-
tween hji and hkl . All the graph edgesare arrangedin non-
decreasingorder by cost, p : pk+ f iq,srtpG+ f lA,sr)CACuCvrtpk+ fBw , ,
let _�xy2�+�7�=
bzx{, , where bzxy2�| f i = f l =ACuCuCu= f x{} . A square graph
of _�x , _ lx is thegraphcontaining7 andedges+�~�=
h�, wherever
thereis apathbetween~ and h in _ x of atmosttwo hops,~��2�h .
An independent set of a graph _�2�+�7�=�b�, is a subset7���687
suchthat, for all ~�=
h�mn7�� , theedge +�~�=
h�, is not in b . An in-
dependentsetof _ lx is thusa setof nodesin _�x thatareat least
threehopsapartin _ x . We alsodefinea maximal independent
set � asan independentset 7�� suchthat all nodesin 7���7��
areat mostonehopaway from nodesin 7�� .
M By “distancemap”wemeanavirtual topologyof theInternetconstructedby

tracingpathsontheInternet.In [6], theauthorsproposeanarchitectureto build
suchadistancemap.
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Algorithm 2 ( � -Greedy[9])

1. if ( � ���A�V� )
2. Chooseamongall sets��� with � ��������� ���
3. theset ��� � with minimal ������� �����G�
4. return set ��� �
5. end
6. Set � � to beanarbitrarysetof size �
7. while ( � � � �A��� ��� )
8. Amongall sets� of � elementsin � �
9. andamongall sets  of ��¡Z¢ elements
10. in £¥¤�� � ¡¦� , choosethesets�]�§ 
11. with minimal ����� � ¤��n¡¦ ����G�
12. � � �Z� � ¤��¨¡© 
13. end
14. return set � �

Fig. 2. Algorithm � -Greedy.

The outline of the minimum ª -centeralgorithm from [8] is
shown in Fig. 1. Thebasicobservationis thatthecostof theop-
timal solutionto the ª -centerproblemis thecostof «B¬ , where­
is thesmallestindex suchthat ®�¬ hasadominatingset3 of sizeat
most ª . This is truesincethesetof centernodesis a dominat-
ing set,andif ® ¬ hasa dominatingsetof size ª , thenchoosing
thissetto bethecentersguaranteesthatthedistancefrom anode
to thenearestcenteris boundedby «¯¬ . Thesecondobservation
is thata startopologyin ®�¬ , transfersinto a clique (full-mesh)
in ®�°¬ . Thus,amaximalindependentsetof size ª in ®�°¬ implies
thatthereexistsa setof ª starsin ® , suchthatthecostof each
edgein it is boundedby ±k«¯¬ : thesmallerthe ­ , thelargerthe ª .
Thesolutionto theminimum ª -centerproblemis the ®�°¬ withª stars. Note that this approximationdoesnot alwaysyield a
uniquesolution.
We have to make furtherapproximationsin applyingthe mini-
mum ª -centeralgorithmto theCMPproblem.In theconstruc-
tion of theminimum ª -centeralgorithmabove,any nodein ®
maybeselectedto actasa “center”. In CMP, only nodesin ²
canhosta mirror. Thusto apply the min ª -centeralgorithm,
wefirst run thealgorithmon ® with ³�´µ²�¶�· . Shouldanode
in · be selectedasa center, we substituteit with a nodein ²
thatis closestto it. Recallthatwe assume²�¸�·e´�¹ .º
-Greedy: This algorithm placesmirrors on the network iter-

atively in a greedyfashion. First it exhaustively checkseach
nodein ² to determinethenodethatbestsatisfiestheoptimiza-
tion condition(seeSectionII-A) for given · . For

º ´¼» , after
assigningthefirst mirror to thisnode,thealgorithmlooksfor an
appropriatelocationfor the next mirror, etc.until all ½ ¾)½ mir-
rorsareplaced.For general

º
, thealgorithmallows for

º
step(s)

backtracking:it checksall thepossiblecombinationsof remov-
ing
º

of thealreadyplacedmirrorsandreplacingthemwith
ºÀ¿�Á

new mirrors.Thatis,
º

numberof thealreadyplacedmirrorscan
bemovedaroundto optimizethegain.Figure2 summarizesthe
algorithm.
Transit Node: The outdegreeof a nodeis the numberof other
nodesit is connectedto. Assumingthatnodeswith thehighest
outdegreescanreachmorenodeswith smallerlatency, weplace
mirrorsoncandidatehostsin descendingorderof outdegree.We
call this the Transit Node heuristicsunderthe assumptionthatÂ

A dominatingsetis asetof Ã nodessuchthatevery ÄzÅv£ is eitherin Ã or
hasaneighborin Ã .

nodesin the coreof the Internetthat act as transit pointswill
have thehighestoutdegrees.
Random Placement: Underrandomplacement,eachcandidate
hosthasauniformprobabilityof hostingamirror.

C. Performance Analysis

In this section,we presentananalysisof theperformanceof
unconstrainedmirror placementto illustratewhat could be ex-
pectedof mirror placementin the ideal setting. In particular,
the analysisshows that, underoptimal mirror placement,there
is a diminishing return in client-mirror distance4 with respect
to the numberof mirrors. Despitethe diminishing return, the
ratioof expectedmaximumclient-mirrordistancebetweenopti-
malandrandomplacementincreaseslogarithmically. However,
underrandomplacement,mostclientsarestill closeenoughto
their closestmirrors,andonly a smallportionof theclientsare
actuallyvery “f ar” from their closestmirrors.

To abstracttheunconstrainedmirror placementproblem,we
canpicturethenetwork asa continuousplaneon which clients
canbeuniformly spreadover theinfinitely many points( Æ ). We
wantto placeagivennumberof mirrorssuchthatthemaximum
distanceof any client to its closestmirror is minimized. This
measureof quality translatesto finding a placementsuchthat
the radiusof the largestcircle onecan draw in the planethat
doesnot includeany mirror is minimized.

Solving this problemanalytically is cumbersome,to make
the presentationclearerwe studythe sameproblemin onedi-
mension. We can transformthe probleminto one dimension
by distributing the clientsuniformly on the segment(0,1) and
placingmirrors on the samesegment. Clearly, the optimal al-
locationof mirrors given the maximumdistancecriterion is to
separatethe mirrors by the samedistanceapart. Thus, if one
needsto placeÇÉÈ Á mirrors,theoptimallocationis at locations¬Ê ,
ÁZË ­ Ë Ç�È Á , andthemaximumdistancefrom any client

to its closestmirror is ÌÊ .5 It is clearthatthegainin reductionof
client-mirror distanceis diminishingasthe numberof mirrors
increases.We canalsoseethat eachmirror site will have ap-
proximatelythesamenumberof clientsif eachclient is directed
to its closestmirror.

The optimal placementcould be difficult to achieve in real
life. Hence,we would like to quantifyhow goodrandomplace-
mentis comparedto the optimalplacementin termsof the ex-
pectedmaximumclient-mirror distance.Underrandomplace-
ment,Ç�È Á points(mirrors)arerandomlydistributedin theinter-
val (0,1). Usingknown resultsfrom orderstatistics[10, Section
5.4],wehaveÍvÎjÏ¯ÐÒÑ ÊkÓ�ÔµÕ�Ö ´ ×Ì!Ø ¬ÚÙ¯ÛÝÜAÞ ¬�ß Ì à È ÁBá ¬ ØÒÌãâ Ç ­Bä à Á È&­ Õ á Ê ØãÌ (1)

The expectedvalue of the maximum segment betweentwo
neighboringpointsis thusgivenbyå

client-mirrordistancealwaysmeansthedistancebetweenclientandtheclos-
estmirror.æ

The actualoptimal locationsfor ç mirrors shouldbe at èéëê ¡�ìê , but the
importanceof this boundaryconditiondiminisheswith ç . For easeof analysis,
weconsideronly thelimit casewith ç goingto infinity.
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is therandomvariableof thelongestsegment,úkûýüÿþ��

thedensityfunction,and 
 ûýüÿþ�� thecumulativedistributionfunc-
tion.

Figure3 depictsthe computedexpectedmaximumsegment
length togetherwith numericalsimulationresults. Eachpoint
in the simulationrepresentsthe meanof 1000experiments;in
each,9 � ' pointsareuniformly placedon theunit interval and
the maximumsegment is computed. The confidenceinterval
is negligible in mostcases.It is clear that the simulationand
thenumericalcalculationarealmostidentical.Thedetaileden-
largementin Figure4 (alsoin Figure5) showsthatsomeoutliers
areobservablein differentscales.Thereis a clearkneearound9 ö@?�A after which the returnfrom addingadditionalmirrors
diminishes.

Comparingthe segmentlength to the optimal length shows
that for a large range, 9CB '&DEA , the differenceis substantial.
Figure5 shows theratio of expectedmaximumsegmentlength
betweenthe randomplacementand the optimal for both the
simulateddataand the calculateddata. Surprisingly, it seems
that theratio increaseslogarithmicallywith thenumberof mir-
rors(wesaw beforethattheabsolutedifferencediminishes).To
checkthiswefittedtheexponentof theratiowith thebest(mean
square)linearfunctionof theform FHGJI 9 . Theresultingfitted
curve is K�L ?!MED G ' L MEN 9 . Plotting the fit for the expectedmax-
imum length in Figure3, O4P � K�L ?!MED G ' L MQN 9 �SR 9 , we could not
distinguishit from thecalculatedonein all but themicroscopic
scale.

One might be temptedto discountrandomplacementalgo-
rithm basedon the above result. However, we show next that
randomplacementis really not all thatbadby examiningwhat
portionof theclientpopulationis within a“gooddistance”from
its closestmirror givenrandomplacement.Let T be thestretch
we allow in the distancefrom the optimal placementdistance,
which is ' R K 9 , we calculatetheportionof clientsfartheraway
from theirclosestmirror bymorethanafactorof T from optimal,
i.e., by morethan T R K 9 . This is doneby looking at the proba-
bility that for a randompoint no mirror is placedat a segment
of length T R 9 aroundit (a two dimensionalball of radiusT R K 9 ),
which is givenby���! � :�U T�V 9�WYX * T R K 9 $ ö � ' � T R 9 � ñ (2)
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Fig. 3. Theexpectedmaximumsegmentlengthon theunit interval.
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As 9 growswe canwriteO=Z4[ñ�\^] ���! � :�U T�V 9�WYX * T R K 9 $ ö O4Z4[ñ�\^] � ' � T R 9 � ñ ö X /%_ (3)

Thus, as the numberof mirrors grows, a fixed portion of the
clientsareaway by a certainstretchfrom optimal. Specifically,' R X of the clientsareat distancefartherthanthe worst caseof
theoptimaldistance.Figure6 showstheresultof anexperiment
we conductedto test the above analysis. As onecansee,the
probability convergesto X /2_ for 9 valueswell below 100 (the
limit valuesare plotted in Figure 6 as small symbolsat 9 ö` A
A ).

The above analysisshows that, under the optimal place-
ment, the reductionin client-mirror distancehas a diminish-
ing return with a well-defined“knee” as the numberof mir-
rorsincreases.Whenclientsareuniformly distributed,theopti-
mal placementcanachievegoodloadbalancingwhile directing
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of thedistanceboundin theoptimalplacement.

clients to the closestmirrors. Furthermore,the optimal place-
ment increasinglyoutperformsrandomplacementin termsof
expectedmaximumclient-mirrordistanceasthenumberof mir-
rors increases;however, extremelylong client-mirrordistances
occurvery rarelyunderrandomplacement

I I I . PERFORMANCE EVALUATION

Ourgoalin conductingperformanceevaluationis to studythe
effect of changing b cdb and egfhcji on the optimizationcondi-
tion kgf�cmlhn2i . Forourperformanceevaluation,weconductboth
simulationsonrandomtopologiesandexperimentsontheInter-
net. For eachsetof experiments,we vary either b cdb or egf�c@i
while holdingall theothervariablesconstant.We now describe
oursimulationsetupandscenarios,followedby adescriptionof
our Internetexperimentsetup.

A. Simulation Setup

Therandomtopologiesusedin oursimulationsaregenerated
usingthe Inet topologygenerator. The Inet topologygenerator
generatesrandomtopologiesfollowing the observedcharacter-
isticsof theInternetreportedin [11]. A morethoroughdescrip-
tion of the Inet topologygeneratoris presentedin [6]. For this
study, we generateseveralrandomtopologieswith 3,037nodes
each.6 Eachgeneratednetwork is a connectedgraphona plane,
with nodesrepresentinganAutonomousSystem(AS); alink be-
tweentwo nodesrepresentsAS connectivity, andits Euclidean
distancethe latency betweenthe two connectednodes. In our
simulations,weplaceonly a singleclientpernetwork node.

In eachsimulation,wefirst select50nodesto actascandidate
hosts.We experimentwith two candidatehostselectionmeth-
ods: (1) uniform selection,whereeachnodehasanequalprob-
ability of beingselected,and(2) selectionbasedon outdegree,
wherethenodeswith thelargestoutdegreeis selectedfirst. Af-
ter thecandidatehostsareselected,we randomly, with uniform
probability, select1,000of theremainingnodesto actasclients.
For eachmirror placementalgorithm,we computedkgf�cml�o�i ,kgf�cml�p q!r�i and ksfhcml�tui . We computeeachkgf�cvlhn2i for b cdb
rangingfrom 3 to 50. Client redirectionto theclosestmirror isw

This wasthesizeof the Internetin November1997;our resultswith larger
networks indicatethatobservationsmadein this paperalsoapply to largernet-
works.

Location Numberof Hosts Percentage
NorthAmerica 58 65.2
WesternEurope 15 16.8
Restof Europe 6 6.7

Australia 6 6.7
Israel 1 1.1
Korea 1 1.1

Mexico 1 1.1
S.Africa 1 1.1

TABLE I

TRACEROUTE GATEWAY POPULATION BREAKDOWN

doneby bothshortest-pathfirst computationandrandomlywith
uniformprobability.

We presentresultsof thesimulationsin SectionIV.

B. Internet Experiments

In additionto studyingCMP on randomtopologies,we also
evaluateit with a trace-basedexperimentontheInternet.In par-
ticular, we studytheeffectof optimizingthenumberandplace-
mentof mirrorson client downloadtime whenCMP is applied
to theBell Labswebserver.

B.1 CandidateHostSet

We do not have accessto 50 machinesdistributedacrossthe
Internetwhich canactascandidatehosts.Givenour optimiza-
tion conditionof minimizing thelatency observedby theclient
set,we observed that for purposesof performanceevaluation,
CMP canbe emulatedon the Internetaslong aswe candeter-
minethedistancebetweenb x�b sitesontheInternetandourclient
set. We decidedto use89 TracerouteGatewaysto serve asour
candidatehostsites.TracerouteGatewaysarewebserversmade
availableto thepublic for measurementpurposesby volunteers
aroundthe world. Givena hostnameor address,a Traceroute
Gateway runstraceroute to thathostandreportsthe result
backto the client. TracerouteGatewayscanbe accessedfrom
http://www.tracert.com/.TableI lists thegeographicallocations
of theTracerouteGatewaysusedin thispaper. Thetablereflects
a reasonablediversityof thegeographiclocationsof theTracer-
outeGateways.

The Transit heuristicswe usein placingmirrors placesmir-
rorsoncandidatehostsin descendingorderof outdegrees.Since
we do not know theoutdegreesof theTracerouteGateways,we
associatewith eachTracerouteGatewaytheoutdegreeof theAS
they residein. Wefirst maptheIP addressof aTracerouteGate-
wayto its AS usingatoolprtraceroute, whichis partof the
RoutingArbiter project toolkit (www.irrd.net). Thento deter-
mine theAS’s outdegree,we usetheAS summaryinformation
availableat NLANR (moat.nlanr.net/AS/),which lists the out-
degreeof eachAS. If the destinationtraceroutegateway’s AS
hasa singleconnectionto the restof the Internet,we assignit
theoutdegreeof its closestupstreamAS thathasoutdegreemore
than1.
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B.2 Client Set

For this experiment,we collectedone week (in November
1998)worth of theBell Labsaccesslog. During this week,the
webserversaw onaverage26,346.9hitsperday. Of these,there
were15,561uniquedomainnames,which resolved to 10,115
uniqueIP (InternetProtocol)addresses.Due to the natureof
dial-up connections,many of the dial-up clients in the log file
wereno longerreachable.To preventclientsthatareno longer
reachablefrom beingtracedby thetraceroute gateways,we
usethefollowing procedureto obtaina list of reachableclients.
We attemptedto openTCPconnectionsto eachIP addressfrom
two differentsites(onein Michiganandtheotherin California),
andeliminatedtheonesthatwerenot reachableby at leastone
of them(this is to reducethenumberof hostsunreachableby the
TracerouteGatewaysbelow). Of the10,115uniqueIP addresses
we obtainedfrom the Bell Labsweb server logs, 4,980canbe
reachedthroughTCP. Finally, wehadeachof the89Traceroute
Gateway conducttraceroute to all of theseIP addresses.
Sincetraceroute usesICMP(InternetControlMessagePro-
tocol) insteadof TCP, andsomenetworksor hostsdonotaccept
ICMP packetsfor administrative reasons,the TracerouteGate-
wayswereonly ableto trace3,130of theseIP addresses.The
client set y in this experimentthusconsistsof these3,130IP
addresses.TableII lists thedomainstheclientsin our client set
belongsto (andthepercentagethereof).

C. Distance Estimation

The virtual network on which we conductour CMP experi-
mentsthusconsistsof 89TracerouteGatewaysasourcandidate
hostsand3,130IP addressesasourclients.The“edges”of these
virtual network consistsof round-triptime (RTT) latency mea-
surementsfrom eachTracerouteGateways to all of the other
TracerouteGatewaysand to all of the clients. For illustrative
purposes,Figure7 showsasamplevirtual network consistingof
four TracerouteGatewaysandtwo clients.TheTracerouteGate-
waysmeasureRTTs betweeneachotherandRTTs to the two
clients. TheRTT measurementsbetweenTracerouteGateways
arebidirectional,while thosebetweenTracerouteGatewaysand
clientsareunidirectional,asindicatedin thefigure.

Someof the mirror placementalgorithmswe study require
knowledgeof distancesbetweenclients.In ourvirtual topology,

Location Numberof Hosts Percentage
.net 585 18.82
.edu 566 18.53
.com 568 17.96

Germany 121 3.82
Canada 113 3.57

.uk 89 2.81
Japan 80 2.53

Australia 59 1.86
United 38 1.2
France 38 1.2
Sweden 32 1.01
Spain 29 0.91
.org 29 0.91
Italy 25 0.79

Switzerland 22 0.69
.gov 22 0.69

Netherlands 19 0.6
Malaysia 19 0.6

Korea 19 0.6
Hong 18 0.56
India 17 0.53

Denmark 16 0.5
Russian 15 0.47
Finland 15 0.47
Brazil 15 0.47

Belgium 15 0.47
Taiwan 14 0.44

Singapore 14 0.44
Ireland 12 0.37
Greece 12 0.37
Austria 12 0.37

.mil 12 0.37
S.Africa 11 0.34

New Zealand 10 0.31
Mexico 9 0.28
Turkey 6 0.18

Thailand 6 0.18
Portugal 6 0.18
Poland 6 0.18
Israel 6 0.18
China 6 0.18

Argentina 6 0.18
Others 31 0.98

Failedlookup 338 10.69
Total 3161 100

TABLE II

BELL LABS WEB CLIENT SET BREAKDOWN

we estimatethedistancebetweentwo clientsasthesumof the
distancesfrom eachclient to the closestTracerouteGateway,
and the distancebetweenthe two TracerouteGateways. This
methodis usually called “triangulation” in the literature[12],
[13]. In [14], the authorsevaluatedits efficacy on estimating
distancebetweentwo pointson theInternet.

IV. EXPERIMENT RESULTS

Recall from SectionIII-A, in all of our simulations,we use
a network of 3,037nodes,of which z {�z}|@~�� areselectedas
candidatehosts. The choiceof which host becomesa candi-
datehosts �g��{H� is determinedeither randomlywith uniform
probability for all nodes,or by theoutdegreeof thenodes.The
client setconsistsof 1,000nodesrandomlyselected,with uni-
form probability, from theremainingones.Recallalsothatwe
definethreeoptimizationconditions:�g���m����� , �s�h�m��� �
~
� , and�g���v���u� . For eachoptimizationconditionwerunasetof simu-
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Fig. 9. InternetExperiments.

lations.In eachsetof simulation,wefirst pick � �d� , thenumber
of mirrors. For thegivennumberof mirrors,we run onesimu-
lation for eachmirror placementalgorithm, �g���@� : minimum�

-center, 0-greedy, 1-greedy, 2-greedy, andTransit.Sinceran-
dom placementof mirrors givesdifferent resultsbasedon the
sitesselected,for randomplacementwe run 10 simulationsfor
a given mirror setsizeandcomputethe meanof the observed� ���m�h�2� . Thenwe repeatall simulationsfor thenext � �d� . In
our simulations,we experimentwith � �d� rangingfrom 2 to 50,
steppingby 2 up to 26, andsteppingby 5 afterwards.We then
repeateachsetof simulationson10differentInetgeneratednet-
works of 3,037nodeseach. We do the above on 50 randomly
selectedcandidatehosts.Thenwerepeateverythingagainon50
candidatehostsselectedbasedon decreasingnumberof outde-
grees,exceptthatwedonotsimulatethe1-greedyand2-greedy
algorithmsasthey do not show marked improvementover the
0-greedycasein the former scenarios.Hencein total we ran
7,350 simulationson randomly selectedcandidatehosts,and
6,630simulationson candidateselectionbasedonoutdegree.

For the Internet-basedexperiment,we repeatthe above sce-
nario except using the 89 TracerouteGateways as candidate
hosts.Mirror setsizesrangefrom 3 to 89, steppingby 3 up to
45,andsteppingby 5 afterwards.Sincethereis only onevirtual
network, we do not repeatthe setof simulations10 times; we
do,however, still repeattheexperiment10timesfor eachmirror
set sizewhen the mirror placementalgorithm usedis random

placement.Thismeanswerun 1,014experimentson thevirtual
network.

A. Optimization Condition
� ���m�h�2�

We first considerthe optimizationcondition
� �h�m���,� . Fig-

ures8a,8b, and9a show the maximumclient-mirror RTTs for� ���v���&� . Thex-axisof eachfigurelists thenumberof mirrors,
andthey-axisthemaximumRTT betweenclientsandtheirclos-
estmirrors. Thex-axesfor thesimulationresultsrangefrom 0
to 50, while thosefor Internetexperimentsrangefrom 0 to 90.
The y-axis in the variousfigureshave differentranges.In the
simulationresults,the“distance”betweentwo nodesis theEu-
clideandistancebetweenthemon the simulatedplane. In the
Internetexperiments,distanceis in milliseconds.Thenumbers
for all placementalgorithms,exceptfor randomplacement,are
averagedover simulationson 10 randomtopologiesto obtain
the mean,the maximum,andminimum. For clarity, we only
show thestatisticsfor randomplacementin thefigures. Recall
that for eachof the10 randomtopologies,we simulaterandom
placementof � mirrors10 times.Fromthese10placements,we
getameanworstcaseclient-mirrorRTTs. Eacherrorbarshows
themean,themaximumandtheminimumvaluesof thesemean
valuesoverthe10randomtopologies.Weseethatthemaximum
andtheminimumvaluesaretypically within 20%of themean.

From thesefigures, we observe that optimizing
� ���v�����

yields very little improvementas the numberof mirrors in-
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Fig. 10. Meanand95%-tileRTTs.

creases,both in simulationsand actual Internet experiments.
In constrainedmirror placement,the distancebetweenclients
andmirrorscannotbeimprovedincrementallyatfinerandfiner
granularitybecausemirrorscannotcontinuouslybeplacedpro-
gressively closerto the clients. Both candidatesite placement
andmirror placementcancontribute to this problem.First, the
optimal mirror placementis very “location-sensitive” in that
it hasvery specificrequirementson wherethe candidatesites
shouldbe, i.e., separatedby an equaldistance.Also, the opti-
mal solutionsfor differentmirror value � have very little over-
lap soit is unlikely all �������&� optimal locations(at   1/2¡ ,   1/3,
2/3¡ ,   1/4, 1/2, 3/4¡ , ¢�¢�¢ ) would be includedif � mirror candi-
datesitesarerandomlyselected.Second,addingmoremirrors
cannot improve theminimumdistancebetweena client andits
closestcandidatesite (thereforetheclient’s closestmirror) fur-
ther, oncethe candidatesite is selectedfor mirror placement.
Thisproblemcanbeexacerbatedwhenthenumberof candidate
sitesis smallrelative to theclient population.

Figure10 shows themeanand95%-tileof client-mirrordis-
tanceswhencandidatesitesare selectedbasedon outdegrees,
andmirror placementis by the0-greedyalgorithm. Recallthat
solutionto the min £ -centerproblemis applicableonly in the
caseof optimizationcondition ¤g��¥v¦�§&� . Hencefor optimiza-
tion conditions ¤s�h¥m¦�¨u� and ¤s�h¥v¦�¢ ©
ª�� we consideronly the«
-greedyalgorithm, in particular0-greedy. Both the 95%-tile

andmeanclient-mirror graphsshow diminishing return anda
well-defined“knee”,whichconfirmsthetheoreticalanalysisand
our intuition. We observe very similar performancebetween

the two curves,reflecting ¤s�h¥v¦�¢ ©
ª�� and ¤g��¥m¦S¨u� optimiza-
tion conditions,and attribute this to the potentially long, but
nonethelessnot heavy tail of theclient-mirrorRTT distribution
in oursetups(whichmeansthatthe95%-tileis not thatfar from
themean).In theremainderof this paper, weuse ¤g��¥d¦�¢ ©
ª�� as
ouroptimizationcondition.

B. Effect of ¬ ¥d¬ and ­g��¥@� on ¤g��¥v¦h®2�
Figures9b, 11a,and11b show the observed 95%-tile RTTs

betweenclients and their closestmirrors when ¤s�h¥v¦�¢ ©
ª
� is
used.Note that in mostcases,especiallywhenthe0-greedyal-
gorithmfor mirror placementis used,thereis little improvement
in 95%-tileRTT beyond10mirrors.

Oneimportantobservationwith regardto ­g�h¥@� is thatplace-
mentis very importantwhenthenumberof mirrors is small. In
all cases,when ¬ ¥d¬ is small, thereis a significantdifferencein
observedlatency betweenusingthegreedyplacementalgorithm
andrandomplacement.When ­g�°¯H� is uniform, non-random­g��¥@� outperformsrandomplacement. Even when ­g�°¯±� is
non-random,asin thecaseof outdegree-basedcandidateselec-
tion, usinggreedyplacementimproves ¤g��¥v¦�¢ ©!ª�� by 10% to
20%asshownin Figure11(notethedifferencein y-axisranges).

We concludethat increasingthenumberof mirrorsbeyonda
small portionof the candidatesites(10, in our examples)does
notnecessarilyimproveclientto closestmirror latency. Further-
more,careful placementof mirrors on a small candidatesites
canprovidethesameperformancegainasplacingmirrorsonall
candidatesites. Thesepreliminaryresultsseemto suggestthat
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Fig. 11. Minimizing the95%-tileRTTs betweenClientsandMirrors.

candidatesite placementcanbe just asimportantandpossibly
moreimportantthanmirror placementitself. We notethatprac-
tically candidatehostsitesareoften decidedby administrative
andfinancialconstraintsratherthantechnicalones.

C. Mirror Load Distribution

We now show thatusing ²g³�´mµ�¶ ·!¸�¹ astheoptimizationcon-
dition, mirror loaddistribution is not improvedwith largernum-
berof mirrors.Figure12plotsclientdistributionamongmirrors
whenthenumberof mirrors is increasedfrom 2 to 50 (3 to 89,
in theInternetexperiment).Thex-axisis thepopularityrankof
eachmirror, andthey-axisis thenumberof clientsredirectedto
a particularmirror, with the mostpopularonegettingthe most
redirections.Eachcurve in thegraphsrepresenta specificmir-
ror setsize. For the simulations,the candidatesetsarechosen
basedon decreasingoutdegrees.In all cases,the optimization
conditionis ²s³h´vµ�¶ ·
¸�¹ , andthemirror placementalgorithmis
0-greedy. In thesimulation,only asmallnumberof clients(less
than1% mirrors) get redistributedwith eachadditionalmirror
oncethenumberof mirrorsis above15 mirrors. Client redistri-
bution is alsovery infrequentin our Internetexperiments.

Again, we point to our analysis in Section II-C, where
we showed that the optimal placementproducesgood load-
balancingamongmirrors as the numberof mirrors increases.
We have alreadyshown that it is difficult to reproducetheideal
settingwhenmirror placementis constrainedsoperhapsit is not
surprisingthatwealsolosetheability to load-balance.However,
we wantto point out thatonecanstill achieve load-balancingif
therequirementthateachclient bedirectedto theclosestserver
is ignored.

D. Effect of Redirection Methods

Up to now we have assumedthatclient-mirrordistancescan
bedeterministicallycomputedusingDijkstra’sshortestpathfirst
algorithm. In this sectionwe considerthe casewhereonly 10
of the highestoutdegreeTracerouteGateways are able to do
traceroute. Hencedistancesbetweenthe otherTraceroute
Gatewaysandbetweena TracerouteGateway, otherthanthese
10, to a client mustbe estimatedby doing triangulationon the
distancesmeasuredby these10TracerouteGatewaysonly. This
simulatethecasewheretheunderlyingnetwork topologyis not
known (suchasthecasewith theInternet)anda“distancemap”

of the underlyingtopologymustbe estimatedby placingmea-
surementboxeson thenetwork. We haveshown by simulations
in [6] thatwhentheunderlyingnetwork topologyis not known,
nearestmirror redirectionusingsomeform distancemapout-
performsrandomredirection.We now show thatsimilar results
canalsobeobservedon theInternet.Figure13 shows the95%-
tile of client-mirrorRTTs under ²g³�´vµ�¶ ·
¸
¹ whendistancesare
known, with randomredirection,andwith redirectionusinga
distancemap. The resultswere obtainedfrom Internet-based
experiments,whenmirrors areplacedusingthe0-greedyalgo-
rithm.

V. RELATED WORK

Therehave beensomerecentworks on mirror performance
and closestserver selection. In [15], the authorsmeasured9
clientsscatteredthroughoutthe United Statesretrieving docu-
mentsfrom 47Webservers,whichmirroredthreedifferentWeb
sites. They presentedfindings that revealedgood stability of
mirror rankingsaccordingto downloadtime. In [16], the au-
thorspresentaserverselectiontechniquesthatcanbeemployed
by clientson endhosts. The techniqueitself involvesperiodic
measurementsfrom clientsto all of themirrors. Theauthorsof
[17] proposedaserverselectionschemebasedonsharedpassive
end-to-endperformancemeasurementscollectedfrom clientsin
the samenetwork. Therearealsorelatedworks that focuson
maintainingconsistency amongcacheservers,whichcanbeap-
plicablein keepingmirrorsconsistent.In [2] and[1], theauthors
studieddifferentscalablewebcacheconsistency approachesand
showedvariousoverheadof keepingcachesconsistent.

Therehasnot been,however, any studywe areawareof that
givesspecificson how to do mirror placementon the Internet.
In [6], two graphtheoreticalgorithms,k-HST [18] andMin K-
center[8], areusedto determinethenumberandtheplacement
of instrumentation boxes for the purposeof network measure-
ment. While the authorsof the paperusenearestmirror selec-
tion as a motivating problem,the 3 mirrors they considerare
manuallyplacedon arbitrarily selectedlocations.In this paper
we take a closerlook at mirror placementon theInternetunder
arealisticsettingwherethenumberof mirrorsis small,but gen-
erally largerthan3, andtheplacementis restrictedto agivenset
of hosts.
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VI. CONCLUSION

In this paper, we take a detailedlook at theproblemof plac-
ing mirrorsof Internetcontentonarestrictedsetof hosts.Using
bothsimulationandrealInternetdelaydata,weexamineanum-
berof placementandredirectionalgorithmsfor placingvarious
numbersof mirrorsandtheir effectsin client responsetime and
mirror load distribution. We observed that thereis a rapid di-
minishingreturnto placingmoremirrorsin termsof bothclient
latency andserverload-balancing.Wehypothesizethatthepres-
enceof thelocality constrainthaseliminatedsomeof theneces-
saryconditionsfor obtainingthe optimal solutionandthe sub-
sequentperformancebenefits. Even underthe moreelaborate
placementschemes,simply increasingthe numberof mirrors
yields very little performanceimprovementbeyond a relative
smallnumberof mirrors.
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