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Abstract

The applicationof structuredoverlay networks
to implementindex structuresfor data-oriented
applicationssuch as peerto-peer databasewor
peerto-peerinformationretrieval, requireshighly
efcient approachesfor overlay construction,
as changingapplicationrequirementdrequently
lead to re-indexing of the data and hence (re-
)constructionof overlay networks. This prob-
lem hasso far not beenaddressedn the liter-
ature and thus we describean approachfor the
efcient constructionof data-orientedstructured
overlaynetworksfrom scratchin aself-oganized
way. Standardmaintenancealgorithmsfor over
lay networkscannotaccomplistthis ef ciently , as
they areinherentlysequential. Our proposedal-
gorithmis completelydecentralizedparallel,and
can constructa new overlay network with short
lateng. At the sametime it ensureggoodload-
balancingor skeweddatakey distributionswhich
resultfrom preservingkey orderrelationshipsas
necessitatedy data-orientedapplications. We
provide bothatheoreticalnalysisof the basical-
gorithmsanda completesystemimplementation
thathasbeentestedon PlanetLabWe usethisim-
plementatiorto supportpeerto-peerinformation
retrieval anddatabasapplications.

1 Intr oduction

In standarddatabasesystemst is commonpracticeto reg-

ularly (re-)index attributesto meetchangingrequirements
and optimize searchperformance. Recently structured
peerto-peeroverlay networks areincreasinglybeingused
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asan accessstructurefor highly distributed data-oriented
applicationssuchasrelationalqueryprocessingmetadata
searctor informationretrieval [5, 19]. Theirusewasmoti-
vatedby the presencef certainfeatureshataresupported
by their designsuchas scalability decentralizednainte-
nanceandrobustnessindernetwork churn. Comparedo
unstructuredoverlay networks which are also being pro-
posedfor theseapplications[13, 16], structuredoverlay
networks additionally exhibit muchlower bandwidthcon-
sumptionfor search.

The standardnaintenancenodelfor peerto-peerover-
lay networks assumes dynamicgroup of peersforming
a network wherepeerscanjoin andleave, essentiallyin a
sequentiamanner In additionproactive or reactve main-
tenanceschemesre usedto repairinconsistenciesesult-
ing from nodeand network failuresor to re-balancdoad
in orderto reactto dataupdates. Theseapproachego
maintenancethat have beenextensiely studiedin the lit-
erature corresponckssentiallyto updatingdatabaséndex
structuresn reactionto updates.

In contrasto this, almostno resultsexist on how to ef-
ciently constructa large overlay network from scratch,
i.e.,how to bootstrapa new, large-scalestructurecbverlay
network in a practicalway within reasonabldime. This
is understandablénsofar as most of the work on over-
lay networks wasdoneunderthe assumptiorof providing
anef cient resourcdocationschemausinganapplication-
speci ¢, yetfairly stableresourcedenti er spacde.g., le
namedor le sharing).

With the increasingadoptionof structuredoverlay net-
work technologyfor data-orientedapplicationsthis as-
sumptionno longerholds. Resourcesreidenti ed by dy-
namically changingpredicatesand different overlay net-
workscanbeusedsimultaneouslyeachof themsupporting
aspeci c addressingneed.We canillustratetheserequire-
mentsby a typical applicationcaseof peerto-peerinfor-
mationretrieval which we investigatedecently

Thestandardapplicationof structurecoverlaynetworks
in peerto-peerinformationretrieval is the implementation
of adistributedinverted le structurefor ef cient keyword
basedsearch. In this scenario,several situationsoccur,
in which the overlay network hasto be constructedrom
scratch:

A setof documentghat is distributed among(a po-
tentially very large number)of peersis identi ed as
holdinginformationpertainingto acommontopic. To
supportefcient retrieval for this speci ¢ document
collection,a dedicatedverlaynetwork implementing



inverted le accessnayhaveto besetup.

A new indexing method,for example,a new text ex-
tractionfunctionfor identifying semanticallyrelevant
keywordsor phrasesis beingusedto searcha setof
semanticallyrelateddocumentdistributed amonga
large setof peers. Sincethe index keys changeasa
resultof changingheindexing methoda new overlay
network needsto be constructedo supportef cient
access.

Due to updatesto a distributed documentcollection
an existing distributed inverted le hasbecomeob-
solete. This may either resultfrom not maintaining
the inverted le during documentupdatesor due to
changingcharacteristicef the global vocatulary and
thuschangingthe indexing stratgy (e.g.,termselec-
tion basedon inversedocumentfrequeng). Thusa
completereconstructiorof the overlay network is re-
quired.

Due to catastrophicnetwork failures the standard
maintenancemechanismsho longer can reconstruct
a consistentoverlay network. Thusthe overlay net-
works needsto be constructedfrom scratch. Of
coursethis scenaricappliesgenerallyin ary applica-
tion, but becomesnoreprobablewhenmultiple over
lay networksaredeployedin parallel.

In principle a (re-)constructiorof an overlay network
in ary of thesescenarioxanbe achiesed by the standard
maintenancamodel of sequentialnode joins and leaves.
Most existing proposalsfor structuredoverlay networks
[17, 24, 25] do not offer a completelyparallelconstruction
processnvolving all peerssimultaneouslyThey assumea
modelof joins of peersin anessentiallysequentiaprocess.
However, this approachtencounterswo seriousproblems:

The peercommunitywill have to decideon a serial-
ization of the processg.g.,electinga peerto initiate
the process. Thus the peercommunity hasto solve
a leaderelection problem, which might turn out to
be unsohablefor very large peerpopulationswithout
making strongassumption®n coordinationor limit-

ing peerautonomy

Sincethe processs performedessentiallyin a serial-
izedmannerit incursa substantialateng. In partic-
ular it doesnottake any advantageof potentialparal-
lelization,whichwould be anaturalapproach.

In principle somesystemdik e Pastry [24] would sup-
port concurrentonstructionasthey take anoptimistic ap-
proachin which concurrenhodejoins arepossibleaslong
asthereareno con icts. However, this assumeshatthere
alreadyexists a large overlay, so that con icts are rather
unlikely. In an early stageof bootstrappingandwith large
numberof peergoining concurrentlycon icts will bevery
likely, however. Thusthis type of stratgy is not applica-
ble to the problemwe areaddressingDKS [6] avoidsthis
problemby equippingjoining peerswith an approximate
routing table which in the courseof the operationof the
overlay will be corrected(correctionon use). While this
approachs robust, it incursconsiderablesfforts ason av-
eragethe numberof lookupsper peerrequiredto stabilize
the network is of the sameorder as the numberof node

joinsandleaves.

In this paperwe will addresghe problemhow a struc-
tured overlay network canbe constructecef ciently from
scratch,a problemthat the researchcommunity hasonly
recentlyidenti ed and startedto addresq2, 8, 14]. Our
approachis a genericmechanisnto autonomouslyparti-
tion a keyspacein a completelyparallelmanner The ap-
proachcanpotentiallybe usedfor constructingary struc-
turedoverlaywith x edkey spacepartitioning[7].

In data-orientechpplicationsthere exists an additional
factorthataddsto thedif culty of nding asolutionto this
problem:loadbalancing Whenusingoverlaynetworksfor
semantigprocessingf keys (rangequeriesbeinga popu-
lar example)the canonicalmethodof uniform hashingof
keysto remove skew in thekey distributionis no moreap-
plicable. This hasled to substantiatesearcton including
load balancingfeaturesinto overlay networks [2, 12, 17].
During constructionthis mustbe taken into account thus
the constructiorapproachalsohasto solve load balancing
problems. In fact, we will addresswo typesof load bal-
ancingproblemssimultaneouslythe balancingof storage
load amongpeersunderskawed key distributionsandthe
balancingof the numberof replicapeersacrosskey space
partitions. The rst problemis importantto balancework-
load amongpeersandis solved by adaptingthe overlay
network structureto the key distribution. The secondone
is importantto guaranteapproximatelyuniform availabil-
ity of keysin unreliablenetworkswherepeershave poten-
tially low availability. This is a classical‘balls into bins”
load balancingoroblem.

Our approaclhis basedon a keyspacebisectionprocess
througha completelydecentralizedparallel,andrandom-
ized algorithmfor assigningpeersto key spacepartitions
in proportionto the key distributionsof the partitions. By
recursvely applyingkeyspacebisections peerscanincre-
mentally constructthe overlay network while maintaining
loadbalanceWewill introduceourapproachn thecontect
of theP-Gridoverlaynetwork structurg 3], whichwe have
developedoverthelastyearsthoughtheessentiatlements
of the approachareapplicableto all overlay networks us-
ing x edkey spacepartitioningschemessuchasCAN [23]
or Pastry[24]. We demonstratéhetheoreticalcorrectness
of the basic keyspacebisection processby analysisand
simulationandshawv the feasibility of building a complete
systemmatchingthe theoreticallypredictedbehavior with
experimentalresultsobtainedfrom a full- edged imple-
mentationdeployed on the PlanetLab[11] infrastructure.
The resulting system(available at http://www.p-grid.ormg)
is currently usedto implementboth peerto-peerretrieval
(http://'www.alvis.info/)andpeerto-peerdatamanagement
systemg1].

2 Overview of the Approach

2.1 A trie-structur edoverlay

We assumethat datakeys are taken from the key space
consistingof the intenval . The designof the P-Grid
overlaynetwork is basedntwo simpleprincipalideas:(1)
Divide andconquer: Thekey spacds recursvely bisected



suchthat the resulting partitions carry approximatelythe
sameworkload and peersare associatedvith thoseparti-
tions. Using a bisectionappmach greatly simpli es de-
centralizedload balancingby local decisionmaking. (2)

Canonicaltrie structue: Bisectingthe key spaceinduces
a canonicalrie structurewhich is usedasthe basisfor im-

plementingastandarddistributedpre x routingschemefor

efcient search.Theresultingoverlayis illustratedin Fig-

urel.
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Figurel: Trie-structurecbverlaynetwork

At the bottom we seea possibleskewed distribution
of datakeys in the interval . We bisectthe interval
suchthat eachresulting partition carries(approximately)
the sameload. Eachpartition canbe uniquely identi ed
by a bit sequenceWe associat@neor morepeers—inthe
exampleexactly two—with eachof the partitions. We will
call the bit sequencef a peers partition the peers path
The bit sequencesducea trie structurewhich is usedto
implementpre x routing. Eachpeermaintainsreferences
in its routingtablethatpertainto its path.More speci cally,
for eachbit position of its pathit maintainsone or more
randomlyselectedeferenceso a peerthathasa pathwith
the oppositebit at this position. Thusthe trie structureis
representedh adistributedfashionby the routingtablesof
the peers.This topologyis analogougo otherpre x rout-
ing schemeshathave beendevised[20, 24] andhave been
classi edasa xed key spacepartitioning schemeor struc-
turedoverlay networksin theliterature[7]. Searchn such
anoverlay network is performedby resolvinga requested
key bit by bit. Whenbits cannotbe resolhedlocally, peers
forwardtherequesto a peerfrom its routingtable.

We usereplicationin two waysin orderto increasehe
resilienceof the overlay network whennodesof network
links fail. Multiple referencesare keptin the routing ta-
bles, thus providing alternatve accesspaths,and multi-
ple peersareassociatedvith the samekey spacepartitions
(structumal replication) in orderto providedataredundanyg.
Sincetherouting choicesare madeby randomlychoosing
peersfrom the complementarysub-treeat eachlevel, the
resulting overlay network additionally provides ef cient

searchin termsof the communicationcost of
messagewhere is the numberof leaf nodesin thetree,
irrespectve of the shapeof thetree[2].

2.2 Overlay Network Construction

The procesof constructingsuchan overlay network from
scratchshould requirelow lateng, i.e., be highly paral-
lel and require minimal bandwidthconsumption. At the
sametime the following load balancingcriteria shouldbe
achieved:

1. The partitioning of the searchspaceshouldbe such
thateachpartitionholdsamaximaldataload of ,
e.g., measuredas the numberof keys presentin the
partition. We will call alsothe maximalstorage
loadin thefollowing.

2. Eachresulting partition should be associatedvith a
constantnumberof peers , suchthat the avail-
ability of the differentdatakeys is approximatelythe
same.We will call alsothe minimal replication
factorin thefollowing.

With perfect load balancingthese propertiescan be
achieved iff. , Where is the total
numberof datakeys and is the numberof peers.Algo-
rithm 1 shavs our globalpartitioningalgorithm
thatattemptgo achieve theseload balancinggoalsby best
effort while bisectingthe key space,if the idealizing as-
sumptionsarenot met.

Algorithm 1 Partition(p,n, d)

1:if and then

2. if — then

3: — —

4: Partition( ); Partition( , , )
5. else

6: if then

7. ;

8: Partition( ); Partition( , , )
9: else

10: analogous

11: endif

12:  endif

13: endif

The algorithmworks as follows. Assume peersare
associateavith onekey spacepartition containing data
keysandtwo sub-partitions and containing respec-

tively  datakeys,suchthat . To achieveload
balancecriterionl, afractionof — of peersshouldbeas-
sociatedvith partition  for .Incase —

atleast peersshouldbe associateavith  to achieve
loadbalancecriterion?2. recursvely appliesthis

bisectionstepto the key space.

For variousreasonghis algorithmwill achieve theload
balancinggoalsonly approximately Provided the number
of datakeysis largeenoughj.e., , the
numberof peersassociategvith apartitionwill bebetween

and , insteadof constant . For very
skeweddatadistributionsit canhapperthatvery smallpar
titions containa large fraction of the datakeys, andbisec-
tion “disperses’mary peerso underloadegartitionseven



before reachingsuch partitions. Theseare fundamental
problemsof ary bisectionapproach.However, for practi-
caldatadistributionsandlargepeerpopulationgheseprob-

lemsaremoretheoreticain natureand achieves
good load balancingpropertiesprovided and
arechoserproperly

We will usein thefollowing asanalgorithm

that de nes what we consideras an optimal partitioning
of the searchspaceamongpeersand a resultingoptimal
overlaynetwork. Sincein a peerto-peersystemno global
coordinationexists, the problemwe intendto solve is to
achieve the partitioning generatedy by a de-
centralizedprocessapproximately We will measurethe
quality of asolutionby determiningthe deviation from the
optimalpartitioning.

In adecentralizeghrocesgpeersdo not have precisein-
formationonthenumberof peersandkeys presentn apar
tition andcannotknow which decisionthe otherpeersin a
partitiontake with respecto associatinghemseleswith a
partition. Theonly availableinformationis onthesetof lo-
cally storeddatakeys andinformationgatheredrom local
interactionswith otherpeers.

Thedecentralizeghrocessve designis basednrandom
peerencounter@anda setof basiclocal interactions. The
randomencounterganbeinitiated by performingrandom
walkson a pre-&isting unstructuredverlay network. The
interactionspeerscan performin their encountersan be
classi edin threecateyories,asshavn in Figure?2.
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Figure2: Network evolution

Possibility 1:
Exchange content, Split the key space,
and update routing table

Peers from same partition (or one’s path is the prefix of other) meet

If peersbelongto the samepartition they can either
the presentpartition (a divide-and-conquer

stratayy) or the datakeys they currentlyhold. If
they do not belongto the samepatrtition, they can
eachotherto otherpeersusingtheir routing table entries
andthusrouteto a peerthatbelongsto the samepartition.

If peersfrom the samepartition meet, they may de-
cide to in casethe currentpartition contains
a sufcient numberof datakeys to justify a further split,
i.e., the partitionis overloadedcorrespondingo line 1 in

). They cancoordinatdocally their decision.In

addition,peerskeepareferenceo the peerencounteredf-
ter a split, and thus incrementallyconstructtheir routing
tables.

We canthusreducethe problemof load-balancedver-
lay network constructionto the problemof decentralized
partitioningof onekey spacepartition. The problemis that
alargenumberof peershaveto performthedecisionto split
independentlyor allowing a fastconstructiorof the over-
lay network, while makingthesendependendlecisionsn a
way thattheratio of the numberof peersmatchegheratio
of the dataload in the two partitions. In otherwords,the
globalbehaior of thedistributeddecisionmakingprocess
shouldmatchthe outcomeof the partitioning stepin the
globalpartitioningalgorithm (correspondingo
lines3 and7in ). The solutionto this problem
is oneof the centralcontributionsof the paperandwill be
discussedn detailin Section3.

3 DecentralizedPartitioning

Consideraset of peerswhich hold datakeys from
key space . Thespace is partitionedinto two parts,
and , suchthattheload measuredn numberof datakeys
relatedto the partitions, and are and . In the
following we assumew.l.0.g. that -. Thenthe
partitioning that we would ideally like to achierze should
have thefollowing properties:

1. Proportionalreplication: Eachpeerhasto decidefor
one of the two partitionssuchthat (in expectation)a
fraction of the peersdecidesfor 0 and a fraction

for 1. Thustheworkloadbecomesiniformly dis-
tributedamongthe peers meetingthe load-balancing
criteriain theresultingoverlay.

2. Refeentialintegrity: Duringtheproces®achpeerhas
to encounteatleastonepeerthatdecidedor theother
partition. Thusthe peershave the necessarynforma-
tion to constructa routing structure,i.e., the overlay
infrastructurefor delegatingrequests$or keysthey are
no longerassociatedvith.

A peercaninitiate interactionswith ary peerselected
uniformly randomlyfrom . We measurehe costof an
algorithm solving the problemin termsof the numberof
interactiondnitiated by peersandthis costshouldbe min-
imized. The quality of an algorithm solving the problem
is measuredy the deviation of the resultingdistribution
of peersfrom an optimal distribution that canbe achieved
basedon global knowledgeand coordination.First we as-
sumethatthevalueof is known to all peers.We will an-
alyzethein uence of having only approximateknowledge
of by samplingthelocally storeddatakeys later.

To clarify the critical issueswe rst discusstwo sim-
ple heuristicapproachesin the caseof -, asimple
stratgyy to adoptwould be that peerswhich have not yet
decidedfor a partition,initiate arandominteraction.If the
contactedpeeris alsoundecidedthe peersdecidefor dif-
ferentpartitions(balancedsplit), otherwisethe peeriniti-
atingtheinteractiondecidesoppositeto the contactecpeer
which hasdecidedalready(unbalancedsplit). In this way
it learnsabouta peerfrom the other partition. Sincethe
algorithmis symmetric,in expectationthe samenumber
of peerswill decidefor eachpartition, andit providesthe
bestpossibleperformancevithin the model,sincein each



interactionevery possibledecisionis taken. We call this
stratgy eager partitioning. While the eagerpartitioning
stratgy works well for -, it cannotbe employedfor
othervaluesof
For anarbitrarybut known , apossiblestrateyy, which
we call autonomouspartitioning (AUT), would be that
eachpeermales a decisionfor one of the two partitions
in advance,evenwithout meetingary otherpeerandthen
tries to meetsomepeerfrom the other partition in order
to satisfy the referentialintegrity constraint. In this set-
ting, obviously someof the peerinteractionsare“wasted,
wheneer peerswhich have decidedfor the sameparti-
tion meet. For the speci ¢ caseof -, by modeling
theinteractionsas Markovian processesye obsenedthat
interactionsareinitiated on an average
per peerasymptotically(i.e., for large ), ascomparedo
interactiongper peerwith eagerpartition-
ing. Thusautonomougartitioningis not an optimal strat-

€gy.

3.1 Adaptive eagerpartitioning

In the following we introducea methodfor suchan op-
timized solutionto the partitioning problem, that hasthe
characteristicef eagelpartitioningbutworksfor all . Due
to spaceconstraintsve canonly summarizehemainpoints
of theanalysis.However, the full analysiscanbe foundin
thelong versionof this paper4].

Adaptive eagempartitioning (AEP) algorithm:

1. Eachundecidedpeerinitiatesinteractionswith a uni-
formly randomly selectedpeer until a decision is
reached. Selectingpeersuniformly at randomis a
non-trivial problemin itself which we solve by a vari-
antof randomwalks.

2. If the contactedbeeris undecidedhe peersperform

a balancedsplit with probability and
maintainreferenceso eachothet
3. If the contactedpeerhasalreadydecidedfor then

the contactingpeerdecidedor andmaintainsa ref-
erenceo thecontactecpeer
4. If the contactedpeerhasalreadydecidedfor then
thecontactingpeerdecidedor with probability
andwith probability for 1. In the
rst casdt maintainsareferenceo thecontactegeer
In thesecondtaset obtainsareferenceo apeerfrom

theotherpartitionfrom the contactegpeer

It is straightforwardto seethatcondition(2) of the par
titioning problemis satis ed. Thequestionis now to deter
mine how to satisfycondition(1) by properlychoosingthe
probabilities and

We modelthe peerinteractionsasa Markovian process
using meanvalue analysis. We assumehat in eachstep

a peerwhich hasnot yet found its counterparicontacts

anotherrandomlyselectecheer By and we denote

the numberof peersthat have decidedin step for and
, respectely. Initially, . At theendof the

processn somestep we have . We rst

assumehat . Informally speakingyith this

thepartitioningproceedasfastaspossible pptimizingthe
requirednumberof interactions. Thenthe modelcan be
givenas

Todeterminghepropervalueof for agivenvalueof ,
we have to solve thisrecursve system.The rst important
obsenationis that the recursionterminatesas soonasno
moreundecidegeersxist, i.e.,assoonas
Thuswe have rst to nd avalue suchthat

. In generathiswill notbeanintegervalue,butin the
contet of meanvalue analysiswe allow fractional steps.
By standardsolutionmethodswve obtain

andevaluatingtheterminationcondition,we obtain

1)

Note,that doesnot dependon , andthusthe par
titioning procesgequiresthe samenumberof interactions
amongpeersindependentf theloaddistribution. By de -

nition ——, thuswe obtaina relationshipbetweerthe
network size andtheloaddistribution with ,
thedecisionprobabilityto beused.

Having dependenbn is problematicfor two
reasons:First the resultingequationis hardto solve, and
second,moreimportantly  is not necessariljknown to
the peers.Sincewe areinterestedn situationswhere is
(relatively) large we thus performan asymptoticanalysis.
By letting we obtain the following relationship
among and

- )

Positive solutionsfor cannotbe obtainedfor all
valuesof . From Equation2 we derive that positive so-
lutions exist for . This meansthatthe al-
gorithm cannotpartition correctly for too highly skewed
partitions. Thereforefor we have to
pursuea differentstratey, by reducingthe probability of
balancedsplits,i.e., .

Throughananalogousnalysispy setting
canderive relationshipgor :

, we



®3)

andfor therelationbetween and when

(4)

Beforewe continuewith thediscussiorof differentpar
titioning algorithms a statemenbn themodelingapproach
is necessaryWe usea sequentiabpproachto modeland
analyzewhat is a concurrentprocess. This is a simpli -
cationaswell asanappropriateapproximatiorfor our pur-
pose.Assumehatthelateng in oneinteractionis suchthat

otherinteractionsamongpeersoccurconcurrently Then
the concurrentbehaior of  peerscorrespondgapproxi-
mately)to the sequentiabehaior of — groups.
Theanalysiswe performshavs thatthe modelswe useare
sufciently accuratéfor relatively small . Thusfor large
numbersof peersthe modelis a sufciently goodapprox-
imation,whereador small  concurreny is lesslikely to
occurandlesscritical.

3.2 Error Analysis

Up to now we assumedhatthevalueof is known to all
peers. Practicallypeerswill derive an estimatefor by
sampling.Thereforejn thefollowing we analyzethe effect
of errorsintroducedby only approximateknowledgeof
Otherpotentialsourcesof errors,suchastaking the limit
case andusingmeanvalueanalysisturnedout to
have angyligible in uence.

Assumepeersobtain  samplegrom theirlocally stored
datakeys. The samplescorrespondo Bernoulli variables

with probability . The peersestimate by

computingthe meanvalue - which is bi-
nomially distributed.We would lik e to determingheeffect
of anerrorin estimating on the valuesof and
and the resulting effect on the partitioning processwhen
usingapproximatevaluesof and . In thefollowing we
will use and insteadof and aslong asthe
meanings clear

We provide an exemplaryerror analysisfor the evolu-
tion of  for the casewhere sincethis
is algebraicallythe simplestcase. Analogousanalysishave
beendonefor theothercaseputthey aresubstantiallymore
comple.

We assumehatin step theestimatiorvalue
is usedto determinean estimationvalue . The
error isthesamplingerrorobtainedoy the peerinitiating
step . Let usdenoteby theerrorintroduced
into the resultof the partitioning processdueto sampling
errors.We canderivethefollowing closed-formexpression
for  from analyzingthe Markov modelof the process.

- ()

Sincethe samplingerrorsare presumablysmallwe use
a Taylor seriesexpansionto approximate . In fact,for
reasonshatwill becomeclearlater, we needto make asec-
ondorderapproximatiorto performapropererroranalysis.
Foragivenvalue , wehave

- (6)

for small . We now determinethe expectationvalue
and standarddeviation for (to simplify the presenta-
tion we will write insteadof in thefollowing). Since
and - we obtainfor
the expectatiorvalueusing(5)

- - ()

where . This shows that
samplingintroducesa systematicshift of the balancebe-
tweenthe resultingpartitions. In a concreteimplementa-
tion we will have to compensatéor this systematicerror,
aswill bediscussedn moredetailsubsequently

Since - we obtain
for thestandardieviation by a similar analysis

- (8)

where .

The impactof the errorsdependsn particularalsoon
the behavior of the functions and . Using nu-
merical differentiationwe obsened that the functionsare
well-behaedin therelevantregion.

Performingananalogousnalysidor the
behaior of thefunctions and will berelevant
for the error behaior. We have includeda plot of
in orderto point out animportantobsenation (Figure 3):
For very smallvaluesof the secondderivative grows ex-
tremely fast, and consequentlythe error will be large as
well.

The error analysisshaws that in the presenceof sam-
pling errors, we have to include correctiontermsin the
probabilities and usedin AEP.

- - 9)

(10)
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Figure3: NumericalSolutionfor



3.3 Numerical Simulation of the Mark ov Model

To validatethecorrectnessf ouranalyticaimodelswe per
formed numericalsimulationexperiments. We simulated
ve models:

1. MVA: simulationof the meanvalue model for AEP
with known

2. SAM: simulationof the meanvalue modelfor AEP;
thevalueof isestimatedrom samples

3. AEP: discreteSimulationof AEP with peerstaking
discretedecisionsbasedon and insteadof
addingmeanvaluecontributionsasin the meanvalue

model
4. COR: discrete Simulation of AEP with corrected
probabilities and

5. AUT (Discrete AutonomousPartitioning): Discrete
simulationof autonomougdecisionmaking where
is estimatedrom samples

We presenthe resultsfor and
experimenthasbeenrepeated 00times.

Figure 4 shavs the deviation of the meanvalue of
fromtheexpectedvalue  averagedverall experiments.
As expectedpsingsamplingfor estimating leadsto asys-
tematicdeviation of theresultingdistribution (SAM, AEP).
The error correctionstratgly (COR) eliminatesthe devia-
tion almostcompletely Clearly, autonomouspartitioning
(AUT) on averageachievesthe desireddistribution.
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Figure4: Meanof over100experimentsthe expected
value s subtractedo highlightthedeviation.

Figure5 shaws the costof eachalgorithmmeasuredn
numberof interactions.As theoreticallypredicted we ob-
sene thatadaptie eagerpartitioning performsbetterthan
AUT, except for small valuesof  (approx.
independenbf which versionis consideredMVA, SAM,
COR).

Furtherexperimentswith differentsamplesizesshoved
thatthesamplesizehaspracticallynoin uence. Evenvery
smallsamplegq1 or 2 samples)eadto the sameresultsas
largersamplesizes.Experimentsalsoshovedthatadaptive
eagelpartitioninghasafurtheradvantageoverautonomous
partitioningasit reduceghe standarcdeviation of the er-
ror in partitioning by approximatelya factor of 2. Thus
our AEP approactoptimizesboth performancen termsof
numberof requiredinteractionsanderror controlin terms
of matchingthe partitioningratio .
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Figure5: Meantotal numberof interactionsover 100
experiments

Super cially, AEP appearsto be a more comple al-
gorithm than AUT while not considerablyoutperforming
AUT. However, the compleity is in the analysisrequired
to determinehe correctdecisionprobabilities whereador
practicalimplementatiorAEP hasevenadwantagesinceit
providesaninvariant: Whentaking a decisionfor a parti-
tion, the availability of areferencas guaranteed.

We would like to point out thatthe problemstudiedin
this sectionis a novel load distribution problemin thearea
of distributedsystemsparticularlybecausef the referen-
tial integrity constraint.A solutionto this problemcanbe
useful beyond overlay network constructionas we useit
here,but alsoin resourceandtaskdistribution anddecen-
tralizedload-balancingn general.

4 Algorithmic Issues

In orderto use AEP for implementingthe al-
gorithmin a decentralizedashionwe have to addresser-
eralissuegelatedto theglobalorganizatiorof theindexing
process.

4.1

In the absenceof global coordinationthe mechanisnto
reacha decisionto initiate the indexing processs not ob-
vious. While it is not thefocusof this paper andthe initi-
ation processs orthogonalto the index evolution process,
we nonethelesdescribea simple,decentralizedtratayy.

Dependingnlocally obsenedqueriesjndividual peers
may make autonomouslecisionson whethera new index
may be necessaryr re-indexing may be required.Any of
thepeerghatlocally decidethatindexing is usefulcanini-
tiateavote,by ooding thepeemetwork. This ooding can
usethe pre-&isting, generic,unstructuredverlay network
whichwe assumeo exist.

When peersreceie a voting requestthey can reply
back their local decision. Additionally, helpful informa-
tion, suchaslocally availablestoragespacethatthe peeris
willing to contributeto storeinformationfor thenew index
andthe numberof local dataitemsto be indexed can be
piggy-bacled. Votesaresentbackalongthe pathsthey ar-
rived,andmultiple votesareaggreyatedwhile o wingback
to reducebandwidthconsumptionBasedon the numberof

Initiating the Indexing Process



positveandnegativeresponseghepeerwhichinitiatedthe

voting canthendecidewhetherto initiate index construc-
tion or not,andcan ood thedecisiorbackto all peers.Ad-

ditionally, basedon the aggreyatestoragespaceavailable,
andthe amountof storagerequiredfor all the dataitems
(referencesin thesystemthedecisionwill containthe pa-

rameterdor ensuringoptimizedutilization of the available
resourcegndfor synchronizatiorof theindexing process.
We assumea collaboratve ervironmentwherethe major

ity of peersdoesnot behae maliciously or in a Byzan-
tine manneyrandadherego the democratiaecisionof the

group,andthusparticipatesn theindexing irrespectve of

theirindividual votes.

4.2 Synchronizing and Terminating the Indexing Pro-
cess

The partitioningalgorithmintroducedn Section2 enables
reachinga decisionin parallelon bisectingthe key space
proportionallyamonga groupof autonomougpeers.in the
indexing procesghe algorithmis executedmultiple times
and a synchronizatiormechanismis needed. In addition
peersneedto autonomouslyrecognizewhento terminate
theindexing processWe realizethis asfollows.

The peercommunicatingthe decisionto startthe in-
dexing processprovides the parameters and
asusedin The valuesare chosensuchthat

, where is the averagenumber
of datakeys peershold (asmentionedin Section4.1 this
informationcanbederivedfrom informationpiggy-bacled
to thevotes).Additionally, it providesatime . Before
startingto partition, peersreplicatetheir datakeys at time

to randomlychoserotherpeers.Thusatthestart
of theindexing processall datakeys arealreadyreplicated
the desirednumberof timesin the network.

Besidesestimatingthe numberof datakeys in the cur-
rent partition, peersalso have to estimatethe numberof
currentpeers,in orderto performthe properdecisionsin
algorithm . Attemptingthis directly, by learning
aboutall existing replicasat eachlevel of the partitioning
process,would unnecessarilyslov down the progressof
indexing. Instead we estimatethe numberof replicasin a
partitionby analyzingtheoverlapin the setsof datakeys of
two peersinteractingin abalancedsplit. If ~ denoteghe
setof datakeys peers hold,and ,

then is amaximumlik elihoodestimateof the

expectednumberof peersin the currentpartition. For ex-
ample, if and thenit shouldbe
expectedto have peersin the partition sinceinitially
datakeys have beenreplicated times. To ensurethe
correctnes®f this estimationwasthe purposeof initially
replicatingthe data.

During partitioning,peerghathave extendedheir paths
attemptto immediatelycontactotherpeersto performthe
partitioningatthenext level. If they donotsucceedn iden-
tifying a differentpeerin the samepartition with which a
usefulinteractioncantake place,i.e.,“divide andconquer”
or “replicate”, aftera x ed numberof attempts(e.qg., 2),
usingthe refer interaction(seeFigure 2), they stopto ini-
tiate interactionsand only will continueafter being con-

tactedby anotherpeer In this way peersthat are “ahead
of thecrowd”, e.g.,dueto fastermetwork connectionsare
forcedto wait for the slower ones. The samemechanism
also eventually leadsto terminationof the processwhen
peersencounteronly fully synchronizedcopiesof them-
sehes.

4.3 Complexity

The goal of our approachto index constructionis to per

form it with low bandwidthconsumptiorandlow latengy.

With regardto bandwidthconsumptioranecessaryequire-
mentis to perform no worsethan a sequentialapproach
usingstandarctonstructiormechanisms,e.,

To studythis, we look at the compleity in the caseof a

balancedkey distribution ( -). Thenfor partitioningat

onelevel, peersengagean bilateralinteractionson

average In additionto locatinga peerin the samepartition

atlevel , peershavetorouteonexpectation steps
whenperformingthereferinteraction.This shavs thatthe

total numberof interactionsis also of order .

However, the lateng is asopposedo in

the standardnaintenancenodel.

4.4 Simulation of the System

To study the global behaior of the indexing algorithms
whenintegratingall the elementgliscussedofar, we per
formed simulation studiesimplementedin Mathematica.
Weweremainlyinterestedvhetherthedesiredoadbalanc-
ing propertiesvould beachievedunderthevariousapprox-
imationsandwhetherthe algorithmperformsaspredicted.

In the simulationswe usedpeer populationsof sizes
256,512,and1024. As datadistributionswe useda uni-
form distribution, a Paretodistributionwith PDF —— with
parameters and ,anda Normaldis-
tributionwith mearnvalue- andstandardieviation ,
andtestdatafrom text retrieval experimentgprojectAlvis).
In Figure6 thesedistributionsaredenotedasU, P0.5 P1,
P1.5 N andA. The ParetoandNormaldistributionsrepre-
sentcaseswith extremely skewed distributions. Initially,
we randomly assignedlO keys from the distributions to
peerssothatthey held samplesWe testedwith
and suchthatat least5 (respectiely 10) repli-
casof the keys are generated.Typically the experiments
had . All experimentswere repeatedLO
timesandthe resultswere averaged.The algorithmswere
implementedas describedabove. The experimentswere
executedon a workstationclusterusingup to 36 machines
andwere running for morethana week. Note that there
were 36 separatexperiments,eachconductedl10 times.
Furthermorejn areal network the peerswould useexclu-
siveresourcesandthustheactualoverlayconstructiorpro-
cesds muchfaster

For evaluatingthe experimentswe primarily were de-
terminingthe degreeto which the load balancingof peers
acrosskey spacepartitionsworked. To do so,we compared
the generatedkey setsto the distribution, that would be
generatedby global coordination( algorithm).

The algorithm generatesa distribution

, Where arethe partitionsof



thekey spacegeneratednd arethenumberof peersas-
sociatedwvith eachpartition. We comparedhis distribution
to the distribution generatedy the decentralized
algorithm.

As explainedin Section2, we considerthe distribution
generatedy asthe optimal distribution. Mea-
suringthe distanceto this distribution providesa measure
for thequality of loadbalancing.

The rst experiment (Fig 6(a)) for and

shaws the quality of load balancingdepending
on the peerpopulationsizefor the differentdistributions.
Onecanobsenethatthe quality remainspracticallystable
independentf thesize.

We alsoinvestigatedhein uence of thereplicationfac-
tor by comparing (Fig 6(b)).
In principle the load balancingpropertiesshould not be
affectedas we measuredeviationsrelative to the average
replication. This is con rmed for less skewed distribu-
tions, whereador the strongly skewed distributionsa cer
tain degradationcanbe obsened. We have still to investi-
gatein detailthereasongor this effect, but mostlikely it is
relatedto therelatively low numberof partitionswith high
replicationfactors.

We werealsointerestedn the in uence of the sample
size onthequality of load balancing.Ilt might be ex-
pectedthatmore sampledeadto higheraccurag. In fact,
the result (Fig 6(c)) shavs that no suchin uence exists.
This is insofar importantasit shows that the partitioning
canbe doneusingvery small sampleswvhich enablesser-
eralpossibilitiesfor optimizationto reducebandwidthcon-
sumption.

In orderto understandhe quality of the load distribu-
tionsachievedwe alsoanalyzeahe role of our theoretical
frameawork (Fig 6(d)). We replacedhe functions
and by heuristicfunctionswhich likely would be
chosenin the absenceof a theoreticalunderstandingof
their properties. The hypothesisve wantedto verify was
whetherthe concretenatureof thesefunctionsplaysa sig-
ni cant role in view of the mary approximationgnadein
theoverall distributedalgorithm.We chose

Thesefunctionsexhibit qualitatvely the samebehavior
astheonesusedby AEP. The experimentwasexecutedor
and . The conclusionis clear from
theresult: Evena minor changeo thetheoreticallycorrect
functionsdegradesthe quality of load balancingsubstan-
tially. Thusthe theoreticalbasisprovesvaluabledespite
mary idealizingassumptions.

We alsoanalyzedhe communicatiorcostsof the algo-
rithm. We canseethatboththe numberof interactionsper
peer(Fig 6(e)),andthe overallbandwidthconsumptiorper
peermeasuredh termsof thetotal numberof datakeys ex-
changedamongall peersduring the interactiongFig 6(f))

grow gracefullyin termsof the network size,as expected
from theory However, skew in the datadistribution can
signi cantly increasehe bandwidthconsumption.

5 Experimental evaluation

We usedthe PlanetLabinfrastructure[11] to obtain re-

sultsfrom large-scalexperimentainderrealisticnetwork-

ing conditionsandto verify ourtheoreticalpredictionsand
simulationexperiments PlanetLal{http://www.planetiab.

org/) is a global testbedfor large-scaleexperimentswith

distributed systems. At the momentit consistsof ap-
proximately530 nodesgeographicallydistributedover the
whole planetrunninga modi ed versionof Linux to sup-
portef cient administratiorandresourcesharingfor large-
scaleexperiments.Nodesare connectedvia a diversecol-

lection of links. Our experimentson PlanetLabran on up

to 300 nodesdependingpn the numberof availablenodes.
Eachnodeexecutedoneinstanceof a P-Grid node. When
interpretingthe resultspresentedn the following, it is im-

portantto considethatPlanetLahs sharedcby alargenum-
berof researclgroupsfor experimentshatareexecutedn

parallelandthusmutually in uence the performancecon-
siderablyespeciallywith respecto absolutdateng.

5.1 Experimental setup

We deployed the P-Grid software, i.e., the peers,on all
available nodesat the times the experimentswere con-
ductedand assignedl10 keys from a real text collection
(takenfrom our Alvis informationretrieval project)to each
peer This relatively low numberof keys was chosento
speedup experimentsandaswe have alreadyseensample
sizehaslittle in uence onload balancing.To validateour
experimentswe alsoperformedtestswith larger numbers
(up to 2000keys per peer)andusedvariousdistributions,
includinguniform randomdistribution andParetodistribu-
tion.

Thetime-line of the experimentsvasasfollows: In an
initial phasestartingat time , peersjoin the systemby
contactinga bootstrappeer (until ) and form
anunstructuredverlay network (from until )
whichis usedaterto replicatedataa x ednumberof times
(from until ). In thereplicationphase
peersandomlychooseb peersrom the unstructuredver-
lay network to replicatetheir data. Subsequentlyfrom

to , the structuredoverlay network
is constructedusingthe approactpresentedn this paper
We wereespeciallyinterestedn evaluatingthe bandwidth
consumptionduring this phaseandto verify whetherthe
theoreticallypredictedioad balancingpropertiesof the al-
gorithmareachiezedunderrealisticnetworkingconditions.
Thenwe run querieson the constructedverlay network
( to ) to analyzesearctperformance.
Eachpeerperformeda searchevery 1-2 minutes.In the -
nal phase( to ) network churnis
simulatedto evaluatethefailureresilienceof P-Grid. Each
peerindependentlydecidesto go of ine 1-5 minutesev-
ery 5-10minuteswhich causesonsiderablehurnthatthe
systemhasto compensate.
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Figure6: Simulationresultsfor variousexperimentscenarios.

5.2 Experimental Evaluation bandwidthconsumedy queries.
We rst veri ed thatthe systembehaior matcheghe the-

oretical predictionsand the simulations. The experiment

wasperformedwith 296 peersandcomparedo simulation

resultsusingthe samenumberof peersandthe samekey 0l

set.

The quality of load balancingis evaluatedasde ned in
Section4.4 andis practicallyidenticalfor simulationsand

peers
-
Q
3
T

experiments,with an averageof 0.38 for 10 simulations
(the standarddeviation is 0.05) resp. a value of 0.39 for
the experiment. This indicatesthat the theoreticallypre- 5

dictedloaddistribution propertiesaremetquite accurately
by theimplementatiorevenunderrealisticnetwork condi- 8 \ N
. . . . . . 0 50 100 150 200 250 300 350 400 450 500
tionswith slow connection@ndcommunicatiorfailures. Time minuts]

We now report some system measurementshat we
madeto evaluatethe performanceof the overlay network,

bothduringthe constructiorphaseaswell asin its opera-

Figure7: Numberof participatingpeers

tional lifetime bothin a staticsituation(no changen peer w00
population)aswell asunderchurn(peerdeave andjoin the e
network). 0l
Figure7 shavs the numberof peersin the overlayata
giventime. We seehow rst peergoin thenetwork andthe

numberof peersin the network increasego the maximal
number Thenduring the constructionphasethis number
is stable(approx.300 peerswhile decreasingigainin the

Bandwidth [Bps]
=
3

nal phasewherewe simulatenetwork churnand a sub- 100]-
stantialdynamicfractionof peersbecomesinavailable.

Figure 8 shows the aggreyate bandwidthconsumption of I YWINAN o e
of all peers(maintenancendqueries)in Bytes/sec.Dur- N J . ' o
ing the constructionphasethe bandwidth consumption (e V0B A A AL 1A ' S ES O

Time [minutes]

reachesa peakof 250 Bytes/secper peer The mainte-
nanceconsumptiondecreasesjuickly down to lessthan

100 Bytes/secand becomesnggligible comparedto the Figure8: Aggregatebandwidthconsumption



Figure9 shows the averagequerylateny andits stan-
dard deviation. The absolutevaluesare relatively high
andessentiallyre ect the poorresponsédime of PlanetLab
nodes.Therespons¢imeis slightly higherwith alargerde-
viation during the network churnbecauseequestegeers
maybe of ine which hasto becompensated.

— — - standard deviation
average

. . . . . . . . .
300 320 340 360 380 400 420 440 460 480 500
Time [minutes]

Figure9: Querylateny

We obsened that the numberof query hopsper query
is aslow astheoreticallyexpectedj.e, approx. half of the
meanpath length, even during churn. The averagepath
length was slightly belov 6 and the averagenumber of
gueryhopsperquerywasapproximately3. Moreover after
the constructiorphasehasledto full evolution of the over-
lay network, all peersdiscoveredall their replicas,andthe
systemhadanexpectedmeanreplicationfactorof 5, asin-
tended andsuccessatefor querieswasbetweerf5% and
100% even during network churn. Querieswere mainly
unsuccessfubecausef network problemssuchaslost or
corruptedmessages.

Finally, we would like to point out thatthe currentex-
perimentakvaluationis still limited in thefollowing sense:
The moderatenumberof available peersdoesnot allow us
to obtainsigni cant resultsonthereductionof lateng dur-
ing bootstrappingas predictedby our theoreticalanalysis
in Section4.3 andwhich is one of the main propertiesof
ourapproach.

6 Relatedwork

The fundamentalproblemsto addresgfor ary large-scale
distributedindexing systemsredistributedindex construc-
tion andload-balancing. Traditionally structuredoverlay
networks, mainly basedon distributedhashtables(DHTS),
have followed sequentialconstructionand maintenance
stratgies(onlinebalancing)12, 17, 24, 25]. In contrasto
this, our approachappliesa highly parallelstratgyy which
speedsup the constructiorprocesstakesadvantageof the
distributed computingresourcesbhy allowing the partici-
pantsto work independentlyand asynchronouslyn the
construction,and enablesthe memging of independently
createdndices.

To addres$oad-balancingthestandardtrateyy of over
lay approachess to useuniform hashingof keysto remove
skew from thedistribution. However, this defeatgheappli-
cability of overlaynetworksto semantiqrocessingf keys

(rangequeriesgetc.). Thusin standardbverlayapproaches,
typically anadditionalindex on top of the overlay network
needsto be created22]. The adwantageof this approach
is its universalusability on top of any DHT. However, it is
considerablyessef cient thanour approacltsinceseman-
tically closedataitemsare not necessarilystoredcloseto
eachotherin theoverlaynetwork (highfragmentation)and
hencemultiple overlaynetwork queriesarerequiredto lo-
cateall thesemanticallyclosecontent.Thus,apartfrom the
additionaleffort of constructingan additionalindex, such
schemesdditionallysuffer from inef ciencies throughout
theoperationaphaseof the system.

In contrasto that, we build atrie thatclusterssemanti-
cally closedata,thusrealizingin-networkindexing which
enablesnoreef cient queryprocessingThis comesatthe
expenseof a more sophisticatecconstructionprocessfor
suchdata-orientecbverlay networks. Additionally, more
comple online load-balancingstratgyies have to be ap-
plied, aspresentedn this paper

Online load-balancings widely researchedreain the
distributed systemsdomainwhich often beenmodeledas
“balls into bins” [21]. Traditionally, randomizedmech-
anismsfor load assignmentjncluding load-stealingand
load-sheddingand power of two choices[18], have been
used,someof which canpartly bereusedn the context of
P2Psystemd10, 15], but with limited applicability. For
example,[15] provides storageload-balancingas well as
key orderpresenationto supportrangequeries but at the
costthat ef cient searche®f isolatedkeys canno longer
beguaranteed.

The dynamic nature of P2P systemsis also different
from the online load-balancingf temporarytasks[9] be-
causeof the lack of global knowledgeand coordination.
Moreover, for replicationbalancing therearenorealbins,
and actually the numberof bins variesover time because
of storagdoad balancing but the balls (peers}themseles
have to autonomouslymigrateto replicateoverloadedkey
spaces.Also, for storagdoad balancingthe balls arees-
sentiallyalreadydeterminedy the datadistribution, andit
is essentiallythe binsthathave to t the balls by dynami-
cally partitioningthe key spaceratherthanthe otherway
round.

A distinguishingproperty of our approachto all other
relatedoad-balancingtratgyiesis actuallythatwe address
two, sometimescon icting load-balancingproblems—
storageload, i.e., balancingthe amountof storageused
at the nodes,and replicationload, i.e., ensuringapprox-
imately uniform data availability by having roughly the
samenumberof replicasper datapartition. The rst step
in that directionwas a heuristickey spacebisectionpro-
posal[2]. In comparisorto the heuristicswe now exhaus-
tively analyzeandre ne the bisectionmechanismin order
to betterunderstanéindguaranteeuperiorioad-balancing
characteristicsn the overlay network emeging from the
recursve useof the bisectionalgorithm. Additionally, we
now not only simulatethe constructionprocesshut verify
the analytically predictedpropertiesusing a fully- edged
implementation(P-Grid), deployed on PlanetLabto back
up our analysisandsimulationresultswith large-scalesx-



perimentaldata. The overlay network is alreadyusedas
a substratefor two data-orientedapplications—agpeerto-

peersearchengine(http://www.alvis.info/)anda semantic
overlaynetwork [1].

Furthermore,most existing load-balancingas well as
overlaynetwork constructiormechanisméiave sofarbeen
sequential. However, the needfor fasteroverlay construc-
tion hasrecentlygeneratedhterestin theresearclttommu-
nity, asis evidentfrom somerecentpublicationg8, 14].

Both [8] and[14] userandominteractionsamongpeers,
inducedpotentially by the original unstructuredopology
andtry to build a desiredtopology by essentiallytrying to
sortthe peersaccordingto their identi ers thatare gener
atedat the beginning of the process. Thesemechanisms
canagainbe usedfor overlaynetworksconstructiorwhich
supportsearctof keys generatedby uniform hashingsince
then peeridenti ers can be simply generatedising uni-
form hashing,asthereis no skew in the load-distrilution.
However, for data-oriente@dpplicationssucha mechanism
hasa critical limitation, sincepeersarepredestinedor the
amountof load (basedon the whole setof peeridenti ers
generatedt the beginning of the process)andthereis no
e xibility or adaptvity for load-balancingparticularly if
the load is skewed. Our scheme—thipaperas well as
[2]—ontheotherhandadaptvely createshekey spacear
titions and assigngeersto thesepartitionsbasedon load
characteristicsandis thusa moregenericparalleloverlay
constructionmechanism.For the specialcaseof uniform
load distribution (asit is traditionally assumedn DHTs
using uniform hashing),we can easily constructa load-
balancedoverlay by requiring in eachstepof the
partitioning.

7 Conclusions

Thefast(re-)constructiorof data-orientedtructuredover-
lay networks is an emeging researchtopic which has
not yet beencoveredexhaustvely in the literature. (Re-
)indexing due to changingapplicationrequirementss a
frequentscenarioin data-orientedpplicationsand neces-
sitatesthe ef cient (re-)constructiorof overlay networks.
Existing approachesre essentiallyserializedand do not
take into accountinherentintricacieslike preseration of
key-orderingrelationshipsto enablesemanticprocessing
on datakeys. In this paperwe have presentedcan ef-
cient, completelydecentralizedalgorithmwhich supports
the fast, parallel constructionof structuredoverlay net-
works from scratchbasedon a recursve bisectionscheme
that preseres key semanticsand provides good load-
balancingfor skewed distributions both for storageand
replicationload. We prove the ef ciency of our approach
by analyticalresultswhich areveri ed by simulationand
large-scaleexperimentof a completesystemimplementa-
tion on PlanetLab The implementationis available from
http://www.p-grid.org/.
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