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Abstract

Topolagy, asde nedbythe“who knowswhom” relation,hasmanyapplicationsthat are of crucial impor-
tancein distributedsystemsFor example characteristicsof the communicatioiopolagy play a key role in

determiningthe performanceof manyfunctionsincluding seach, routing, monitoring control and infor-

mationdisseminationOtheressentiapropertiesof functionssud asscalabilityandrobustnesgo failures
are alsoheavilydependanbn the communicatioriopolagy. The*who knowswhom” relationcanalsobe
usedto de ne solutionsfor problemssud assortinga setof numbes, clusteringnodeshasedon similarity
or pairing seach requestwith thelocationsof theinformation. In large-scale dynamic fully distributed
systemgonstructingand maintaininga topolagy is a highly non-trivial problem.In this paperweidentify
topologymanaiementsan abstiactservice independentf applicationor function,andproposea gossip-
basedschemecalled T-Man for the constructionof a large classof differenttopologies. Thetopolagy is

de ned by a rankingfunctionwhich can be basedon any appropriate property of componentsincluding
geagraphicallocation,semantigroximity, bandwidth,or simplyon an abstiact, pre-de nedtopology over
an ID spacelike a ring or a torus. In the presentwork, we examinethree speci ¢ topolagies: ring, torus
andbinary tree We givetheoietical argumentsand experimentakesultsto demonstate that the proposed
protocolis lightweightandfastin thatit corvergesquickly, approximatelyin logarithmictime, andthatthis

speeds largely independentf the actualtopolagy beingconstructed We also demonstate howto apply
T-MaN for sortinga setof numbes. Finally, we addresssomepractical issuesand proposetechniquesto

improve convergenceduring the end-phasendthe bootstappingproblemof the protocol.

1. Thiswork waspartially supportedy the Futureand Emeging Technologiesunit of the EuropearCommissiorthroughProject
BISON (IST-2001-38923).

2. Departmenbf ComputerScienceJniversity of Bologna,ltaly



1 Introduction

1 Intr oduction

In large, fully distributed systemstopology—the“who is connectedo whom?”, or “who knows whom”
relation—formsthe basisof, or hasa majorimpacton practicallyall functions.

Perhapghe mostimportantexampleis communicatiortopologywhich is a key concernin large and
dynamicdistributedsystemsonsistingof thousand®r 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 alow diametertopologythatalsoincludessomeinformedhints on how to getcloser
to the destination. For most applications,including gossip-basedlisseminatiorand routing, it is also
importantthat geographicallylong rangelinks be usedless often than shortrangelinks, meaningthat
topology also hasto re ect physicalproximity. In addition, topology hasto be robust, that is, contain
enoughredundang so asto prevent partitioningdueto failures. Secondly the costsof constructingand
maintaininga desiredtopologyhave to be acceptablyow. For example,no matterhow desirablejt is not
feasibleto maintaina full view of a dynamicsystemat eachnodesincethe costof maintenancevould be
unacceptableMeeting both the effectivenessand ef ciency requirementss challengingyet decisie for
thesucces®f anapplication.

But the “who knows whom” relationcanhave interpretationandusesotherthansimply communica-
tion. For example,it cande ne sorting whereeachnodeseeksto know thosenodesthat preceedt and
thosethatfollow it accordingto somepre-de nedtotal orderrelation. Achieving this in large, fully dis-
tributedsystemss typically a dif cult task.Similarly, the“who knowswhom” relationcanexpresssearch
results,whereeachnodelearnsaboutothernodesthat hold a desiredpieceof information. and nally , it
canexpressclustering,wherenodesseekothernodesthatarein somesensesimilar to them,sharesome
interestoor have the samegoalsasthey do.

Motivatedby theseobsenations,we canthink of topologymanagemerdsa generalpurposefunction
thatis desirablein large distributed systems. Quite remarkably the above examples—communication
topology sorting, search clustering—allsharesomerequirementsthe topology managemenalgorithm
hasto befast,scalableandaccurate To introducea commonframework, we formally de ne thetopology
constructionproblemasa cornerston®f topologymanagementnd proposea gossip-basegrobabilistic
solutionto this problemcalled T-MaN. Thetopologyis de ned by a single ranking function that ranks
nodesaccordingto increasingdistancefrom ary given x ed node. Using only local gossipmessagesr-
ManN graduallyevolvesthetopologyto matchit to the onede ned by the rankingfunction. We shav that
the protocolis scalableandfast, with corvergencetimesthat grow asthe logarithmof the network size.
Thesepropertiesallow it to be usedevenwhenseveral differenttopologieshave to be createdon demand,
andalsoin dynamicsystemavherethesetof nodesor the propertieof nodeschangerapidly. Additionally,
the generaformulationof therankingfunctionallows usto dealwith awide rangeof differenttopologies.

Relatedwork Gossip-basegrotocolshave recentlygainednotablepopularity Apart from traditional
applicationdor databaseeplication[1], gossipingalgorithmshave beenappliedto solve numerousther
practicalproblemsncludingfailuredetection[18], resourcanonitoring[17] anddataaggreyation[6, 7]. A
recentsuney by Eugsteret al. providesan excellentintroductionto the eld [3]. In this paperwe suggest
anovel applicationof the gossipcommunicatiormodelto solve thetopologyconstructiorproblem.

Issuesrelatedto topology managementave alsoreceved considerablattentionin an effort to sup-
port functionslik e lookup androuting andto achieve robustnessandscalability In particular distributed
hashtablegDHTs) [11, 15,16,21] maintainstructuredopologiesto supportroutingandkey lookup, and
unstructuredbverlays[2, 5,9, 13] areconstructedo achieve scalability robustnesandto supportgossip-
basednformationdisseminatiorand dataaggreyation. In othercontets, superpeetopologiesare used,
mainly in peerto-peer(P2P) lesharing networks[4, 20].

Our approactis differentfrom the above protocolsin thatits scopeis moregeneral:a wide rangeof
topologiescanbe constructecand maintainedjn a rapid, scalablemannerwith an extremelysimpleand
intuitive protocol.Unlike theabove protocols, T-MaN canbe usedin largedistributedsystemdo construct
very differenttopologiesor jumpstartother protocols(e.g., DHTs) rapidly on demandin a e xible and
adaptve manner We areawareof relatedwork to achieze some but notall of thesefeaturesFor instance,
Massoule andKermarred10] proposea protocolto evolve atopologythatre ects proximity, in amanner
not unlike our approachyet the scopeof the applicationis limited to proximity, while in our casethis is
only aspecialcase Voulgarisandvan Steen19] proposea methodto jumpstartPastry aDHT basedna
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2 Basic ldeas

ring topology However, the protocolthey proposes tailoredto thatspeci ¢ topologyandit is unclearf it
canbegeneralizedeyondthis application.

Outline In Section2 we presenthe framewvork of our approach.We de ne the topology construction
problem,andwe presentthe T-Man protocol for solvingit. In Section3 we specify the experimental
settings,de ning the probleminstanceswve examine,along with the chosenmeasure®f performance.
Section4 is concernedvith characterizinghe cornvergenceof our solution. We presentan approximate
modelthat provesto be usefulin predictingthe logarithmiccornvergenceof the protocol. Practicalissues,
like dynamism,synchronizatiorand bootstrappingare touchedon in Section5. We alsobrie y sketch
our solutionto the sortingproblem,animportantapplicationof the protocol. Section6 present&mpirical
resultswith differentparametesettingsto verify our claimson corvergencespeed.Section7 concludes
thepaper

2 Basicldeas

2.1 Systemmodel

We considera setof nodesconnectedhrougha routednetwork. A nodehasanaddresghatis necessary
andsufcient for sendingit a message Eachnodemaintainsaddressesf othernodesthrougha partial
view (view for short),which is a setof ¢ nodedescriptos. The parametec is uniform for all nodes.In
additionto anaddressa nodedescriptorcontainsa pro le , aswe explain later Theaddressem theviews
of thenodesde ne thelinks of the overlay networktopology, or simply thetopolagy.

We assumehatnodeshave accesdo local clocksthatmeasureghe passagef realtime. In the present
paperwe will make the simplifying assumptiorthat thereexists a single synchronizatiorpoint whenthe
protocolis startedat all nodes. Furthermorewe assumehat the communicatiorchannelsaandthe nodes
arereliable. Theseassumptionsllow usto focuson the counterintuitive, andtherefore moreinteresting
propertiesof our protocol. We revisit theseissuesin Section5 wherewe sketch how the simplifying
assumptionsanberelaxedin morepracticalsettings.

2.2 The problem

Assumingthe model above, we de ne the topolagy constructionproblem The input of the problemis
a setof N nodes,the view size c anda rankingfunctionR that canordera list of nodesin increasing
distancefrom a given node. The ranking function R takes as parametersa basenodex and a set of

nodesfys;:::;ymg and outputsthe setof all possibleorderingsof thesem nodes. We will say that
R(x; fy1;:::;ym0) ranksy; strictly lower thany; if y; precedey; in all of the possiblerankings. This
relationde nesa partialorderingoverthenodesf ys;:::;yma@.

In the rst versionof the problem,thetaskis to constructthe views of the nodessuchthatfor a node
x theview of x viewy containsexactlythe rst c elementf a possiblerankingof theentirenodeset,that
is, R(x; fall nodesexceptxg) containsa rankingthat startswith the elementsof view,. In otherwords,
thereexists no nodey outsideviewy suchthaty ranksstrictly lower thanary elementfrom viewy. In a
moregeneralersionof the problem which we call thetopology embeddingproblem we aregivenanother
parametek < candwerequirethatviewy containk elementghatarethe rst k element®f someranking
from R(x; f all nodesexceptxg). In this casetheremainingc  k elementf theview canbearbitrary

Oneway of generatingankingfunctionsis throughthefunctiond(x; y) thatgivesthedistancebetween
nodesx andy. Whend de nes a metric spaceon the setof nodes the rankingfunction cansimply order
the givensetaccordingto the distancefrom the basenode. In this caseanotherversionof the embedding
problemcanbede ned, thatis, we canrequirethe view of a nodeto containall nodescloserthana given
distanceto it, or a subsetof suchnodesif therearemorethanc of them. Note that this distancebased
embeddingroblemis notequivalentto embeddingasedourely on ranking.

In this paperwe will examinethreetopologies.all arede ned througha distancefunction. In thefol-
lowing we de ne thesetopologies Firstlet usrecallthatall nodeshave apro le aspartof their descriptor
It is this pro le thattherankingfunctionusesto calculatethe possiblerankingsof nodessothede nition
of thedatatype andrangeof thepro les is alwayspartof thede nition of therankingfunction.

UBLCS-2004-7 3



2 Basic ldeas

view initialView()

do atarandomtime oncein each
consecutreinterval of T time units

p selectPeer()

myDescriptor (myAddress,myPro le)
buffer memge(view,f myDescriptag)
sendbufferto p

receve view, from p

buffer  memge(viev,p,view)

view  select\few(buffer)

do forever

(o, viewg)  waitMessage()
myDescriptor (myAddress,mypro le)
buffer meme(viev,f myDescriptog)
sendbufferto q

buffer  meme(vieng,view)

view select\iew(buffer)

(a) active thread (b) passrethread

Figure 1. The T-M AN protocol.

Lineandring Here,thepro le of anodeis arealnumber Thedistancdunctionfor theline is d(a; b)
ja b. In the caseof aring, pro les arefrom aninterval [0; N ] and distanceis de ned by d(a; b)
min(N ja bj;ja b)) Rankingis de ned throughthis distancefunction.

Meshandtorus Thepro les aretwo-dimensionatealvectors.Thedistancdor themeshis theManhattan
distancelt is givenby calculatingtheonedimensionatistancedescribedabose alongthetwo coordinates
andreturningthe sumof thesedistancesApplying the periodicboundarycondition(asfor thering) results
in atubefor onecoordinateandathreedimensionatorusfor both coordinatesAgain, rankingis de ned
throughthis distanceunction.

Binarytree Thepro les arebinarystringsof lengthm, excludingtheall zerostring. Rankingis de ned

throughthenotionof distanceasthe shortespathlengthbetweerthetwo nodesn thefollowing undirected
rootedbinarytree.ThestringO: : : 0listheroot. Any string0a; : : : an 1 hastwochildnodesa; :::an 10

anda; :::ayn 11. Stringsstartingwith 1 areleafs. Thistopologyis of interestbecauséunliketheprevious

ones)it hasavery short(logarithmic)diameterof 2m.

Sortingproblems Distancefunctionsarenot the only way to de ne meaningfulrankingfunctions. This
is thereasorwe do not call the rankingfunction orderingbecausét is possiblethatno partial orderingis
consistenwith it. In otherwords,for a x edbasenode,the rankingfunctionis allowedto ranka strictly
lowerthanbin a setof input nodesandstrictly higherthanbin anotherset. To illustratethis, considerthe
rankingfunction that canbe usedto constructa topologyde ned by the orderingof a setof numbersas
describedn section5.1.

2.3 The proposedsolution

Thetopologyconstructiorproblembecomesnterestingwhenc is smallandthe numberof nodesis very
large. Randomizedgossip-basedpproaches similar settings put for otherproblemdomaindik e infor-
mationdisseminatioror dataaggreation,have provento be successfu[3, 6]. Our solutionto topology
constructionis alsobasedn a gossipcommunicatiorscheme.

We assumehat eachnodeexecutesthe sameprotocolshavn in Figure 1. The protocol consistsof
two threads:an active threadinitiating communicatiorwith othernodesanda passve threadwaiting for
incomingmessages.

A view is asetof nodedescriptorsA call to MERGE(Viewy,view,) returngheunionof view; andview,.
MethodiniTiALVIEW() is usedto settheinitial view of thenodeandis partof bootstrappinglt is desirable
thatthis initial view be ascloseas possibleto a randomsampleof the whole setof nodes. Fortunately
therearea large numberof protocolsthat provide uswith sucha service.We discusghis issuefurtherin
Sectionb.

UBLCS-2004-7 4



3 Experimental Setup

after3 cycles after5 cycles after8 cycles after15cycles

Figure 2. lllustrati ve example of constructing a torus over 50 50 = 2500 nodes, starting from a uniform
random topology with ¢ = 20. For clarity, only the nearest4 neighbors (out of 20) of eachnodeare displayed.

Thetwo key methodsare seLECTPEER and seLECTVIEW. Method seLECTPEER 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-
plementatiorwill be motivatedin Section4 wherewe analyzethe convergenceof the protocol. Method
SELECTVIEW(BUFFER) alsoappliesthe rankingfunctionto rank the elementdn the buffer. Afterwards,it
returnsthe r stc element®f the buffer accordingto rankingorder

Theunderlyingideais thatthis way nodescanoptimizetheir own views usingthe views of their close
neighbors,andsinceall nodesdo the same,closeneighborsbecomegraduallycloserand closerand so
theviews of the closeneighborswill keepservingasa usefulsourceof additional,evenbetterlinks. Still,
the behavior of the protocolis not easyto graspsincethis highly interdependendynamicsof the views is
rathernon-trivial. In Section4 we offer a fairly simpleandintuitive way of modelingandunderstanding
theprotocol.

Althoughthe protocolis not synchronousit is often corvenientto referto cyclesof the protocol. We
de ne a cycle to be the time interval during which N view updateshappen. Sinceeachsingle contact
resultsin two updatesat thetwo involved nodesandduring T=2 time units N =2 contactsareinitiated on
averagewe de ne T=2 unitsasonecycle. This meanghatduring T time unitstwo cyclesarecompleted
onaverage.

Figure2 illustratestheresultsof the protocolwhenusedto constructa smalltorus(visualizationsvere
doneusing([8]). For this example,it is clearthat15 cyclesaresufcient for corvergence andthe target
topologyis alreadyevidentevenafterveryfew cycles.As we will see, T-MaN provesto bescalablesothe
time compleity of the protocolremainsin this orderof magnitudeevenfor a million nodes.In therest
of the paperwe take a closerlook at the dynamicsof the protocolon differenttopologiesand parameter
settings.

3 Experimental Setup

All the simulationresultspresentedn this paperwereproducedusing PEERSIM, anopensourcesimulator
developedatthe University of Bologna[14].

Theinstance®f thetopologyconstructiorproblemwe examinearede ned asfollows. We applythe
threedistance-basedankingfunctionsthatde ne thering, torusandbinarytreetopologies.asde ned in
Section2.2. The motivationof this choiceis thatthering is alarge diametettopologyandit is relevantfor
the sortingapplication(Section5.1), the binary treeis of a logarithmicdiameterandthe torusis relevant
in proximity problemsbeingbasedn a 2-dimensionagrid. The network sizes(N ) examinedare2t4, 217
and2?°. We initialize thepro les of thenodesin aregularmannerthatis, in the caseof the rin,g t_opBIo_gy
we assignthenumbersl; 2; :::; N to thenodesandlikewisefor thetorus((1;1); (1;2);:::;( N; N))
andthebinarytree(all binarystringsof lengthlog, N ).

Thisregularityis notcritical for thesucces®f the protocol. Onthe contrary oneof themostimportant
applicationss sortingan arbitrary setof numbersaswe arguein Section5.1. However, this controlled
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4 Analysis and Re nements

settingallows us to monitor the dynamicsof the protocolin a more informed manneras the distance
functionbecome®quivalentto thehopcountin thetargettopolagy de ned by thelinks thatconnecinodes
atdistancel. The measure®f performanceverechosenwith the distance-basedmbeddingoroblemin
mind: we areinterestedn studyinghow ef ciently the protocol nds links thatconnecthodesat distance
1. We will call thoselinks target links. We will thereforefocuson the dynamicsof the numberof target
links asafunctionof cycles.

4  Analysisand Re nements

4.1 Rapid ConvergencePhase

The key ideafor understandinghe dynamicsof the systemrestsin the very rst communicatiorstepof
a node. In that step,two views are meiged, both containingc randomsamplesof the entire population.
Accordingto the protocol,the new view is the closestc elementsaccordingto a possibleranking. Thatis,
the new view canbe describedasthe closestc elementsof 2c randomsamples Note thatthis obsenation
is independenof therankingfunction,soit holdsfor all applications.

Following aninductive heuristicapproachye suggest simpleapproximatenodelin which the view
aftercyclei (thatis, aftertheith communication)s theclosest elementoutof 2' c randomsamplesThere
aretwo mainsource®f errorthataccounfor deviationsfrom thisidealmodel. The rst oneis whatwe call
the unbalancedontactdistribution. During T time units, a nodeitself initiatesonly onecommunication
but can be contactedseveral times, the actualnumberbeing a randomvariable. In particulay if a node
communicatesoo mary times,it will corvergefasterthanthe otherstowardsclosernodesandthereforeit
will provide lessusefulnodesto otherswhencontactedhaving arelatively morebiasedview already On
theotherhand,if anodecommunicatesoo few times,it will corvergeslowerthanothersandsothenodes
it contactawill provelessusefulsincethey will betypically far avay andtheir views will be alreadymore
biased. The secondsourceof erroris relatedto the factthatevenif assuminghatthe views at all nodes
follow the modelin somecycle i, the closestc nodesthe modelrefersto areclosestto the nodeholding
theview. This meanghatwhentwo nodesexchangeheirviews aftercyclei then—unlike duringthe rst
contact—thawo samplesetsheldby thetwo views arenot from exactly the samedistribution.

To elaborateon this modelandits implications,we rst introducethe notion of the maximalrankr 5.,
of a nodeb with respectto a basenodea. This valueis the largestrank that nodeb can possiblybe
assignecamongary subseif the entirepopulationwhenranked with a asa basenode. For example,in

rst or thesecondwhich canhapperwhenj 1 is presentjrrespectve of the othervalues.As another
example considetherandonrankingfunctiononthesamepopulationthatreturnsarandomordering.This
rankingis inducedby thedistancdunctionaccordingo which all pairsareequidistantTheresultingtarget
topologyis effectively arandomtopology indeed,with this rankingfunction T-Man becomesquivalent
to LrecasT [2]. In this caseall maximalranksareN for all nodesor all basenodes.

Now, considetthosenodeghathave maximalranksmallerthanc. In particular in the caseof thethree
topologieswe areconsideringthenodeghatareat distancel from abasenodehave avery smallmaximal
rank. For aring it is 2, for thetorusit is 4 andfor the binarytreeit is 2, 3 or 1 if thebasenodeis theroot,
aninternalnodeor a leaf, respectiely. Now, if we assumehatour modelis accurateyve cancharacterize
the probability pa., (i) thatb is presentin theview of a aftercyclei. Firstof all, po5(0) = c(N  1).
Secondjf rap < cthen

|
Pasi) = 20ani 1) = Zpen(0) = o p )
aslong asthis valueis smallerthanone. We cannaturallyinterpretthe point whenit reacheneasthe
predictedendof convergence Expressing fromc2'=(N 1) < 1 givesus

i <log,(N 1) log,c (2)

whichis alogarithmicboundon the corvergenceime.

To testthis model,we performedexperimentswith N = 27 andc = 40 (Figure3). (Othernetwork
andview sizesarealsotestedin Section6). Note thatfor thesevaluesof N andc, (2) resultsin a bound
of 12. The experimentsmarked as “no balancing”representhe algorithmas shavn in Figurel. We
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4 Analysis and Re nements
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Figure 3. Comparison of corvergencespeedfor network sizesN = 217 and ¢ = 40, with and without balancing
of the number of contactsper cycle per node. Averagesfrom 20 runs are shown.
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Figure 4. Comparison of convergencespeedfor the ring topology in the end phasefor network sizesN = 27
and c = 40for differ ent versionsof T-M AN. Averagesof 20 runs are shown.

canclearly seethatthe proportionof embeddedargetlinks increasegxponentiallyin theinitial phaseas
predictedby (1). Toillustratehow fastthis increaseeallyis, we alsoplot the corvergencefactor, whichis
thefactorby which theproportionof embeddedargetlinks increase# a cycle. We canseethatthefactor
reasonabhapproximateshe predictedfactor(which is 2 until the cycle wherecorvergenceis predicted).
The caseof thebinarytreeis anexception. This problemwill be solveddueto a modi cation we propose
in Sectiord.2.

4.2 The Endgame

The initial phaseof corvergenceis exponentialwith a goodapproximationandafter this phasethe vast
majority of the targetlinks arealreadyembeddedFFor someapplicationst might be sufcient butin other
casest mightbeimportantto nd all targetlinks.

Due to the sourcesof error describedabove, a few nodesare left behindin corvergenceand nd
themselesat the wrong placewhenmostof the othersare properlylinked. In this phase,unlike in the
exponentialinitial phasethe corvergencedime heavily depend®n the actualtopology because¢heselate
comershaveto usethealreadycorvergedstructureto climb graduallyto their position. For thisreasonthe
worstcasetopologyis thering, which hasa linearly growing diameter Resultsfor the ring topologywith
the samesettingsasabove (N = 27, ¢ = 40), areshavn in Figure4. (seeSection6 for moreresultswith
otherrankingfunctions). It is clearthatthe basic,“no balancing”protocolperformspoorly. We suggest
two modi cationsto the original protocolto handletheendphase.
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5 Practical Considerations

Balancingthe numberof contacts Therelatively poorperformancealuringthe endphases partly dueto
the unbalancechumberof contactshe nodesmake, asdescribedabove. To solve this problem,we allow
nodesto countthetotal numberof contactqeitherpassie or active) they have hadandrefuseconnection
if this numberis larger or equalto the currentcycle number as derived locally from the elapsedime
(recall that the lengthof a cycle is T=2 time units). We alsoallow nodesto searchfor neighborsfrom
the view until oneacceptsa connection.This searchmechanisnis inexpensve asit involvesonly onebit
ping messagesin Figure3 we canseethatthis balancingmechanisnsolvesthe performanceroblemof
the binary treetopologyaswell in the fastcornvergencephase.Also, in Figure4 we canseethatadding
balancingmprovesperformancesigni cantly (seethe curve markedas“no endgame”).

Optimizedendgame The otherimprovementcomesfrom the obsenationthat duringthe endphasethe
situationis radically differentthanin the fastcornvergencephase. Here the remainingmisplacednodes
climb on the alreadycorvergedstructureto their position. In this setting,it paysto aggressiely favor
thosenodesfrom the view thatarethe closestjustlike in a routing application. The endgamerersionof
the protocolthereforechangesamethodseL EcTPEER so thatit assignsexponentiallydecreasingsampling
probabilitiesto the neighborsaccordingo increasingank. Thepredictedstartof theendphases givenby
(2). In the“optimal endgame'versionwe executethis modi ed protocolfrom this predictedpoint.

The optimal endgamecombinedwith balancingclearly outperformsall otherversions.To verify that
this is not due to the fact that this versionof seLecTPeeR is betterin general,we testedthe protocol
applyingendgamesincethe beginning. As expected this versionis clearly inferior to the alternatves,so
theendgamevariantof seLecTPEER is indeedsuitableonly for theendgame.

Note that for other settingsof N andc we get similar results,which are not presentedlueto space
restrictions. From this point onwards, all of the remainingexperimentsare performedusing both the
contactbalancingandoptimizedendgamextensionsof the protocol.

5 Practical Considerations

5.1 Clustering and Sorting

So far we have looked at regular initial distributions of nodepro les. It is easyto seethat a clustered,
irregulardistribution canresultin a clusteredopologywhentherankingfunctionis de ned by a distance
metric over the spaceof pro les. Indeed,the topology constructionproblemasde ned in Section2.2
impliesthatthe solutionto the problemis a clusterechetwork whennodesorm clustersn whichto anode
from theclusterall nodedrom the sameclusterarecloserthanall thenodesoutsideit, andthesizeof these
clustersis smallerthanthe view size parameterc. In applicationswhenthe goalis exactlyto nd those
clustersthis behaior is desirable.On the otherhand,whenappliedto sortthe nodesthatis, to construct
aonedimensionatopologyin which the nodesareorderedaccordingto someorderingde ned over their
pro le, we would like to ensureconnectvity.

This canbeachievedby thefollowing directiondependentanking.First, separat¢he setof nodego be
rankedinto two groups:onethatis to theleft, andanotherthatis to theright of the basenode.Orderthese
two setsaccordingo theunderlyingdesiredordering.Mergethe orderedsetssothatanodethathadindex
i in ary of the setsis assignedndex 2i or 2i + 1 in the nal ranking,choosingrandomlybetweerthese
two possibilities. The effect of directiondependentankingis illustratedin the smallexamplein Figure5.
Obsene the clusteringwith the distance-baserhnkingandthe perfectorderingwith directiondependent
ranking.Notethatthis directiondependentankingcanbe easilyextendedo otherproblemsfor example,
creatinga connectedopologyin two dimensionghatre ects geographicaproximity.

5.2 Bootstrapping

As mentionedbefore,the mostimportantaspectof bootstrappings the initialization of views with suf-
ciently randomsamplesrom the setof nodes. For this purpose we proposeusing a protocolsuchas
NEwscAST, which is a gossip-basegrotocolfor maintaininga connecteddynamicallychangingrandom
topology[5]. It takescareof membershipnanagemen(joins andleaves)andit cansene asanunderlying
sourceof randomnodesfor ary protocolthatneedssuchnodeslike T-MaN. Thebasicideaof NEwscAsT
is very similar to that of T-Man, only rankingis basedon the freshnes®f the nodedescriptors.In this
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6 Simulation Experiments

(a) distancebased (b) directiondependent

Figure 5. lllustrati ve example of corverged topologiesobtained with distance-basedand dir ection dependent
ranking, with N = 1000 c = 20. Line is displayed asspiral for convenience.Only the closest links are shown
from eachnode.

manneyold informationgetscontinuouslyremovedfrom thesystemandsincethereis no sensef corver-
genceno synchronizatioris necessaryvhatsoger. All experimentgeportedn Section6 wereperformed
usingnewscasT for theinitialization of the views, insteadof a truly randomsample.

5.3 Synchronization and Dynamism

In the context of dataaggreyationwith gossipprotocols,we have proposedsolutionsto handlesynchro-
nizationanddynamismin [12]. In short,we believe thatthesesolutionsmight work alsofor T-MaN, but
thisintuition remainsto bevalidated.

Here,thekey ideato handledynamismis periodicautomatiaestartingprganizingtherunsin socalled
epodis which sene also as synchronizatiorunits. The start of the new epocheffectively propagates
throughthe systemsimilarly to anepidemicbroadcastonly muchfasterbecausenostof thenodesnitiate
it atthesametime. Theepochhasa x edlengthafterwhich anew onestartsautomatically

Note alsothat several instancesf the protocol canrun at the sametime which increaseseliability
andin our casealso performancejn particular the endgamecan be shortenedsigni cantly becausean
differentinstanceslifferentnodeswill nd their placelate sotheunionof moretopologieswill verylikely
be of muchhigherquality. Lastbut not least,unioncanbe performedalsoin time if periodicrestartingis
applied,sinceduringtwo consecutre epochst is unlikely thatthe new setof nodesin thesystemis totally
non-overlappingwith the previoussetdueto dynamism.

6  Simulation Experiments

We have performedsimulationexperimentsto examinethe speedof corvergenceof the protocolbothin
theinitial phasewhichwaspredictedto beexponential,andin theendphase.

Theexperimentaketupdescribedn Section3 applies.Theversionof T-Man we have run utilizesboth
extensionsintroducedin Section4.2: the contactbalancingandthe endgamepeerselectiontechniques.
Furthermoretheviews wereinitialized usingnewscast, asdescribedn Section5.2. Thisis to ensurehat
the cornvergenceresultsarenot dueto the uniform randomsamplingin theinitial view (which is a rather
strongassumption)but canalsobe obtainedusingrealisticstartingconditions.

Theresultsareshavn in Figure6. To interpretthe resultson the corvergencefactor, let us give the
predictedendof theinitial exponentialconvergencephaseor the parametesettingsexamined,using(2):

|c=20 c=40 c=80

N = 214 10 9 8
N = 217 13 12 11
N = 220 16 15 14

In Figure 6 we canclearly obsere exactly this trendof onecycle of shift with halving the view size
andthreecyclesof shift whenincreasinghe network sizeby afactorof 23. Theonly exceptionds ¢ = 20
which is shiftedslightly morethanpredicted. This is dueto the factthatc = 20is small enoughso that
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Figure 6. Comparison of corvergencespeedin the initial exponentialphaseand in the end phasefor network
sizesN = 214:217:220 and ¢ = 20; 40; 80 for the ring, torus and binary treetopologies. The resultsdisplayed
are averagesof 50 and 10 runs for N = 2% and N = 2%, respectiely, and shav a single run for the case

N = 220,
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7 Conclusions

samplingerrorcanplay a moreimportantrole in underminingthe validity of the prediction.On the other
hand,alongthe dimensionof sizewith a x edc = 20thescalingis still accordingthethethreecycle (and
sologarithmic)shift aspredicted Remarkablythe above obsenationshold for all threeof thetopologies.

Thisis notsoin theendphaseasexpectedwhentheremainingsmallnumberof nodesusethealready
corvergedstructureto nd their position. Accordingly, in the binary treetopology the endphases also
rapid, becausehe evolved structureallows for ef cient routing, beinglow diameter In fact, the corver-
gencen theendphaseof any misplacechodecanbe expectedwithin alogarithmicallyincreasinghumber
of cycles,whichis con rmed by the results. Similar agumentshold for the torus, only the corvergence
time thereis not logarithmicbut grows with the squareroot of the network sizein theworstcase.In both
caseswe canobsenefastconvergenceavenfor the smallestview size.

The caseof thering is different,becausdhe targettopologyis of a large diameter so the remaining
few misplacedhodescanhave a hardtime reachingtheir destination.Until upto N = 27 the view size
c = 40is sufcient to reachfull corvergencewithin 70 cycles. In thelargestnetwork evenwith ¢ = 80
we have not reachedull corvergencein the singlerun we performedwithin 100 cycles. Note however
thatat cycle 30 the numberof missinglinks is alreadylessthen10, outof the2 220 = 2;097, 152target
links, andevenfor ¢ = 40 we missonly 100links in cycle 100. This level of precisionwill satisfymost
applications.Still, it is true thatthe worst casewaiting time in the endphasefor perfectionis linear As
mentionedefore themostpromisingtechniquegor futureexplorationto boostendphaseperformanceare
the concurrenexecutionof moreinstance®f the protocolandto usepastinformationwhentherestarting
techniquedescribedn Section5.3is used.

7  Conclusions

In this paperwe have introducedT-MAN, a gossipbasedprotocolfor the constructionof a generalclass
of topologies We have shovn experimentallyandsupportedy anapproximateanalyticalmodelthatdur-
ing an initial exponentialcorvergencephasethe protocol nds the vastmajority of the desiredlinks in
logarithmictime and during the end phasethe remaininglinks are alsofound, but herethe corvergence
time dependn the targettopologyitself. Our resultssuggestindogarithmiccornvergencetime indepen-
dently of thetargettopologyarepromising,sincethey suggesscalabilityanda potentiallywide rangeof
applications.

We focusedmainly on establishinghe basicconvergencepropertieof theprotocolin aratherabstract
manner Although we have touchedon mary practicalaspectsuggestingolutionsto problemslik e syn-
chronizationanddynamism theideaswe mentionecheeda thoroughevaluationin the context of T-MaN.
Obviously, speci c applicationslike sorting or searchalsoform a promisingresearchdirection we are
currentlypursuing.
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