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Abstract

The application of structuredoverlay networks
to implement index structuresfor data-oriented
applicationssuch as peer-to-peer databasesor
peer-to-peerinformationretrieval, requireshighly
ef�cient approachesfor overlay construction,
as changingapplicationrequirementsfrequently
lead to re-indexing of the data and hence(re-
)constructionof overlay networks. This prob-
lem has so far not beenaddressedin the liter-
atureand thus we describean approachfor the
ef�cient constructionof data-oriented,structured
overlaynetworksfrom scratchin a self-organized
way. Standardmaintenancealgorithmsfor over-
lay networkscannotaccomplishthisef�ciently , as
they are inherentlysequential.Our proposedal-
gorithmis completelydecentralized,parallel,and
can constructa new overlay network with short
latency. At the sametime it ensuresgood load-
balancingfor skeweddatakey distributionswhich
result from preservingkey orderrelationshipsas
necessitatedby data-orientedapplications. We
providebotha theoreticalanalysisof thebasical-
gorithmsanda completesystemimplementation
thathasbeentestedonPlanetLab. Weusethis im-
plementationto supportpeer-to-peerinformation
retrieval anddatabaseapplications.

1 Intr oduction
In standarddatabasesystemsit is commonpracticeto reg-
ularly (re-)index attributesto meetchangingrequirements
and optimize searchperformance. Recently, structured
peer-to-peeroverlaynetworksareincreasinglybeingused
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asan accessstructurefor highly distributeddata-oriented
applications,suchasrelationalqueryprocessing,metadata
searchor informationretrieval [5, 19]. Theirusewasmoti-
vatedby thepresenceof certainfeaturesthataresupported
by their designsuchas scalability, decentralizedmainte-
nance,androbustnessundernetwork churn. Comparedto
unstructuredoverlay networks which are also being pro-
posedfor theseapplications[13, 16], structuredoverlay
networksadditionallyexhibit muchlower bandwidthcon-
sumptionfor search.

Thestandardmaintenancemodelfor peer-to-peerover-
lay networks assumesa dynamicgroupof peersforming
a network wherepeerscanjoin andleave, essentiallyin a
sequentialmanner. In additionproactive or reactive main-
tenanceschemesareusedto repair inconsistenciesresult-
ing from nodeandnetwork failuresor to re-balanceload
in order to react to data updates. Theseapproachesto
maintenance,thathave beenextensively studiedin the lit-
erature,correspondessentiallyto updatingdatabaseindex
structuresin reactionto updates.

In contrastto this, almostno resultsexist on how to ef-
�ciently constructa large overlay network from scratch,
i.e.,how to bootstrapa new, large-scale,structuredoverlay
network in a practicalway within reasonabletime. This
is understandableinsofar as most of the work on over-
lay networkswasdoneundertheassumptionof providing
anef�cient resourcelocationschemeusinganapplication-
speci�c, yetfairly stable,resourceidenti�er space(e.g.,�le
namesfor �le sharing).

With the increasingadoptionof structuredoverlaynet-
work technology for data-orientedapplicationsthis as-
sumptionno longerholds.Resourcesareidenti�ed by dy-
namically changingpredicatesand different overlay net-
workscanbeusedsimultaneously, eachof themsupporting
a speci�c addressingneed.We canillustratetheserequire-
mentsby a typical applicationcaseof peer-to-peerinfor-
mationretrieval whichwe investigatedrecently.

Thestandardapplicationof structuredoverlaynetworks
in peer-to-peerinformationretrieval is the implementation
of a distributedinverted�le structurefor ef�cient keyword
basedsearch. In this scenario,several situationsoccur,
in which the overlay network hasto be constructedfrom
scratch:

� A setof documentsthat is distributedamong(a po-
tentially very large number)of peersis identi�ed as
holdinginformationpertainingto acommontopic. To
supportef�cient retrieval for this speci�c document
collection,adedicatedoverlaynetwork implementing



inverted�le accessmayhaveto besetup.
� A new indexing method,for example,a new text ex-

tractionfunctionfor identifying semanticallyrelevant
keywordsor phrases,is beingusedto searcha setof
semanticallyrelateddocumentsdistributed amonga
large setof peers. Sincethe index keys changeasa
resultof changingtheindexing methodanew overlay
network needsto be constructedto supportef�cient
access.

� Due to updatesto a distributed documentcollection
an existing distributed inverted �le hasbecomeob-
solete. This may either result from not maintaining
the inverted�le during documentupdatesor due to
changingcharacteristicsof theglobalvocabulary and
thuschangingthe indexing strategy (e.g.,termselec-
tion basedon inversedocumentfrequency). Thusa
completereconstructionof theoverlaynetwork is re-
quired.

� Due to catastrophicnetwork failures the standard
maintenancemechanismsno longer can reconstruct
a consistentoverlay network. Thus the overlay net-
works needsto be constructedfrom scratch. Of
course,this scenarioappliesgenerallyin any applica-
tion, but becomesmoreprobablewhenmultiple over-
lay networksaredeployedin parallel.

In principle a (re-)constructionof an overlay network
in any of thesescenarioscanbe achieved by the standard
maintenancemodel of sequentialnode joins and leaves.
Most existing proposalsfor structuredoverlay networks
[17, 24, 25] do notoffer a completelyparallelconstruction
processinvolving all peerssimultaneously. They assumea
modelof joinsof peersin anessentiallysequentialprocess.
However, this approachencounterstwo seriousproblems:

� The peercommunitywill have to decideon a serial-
ization of theprocess,e.g.,electinga peerto initiate
the process. Thus the peercommunityhasto solve
a leaderelectionproblem, which might turn out to
beunsolvablefor very largepeerpopulationswithout
makingstrongassumptionson coordinationor limit-
ing peerautonomy.

� Sincetheprocessis performedessentiallyin a serial-
izedmanner, it incursa substantiallatency. In partic-
ular it doesnot take any advantageof potentialparal-
lelization,whichwould beanaturalapproach.

In principle somesystemslike Pastry [24] would sup-
port concurrentconstructionasthey take anoptimisticap-
proachin whichconcurrentnodejoins arepossibleaslong
asthereareno con�icts. However, this assumesthat there
alreadyexists a large overlay, so that con�icts are rather
unlikely. In anearlystageof bootstrappingandwith large
numberof peersjoining concurrently, con�icts will bevery
likely, however. Thusthis type of strategy is not applica-
ble to theproblemwe areaddressing.DKS [6] avoidsthis
problemby equippingjoining peerswith an approximate
routing table which in the courseof the operationof the
overlay will be corrected(correctionon use). While this
approachis robust, it incursconsiderableefforts ason av-
eragethenumberof lookupsperpeerrequiredto stabilize
the network is of the sameorder as the numberof node

joinsandleaves.
In this paperwe will addresstheproblemhow a struc-

turedoverlaynetwork canbe constructedef�ciently from
scratch,a problemthat the researchcommunityhasonly
recentlyidenti�ed andstartedto address[2, 8, 14]. Our
approachis a genericmechanismto autonomouslyparti-
tion a keyspacein a completelyparallelmanner. The ap-
proachcanpotentiallybe usedfor constructingany struc-
turedoverlaywith �x edkey spacepartitioning[7].

In data-orientedapplicationsthereexists an additional
factorthataddsto thedif�culty of �nding asolutionto this
problem:loadbalancing.Whenusingoverlaynetworksfor
semanticprocessingof keys (rangequeriesbeinga popu-
lar example)the canonicalmethodof uniform hashingof
keys to removeskew in thekey distribution is nomoreap-
plicable. This hasled to substantialresearchon including
load balancingfeaturesinto overlay networks [2, 12, 17].
During constructionthis mustbe taken into account,thus
theconstructionapproachalsohasto solve loadbalancing
problems. In fact, we will addresstwo typesof load bal-
ancingproblemssimultaneously:thebalancingof storage
load amongpeersunderskewed key distributionsandthe
balancingof thenumberof replicapeersacrosskey space
partitions.The�rst problemis importantto balancework-
load amongpeersand is solved by adaptingthe overlay
network structureto the key distribution. The secondone
is importantto guaranteeapproximatelyuniform availabil-
ity of keys in unreliablenetworkswherepeershave poten-
tially low availability. This is a classical“balls into bins”
loadbalancingproblem.

Our approachis basedon a keyspacebisectionprocess
througha completelydecentralized,parallel,andrandom-
ized algorithmfor assigningpeersto key spacepartitions
in proportionto thekey distributionsof thepartitions. By
recursively applyingkeyspacebisections,peerscanincre-
mentallyconstructtheoverlaynetwork while maintaining
loadbalance.Wewill introduceourapproachin thecontext
of theP-Gridoverlaynetwork structure[3], whichwehave
developedoverthelastyears,thoughtheessentialelements
of theapproachareapplicableto all overlaynetworks us-
ing �x edkey spacepartitioningschemes,suchasCAN [23]
or Pastry[24]. We demonstratethetheoreticalcorrectness
of the basic keyspacebisectionprocessby analysisand
simulationandshow thefeasibility of building a complete
systemmatchingthe theoreticallypredictedbehavior with
experimentalresultsobtainedfrom a full-�edged imple-
mentationdeployed on the PlanetLab[11] infrastructure.
The resultingsystem(available at http://www.p-grid.org)
is currentlyusedto implementboth peer-to-peerretrieval
(http://www.alvis.info/)andpeer-to-peerdatamanagement
systems[1].

2 Overview of the Approach

2.1 A trie-structur edoverlay

We assumethat datakeys are taken from the key space
consistingof the interval

� �����	�

. The designof the P-Grid
overlaynetwork is basedontwo simpleprincipalideas:(1)
Divide andconquer:Thekey spaceis recursively bisected



suchthat the resultingpartitionscarry approximatelythe
sameworkloadandpeersareassociatedwith thoseparti-
tions. Using a bisectionapproach greatly simpli�es de-
centralizedload balancingby local decisionmaking. (2)
Canonicaltrie structure: Bisectingthe key spaceinduces
a canonicaltrie structurewhich is usedasthebasisfor im-
plementingastandard,distributedpre�x routingschemefor
ef�cient search.Theresultingoverlayis illustratedin Fig-
ure1.
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Figure1: Trie-structuredoverlaynetwork

At the bottom we seea possibleskewed distribution
of datakeys in the interval

� �
�����

. We bisectthe interval
suchthat eachresultingpartition carries(approximately)
the sameload. Eachpartition can be uniquely identi�ed
by a bit sequence.We associateoneor morepeers—inthe
exampleexactly two—with eachof thepartitions.We will
call the bit sequenceof a peer's partition the peer's path.
The bit sequencesinducea trie structurewhich is usedto
implementpre�x routing. Eachpeermaintainsreferences
in its routingtablethatpertainto itspath.Morespeci�cally,
for eachbit positionof its path it maintainsoneor more
randomlyselectedreferencesto a peerthathasa pathwith
the oppositebit at this position. Thusthe trie structureis
representedin adistributedfashionby theroutingtablesof
thepeers.This topologyis analogousto otherpre�x rout-
ing schemesthathavebeendevised[20, 24] andhavebeen
classi�edasa�xed keyspacepartitioningschemefor struc-
turedoverlaynetworksin theliterature[7]. Searchin such
an overlaynetwork is performedby resolvinga requested
key bit by bit. Whenbits cannotberesolvedlocally, peers
forwardtherequestto apeerfrom its routingtable.

We usereplicationin two waysin orderto increasethe
resilienceof the overlay network whennodesof network
links fail. Multiple referencesarekept in the routing ta-
bles, thus providing alternative accesspaths,and multi-
ple peersareassociatedwith thesamekey spacepartitions
(structural replication) in ordertoprovidedataredundancy.
Sincetheroutingchoicesaremadeby randomlychoosing
peersfrom the complementarysub-treeat eachlevel, the
resulting overlay network additionally provides ef�cient

searchin termsof the communicationcost of 
����������������

message,where � is thenumberof leaf nodesin the tree,
irrespectiveof theshapeof thetree[2].

2.2 Overlay Network Construction

Theprocessof constructingsuchanoverlaynetwork from
scratchshould require low latency, i.e., be highly paral-
lel and requireminimal bandwidthconsumption. At the
sametime the following load balancingcriteria shouldbe
achieved:

1. The partitioning of the searchspaceshouldbe such
thateachpartitionholdsamaximaldataloadof �����! ,
e.g.,measuredas the numberof keys presentin the
partition.We will call � ���! alsothemaximalstorage
loadin thefollowing.

2. Eachresultingpartition shouldbe associatedwith a
constantnumberof peers� �#"%$ , suchthat the avail-
ability of thedifferentdatakeys is approximatelythe
same.We will call � �&"'$ alsotheminimal replication
factorin thefollowing.

With perfect load balancingthesepropertiescan be
achieved iff. �	(�)�(*�

�#"%$,+
�

���! 
� , where �	(�)�( is the total

numberof datakeys and � is the numberof peers.Algo-
rithm 1 showsourglobalpartitioningalgorithm -/.	02143*1434�2�

thatattemptsto achieve theseloadbalancinggoalsby best
effort while bisectingthe key space,if the idealizing as-
sumptionsarenotmet.

Algorithm 1 Partition(p,n, d)
1: if 5&687!5:9<;!= and >?687@>

9<A'B

then
2: if >

9CADBFEHGJI�K G@LJM

G

68>

9CADB

then

3: >�NPOQ>

GRI

G

> ; >
S�OT>

G@L

G

4: Partition(UFN , >�N , 5:N ); Partition(U�S , >VS , 5WS )
5: else
6: if 5:NYXQ52S then
7: >�NPOZ>

9CA'B

; >VS�OQ>\[]>�N

8: Partition(UFN , >�N , 5:N ); Partition(U�S , >VS , 52S )
9: else

10: ^ analogous_
11: end if
12: end if
13: end if

The algorithmworks as follows. Assume� peersare
associatedwith onekey spacepartition ` containing� data
keysandtwo sub-partitions̀ba and̀�c containing�	a respec-
tively �dc datakeys,suchthat �

+
��afeg��c . To achieveload

balancecriterion1, afractionof �ih@j

h

of peersshouldbeas-
sociatedwith partition `�" for 3

+

�
���

. In case�
h

j

h

k

�l�#"%$

at least �
�&"'$ peersshouldbeassociatedwith `

" to achieve
loadbalancecriterion2. -/.	02143*1434�2� recursively appliesthis
bisectionstepto thekey space.

For variousreasonsthis algorithmwill achieve theload
balancinggoalsonly approximately. Providedthenumber
of datakeys is largeenough,i.e., �

(�)�(&m
�	���! F�on2�l�&"'$ , the

numberof peersassociatedwith apartitionwill bebetween
�l�&"'$ and pW�l�&"%$8q

�

, insteadof constant���&"'$ . For very
skeweddatadistributionsit canhappenthatverysmallpar-
titions containa largefractionof thedatakeys, andbisec-
tion “disperses”many peersto underloadedpartitionseven



before reachingsuch partitions. Theseare fundamental
problemsof any bisectionapproach.However, for practi-
caldatadistributionsandlargepeerpopulationstheseprob-
lemsaremoretheoreticalin natureand -/.�02143r1434�2� achieves
good load balancingpropertiesprovided � �&"%$ and � �&�: 

arechosenproperly.
We will usein thefollowing -/.�02143r1434�2� asanalgorithm

that de�nes what we consideras an optimal partitioning
of the searchspaceamongpeersand a resultingoptimal
overlaynetwork. Sincein a peer-to-peersystemno global
coordinationexists, the problemwe intend to solve is to
achieve the partitioninggeneratedby -/.�02143*143*�2� by a de-
centralizedprocessapproximately. We will measurethe
quality of a solutionby determiningthedeviation from the
optimalpartitioning.

In a decentralizedprocesspeersdo not have precisein-
formationonthenumberof peersandkeyspresentin apar-
tition andcannotknow which decisiontheotherpeersin a
partitiontakewith respectto associatingthemselveswith a
partition.Theonly availableinformationis onthesetof lo-
cally storeddatakeys andinformationgatheredfrom local
interactionswith otherpeers.

Thedecentralizedprocesswedesignis basedonrandom
peerencountersanda setof basiclocal interactions.The
randomencounterscanbeinitiatedby performingrandom
walksona pre-existingunstructuredoverlaynetwork. The
interactionspeerscanperform in their encounterscanbe
classi�ed in threecategories,asshown in Figure2.
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Figure2: Network evolution

If peersbelong to the samepartition they can either
0WsR`V.�02143r1434�2� the presentpartition (a divide-and-conquer
strategy) or 0WsR`V��3*t�.	1us thedatakeys they currentlyhold. If
they do not belongto the samepartition, they can 0WsWv�s�0

eachother to otherpeersusing their routing tableentries
andthusrouteto a peerthatbelongsto thesamepartition.

If peersfrom the samepartition meet, they may de-
cide to 0WsJ`b.�0�143*1434�2� in casethe currentpartition contains
a suf�cient numberof datakeys to justify a further split,
i.e., thepartition is overloaded(correspondingto line 1 in

-/.�02143r1434�2� ). They cancoordinatelocally their decision.In
addition,peerskeepareferenceto thepeerencounteredaf-
ter a split, and thus incrementallyconstructtheir routing
tables.

We canthusreducetheproblemof load-balancedover-
lay network constructionto the problemof decentralized
partitioningof onekey spacepartition.Theproblemis that
alargenumberof peershaveto performthedecisionto split
independentlyfor allowing a fastconstructionof theover-
lay network,while makingtheseindependentdecisionsin a
way thattheratio of thenumberof peersmatchestheratio
of the dataload in the two partitions. In otherwords,the
globalbehavior of thedistributeddecisionmakingprocess
shouldmatchthe outcomeof the partitioning stepin the
globalpartitioningalgorithm -/.�02143*143*�2� (correspondingto
lines3 and7 in -/.�02143r1434�2� ). Thesolutionto this problem
is oneof thecentralcontributionsof thepaperandwill be
discussedin detail in Section3.

3 DecentralizedPartitioning

Consideraset - of �we

�

peerswhichholddatakeys from
key spacex . Thespacex is partitionedinto two parts,

�

and
�

, suchthatthe loadmeasuredin numberof datakeys
relatedto the partitions, �ya and ��c are ` and

�

qz` . In the
following we assumew.l.o.g. that

�|{

`

{

c

} . Thenthe
partitioning that we would ideally like to achieve should
have thefollowing properties:

1. Proportional replication: Eachpeerhasto decidefor
oneof the two partitionssuchthat (in expectation)a
fraction ` of the peersdecidesfor 0 and a fraction

�

q&` for 1. Thustheworkloadbecomesuniformlydis-
tributedamongthepeers,meetingthe load-balancing
criteriain theresultingoverlay.

2. Referentialintegrity: Duringtheprocesseachpeerhas
to encounterat leastonepeerthatdecidedfor theother
partition. Thusthepeershave thenecessaryinforma-
tion to constructa routing structure,i.e., the overlay
infrastructure,for delegatingrequestsfor keysthey are
no longerassociatedwith.

A peercan initiate interactionswith any peerselected
uniformly randomlyfrom - . We measurethe costof an
algorithmsolving the problemin termsof the numberof
interactionsinitiatedby peersandthis costshouldbemin-
imized. The quality of an algorithmsolving the problem
is measuredby the deviation of the resultingdistribution
of peersfrom anoptimaldistribution that canbeachieved
basedon globalknowledgeandcoordination.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 heuristicapproaches:In the caseof `

+

c

} , a simple
strategy to adoptwould be that peerswhich have not yet
decidedfor a partition,initiate a randominteraction.If the
contactedpeeris alsoundecided,thepeersdecidefor dif-
ferentpartitions(balancedsplit), otherwisethe peeriniti-
atingtheinteractiondecidesoppositeto thecontactedpeer
which hasdecidedalready(unbalancedsplit). In this way
it learnsabouta peerfrom the other partition. Sincethe
algorithm is symmetric,in expectationthe samenumber
of peerswill decidefor eachpartition,andit providesthe
bestpossibleperformancewithin themodel,sincein each



interactionevery possibledecisionis taken. We call this
strategy eager partitioning. While the eagerpartitioning
strategy works well for ` +

c

} , it cannotbe employedfor
othervaluesof ` .

For anarbitrarybut known ` , a possiblestrategy, which
we call autonomouspartitioning (AUT), would be that
eachpeermakesa decisionfor oneof the two partitions
in advance,evenwithout meetingany otherpeerandthen
tries to meetsomepeerfrom the other partition in order
to satisfy the referentialintegrity constraint. In this set-
ting, obviously someof thepeerinteractionsare“wasted,”
whenever peerswhich have decidedfor the sameparti-
tion meet. For the speci�c caseof ` +

c

} , by modeling
the interactionsasMarkovian processes,we observedthat

pC~%•F€b��pF� +

�F• ‚Fƒ	„

interactionsare initiated on an average
per peerasymptotically(i.e., for large � ), ascomparedto

~%•F€V�rpF� +

��• „F…	‚

interactionsperpeerwith eagerpartition-
ing. Thusautonomouspartitioningis not anoptimalstrat-
egy.

3.1 Adaptiveeagerpartitioning

In the following we introducea methodfor suchan op-
timized solution to the partitioningproblem,that hasthe
characteristicsof eagerpartitioningbutworksfor all ` . Due
to spaceconstraintswecanonlysummarizethemainpoints
of theanalysis.However, thefull analysiscanbefoundin
thelong versionof this paper[4].

Adaptiveeagerpartitioning(AEP) algorithm:

1. Eachundecidedpeerinitiatesinteractionswith a uni-
formly randomly selectedpeer until a decision is
reached. Selectingpeersuniformly at randomis a
non-trivial problemin itself whichwesolveby avari-
antof randomwalks.

2. If the contactedpeeris undecidedthe peersperform
a balancedsplit with probability

�†{ˆ‡

�D`b�

{‰�

and
maintainreferencesto eachother.

3. If the contactedpeerhasalreadydecidedfor
�

then
thecontactingpeerdecidesfor

�

andmaintainsa ref-
erenceto thecontactedpeer.

4. If the contactedpeerhasalreadydecidedfor
�

then
thecontactingpeerdecidesfor

�

with probability
�w{

Š

�D`b�

{‹�

andwith probability
�

q

Š

�Œ`�� for 1. In the
�rst caseit maintainsareferenceto thecontactedpeer.
In thesecondcaseit obtainsareferenceto apeerfrom
theotherpartitionfrom thecontactedpeer.

It is straightforwardto seethatcondition(2) of thepar-
titioning problemis satis�ed.Thequestionis now to deter-
minehow to satisfycondition(1) by properlychoosingthe
probabilities

‡

�D`b� and
Š

�Œ`�� .
We modelthepeerinteractionsasa Markovianprocess

usingmeanvalueanalysis. We assumethat in eachstep
3 a peerwhich hasnot yet found its counterpartcontacts
anotherrandomlyselectedpeer. By `

a

"

and `

c

"

we denote
the numberof peersthat have decidedin step 3 for

�

and
�

, respectively. Initially, `

a

a

+
`

c

a

+

�

. At the endof the
processin somestep 1 we have `

a

"

ez`

c

"

+
�Qe

�

. We �rst
assumethat

‡

�Œ`��
+

�

. Informally speaking,with this
‡

�D`b�

thepartitioningproceedsasfastaspossible,optimizingthe
requirednumberof interactions. Then the model can be
givenas
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"

+ `
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"�• c

e
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Todeterminethepropervalueof
Š

for agivenvalueof ` ,
we have to solve this recursivesystem.The�rst important
observation is that the recursionterminatesassoonasno
moreundecidedpeersexist, i.e.,assoonas̀ a

"

e‘`

c

"

+ �Ye

�

.
Thuswe have �rst to �nd a value 1u’ suchthat `

a

(y“

e”`

c

(y“

+

�‘e

�

. In generalthiswill notbeanintegervalue,but in the
context of meanvalueanalysiswe allow fractionalsteps.
By standardsolutionmethodswe obtain
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andevaluatingtheterminationcondition,weobtain
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(1)

Note, that 1
’ doesnot dependon ` , and thus the par-

titioning processrequiresthesamenumberof interactions
amongpeersindependentof theloaddistribution. By de�-

nition `
+˜—

I™

“

$›š
c

, thuswe obtaina relationshipbetweenthe
network size �œe

�

andtheloaddistribution ` with
Š

�D`

�

��� ,
thedecisionprobabilityto beused.

Having
Š

�Œ`

�

��� dependenton � is problematicfor two
reasons:First the resultingequationis hardto solve, and
second,more importantly, � is not necessarilyknown to
thepeers.Sincewe areinterestedin situationswhere � is
(relatively) large we thusperforman asymptoticanalysis.
By letting �ž• Ÿ we obtain the following relationship
among̀ and

Š

�Œ`b�

`
+

�

q

�

Š

�

�

q|p

•
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� (2)

Positive solutionsfor
Š

�D`b� cannotbe obtainedfor all
valuesof ` . From Equation2 we derive that positive so-
lutions exist for `¡ 

�

q¢~%•F€b��pF� . This meansthat the al-
gorithm cannotpartition correctly for too highly skewed
partitions. Thereforefor

�g{

`

k

�

q¢~'•	€V��p	� we have to
pursuea differentstrategy, by reducingthe probability of
balancedsplits,i.e.,
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�Œ`b�

k

�

.
Throughananalogousanalysis,by setting

Š

�Œ`��
+

�

, we
canderiverelationshipsfor

‡

�Œ`�� :
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andfor therelationbetween
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q|p

‡

�

} (4)

Beforewecontinuewith thediscussionof differentpar-
titioning algorithms,astatementonthemodelingapproach
is necessary:We usea sequentialapproachto modeland
analyzewhat is a concurrentprocess.This is a simpli�-
cationaswell asanappropriateapproximationfor ourpur-
pose.Assumethatthelatency in oneinteractionis suchthat

t otherinteractionsamongpeersoccurconcurrently. Then
theconcurrentbehavior of § peerscorresponds(approxi-
mately)to thesequentialbehavior of ¨ © + �”e

�

groups.
Theanalysiswe performshows thatthemodelswe useare
suf�ciently accuratefor relatively small � . Thusfor large
numbersof peersthemodelis a suf�ciently goodapprox-
imation,whereasfor small § concurrency is lesslikely to
occurandlesscritical.

3.2 Err or Analysis

Up to now we assumedthat thevalueof ` is known to all
peers. Practicallypeerswill derive an estimatefor ` by
sampling.Therefore,in thefollowingweanalyzetheeffect
of errorsintroducedby only approximateknowledgeof ` .
Otherpotentialsourcesof errors,suchastaking the limit
case�¢•ªŸ andusingmeanvalueanalysisturnedout to
haveanegligible in�uence.

Assumepeersobtain « samplesfrom their locally stored
datakeys. The samplescorrespondto Bernoulli variables

¬

c

��•�•�•��

¬8­

with probability ` . The peersestimatè by
computingthe meanvalue

¬

+

c

­f®

­

¯J°

c

¬

¯ which is bi-
nomiallydistributed.Wewould like to determinetheeffect
of anerror in estimating̀ on thevaluesof

‡

�Œ`�� and
Š

�D`b�

and the resultingeffect on the partitioning processwhen
usingapproximatevaluesof

‡

and
Š

. In thefollowing we
will use

‡

and
Š

insteadof
‡

�Œ`�� and
Š

�Œ`�� aslong asthe
meaningis clear.

We provide an exemplaryerror analysisfor the evolu-
tion of `

c

"

for the casewhere `‹ 

�

q,~%•F€���pF� sincethis
is algebraicallythesimplestcase.Analogousanalysishave
beendonefor theothercase,but they aresubstantiallymore
complex.

Weassumethatin step3 theestimationvaluè�±

"

+
`oeœ²d"

is usedto determineanestimationvalue
Š

"³+

Š

e¢´
" . The

error ²d" is thesamplingerrorobtainedby thepeerinitiating
step 3 . Let usdenoteby µ`

c

"

+
`

c

"

e¢¶

c

"

theerrorintroduced
into the resultof the partitioningprocessdueto sampling
errors.Wecanderivethefollowingclosed-formexpression
for ¶

c

"

from analyzingtheMarkov modelof theprocess.
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Sincethesamplingerrorsarepresumablysmallwe use
a Taylor seriesexpansionto approximate

Š

�Œ`�� . In fact,for
reasonsthatwill becomeclearlater, weneedto makeasec-
ondorderapproximationto performapropererroranalysis.
For agivenvaluè , we have
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for small ²d" . We now determinethe expectationvalue
and standarddeviation for ¶

c

(

(to simplify the presenta-
tion we will write 1 insteadof 14’ in the following). Since
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theexpectationvalueusing(5)
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where q

��•

p
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p
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. This shows that
samplingintroducesa systematicshift of the balancebe-
tweenthe resultingpartitions. In a concreteimplementa-
tion we will have to compensatefor this systematicerror,
aswill bediscussedin moredetailsubsequently.
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qÄ`�� weobtain
for thestandarddeviationby a similaranalysis
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where
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.
The impactof the errorsdependsin particularalsoon

thebehavior of the functions
Š

¿

�Œ`�� and
Š

¿ ¿

�D`b� . Using nu-
mericaldifferentiationwe observed that the functionsare
well-behavedin therelevantregion.

Performingananalogousanalysisfor `

k

�

qÈ~%•F€
�rpF� the
behavior of thefunctions

‡

¿

�D`b� and
‡

¿ ¿

�Œ`�� will berelevant
for the error behavior. We have includeda plot of

‡

¿ ¿

�Œ`��

in orderto point out an importantobservation (Figure3):
For very smallvaluesof ` thesecondderivativegrowsex-
tremely fast, and consequentlythe error will be large as
well.

The error analysisshows that in the presenceof sam-
pling errors, we have to include correctionterms in the
probabilities
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�D`b� and
Š

�Œ`�� usedin AEP.
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3.3 Numerical Simulation of the Mark ov Model

To validatethecorrectnessof ouranalyticalmodelsweper-
formednumericalsimulationexperiments. We simulated
� vemodels:

1. MVA: simulationof the meanvaluemodel for AEP
with known `

2. SAM: simulationof the meanvaluemodel for AEP;
thevalueof ` is estimatedfrom « samples

3. AEP: discreteSimulationof AEP with peerstaking
discretedecisionsbasedon

‡

�Œ`b� and
Š

�Œ`�� insteadof
addingmeanvaluecontributionsasin themeanvalue
model

4. COR: discrete Simulation of AEP with corrected
probabilities

‡

©

)JÉJÉ �D`b� and
Š

©

)JÉRÉ �Œ`b�

5. AUT (DiscreteAutonomousPartitioning): Discrete
simulationof autonomousdecisionmaking where `

is estimatedfrom « samples
We presenttheresultsfor � +

���F�	�

and « +‹Ê

�

. Each
experimenthasbeenrepeated100times.

Figure4 shows the deviation of the meanvalueof `

(

a

from theexpectedvaluè¹� averagedoverall experiments.
As expected,usingsamplingfor estimating̀ leadsto asys-
tematicdeviationof theresultingdistribution(SAM, AEP).
The error correctionstrategy (COR) eliminatesthe devia-
tion almostcompletely. Clearly, autonomouspartitioning
(AUT) onaverageachievesthedesireddistribution.
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Figure4: Meanof `

a

(

over100experiments,theexpected
valuèË� is subtractedto highlight thedeviation.

Figure5 shows thecostof eachalgorithmmeasuredin
numberof interactions.As theoreticallypredicted,we ob-
serve thatadaptive eagerpartitioningperformsbetterthan
AUT, except for small valuesof ` (approx. `

k

��•%�

Ê )
independentof which versionis considered(MVA, SAM,
COR).

Furtherexperimentswith differentsamplesizesshowed
thatthesamplesizehaspracticallynoin�uence. Evenvery
smallsamples(1 or 2 samples)leadto thesameresultsas
largersamplesizes.Experimentsalsoshowedthatadaptive
eagerpartitioninghasafurtheradvantageoverautonomous
partitioningas it reducesthe standarddeviation of the er-
ror in partitioning by approximatelya factor of 2. Thus
our AEP approachoptimizesbothperformancein termsof
numberof requiredinteractionsanderrorcontrol in terms
of matchingthepartitioningratio ` .
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Figure5: Meantotal numberof interactionsover100
experiments

Super�cially, AEP appearsto be a more complex al-
gorithm thanAUT while not considerablyoutperforming
AUT. However, the complexity is in the analysisrequired
to determinethecorrectdecisionprobabilities,whereasfor
practicalimplementationAEPhasevenadvantagessinceit
providesan invariant: Whentakinga decisionfor a parti-
tion, theavailability of a referenceis guaranteed.

We would like to point out that theproblemstudiedin
this sectionis a novel loaddistributionproblemin thearea
of distributedsystems,particularlybecauseof thereferen-
tial integrity constraint.A solutionto this problemcanbe
useful beyond overlay network constructionas we useit
here,but alsoin resourceandtaskdistribution anddecen-
tralizedload-balancingin general.

4 Algorithmic Issues
In order to useAEP for implementingthe -/.	02143*1434�2� al-
gorithmin a decentralizedfashionwe have to addresssev-
eralissuesrelatedto theglobalorganizationof theindexing
process.

4.1 Initiating the Indexing Process

In the absenceof global coordinationthe mechanismto
reacha decisionto initiate the indexing processis not ob-
vious. While it is not thefocusof this paper, andthe initi-
ationprocessis orthogonalto the index evolution process,
we nonethelessdescribea simple,decentralizedstrategy.

Dependingonlocally observedqueries,individualpeers
may make autonomousdecisionson whethera new index
maybenecessaryor re-indexing mayberequired.Any of
thepeersthatlocally decidethatindexing is usefulcanini-
tiateavote,by �ooding thepeernetwork. This�ooding can
usethepre-existing,generic,unstructuredoverlaynetwork
whichweassumeto exist.

When peersreceive a voting requestthey can reply
back their local decision. Additionally, helpful informa-
tion, suchaslocally availablestoragespacethatthepeeris
willing to contributeto storeinformationfor thenew index
and the numberof local dataitems to be indexed can be
piggy-backed.Votesaresentbackalongthepathsthey ar-
rived,andmultiplevotesareaggregatedwhile �o wingback
to reducebandwidthconsumption.Basedonthenumberof



positiveandnegativeresponses,thepeerwhichinitiatedthe
voting canthendecidewhetherto initiate index construc-
tion or not,andcan�ood thedecisionbackto all peers.Ad-
ditionally, basedon theaggregatestoragespaceavailable,
and the amountof storagerequiredfor all the dataitems
(references)in thesystem,thedecisionwill containthepa-
rametersfor ensuringoptimizedutilization of theavailable
resourcesandfor synchronizationof theindexing process.
We assumea collaborative environmentwherethe major-
ity of peersdoesnot behave maliciously or in a Byzan-
tine manner, andadheresto thedemocraticdecisionof the
group,andthusparticipatesin theindexing irrespective of
their individualvotes.

4.2 Synchronizing and Terminating the Indexing Pro-
cess

Thepartitioningalgorithmintroducedin Section2 enables
reachinga decisionin parallelon bisectingthe key space
proportionallyamonga groupof autonomouspeers.In the
indexing processthealgorithmis executedmultiple times
anda synchronizationmechanismis needed.In addition
peersneedto autonomouslyrecognizewhento terminate
theindexing process.We realizethis asfollows.

The peer communicatingthe decisionto start the in-
dexing processprovides the parameters�

���! and �
�#"%$

as usedin -/.�02143*1434�2� . The valuesare chosensuch that
�

�&�: i+
�

�!Ì@Í
�

�#"%$
nFp , where �

�!Ì@Í is the averagenumber
of datakeys peershold (asmentionedin Section4.1 this
informationcanbederivedfrom informationpiggy-backed
to thevotes).Additionally, it providesa time 1

"%$›"
( . Before

startingto partition,peersreplicatetheir datakeys at time
1u"%$›"

( to �l�&"'$ randomlychosenotherpeers.Thusatthestart
of theindexing processall datakeys arealreadyreplicated
thedesirednumberof timesin thenetwork.

Besidesestimatingthe numberof datakeys in the cur-
rent partition, peersalso have to estimatethe numberof
currentpeers,in order to performthe properdecisionsin
algorithm -/.�02143*143*�2� . Attemptingthis directly, by learning
aboutall existing replicasat eachlevel of the partitioning
process,would unnecessarilyslow down the progressof
indexing. Instead,we estimatethenumberof replicasin a
partitionby analyzingtheoverlapin thesetsof datakeysof
two peersinteractingin a balancedsplit. If Î

" denotesthe
setof datakeyspeers̀b"

�

3
+

�F�

p hold,and Î
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Î
cCÏ
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} ,
then Ð Ñ
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is a maximumlikelihoodestimateof the
expectednumberof peersin thecurrentpartition. For ex-
ample,if Î

c

+
Î

} and × Î
c

×
+

�	���! then it shouldbe
expectedto have ���&"%$ peersin thepartitionsinceinitially
datakeys have beenreplicated�

�#"%$ times. To ensurethe
correctnessof this estimationwasthe purposeof initially
replicatingthedata.

Duringpartitioning,peersthathaveextendedtheirpaths
attemptto immediatelycontactotherpeersto performthe
partitioningatthenext level. If they donotsucceedin iden-
tifying a differentpeerin the samepartition with which a
usefulinteractioncantakeplace,i.e.,“divideandconquer”
or “replicate”, after a �x ed numberof attempts(e.g., 2),
usingthe refer interaction(seeFigure2), they stopto ini-
tiate interactionsand only will continueafter being con-

tactedby anotherpeer. In this way peersthat are“ahead
of thecrowd”, e.g.,dueto fasternetwork connections,are
forcedto wait for the slower ones. The samemechanism
alsoeventually leadsto terminationof the process,when
peersencounteronly fully synchronizedcopiesof them-
selves.

4.3 Complexity

The goal of our approachto index constructionis to per-
form it with low bandwidthconsumptionandlow latency.
With regardtobandwidthconsumptionanecessaryrequire-
ment is to perform no worsethan a sequentialapproach
usingstandardconstructionmechanisms,i.e., 
��Ž�Z�����

}

��� .
To study this, we look at the complexity in the caseof a
balancedkey distribution (̀ +

c

} ). Thenfor partitioningat
onelevel, peersengagein �����Ã��p	� bilateral interactionson
average.In additionto locatingapeerin thesamepartition
atlevel Ø , peershaveto routeonexpectation�����Ã��Ø��Rn›p steps
whenperformingtherefer interaction.This shows thatthe
total numberof interactionsis alsoof order 
��Ž�†�����

}

��� .
However, the latency is 
��������

}

��� asopposedto 
��Ž��� in
thestandardmaintenancemodel.

4.4 Simulation of the System

To study the global behavior of the indexing algorithms
whenintegratingall theelementsdiscussedsofar, we per-
formed simulation studiesimplementedin Mathematica.
Weweremainlyinterestedwhetherthedesiredloadbalanc-
ing propertieswouldbeachievedunderthevariousapprox-
imationsandwhetherthealgorithmperformsaspredicted.

In the simulationswe usedpeer populationsof sizes
256, 512,and1024. As datadistributionswe useda uni-
form distribution,aParetodistributionwith PDF �YÙ

Õ

 

L�Ú

Õ with
parametersØ

+

�

and .
+

��•

Ê

���F• �����	•

Ê , anda Normaldis-
tributionwith meanvalue c

} andstandarddeviation
��• �

Ê

��‚

,
andtestdatafromtext retrievalexperiments(projectAlvis).
In Figure6 thesedistributionsaredenotedasU, P0.5, P1,
P1.5, N andA. TheParetoandNormaldistributionsrepre-
sentcaseswith extremelyskewed distributions. Initially,
we randomlyassigned10 keys from the distributions to
peers,sothatthey heldsamples.We testedwith �<�#"%$

+ÛÊ

and ���#"%$
+

���

suchthatat least5 (respectively 10) repli-
casof the keys aregenerated.Typically the experiments
had �	���! 

+

���

�l�&"%$ . All experimentswererepeated10
timesandtheresultswereaveraged.Thealgorithmswere
implementedas describedabove. The experimentswere
executedon a workstationclusterusingup to 36 machines
andwere runningfor more thana week. Note that there
were 36 separateexperiments,eachconducted10 times.
Furthermore,in a realnetwork thepeerswould useexclu-
siveresources,andthustheactualoverlayconstructionpro-
cessis muchfaster.

For evaluatingthe experimentswe primarily were de-
terminingthedegreeto which the load balancingof peers
acrosskey spacepartitionsworked.To doso,wecompared
the generatedkey setsto the distribution, that would be
generatedby globalcoordination( -/.�02143r1434�2� algorithm).

The -/.�02143r1434�2� algorithm generatesa distribution
��Ø	"
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�
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x , where Ø	" are the x partitionsof



thekey spacegeneratedand � " arethenumberof peersas-
sociatedwith eachpartition.Wecomparedthisdistribution
to thedistribution ��Ø

h
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� generatedby thedecentralized
algorithm. Ü
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As explainedin Section2, we considerthedistribution
generatedby -/.�02143*143*�2� astheoptimaldistribution. Mea-
suringthedistanceto this distribution providesa measure
for thequalityof loadbalancing.

The �rst experiment (Fig 6(a)) for � �&"'$Þ+ Ê and
� �&�: w+

���

shows thequality of loadbalancingdepending
on the peerpopulationsizefor the differentdistributions.
Onecanobservethatthequality remainspracticallystable
independentof thesize.

Wealsoinvestigatedthein�uenceof thereplicationfac-
tor � �&"'$ by comparing� �&"'$Ä+¡Ê

���������

Ê

�

p

�
�

p Ê (Fig 6(b)).
In principle the load balancingpropertiesshouldnot be
affectedaswe measuredeviationsrelative to the average
replication. This is con�rmed for less skewed distribu-
tions,whereasfor thestronglyskeweddistributionsa cer-
tain degradationcanbeobserved. We have still to investi-
gatein detailthereasonsfor thiseffect,but mostlikely it is
relatedto therelatively low numberof partitionswith high
replicationfactors.

We werealsointerestedin the in�uence of the sample
size �

���! on thequality of loadbalancing.It might beex-
pectedthatmoresamplesleadto higheraccuracy. In fact,
the result (Fig 6(c)) shows that no suchin�uence exists.
This is insofar importantas it shows that the partitioning
canbe doneusingvery small sampleswhich enablessev-
eralpossibilitiesfor optimizationto reducebandwidthcon-
sumption.

In order to understandthe quality of the load distribu-
tionsachievedwe alsoanalyzedtherole of our theoretical
framework (Fig 6(d)). We replacedthefunctions
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and
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)JÉJÉ
�Œ`b� by heuristicfunctionswhich likely would be

chosenin the absenceof a theoreticalunderstandingof
their properties.The hypothesiswe wantedto verify was
whethertheconcretenatureof thesefunctionsplaysa sig-
ni�cant role in view of themany approximationsmadein
theoveralldistributedalgorithm.We chose
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Thesefunctionsexhibit qualitatively thesamebehavior
astheonesusedby AEP. Theexperimentwasexecutedfor

�
+

p
Ê

„

and ���#"%$
+¦Ê . The conclusionis clear from

theresult:Evenaminorchangeto thetheoreticallycorrect
functionsdegradesthe quality of load balancingsubstan-
tially. Thus the theoreticalbasisprovesvaluabledespite
many idealizingassumptions.

We alsoanalyzedthecommunicationcostsof thealgo-
rithm. We canseethatboththenumberof interactionsper
peer(Fig 6(e)),andtheoverallbandwidthconsumptionper
peermeasuredin termsof thetotalnumberof datakeysex-
changedamongall peersduring the interactions(Fig 6(f))

grow gracefullyin termsof the network size,asexpected
from theory. However, skew in the datadistribution can
signi�cantly increasethebandwidthconsumption.

5 Experimental evaluation

We usedthe PlanetLabinfrastructure[11] to obtain re-
sultsfrom large-scaleexperimentsunderrealisticnetwork-
ing conditionsandto verify our theoreticalpredictionsand
simulationexperiments.PlanetLab(http://www.planet-lab.
org/) is a global testbedfor large-scaleexperimentswith
distributed systems. At the moment it consistsof ap-
proximately530nodesgeographicallydistributedover the
whole planetrunninga modi�ed versionof Linux to sup-
portef�cient administrationandresourcesharingfor large-
scaleexperiments.Nodesareconnectedvia a diversecol-
lection of links. Our experimentson PlanetLabran on up
to 300nodesdependingon thenumberof availablenodes.
Eachnodeexecutedoneinstanceof a P-Gridnode.When
interpretingtheresultspresentedin thefollowing, it is im-
portantto considerthatPlanetLabis sharedby alargenum-
berof researchgroupsfor experimentsthatareexecutedin
parallelandthusmutually in�uence theperformancecon-
siderablyespeciallywith respectto absolutelatency.

5.1 Experimental setup

We deployed the P-Grid software, i.e., the peers,on all
available nodesat the times the experimentswere con-
ductedand assigned10 keys from a real text collection
(takenfrom ourAlvis informationretrieval project)to each
peer. This relatively low numberof keys was chosento
speedupexperimentsandaswehavealreadyseen,sample
sizehaslittle in�uence on loadbalancing.To validateour
experiments,we alsoperformedtestswith largernumbers
(up to 2000keys per peer)andusedvariousdistributions,
includinguniformrandomdistributionandParetodistribu-
tion.

Thetime-lineof theexperimentswasasfollows: In an
initial phasestartingat time 1 , peersjoin the systemby
contactinga bootstrappeer (until 1¹e

‚F�Fâ

3*� ) and form
anunstructuredoverlaynetwork (from 1 until 1oe–ã

Ê

â

3*� )
whichis usedlaterto replicatedataa�x ednumberof times
(from 1de•ã

Ê

â

3r� until 1�e

„F�›â

3*� ). In thereplicationphase
peersrandomlychoose5 peersfrom theunstructuredover-
lay network to replicatetheir data. Subsequently, from

1oe

„F�Fâ

3*� to 1oe

‚	�F�Fâ

3*� , thestructuredoverlaynetwork
is constructedusingthe approachpresentedin this paper.
We wereespeciallyinterestedin evaluatingthebandwidth
consumptionduring this phaseand to verify whetherthe
theoreticallypredictedloadbalancingpropertiesof theal-
gorithmareachievedunderrealisticnetworkingconditions.
Then we run querieson the constructedoverlay network
( 1:e

‚	�F�›â

3*� to 1�e]ã

�F�Fâ

3*� ) to analyzesearchperformance.
Eachpeerperformeda searchevery1–2minutes.In the�-
nal phase( 1³e•ã

�	�›â

3*� to 1³e
Ê

�F�›â

3*� ) network churn is
simulatedto evaluatethefailureresilienceof P-Grid.Each
peerindependentlydecidesto go of�ine 1–5 minutesev-
ery5–10minuteswhichcausesconsiderablechurnthatthe
systemhasto compensate.
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Figure6: Simulationresultsfor variousexperimentscenarios.

5.2 Experimental Evaluation

We �rst veri�ed that thesystembehavior matchesthethe-
oreticalpredictionsand the simulations. The experiment
wasperformedwith 296peersandcomparedto simulation
resultsusingthe samenumberof peersandthe samekey
set.

Thequality of loadbalancingis evaluatedasde�ned in
Section4.4andis practicallyidenticalfor simulationsand
experiments,with an averageof 0.38 for 10 simulations
(the standarddeviation is 0.05) resp. a valueof 0.39 for
the experiment. This indicatesthat the theoreticallypre-
dictedloaddistribution propertiesaremetquiteaccurately
by theimplementationevenunderrealisticnetwork condi-
tionswith slow connectionsandcommunicationfailures.

We now report some systemmeasurementsthat we
madeto evaluatetheperformanceof theoverlaynetwork,
bothduringtheconstructionphase,aswell asin its opera-
tional lifetime both in a staticsituation(no changein peer
population)aswell asunderchurn(peersleaveandjoin the
network).

Figure7 shows thenumberof peersin theoverlayat a
giventime. Weseehow �rst peersjoin thenetwork andthe
numberof peersin the network increasesto the maximal
number. Thenduring the constructionphasethis number
is stable(approx.300peers)while decreasingagainin the
�nal phasewherewe simulatenetwork churn anda sub-
stantialdynamicfractionof peersbecomesunavailable.

Figure8 shows the aggregatebandwidthconsumption
of all peers(maintenanceandqueries)in Bytes/sec.Dur-
ing the constructionphasethe bandwidth consumption
reachesa peakof 250 Bytes/secper peer. The mainte-
nanceconsumptiondecreasesquickly down to less than
100 Bytes/secand becomesnegligible comparedto the

bandwidthconsumedby queries.
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Figure9 shows the averagequerylatency andits stan-
dard deviation. The absolutevaluesare relatively high
andessentiallyre�ect thepoorresponsetime of PlanetLab
nodes.Theresponsetimeis slightlyhigherwith alargerde-
viation during the network churnbecauserequestedpeers
maybeof�ine whichhasto becompensated.
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Figure9: Querylatency

We observed that the numberof queryhopsper query
is aslow astheoreticallyexpected,i.e, approx.half of the
meanpath length, even during churn. The averagepath
length was slightly below 6 and the averagenumberof
queryhopsperquerywasapproximately3. Moreoverafter
theconstructionphasehasled to full evolutionof theover-
lay network, all peersdiscoveredall their replicas,andthe
systemhadanexpectedmeanreplicationfactorof 5, asin-
tended,andsuccessratefor querieswasbetween95%and
100% even during network churn. Querieswere mainly
unsuccessfulbecauseof network problemssuchaslost or
corruptedmessages.

Finally, we would like to point out that the currentex-
perimentalevaluationis still limited in thefollowing sense:
Themoderatenumberof availablepeersdoesnot allow us
to obtainsigni�cant resultsonthereductionof latency dur-
ing bootstrappingaspredictedby our theoreticalanalysis
in Section4.3 andwhich is oneof the main propertiesof
ourapproach.

6 Relatedwork

The fundamentalproblemsto addressfor any large-scale
distributedindexingsystemsaredistributedindex construc-
tion and load-balancing.Traditionally structuredoverlay
networks,mainlybasedondistributedhashtables(DHTs),
have followed sequentialconstructionand maintenance
strategies(onlinebalancing)[12, 17, 24, 25]. In contrastto
this, our approachappliesa highly parallelstrategy which
speedsup theconstructionprocess,takesadvantageof the
distributed computingresourcesby allowing the partici-
pantsto work independentlyand asynchronouslyon the
construction,and enablesthe merging of independently
createdindices.

To addressload-balancing,thestandardstrategyof over-
lay approachesis to useuniformhashingof keysto remove
skew from thedistribution. However, thisdefeatstheappli-
cability of overlaynetworksto semanticprocessingof keys

(rangequeries,etc.).Thusin standardoverlayapproaches,
typically anadditionalindex on topof theoverlaynetwork
needsto be created[22]. The advantageof this approach
is its universalusabilityon top of any DHT. However, it is
considerablylessef�cient thanour approachsinceseman-
tically closedataitemsarenot necessarilystoredcloseto
eachotherin theoverlaynetwork (highfragmentation),and
hence,multiple overlaynetwork queriesarerequiredto lo-
cateall thesemanticallyclosecontent.Thus,apartfrom the
additionaleffort of constructingan additionalindex, such
schemesadditionallysuffer from inef�ciencies throughout
theoperationalphaseof thesystem.

In contrastto that,we build a trie thatclusterssemanti-
cally closedata,thusrealizingin-networkindexing which
enablesmoreef�cient queryprocessing.Thiscomesat the
expenseof a more sophisticatedconstructionprocessfor
suchdata-orientedoverlay networks. Additionally, more
complex online load-balancingstrategies have to be ap-
plied,aspresentedin thispaper.

Online load-balancingis widely researchedareain the
distributedsystemsdomainwhich often beenmodeledas
“balls into bins” [21]. Traditionally, randomizedmech-
anismsfor load assignment,including load-stealingand
load-sheddingandpower of two choices[18], have been
used,someof which canpartly bereusedin thecontext of
P2Psystems[10, 15], but with limited applicability. For
example,[15] providesstorageload-balancingaswell as
key orderpreservationto supportrangequeries,but at the
cost that ef�cient searchesof isolatedkeys canno longer
beguaranteed.

The dynamic natureof P2P systemsis also different
from the online load-balancingof temporarytasks[9] be-
causeof the lack of global knowledgeand coordination.
Moreover, for replicationbalancing,thereareno realbins,
andactually the numberof bins variesover time because
of storageloadbalancing,but theballs (peers)themselves
have to autonomouslymigrateto replicateoverloadedkey
spaces.Also, for storageload balancing,theballs arees-
sentiallyalreadydeterminedby thedatadistribution,andit
is essentiallythebins thathave to �t theballsby dynami-
cally partitioningthekey space,ratherthantheotherway
round.

A distinguishingpropertyof our approachto all other
relatedload-balancingstrategiesis actuallythatweaddress
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 direction wasa heuristickey spacebisectionpro-
posal[2]. In comparisonto theheuristics,we now exhaus-
tively analyzeandre�ne thebisectionmechanism,in order
to betterunderstandandguaranteesuperiorload-balancing
characteristicsin the overlay network emerging from the
recursive useof thebisectionalgorithm. Additionally, we
now not only simulatetheconstructionprocess,but verify
the analyticallypredictedpropertiesusinga fully-�edged
implementation(P-Grid), deployedon PlanetLab,to back
up our analysisandsimulationresultswith large-scaleex-



perimentaldata. The overlay network is alreadyusedas
a substratefor two data-orientedapplications—apeer-to-
peersearchengine(http://www.alvis.info/)anda semantic
overlaynetwork [1].

Furthermore,most existing load-balancingas well as
overlaynetwork constructionmechanismshavesofarbeen
sequential.However, theneedfor fasteroverlayconstruc-
tion hasrecentlygeneratedinterestin theresearchcommu-
nity, asis evidentfrom somerecentpublications[8, 14].

Both [8] and[14] userandominteractionsamongpeers,
inducedpotentiallyby the original unstructuredtopology,
andtry to build a desiredtopology, by essentiallytrying to
sort the peersaccordingto their identi�ers that aregener-
atedat the beginning of the process. Thesemechanisms
canagainbeusedfor overlaynetworksconstructionwhich
supportsearchof keysgeneratedby uniformhashing,since
then peer identi�ers can be simply generatedusing uni-
form hashing,asthereis no skew in the load-distribution.
However, for data-orientedapplicationssucha mechanism
hasa critical limitation, sincepeersarepredestinedfor the
amountof load (basedon thewholesetof peeridenti�ers
generatedat thebeginningof theprocess),andthereis no
�e xibility or adaptivity for load-balancing,particularly if
the load is skewed. Our scheme—thispaperas well as
[2]—on theotherhandadaptivelycreatesthekey spacepar-
titions andassignspeersto thesepartitionsbasedon load
characteristics,andis thusa moregenericparalleloverlay
constructionmechanism.For the specialcaseof uniform
load distribution (as it is traditionally assumedin DHTs
using uniform hashing),we can easily constructa load-
balancedoverlayby requiring `

+

��•

Ê in eachstepof the
partitioning.

7 Conclusions
Thefast(re-)constructionof data-orientedstructuredover-
lay networks is an emerging researchtopic which has
not yet beencoveredexhaustively in the literature. (Re-
)indexing due to changingapplicationrequirementsis a
frequentscenarioin data-orientedapplicationsandneces-
sitatesthe ef�cient (re-)constructionof overlay networks.
Existing approachesare essentiallyserializedand do not
take into accountinherentintricacieslike preservation of
key-orderingrelationshipsto enablesemanticprocessing
on data keys. In this paperwe have presentedan ef�-
cient, completelydecentralizedalgorithmwhich supports
the fast, parallel constructionof structuredoverlay net-
works from scratchbasedon a recursive bisectionscheme
that preserves 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-scaleexperimentsof a completesystemimplementa-
tion on PlanetLab. The implementationis available from
http://www.p-grid.org/.
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