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Abstract

Topology, asde�nedby the“who knowswhom” relation,hasmanyapplicationsthatareof crucial impor-
tancein distributedsystems.For example, characteristicsof thecommunicationtopologyplaya key role in
determiningtheperformanceof manyfunctionsincludingsearch, routing, monitoring, control and infor-
mationdissemination.Otheressentialpropertiesof functionssuch asscalabilityandrobustnessto failures
are alsoheavilydependanton thecommunicationtopology. The“who knowswhom” relationcanalsobe
usedto de�nesolutionsfor problemssuch assortinga setof numbers,clusteringnodesbasedonsimilarity
or pairing search requestswith thelocationsof theinformation. In large-scale, dynamic,fully distributed
systemsconstructingandmaintaininga topology is a highly non-trivial problem.In this paperweidentify
topologymanagementasanabstractservice, independentof applicationor function,andproposea gossip-
basedschemecalled T-MAN for theconstructionof a large classof different topologies. Thetopology is
de�ned by a rankingfunctionwhich canbebasedon anyappropriatepropertyof components,including
geographicallocation,semanticproximity, bandwidth,or simplyonanabstract,pre-de�nedtopologyover
an ID spacelike a ring or a torus. In thepresentwork, weexaminethreespeci�c topologies: ring, torus
andbinary tree. We givetheoreticalargumentsandexperimentalresultsto demonstratethat theproposed
protocolis lightweightandfastin that it convergesquickly, approximatelyin logarithmictime, andthatthis
speedis largely independentof theactual topology beingconstructed.We alsodemonstratehowto apply
T-MAN for sortinga setof numbers. Finally, weaddresssomepractical issuesandproposetechniquesto
improveconvergenceduring theend-phaseandthebootstrappingproblemof theprotocol.

1. This work waspartially supportedby theFutureandEmerging Technologiesunit of theEuropeanCommissionthroughProject
BISON(IST-2001-38923).
2. Departmentof ComputerScience,Universityof Bologna,Italy
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1 Introduction

1 Intr oduction

In large, fully distributedsystems,topology—the“who is connectedto whom”, or “who knows whom”
relation—formsthebasisof, or hasa majorimpactonpracticallyall functions.

Perhapsthemostimportantexampleis communicationtopologywhich is a key concernin largeand
dynamicdistributedsystemsconsistingof thousandsor millions of nodes.Firstly, topologyhasto support
the applicationthat is being implemented. For example, in the caseof routing or search,the routing
tableshave to de�ne a low diametertopologythatalsoincludessomeinformedhintson how to getcloser
to the destination. For most applications,including gossip-baseddisseminationand routing, it is also
important that geographicallylong rangelinks be usedlessoften than short rangelinks, meaningthat
topologyalso hasto re�ect physicalproximity. In addition, topology hasto be robust, that is, contain
enoughredundancy so asto preventpartitioningdueto failures. Secondly, the costsof constructingand
maintaininga desiredtopologyhave to beacceptablylow. For example,no matterhow desirable,it is not
feasibleto maintaina full view of a dynamicsystemat eachnodesincethecostof maintenancewould be
unacceptable.Meetingboth theeffectivenessandef�ciency requirementsis challengingyet decisive for
thesuccessof anapplication.

But the“who knows whom” relationcanhave interpretationsandusesotherthansimply communica-
tion. For example,it cande�ne sorting, whereeachnodeseeksto know thosenodesthat preceedit and
thosethat follow it accordingto somepre-de�nedtotal orderrelation. Achieving this in large, fully dis-
tributedsystemsis typically adif�cult task.Similarly, the“who knowswhom” relationcanexpresssearch
results,whereeachnodelearnsaboutothernodesthathold a desiredpieceof information. and�nally , it
canexpressclustering,wherenodesseekothernodesthatarein somesensesimilar to them,sharesome
interestsor have thesamegoalsasthey do.

Motivatedby theseobservations,we canthink of topologymanagementasa generalpurposefunction
that is desirablein large distributed systems. Quite remarkably, the above examples—communication
topology, sorting,search,clustering—allsharesomerequirements:the topologymanagementalgorithm
hasto befast,scalableandaccurate.To introducea commonframework, we formally de�ne thetopology
constructionproblemasa cornerstoneof topologymanagement,andproposea gossip-basedprobabilistic
solutionto this problemcalledT-MAN. The topologyis de�ned by a single rankingfunction that ranks
nodesaccordingto increasingdistancefrom any given �x ednode. Usingonly local gossipmessages,T-
MAN graduallyevolvesthetopologyto matchit to theonede�ned by therankingfunction. We show that
the protocolis scalableandfast,with convergencetimesthat grow asthe logarithmof the network size.
Thesepropertiesallow it to beusedevenwhenseveraldifferenttopologieshave to becreatedon demand,
andalsoin dynamicsystemswherethesetof nodesor thepropertiesof nodeschangerapidly. Additionally,
thegeneralformulationof therankingfunctionallowsusto dealwith awide rangeof differenttopologies.

Relatedwork Gossip-basedprotocolshave recentlygainednotablepopularity. Apart from traditional
applicationsfor databasereplication[1], gossipingalgorithmshave beenappliedto solve numerousother
practicalproblemsincludingfailuredetection[18], resourcemonitoring[17] anddataaggregation[6,7]. A
recentsurvey by Eugsteret al. providesanexcellentintroductionto the�eld [3]. In this paperwe suggest
a novel applicationof thegossipcommunicationmodelto solve thetopologyconstructionproblem.

Issuesrelatedto topologymanagementhave alsoreceived considerableattentionin an effort to sup-
port functionslike lookupandroutingandto achieve robustnessandscalability. In particular, distributed
hashtables(DHTs) [11,15,16,21] maintainstructuredtopologiesto supportroutingandkey lookup,and
unstructuredoverlays[2,5,9,13] areconstructedto achieve scalability, robustnessandto supportgossip-
basedinformationdisseminationanddataaggregation. In othercontexts, superpeertopologiesareused,
mainly in peer-to-peer(P2P)�lesharing networks[4,20].

Our approachis differentfrom theabove protocolsin that its scopeis moregeneral:a wide rangeof
topologiescanbe constructedandmaintained,in a rapid, scalablemannerwith an extremelysimpleand
intuitiveprotocol.Unlike theaboveprotocols,T-MAN canbeusedin largedistributedsystemsto construct
very different topologiesor jumpstartotherprotocols(e.g.,DHTs) rapidly on demandin a �e xible and
adaptivemanner. We areawareof relatedwork to achievesome,but notall of thesefeatures.For instance,
MassoulíeandKermarrec[10] proposeaprotocolto evolvea topologythatre�ects proximity, in amanner
not unlike our approach,yet thescopeof theapplicationis limited to proximity, while in our casethis is
only aspecialcase.VoulgarisandvanSteen[19] proposea methodto jumpstartPastry, aDHT basedona

UBLCS-2004-7 2



2 Basic Ideas

ring topology. However, theprotocolthey proposeis tailoredto thatspeci�c topologyandit is unclearif it
canbegeneralizedbeyondthis application.

Outline In Section2 we presentthe framework of our approach.We de�ne the topologyconstruction
problem,andwe presentthe T-MAN protocol for solving it. In Section3 we specify the experimental
settings,de�ning the probleminstanceswe examine,along with the chosenmeasuresof performance.
Section4 is concernedwith characterizingthe convergenceof our solution. We presentan approximate
modelthatprovesto beusefulin predictingthelogarithmicconvergenceof theprotocol.Practicalissues,
like dynamism,synchronizationandbootstrappingare touchedon in Section5. We alsobrie�y sketch
our solutionto thesortingproblem,animportantapplicationof theprotocol.Section6 presentsempirical
resultswith differentparametersettingsto verify our claimson convergencespeed.Section7 concludes
thepaper.

2 BasicIdeas

2.1 Systemmodel

We considera setof nodesconnectedthrougha routednetwork. A nodehasanaddressthat is necessary
andsuf�cient for sendingit a message.Eachnodemaintainsaddressesof othernodesthrougha partial
view (view for short),which is a setof c nodedescriptors. The parameterc is uniform for all nodes.In
additionto anaddress,a nodedescriptorcontainsa pro�le , aswe explain later. Theaddressesin theviews
of thenodesde�ne thelinks of theoverlaynetworktopology, or simply thetopology.

We assumethatnodeshave accessto local clocksthatmeasurethepassageof realtime. In thepresent
paperwe will make thesimplifying assumptionthat thereexistsa singlesynchronizationpoint whenthe
protocolis startedat all nodes.Furthermore,we assumethat thecommunicationchannelsandthenodes
arereliable.Theseassumptionsallow usto focuson thecounter-intuitive,andtherefore,moreinteresting
propertiesof our protocol. We revisit theseissuesin Section5 wherewe sketch how the simplifying
assumptionscanberelaxedin morepracticalsettings.

2.2 The problem

Assumingthe modelabove, we de�ne the topology constructionproblem. The input of the problemis
a setof N nodes,the view sizec anda ranking functionR that canordera list of nodesin increasing
distancefrom a given node. The ranking function R takes as parametersa basenodex and a set of
nodesf y1; : : : ; ym g and outputsthe set of all possibleorderingsof thesem nodes. We will say that
R(x; f y1; : : : ; ym g) ranksyi strictly lower thanyj if yi precedesyj in all of thepossiblerankings.This
relationde�nesa partialorderingover thenodesf y1; : : : ; ym g.

In the �rst versionof theproblem,thetaskis to constructtheviews of thenodessuchthat for a node
x theview of x viewx containsexactly the�rst c elementsof a possiblerankingof theentirenodeset,that
is, R(x; f all nodesexceptxg) containsa rankingthat startswith the elementsof viewx . In otherwords,
thereexists no nodey outsideviewx suchthat y ranksstrictly lower thanany elementfrom viewx . In a
moregeneralversionof theproblem,whichwecall thetopologyembeddingproblem, wearegivenanother
parameterk < candwerequirethatviewx containsk elementsthatarethe�rst k elementsof someranking
from R(x; f all nodesexceptxg). In this casetheremainingc � k elementsof theview canbearbitrary.

Onewayof generatingrankingfunctionsis throughthefunctiond(x; y) thatgivesthedistancebetween
nodesx andy. Whend de�nes a metricspaceon thesetof nodes,therankingfunctioncansimply order
thegivensetaccordingto thedistancefrom thebasenode.In this caseanotherversionof theembedding
problemcanbede�ned, that is, we canrequiretheview of a nodeto containall nodescloserthana given
distanceto it, or a subsetof suchnodesif therearemorethanc of them. Note that this distancebased
embeddingproblemis notequivalentto embeddingbasedpurelyonranking.

In this paperwe will examinethreetopologies,all arede�ned througha distancefunction. In thefol-
lowing wede�ne thesetopologies.First let usrecallthatall nodeshaveapro�le aspartof their descriptor.
It is this pro�le thattherankingfunctionusesto calculatethepossiblerankingsof nodes,sothede�nition
of thedatatypeandrangeof thepro�les is alwayspartof thede�nition of therankingfunction.
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2 Basic Ideas

view  initialView()
do at a randomtimeoncein each
consecutive interval of T timeunits

p  selectPeer()
myDescriptor (myAddress,myPro�le)
buffer  merge(view,f myDescriptorg)
sendbuffer to p
receiveviewp from p
buffer  merge(viewp,view)
view  selectView(buffer)

(a)active thread

do forever
(q; viewq)  waitMessage()
myDescriptor (myAddress,mypro�le)
buffer  merge(view,f myDescriptorg)
sendbuffer to q
buffer  merge(viewq,view)
view  selectView(buffer)

(b) passive thread

Figure1. The T-M AN protocol.

Line andring Here,thepro�le of a nodeis a realnumber. Thedistancefunctionfor theline is d(a; b) =
ja � bj. In the caseof a ring, pro�les are from an interval [0; N ] anddistanceis de�ned by d(a; b) =
min(N � ja � bj; ja � bj) Rankingis de�ned throughthis distancefunction.

Meshandtorus Thepro�les aretwo-dimensionalrealvectors.Thedistancefor themeshis theManhattan
distance.It is givenby calculatingtheonedimensionaldistancedescribedabovealongthetwo coordinates
andreturningthesumof thesedistances.Applying theperiodicboundarycondition(asfor thering) results
in a tubefor onecoordinateanda threedimensionaltorusfor bothcoordinates.Again, rankingis de�ned
throughthis distancefunction.

Binary tree Thepro�les arebinarystringsof lengthm, excludingtheall zerostring. Rankingis de�ned
throughthenotionof distanceastheshortestpathlengthbetweenthetwo nodesin thefollowing undirected
rootedbinarytree.Thestring0: : : 01is theroot. Any string0a1 : : : am � 1 hastwo childnodesa1 : : : am � 10
anda1 : : : am � 11. Stringsstartingwith 1 areleafs.This topologyis of interestbecause(unliketheprevious
ones)it hasa veryshort(logarithmic)diameterof 2m.

Sortingproblems Distancefunctionsarenot theonly way to de�ne meaningfulrankingfunctions.This
is thereasonwe do not call therankingfunctionorderingbecauseit is possiblethatno partialorderingis
consistentwith it. In otherwords,for a �x edbasenode,therankingfunctionis allowedto ranka strictly
lower thanb in a setof input nodesandstrictly higherthanb in anotherset.To illustratethis,considerthe
rankingfunction thatcanbeusedto constructa topologyde�ned by theorderingof a setof numbers,as
describedin section5.1.

2.3 The proposedsolution

Thetopologyconstructionproblembecomesinterestingwhenc is smallandthenumberof nodesis very
large.Randomized,gossip-basedapproachesin similar settings,but for otherproblemdomainslike infor-
mationdisseminationor dataaggregation,have proven to be successful[3, 6]. Our solutionto topology
constructionis alsobasedona gossipcommunicationscheme.

We assumethat eachnodeexecutesthe sameprotocolshown in Figure1. The protocolconsistsof
two threads:anactive threadinitiating communicationwith othernodes,anda passive threadwaiting for
incomingmessages.

A view is asetof nodedescriptors.A call to MERGE(view1,view2) returnstheunionof view1 andview2.
MethodINITIALV IEW() is usedto settheinitial view of thenodeandis partof bootstrapping.It is desirable
that this initial view be ascloseaspossibleto a randomsampleof the whole setof nodes.Fortunately
therearea largenumberof protocolsthatprovide uswith sucha service.We discussthis issuefurther in
Section5.

UBLCS-2004-7 4



3 Experimental Setup

after3 cycles after5 cycles after8 cycles after15cycles

Figure 2. Illustrati ve exampleof constructing a torus over 50 � 50 = 2500 nodes,starting fr om a uniform
random topology with c = 20. For clarity , only the nearest4 neighbors(out of 20)of eachnodeare displayed.

The two key methodsareSELECTPEER and SELECTV IEW. MethodSELECTPEER usesthe currentview
to return an address. First, it appliesthe ranking function to rank the elementsin the view. Next, it
returnsa randomsamplefrom the �r st half of the view accordingto rankingorder. This choiceof im-
plementationwill be motivatedin Section4 wherewe analyzetheconvergenceof the protocol. Method
SELECTV IEW(BUFFER) alsoappliesthe rankingfunction to rank theelementsin thebuffer. Afterwards,it
returnsthe�r st c elementsof thebuffer accordingto rankingorder.

Theunderlyingideais thatthis waynodescanoptimizetheir own viewsusingtheviewsof their close
neighbors,andsinceall nodesdo the same,closeneighborsbecomegraduallycloserandcloserandso
theviews of thecloseneighborswill keepservingasa usefulsourceof additional,evenbetterlinks. Still,
thebehavior of theprotocolis not easyto graspsincethis highly interdependentdynamicsof theviews is
rathernon-trivial. In Section4 we offer a fairly simpleandintuitive way of modelingandunderstanding
theprotocol.

Althoughtheprotocolis not synchronous,it is oftenconvenientto refer to cyclesof theprotocol. We
de�ne a cycle to be the time interval during which N view updateshappen. Sinceeachsinglecontact
resultsin two updatesat thetwo involvednodes,andduringT=2 time unitsN=2 contactsareinitiatedon
average,we de�ne T=2 unitsasonecycle. This meansthatduringT time unitstwo cyclesarecompleted
onaverage.

Figure2 illustratestheresultsof theprotocolwhenusedto constructasmalltorus(visualizationswere
doneusing[8]). For this example,it is clearthat15 cyclesaresuf�cient for convergence,andthe target
topologyis alreadyevidentevenaftervery few cycles.As wewill see,T-MAN provesto bescalablesothe
time complexity of the protocolremainsin this orderof magnitudeeven for a million nodes.In the rest
of thepaperwe take a closerlook at thedynamicsof the protocolon differenttopologiesandparameter
settings.

3 Experimental Setup

All thesimulationresultspresentedin this paperwereproducedusingPEERSIM, anopensourcesimulator
developedat theUniversityof Bologna[14].

Theinstancesof thetopologyconstructionproblemwe examinearede�ned asfollows. We apply the
threedistance-basedrankingfunctionsthatde�ne thering, torusandbinary treetopologies,asde�ned in
Section2.2.Themotivationof this choiceis thatthering is a largediametertopologyandit is relevantfor
thesortingapplication(Section5.1), thebinary treeis of a logarithmicdiameterandthe torusis relevant
in proximity problemsbeingbasedona 2-dimensionalgrid. Thenetwork sizes(N ) examinedare214, 217

and220. We initialize thepro�les of thenodesin a regularmanner, thatis, in thecaseof thering topology,
we assignthenumbers1; 2; : : : ; N to thenodes,andlikewisefor thetorus((1; 1); (1; 2); : : : ; (

p
N ;

p
N ))

andthebinarytree(all binarystringsof lengthlog2 N ).
Thisregularity is notcritical for thesuccessof theprotocol.Onthecontrary, oneof themostimportant

applicationsis sortingan arbitrarysetof numbers,aswe arguein Section5.1. However, this controlled
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4 Analysis and Re�nements

settingallows us to monitor the dynamicsof the protocol in a more informed manneras the distance
functionbecomesequivalentto thehopcountin thetarget topologyde�nedby thelinks thatconnectnodes
at distance1. Themeasuresof performancewerechosenwith thedistance-basedembeddingproblemin
mind: we areinterestedin studyinghow ef�ciently theprotocol�nds links thatconnectnodesat distance
1. We will call thoselinks target links. We will thereforefocuson thedynamicsof thenumberof target
links asa functionof cycles.

4 Analysisand Re�nements

4.1 Rapid ConvergencePhase

The key ideafor understandingthe dynamicsof thesystemrestsin thevery �rst communicationstepof
a node. In that step,two views aremerged,both containingc randomsamplesof the entirepopulation.
Accordingto theprotocol,thenew view is theclosestc elementsaccordingto a possibleranking.Thatis,
thenew view canbedescribedastheclosestc elementsof 2c randomsamples.Notethatthis observation
is independentof therankingfunction,soit holdsfor all applications.

Following aninductiveheuristicapproach,we suggesta simpleapproximatemodelin which theview
aftercyclei (thatis,afterthei thcommunication)is theclosestcelementsoutof 2i c randomsamples.There
aretwo mainsourcesof errorthataccountfor deviationsfrom thisidealmodel.The�rst oneis whatwecall
theunbalancedcontactdistribution. During T time units,a nodeitself initiatesonly onecommunication
but canbe contactedseveral times, the actualnumberbeinga randomvariable. In particular, if a node
communicatestoomany times,it will convergefasterthantheotherstowardsclosernodesandthereforeit
will provide lessusefulnodesto otherswhencontacted,having a relatively morebiasedview already. On
theotherhand,if anodecommunicatestoo few times,it will convergeslower thanothersandsothenodes
it contactswill prove lessusefulsincethey will betypically faraway andtheir viewswill bealreadymore
biased.Thesecondsourceof error is relatedto the fact thateven if assumingthat theviews at all nodes
follow themodelin somecycle i , theclosestc nodesthemodelrefersto areclosestto thenodeholding
theview. This meansthatwhentwo nodesexchangetheir views aftercycle i then—unlikeduringthe�rst
contact—thetwo samplesetsheldby thetwo viewsarenot from exactly thesamedistribution.

To elaborateon this modelandits implications,we �rst introducethenotionof themaximalrankr a;b

of a nodeb with respectto a basenodea. This value is the largestrank that nodeb can possiblybe
assignedamongany subsetof theentirepopulationwhenrankedwith a asa basenode. For example,in
thering topologyandthepopulationof elements1; : : : ; N we have r j;j +1 = 2 becausej + 1 is eitherthe
�rst or thesecond(which canhappenwhenj � 1 is present)irrespective of theothervalues.As another
example,considertherandomrankingfunctiononthesamepopulationthatreturnsarandomordering.This
rankingis inducedby thedistancefunctionaccordingto whichall pairsareequidistant.Theresultingtarget
topologyis effectively a randomtopology, indeed,with this rankingfunction T-MAN becomesequivalent
to LPBCAST [2]. In this caseall maximalranksareN for all nodesfor all basenodes.

Now, considerthosenodesthathavemaximalranksmallerthanc. In particular, in thecaseof thethree
topologiesweareconsidering,thenodesthatareatdistance1 from abasenodehaveaverysmallmaximal
rank. For a ring it is 2, for thetorusit is 4 andfor thebinarytreeit is 2, 3 or 1 if thebasenodeis theroot,
aninternalnodeor a leaf, respectively. Now, if we assumethatour modelis accurate,we cancharacterize
theprobability pa;b(i ) thatb is presentin theview of a after cycle i . First of all, pa;b(0) = c=(N � 1).
Second,if r a;b < c then

pa;b(i ) = 2pa;b(i � 1) = 2i pa;b(0) =
c2i

N � 1
(1)

aslong asthis valueis smallerthanone. We cannaturallyinterpretthepoint whenit reachesoneasthe
predictedendof convergence.Expressingi from c2i =(N � 1) < 1 givesus

i < log2(N � 1) � log2 c (2)

which is a logarithmicboundon theconvergencetime.
To testthis model,we performedexperimentswith N = 217 andc = 40 (Figure3). (Othernetwork

andview sizesarealsotestedin Section6). Note that for thesevaluesof N andc, (2) resultsin a bound
of 12. The experimentsmarked as “no balancing”representthe algorithm as shown in Figure 1. We
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Figure3. Comparisonof convergencespeedfor network sizesN = 217 and c = 40, with and without balancing
of the number of contactsper cycleper node.Averagesfr om 20 runs are shown.
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canclearlyseethat theproportionof embeddedtargetlinks increasesexponentiallyin the initial phaseas
predictedby (1). To illustratehow fastthis increasereally is, wealsoplot theconvergencefactor, which is
thefactorby which theproportionof embeddedtargetlinks increasesin acycle. Wecanseethatthefactor
reasonablyapproximatesthepredictedfactor(which is 2 until thecycle whereconvergenceis predicted).
Thecaseof thebinarytreeis anexception.This problemwill besolveddueto a modi�cation we propose
in Section4.2.

4.2 The Endgame

The initial phaseof convergenceis exponentialwith a goodapproximation,andafter this phasethevast
majorityof thetargetlinks arealreadyembedded.For someapplicationsit mightbesuf�cient but in other
casesit mightbeimportantto �nd all targetlinks.

Due to the sourcesof error describedabove, a few nodesare left behind in convergenceand �nd
themselvesat the wrong placewhenmostof the othersareproperly linked. In this phase,unlike in the
exponentialinitial phase,theconvergencetime heavily dependson theactualtopology, becausetheselate
comershaveto usethealreadyconvergedstructureto climb graduallyto theirposition.For this reason,the
worstcasetopologyis thering, which hasa linearly growing diameter. Resultsfor thering topologywith
thesamesettingsasabove(N = 217, c = 40), areshown in Figure4. (seeSection6 for moreresultswith
otherrankingfunctions). It is clearthat thebasic,“no balancing”protocolperformspoorly. We suggest
two modi�cationsto theoriginalprotocolto handletheendphase.
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5 Practical Considerations

Balancingthenumberof contacts Therelatively poorperformanceduringtheendphaseis partly dueto
theunbalancednumberof contactsthenodesmake, asdescribedabove. To solve this problem,we allow
nodesto countthetotal numberof contacts(eitherpassive or active) they have hadandrefuseconnection
if this numberis larger or equalto the currentcycle number, as derived locally from the elapsedtime
(recall that the lengthof a cycle is T=2 time units). We alsoallow nodesto searchfor neighborsfrom
theview until oneacceptsa connection.This searchmechanismis inexpensiveasit involvesonly onebit
ping messages.In Figure3 we canseethatthis balancingmechanismsolvestheperformanceproblemof
thebinary treetopologyaswell in the fastconvergencephase.Also, in Figure4 we canseethatadding
balancingimprovesperformancesigni�cantly (seethecurvemarkedas“no endgame”).

Optimizedendgame Theotherimprovementcomesfrom theobservation thatduring theendphase,the
situationis radically different than in the fastconvergencephase.Here the remainingmisplacednodes
climb on the alreadyconvergedstructureto their position. In this setting,it paysto aggressively favor
thosenodesfrom theview thataretheclosest,just like in a routingapplication.Theendgameversionof
the protocolthereforechangesmethodSELECTPEER so that it assignsexponentiallydecreasingsampling
probabilitiesto theneighborsaccordingto increasingrank.Thepredictedstartof theendphaseis givenby
(2). In the“optimal endgame”versionweexecutethis modi�ed protocolfrom this predictedpoint.

Theoptimalendgamecombinedwith balancingclearlyoutperformsall otherversions.To verify that
this is not due to the fact that this versionof SELECTPEER is better in general,we testedthe protocol
applyingendgamesincethebeginning. As expected,this versionis clearly inferior to thealternatives,so
theendgamevariantof SELECTPEER is indeedsuitableonly for theendgame.

Note that for othersettingsof N andc we get similar results,which arenot presenteddueto space
restrictions. From this point onwards,all of the remainingexperimentsare performedusing both the
contactbalancingandoptimizedendgameextensionsof theprotocol.

5 Practical Considerations

5.1 Clustering and Sorting

So far we have looked at regular initial distributionsof nodepro�les. It is easyto seethat a clustered,
irregulardistribution canresultin a clusteredtopologywhentherankingfunctionis de�ned by a distance
metric over the spaceof pro�les. Indeed,the topology constructionproblemasde�ned in Section2.2
impliesthatthesolutionto theproblemis aclusterednetwork whennodesform clustersin whichto anode
from theclusterall nodesfrom thesameclusterarecloserthanall thenodesoutsideit, andthesizeof these
clustersis smallerthanthe view sizeparameterc. In applicationswhenthe goal is exactly to �nd those
clusters,this behavior is desirable.On theotherhand,whenappliedto sort thenodes,that is, to construct
a onedimensionaltopologyin which thenodesareorderedaccordingto someorderingde�ned over their
pro�le, we would like to ensureconnectivity.

Thiscanbeachievedby thefollowingdirectiondependentranking.First,separatethesetof nodesto be
rankedinto two groups:onethatis to theleft, andanotherthatis to theright of thebasenode.Orderthese
two setsaccordingto theunderlyingdesiredordering.Mergetheorderedsetssothatanodethathadindex
i in any of thesetsis assignedindex 2i or 2i + 1 in the �nal ranking,choosingrandomlybetweenthese
two possibilities.Theeffectof directiondependentrankingis illustratedin thesmallexamplein Figure5.
Observe theclusteringwith thedistance-basedrankingandtheperfectorderingwith directiondependent
ranking.Notethatthisdirectiondependentrankingcanbeeasilyextendedto otherproblems,for example,
creatinga connectedtopologyin two dimensionsthatre�ects geographicalproximity.

5.2 Bootstrapping

As mentionedbefore,the most importantaspectof bootstrappingis the initialization of views with suf-
�ciently randomsamplesfrom the setof nodes. For this purpose,we proposeusinga protocolsuchas
NEWSCAST, which is a gossip-basedprotocolfor maintaininga connected,dynamicallychanging,random
topology[5]. It takescareof membershipmanagement(joinsandleaves)andit canserveasanunderlying
sourceof randomnodesfor any protocolthatneedssuchnodes,like T-MAN. Thebasicideaof NEWSCAST

is very similar to that of T-MAN, only rankingis basedon the freshnessof the nodedescriptors.In this
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6 Simulation Experiments

(a)distancebased (b) directiondependent

Figure 5. Illustrati ve exampleof converged topologiesobtained with distance-basedand dir ection dependent
ranking, with N = 1000, c = 20. Line is displayed asspiral for convenience.Only the closest2 links are shown
fr om eachnode.

manner, old informationgetscontinuouslyremovedfrom thesystem,andsincethereis nosenseof conver-
gence,nosynchronizationis necessarywhatsoever. All experimentsreportedin Section6 wereperformed
usingNEWSCAST for theinitializationof theviews, insteadof a truly randomsample.

5.3 Synchronization and Dynamism

In the context of dataaggregationwith gossipprotocols,we have proposedsolutionsto handlesynchro-
nizationanddynamismin [12]. In short,we believe that thesesolutionsmight work alsofor T-MAN, but
this intuition remainsto bevalidated.

Here,thekey ideato handledynamismis periodicautomaticrestarting,organizingtherunsin socalled
epochs, which serve also as synchronizationunits. The start of the new epocheffectively propagates
throughthesystemsimilarly to anepidemicbroadcast,only muchfasterbecausemostof thenodesinitiate
it at thesametime. Theepochhasa �x edlengthafterwhichanew onestartsautomatically.

Note alsothat several instancesof the protocolcanrun at the sametime which increasesreliability
and in our casealso performance,in particular, the endgamecanbe shortenedsigni�cantly becausein
differentinstancesdifferentnodeswill �nd theirplacelatesotheunionof moretopologieswill very likely
beof muchhigherquality. Lastbut not least,unioncanbeperformedalsoin time if periodicrestartingis
applied,sinceduringtwo consecutiveepochsit is unlikely thatthenew setof nodesin thesystemis totally
non-overlappingwith theprevioussetdueto dynamism.

6 Simulation Experiments

We have performedsimulationexperimentsto examinethespeedof convergenceof theprotocolboth in
theinitial phase,whichwaspredictedto beexponential,andin theendphase.

Theexperimentalsetupdescribedin Section3 applies.Theversionof T-MAN wehaverunutilizesboth
extensionsintroducedin Section4.2: the contactbalancingandthe endgamepeerselectiontechniques.
Furthermore,theviewswereinitializedusingNEWSCAST, asdescribedin Section5.2.This is to ensurethat
theconvergenceresultsarenot dueto theuniform randomsamplingin the initial view (which is a rather
strongassumption),but canalsobeobtainedusingrealisticstartingconditions.

The resultsareshown in Figure6. To interpretthe resultson the convergencefactor, let us give the
predictedendof theinitial exponentialconvergencephasefor theparametersettingsexamined,using(2):

c = 20 c = 40 c = 80
N = 214 10 9 8
N = 217 13 12 11
N = 220 16 15 14

In Figure6 we canclearlyobserve exactly this trendof onecycle of shift with halving theview size
andthreecyclesof shift whenincreasingthenetwork sizeby a factorof 23. Theonly exceptionsis c = 20
which is shiftedslightly morethanpredicted.This is dueto the fact that c = 20 is small enoughso that
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Figure 6. Comparison of convergencespeedin the initial exponentialphaseand in the end phasefor network
sizesN = 214 ; 217 ; 220 and c = 20; 40; 80 for the ring, torus and binary tr eetopologies.The resultsdisplayed
are averagesof 50 and 10 runs for N = 214 and N = 217 , respectively, and show a single run for the case
N = 220 .
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7 Conclusions

samplingerrorcanplay a moreimportantrole in underminingthevalidity of theprediction.On theother
hand,alongthedimensionof sizewith a �x edc = 20 thescalingis still accordingthethethreecycle (and
sologarithmic)shift aspredicted.Remarkably, theaboveobservationshold for all threeof thetopologies.

This is notsoin theendphase,asexpected,whentheremainingsmallnumberof nodesusethealready
convergedstructureto �nd their position. Accordingly, in thebinary treetopology, theendphaseis also
rapid,becausetheevolvedstructureallows for ef�cient routing,beinglow diameter. In fact, theconver-
gencein theendphaseof any misplacednodecanbeexpectedwithin a logarithmicallyincreasingnumber
of cycles,which is con�rmed by the results.Similar argumentshold for the torus,only the convergence
time thereis not logarithmicbut growswith thesquareroot of thenetwork sizein theworstcase.In both
cases,wecanobservefastconvergenceevenfor thesmallestview size.

The caseof the ring is different,becausethe target topologyis of a large diameter, so the remaining
few misplacednodescanhave a hardtime reachingtheir destination.Until up to N = 217 theview size
c = 40 is suf�cient to reachfull convergencewithin 70 cycles. In the largestnetwork evenwith c = 80
we have not reachedfull convergencein the singlerun we performedwithin 100 cycles. Note however
thatat cycle 30 thenumberof missinglinks is alreadylessthen10,out of the2 � 220 = 2; 097; 152target
links, andevenfor c = 40 we missonly 100 links in cycle 100. This level of precisionwill satisfymost
applications.Still, it is true that theworstcasewaiting time in theendphasefor perfectionis linear. As
mentionedbefore,themostpromisingtechniquesfor futureexplorationto boostendphaseperformanceare
theconcurrentexecutionof moreinstancesof theprotocolandto usepastinformationwhentherestarting
techniquedescribedin Section5.3is used.

7 Conclusions

In this paperwe have introducedT-MAN, a gossipbasedprotocol for the constructionof a generalclass
of topologies.We haveshown experimentallyandsupportedby anapproximateanalyticalmodelthatdur-
ing an initial exponentialconvergencephasethe protocol �nds the vastmajority of the desiredlinks in
logarithmictime andduring the endphasethe remaininglinks arealsofound, but herethe convergence
time dependson thetarget topologyitself. Our resultssuggestinglogarithmicconvergencetime indepen-
dentlyof thetarget topologyarepromising,sincethey suggestscalabilityanda potentiallywide rangeof
applications.

Wefocusedmainlyonestablishingthebasicconvergencepropertiesof theprotocolin a ratherabstract
manner. Althoughwe have touchedon many practicalaspectssuggestingsolutionsto problemslike syn-
chronizationanddynamism,theideaswe mentionedneeda thoroughevaluationin thecontext of T-MAN.
Obviously, speci�c applicationslike sorting or searchalso form a promisingresearchdirection we are
currentlypursuing.
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