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Abstract

Randonpeerselections usedby numerous2Papplica-
tions; examplesinclude application-l&el multicast, un-
structuredle sharingandnetwork locationmapping.In
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thisapproachA scalablealternatve approachis to build
a sparsegraphamongthe peers andthenusesomekind
of walk throughthe graphto do randomnodeselection.

An earlyexampleof thisapproactwasanoverlaymul-
ticast protocolcalled Yoid [1]. Yoid constructeda ran-

mostof theseapplications supportfor a heterogeneous gom graphover which randomwalks would be usedto

capacitydistribution amongnodesis desirable:in other
words,nodeswith highercapacityshouldbeselectegro-
portionallymoreoften.

Randompeer selectioncan be performedover both
structuredandunstructuredyraphs.This papercompares
thesetwo basicapproachesising a candidateexample
from eachapproachFor unstructuredheterogeneousin-
dompeerselectionwe useSwaplinks,from our previous
work. For the structuredapproachwe usethe Bamboo
DHT adaptedto heterogeneouselectionusing our ex-
tensionsto the item-balancingechniqueby Karger and
Ruhl. Testingthe two approachesver graphsof 1000
nodesand a rangeof network churnlevels and hetero-
geneitydistributions,we shav that Swaplinksis the su-
periorrandomselectionapproach{i) Swaplinksenables
moreaccurataandomselectionthandoesthe structured
approachn the presencef churn,and(ii) Thestructured
approachis sensitve to a numberof hard-to-setuning
knobsthataffect performancewhereasSwaplinksis es-
sentiallyfree of suchknobs.

1 Intr oduction

A numberof P2Por overlay applicationsneedto select
randompeersfrom the P2Pnetwork aspartof their oper
ation. A simplebut poorly scalingwayto dorandompeer
selectionis to disseminata list of all nodegto all nodes.
To randomlyselectanothemode,eachnodesimply se-
lectsrandomlyfrom its list. Early gossipprotocolsthat
needediniform randompeerselectiortypically assumed
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discovernodeshatmight beincludedin amulticasttree.
More recentoverlay multicastprotocolsthat utilize ran-
domnodeselectionincludeBullet [2] andChainsav [3].

Gnutella-styleunstructuredle sharingnetworks uti-
lize a randomselectioncomponentwhen searchingfor
nodeshaving desired les. To improve the scalability of
this le search,GIA [4] proposesusing randomwalks
ratherthan ooding.

Randomnode selectionalso plays an importantrole
in proximity addressingschemedike Vivaldi [5] and
PALM [6]: theseschemesieedto selectrandompeers
in the network to measureheir latenciesfrom the peers
andcomputetheir coordinates.

In mary of theseexamplesijt is importantthatrandom
selectionfollow a given non-uniformprobability distri-
bution. In otherwords, somenodesare to be selected
with higherprobability thanothers. The primary reason
for this is to accommodateodeswith differing capac-
ities. We refer to this problem of selectingeachnode
with probability proportionalto its speci ed capacityas
hetepgeneousandomselection Theneedto accommo-
dateheterogeneitys especiallyacutefor le searchingn
Gnutella-like le sharingnetworks, asthe useof super
nodesattests. The primary focus of GIA is this hetero-
geneityin unstructurechetworks. Accommodatingnode
heterogeneitys alsoimportantin overlaymulticastalgo-
rithms|[7, 8,9, 10].

Giventhe numberandvariety of P2Pandoverlay ap-
plicationsthat use randomnode selection,in previous
work [11], the authorsdesignedSwaplinks, a general-
purposeunstructured®2Palgorithmto provide a hetero-
geneougandomnode selectionprimitive that could be
usedby a wide rangeof P2P and overlay applications.
Swaplinks builds a randomgraphin which eachnodes
degreeis proportionalo its desireddegreeof heterogene-



ity, and then usesrandomwalks over that graphto do
nodeselection.Thepreviouswork shaved,usingsimula-
tions,that Swaplinkswasthe mostattractve unstructured
randomselectiontechniqueilt gives ne-grainedcontrol
over both the probability thata nodeis selectedandthe
overheadseenat eachnode. It is ef cient, scalableyo-
bust(to churn,andto wide variationsin nodecapacities),
andsimple. In this paper we implementSwaplinks,and
provide acomprehensie evaluationof the Swaplinksim-
plementationthusvalidatingthe previous simulationre-
sults.

Heterogeneousandomselectionin theexampleappli-
cationscited earlier can also be potentially realizedby
structuredapproachesOur previouswork, however, ex-
aminedonly unstructuredapproache¢o randomselec-
tion, becauseof our intuition that they would be sim-
pler than structuredapproachesand that this simplic-
ity would ultimately leadto a more scalableandrobust
system. A primary goal of this paperis to testour in-
tuition abouttherelative simplicity of structuredandun-
structurecapproacheto heterogeneousndomselection
througha performancecomparisorbetweerthe two ap-
proachesWe choosethe “item-balancing”algorithmby
KargerandRuhlfor loadbalancingn structuredP2Pnet-
works[12] asthe basisfor the structuredrandomselec-
tion approachandwe useSwaplinksasthe unstructured
approach.Thebasicideain usingtheitem-balancingal-
gorithmin our settingis to assignidenti ers in the DHT
numberspacesuchthat a larger portion of the number
spacemapsproportionallyinto high-capacitynodes.and
asmallerportionmapsinto low-capacitynodes High ca-
pacitynodeshy virtue of “owning” alargerportionof the
numberspacewill beselectegroportionallymoreoften
by queriesissuedto uniformly randomidenti ers. We
implementthe Karger/Ruhlapproachover the Bamboo
DHT [13], andcall this approachiKRB. We choseBam-
boobecausét is a stablewell-maintainecopensoftware
for DHTs, and becauset is a secondgenerationDHT,
designedusing the bestprinciplesfrom the earlier rst
generatiorDHTSs (like Chord[14] andPastry[15]). This
minimizesthe chancegshattheresultsareanartifactof a
poor DHT implementation.

The performance comparison between KRB and
SwaplinksshavsthatKRB performslesswell in theface
of churn,andhasa numberof hard-to-setuning knobs
that affect performance.While we needmore compar
isons(with otherstructuredapproachesfo be certainof
this, theperformanceomparisorgoesalongwaytoward
validating our intuitive concernaboutthe relative com-
plexity of usingDHTsfor heterogeneouseerselection.

Overall, this papemakestwo contrikutions:

We implement an open sourcelibrary [16] that
providesheterogeneousgnstructuredandomgraph
constructionand randomnodeselectionprimitives

basedon Swaplinks. We also measurehe perfor
manceof the Swaplinks implementationfor both
randomgraph constructionand randomselection,
andin sodoingvalidateearliersimulationresults.

We modify the Karger/Ruhlload balancingalgo-
rithm for heterogeneousandompeerselectionand
compareits performanceas a random selection
mechanisnwith thatof Swaplinks.

We next describerelatedwork in Section2. We de-
scribethe Swaplinksalgorithmandits implementationn
Sections3 and4, andthe KRB methodin Section5. In
Section6 we give a performancevaluationandcompar
ison of both algorithms. Finally, we discussissuesand
futurework in Section?.

2 RelatedWork

2.1 Structured P2P Networks

All structuredP2PsystemamodeledasDHTs (e.g. [17,
14, 15], etc.) assignidenti ers to nodestypically atran-
dom. Randomselectionin DHTs can be doneby ran-
domly choosinga value from the DHT numberspace,
androuting to that value. The problemof randomnode
selectionin DHTS, then, boils down to the problem of
assigningdenti ers appropriately

Even where uniform random selectionis desired,
assigninga single random identi er to each node is
inadequate,becauseary non-uniformitiesin the ran-
dom assignmentgersistover time. Consistenthash-
ing schemeddeal with this by assigningmultiple ran-
domidenti ers[18], andDHTs have proposedomething
similar, namelycreatingmultiple virtual replicasof each
nodein the DHT. To achiere heterogeneityeachnodeis
replicateda numberof timesproportionalto its capacity
([29, 2Q]). This approachhowever entailsa blowup in
network and computationabverheadsandsois not an
attractve approach.

A modi ed multiple virtual nodeapproachis usedin
Yo [21]. Here,virtual nodeidenti ers for eachnodeare
selectedrom asmallrangeof identi ers; theauthorauti-
lize theproximity of thenodesidenti ers to avoid having
to maintainseparateoutingentriesfor eachvirtual node.
While this schemes interesting,and a potentialcandi-
datefor comparisonjt hasnot beenanalyzedor tested
for robustnesgo high churn. Y, alsoneedsall nodesto
know (at leastroughly) the numberof nodesin the sys-
tem,whichmightbeanissueunderhigh churn.

LedlieandSeltze22] presenthek-choicesalgorithm
for loadbalancingn settingswith skewedquerydistribu-
tions and heterogeneousapacities.k-choicesis similar
to KRB, in that both placenodesat IDs that minimize



loadimbalance Thedifferences thatk-choicesassumes desireddistribution muchmoreefciently (e.g.,random

thateachnodeknows its absolutedesiredlioad, whereas
in KRB, nodesonly have anotionof relatvedesiredoad.

Accordion [23] and HeteroRistry [24] give schemes

that tailor nodes' degreesand their messagdoads ac-

cordingto capacityandnetwork actiity. Theseschemes
however do not provide capacitydependenhamespace

partitioning, and so cannotsupportheterogeneougan-

domselectiorby routingto uniformly randomlyselected
IDs. An alternatve approachmight have beento useun-

biasedandomwalks overthesenetworksfor randomse-
lection, but the control over degreesin theseschemess

not ne-grained enough(i.e., averagenode degreesare
not proportionalto capacitiesfor this to resultin thede-

siredselectiondistribution’.

KargerandRuhl proposewo schemesn their papers
for load balancingin DHTs [12, 25]. The rst resultsin
aconstanfactorboundon ID spacedbetweersuccessie
nodeshut cannothandlethecasewherethelD spacesire
to be split accordingto capacities. The secondscheme
looks atitem load balancingwherethe numberof items
thatare storedat any nodeshouldbe within boundsand
dependenbn nodecapacity With minor variations,we
could modify this schemeo split ID spaceaccordingto
nodecapacitieandrun overBamboo-we call thisKRB.
We useKRB asthecandidatestructuredapproactor our
performance&omparisons.

2.2 Unstructured P2P Networks

In previouswork [11], we found Swaplinksto bethebest
algorithmfor constructingunstructured®2Pgraphssuit-
ablefor heterogeneousandomselection.Hereis a brief
overview of otherunstructuredpproaches.

GIA extends Gnutella by making both graph-
constructionand query-resolutiorsensitve to node ca-
pacities[4]. High-capacitynodeshere have higherde-
grees,and are more likely to be traversedby random
walks. While Swaplinks shareghesetwo featureswith
GIA, Swaplinksexhibits moreaccuratecontrol over de-
gree and probability of selection. Other examplesof
unstructuredgraph constructionschemesinclude Ara-
neola [26], an approachby Law and Siu [27], and
SCAMP|28]. Noneof thesetake nodeheterogeneitynto
account.

The Ransub[29] mechanismcan be usedas a ran-
dom nodeselectionprimitive, but aswas the casewith
thepreviously mentionedschemesjoesnottake into ac-
countnodeheterogeneity The Metropolis-Hastingsal-
gorithm[30] andthe Iterative-Scalingalgorithm[31] can
be usedto achieve desiredprobabilitiesof selectionover
ary underlyinggraph. But when the underlyinggraph
hasnodedegreescloseto the desiredprobabilities,like
Swaplinksdoes randomselectionprimitivesachieve the

walksneedto take far fewer hops).

3 The Swaplinks Algorithm

OurrandomselectionAPI consistf the following core
procedures:

join(numLink s)
node= select()
listOf N odes= listN eighbors(call B ack)

Thej oin() procedureauseshejoining nodeto estab-
lish randomlinks with other, alreadyjoined nodes.The
parametenumLink s indicateshow mary neighborghe
joining node shouldtry to obtain. On averagea node
will endup with twice as mary neighborsasthe value
numLink s. Thisis becausethernodeswill in turn se-
lecta givennodeastheir neighbor

Thevalueof numLink sis setto beproportionalto the
probability with which the nodeshouldbe selected.For
instance,if anodeA shouldbe selectedwith twice the
probability of nodeB, thennodeA will sethumLink s
to be twice that of nodeB. It is up to the applicationto
know what valuesto choosefor numLink s. Typically
anapplicationwould choosea valueof numLink s = 3
for its lowest capacitynodes,and selectvaluespropor
tionally higher for higher capacitynodes. The value 3
is chosenasthe minimumto insurethat eventhe lowest
capacitynodehasa low probability of partitionfrom the
restof the network. Highervaluesreducethe probability
evenmore.

Whenanodewishesto randomlyselectanothemode,
it calls select(). This causesa randomwalk to be
taken throughthe randomgraph. The numberof hops
in the walk is a x ed value, 10 by default. The node
at which the walk endsis the selectechode. The value
numLink s plays two importantroles here. First and
foremost, the Swaplinks design ensuresthat the walk
will end at nodeswith higher numLink s valueswith
proportionallyhigher probability Secondnodeswith a
highernumLink s valuewill sene asintermediatehops
in walks with higherprobability. This secondeffect re-
sultsin the load requiredto participatein the algorithm
by ary givennodeto alsobe proportionatlto its capacity
Therearea numberof possiblevariationson theselect()
call: for instancethelengthof thewalk maybespeci ed,
or theidentity of all nodegraversedduringthewalk may
bereturned.

SomeP2P applicationsmay simply wish to use the
underlying graph directly. For instance,a BitTorrent
might usethe neighborsselectedby the j oin() proce-
dure as the nodeswith which it exchangesle blocks.
ThelistN eighbors(call B ack) procedureallowsthis. In



additionto providing the currentsetof neighborsa call-
backroutineallows Swaplinksto inform the application
wheneerthe neighborsethaschanged.

In building andmaintainingarandomgraph,eachnode
labelseachof its links to aneighbomodeaseitheranout-
link oraninlink. Thesdabelshave nothingto dowith the
directionmessagemmay passover them: messagemay
passin bothdirections.Ratherthelabelis choserbased
on which nodeinitiated creationof the link. The node
thatinitiatedthelink labelsit anoutlink, andothernode
labelsit aninlink. Correspondinglyneighbornodesare
labeledasout-neighboror in-neighbors.The outdegree
is thenumberof outlinks,andtheindegreeis the number
of inlinks. Every link is anoutlink in onedirectionand
aninlink in the other

Likewise, therearetwo typesof x ed-lengthrandom
walks:

OnlyinLinks: The walk is forwardedto a randomly
chosenn-neighbor

OnlyOutLinks: The walk is forwardedto a randomly
choserout-neighbor

Every node always maintains an outdeyree of
numLink s, by nding numLink s out-neighborsvhen
it rst joins, andby replacingary out-neighborit loses
with anotherone. This is donein such a way that
nodestendto have the samenumberof inlinks as out-
links, thoughthey mayhave slightly greateror fewerthan
numLink sinlinks.

Therearethreecaseghealgorithmmustcover:

1. A joining nodeis addingselectedut-neighbors
2. A nodeis replacingalost out-neighbor
3. A nodeis replacingalostin-neighbor

To nd anew out-neighboffor the rst caseajoining
node(sayA) initiatesa x ed length OnlyInLinks walk
from oneof its entrynodes.The node(sayB ) wherethe
walk endsis choserasanout-neighboffor the new node.
NodeB thenrandomlyselectoneof its in-neighborsC,
and“gives”thatin-neighbotto A. In otherwords,C loses
B asanout-neighborandgainsA asanout-neighbor

The resultof this transactions that A gainsboth an
out-neighbokB) andanin-neighbor(C). After A isdone
nding all of its numLink s out-neighborsijt will also
have anequivalentnumberof in-neighbors NodeB will
have gainedone in-neighbor(A) and lost another(C),
so it comesout even. Node C will have lost one out-
neighbor(B) and gainedanother(A), so it alsocomes
outeven.

If a node(sayA) losesan existing out-neighbor(the
secondcaseabove), it likewise takes an OnlylnLinks
walk, and createsan outlink with the discorerednode
(sayB). However, in this case,B doesnot give one of
itsin-neighborg¢o A. RatherB endsup with anextrain-

neighbor HadB givenA anin-neighbor thenA would
have endedup with anextrain-neighborinstead.

Finally, if a node (A) losesan existing in-neighbor
(thethird caseabove), it seesf its numberof in-links is
lessthanits numLink s. If so,it takesanOnlyOutLinks
walk. Thenode(B) discoveredby thewalk thendonates
oneof its in-neighborgto A if B's numberof inlinks is
greaterthanhalf its numLink s.

The above modesof link-formation could leadto the
creationof multiple links betweerthe samepair of neigh-
bors; Swaplinksmakesno effort to eliminatethesemul-
tiple links. This makesdealingwith very smallnetworks
straightforvard.

Therationalebehindusingthe OnlyInLinks andOnly-
OutLinkswalksin Swaplinksis asfollows: The OnlyIn-
Links walk selectseachnodewith a probability roughly
proportionalto its outdegygree. The OnlyOutLinkswalk,
on the other hand, selectseach node with probability
roughly proportionalto its indegree. Thus Swaplinks, by
usingthe OnlyInLinks walk, ensureghattheloadplaced
on eachnodeis proportionalto its outdegree. And by
employing OnlyOutLinksto deliberatelylook for inlinks
in the presencef churn,it tendsto nd nodeswith dis-
proportionatelarge indegreesthusstealingthe surplus
inlinks from suchnodesand ensuringthat nodes'inde-
greesstaycloseto their outdegrees.

In this paper application-requestedhode selection
(select()) usesOnlylnLinks walks, as opposedto the
otherrandomwalks testedin [11]. While both OnlyIn-
Links and the randomselectionwalks in [11] resultin
selectiorproportionalto nodes'outdegreesOnlyInLinks
is simplerandthusthe moreattractve methodto use.

Simulationgn [11] shav thatSwaplinksbuilds graphs
wherethe degreedistribution closely resembleghe de-
sired distribution. The graphsscalewell to large sizes,
andlendthemseleswell to randompeerselection.The
resultanimessagéoadon nodesandthefrequengy of se-
lection vary linearly with the degree. Swaplinksimple-
mentatiorresultspresentedaterin this papercorroborate
thesendings.

A featureof Swaplinksthatmakesit attractve from a
practicalviewpointis thatit is free of “tuning knobs”: It
hasno parameterso set,apartfrom the neighborheart-
beat frequeng parameter(presentin most distributed
systems). We avoid having to tune the hop-lengthfor
differentrandomwalks by makingall walks 10 hopsin
length,whichis aconsenratively largevalue.

4 Swaplinks Implementation

Our systemis implementedin C++ on Linux. We use
TCP socletsfor neighborconnectionsEachnodesends
heart-beamessageto eachof its neighborsevery 2 sec-



onds,andassumeshat a neighboris deadif it doesnot
receie a heart-beatrom it for 10 seconds?

A newly enteringnodeinitiatestherequirednumberof
neighbordiscovery walks, restrictingthe numberof out-
standingneighborwalks to 10 at ary time. A neighbor
discovery walk is re-attemptedf it fails to returnanap-
propriateneighborwithin a periodof 2 seconds.

We currentlyhave animplementatiorof a rendezvous
serverthat helpsnew nodesjoin the system. The ren-
dezwussenerrememberssmallnumber(currently10)
of the most recently joined nodes,and newly joining
nodesusethesenodesto starttheir neighbordiscovery
walks. This rendezwousmechanisnis light-weight, and
makessureno singlenodeis overloadedwvith therespon-
sibility of helpingnew nodesjoin the network. Theren-
dezwusmechanisntould be mademorerobustby also
having the rendezwussener remembera smallnumber
of randomother nodesin the network, by periodically
taking randomwalks, or by having newly joined nodes
reportoneor two of their neighbors.

The applicationusing Swaplinks communicatesvith
the Swaplinksmodulevia a TCP soclet. Swaplinks ex-
portsthe API describedin section3 to the application
overthesoclet by usingappropriateserialization.

Oneapplicationhascurrentlybeenimplementecover
Swaplinks, namely a heterogeneousverlay multicast
protocolcalledChunkySpread7] thatusesSwaplinksto
bothconstructaheterogeneousindomgraphanddoran-
dompeerselection EachChunkyspreachodeis involved
in multicastdatatransmissior{andreception)with mul-
tiple othernodes;this setof peersis a subsetof the set
of the neighborsin the Swaplinksgraph. A small setof
ChunkySpreachodes(the nodesthat originatethe multi-
caststream)needto discover an additionalsetof peers.
This is doneusing Swaplinkspeerselection.In addition
to ChunkySpreadthe Swaplinksalgorithmis beingused
in otherapplicationsundercurrentdevelopmentjike the
NUTSS toolkit for NAT traversalin P2P systemg[32],
andaP2P le backupsystem.

We arealsocurrentlyexperimentingwith an alternate
heart-beamechanism¢alledsmart-pingingthatreduces
heart-beatoad at nodeswith very high degrees.We de-
scribesmart-pingingandgive a preliminaryevaluationof
thetechniquen Section6.4.

5 Adapting Bambooto Heterogene-
ity

Performingrandomselectionon a DHT, with no regards
to heterogeneityand assumingthe ID spaceis appor
tioneduniformly amongall nodes,s simple: pick a uni-
formly randomiD in theID spacejssuearandomselec-

tion queryto thatID, andselectthenodewherethequery
ends.For this simplequeryingmechanisnio still be ap-
plicablewhentherearedifferencesn nodecapacitiesywe
needto split nodes'ID spacesn proportionto their ca-
pacities(wherea “node'sID-space’denoteshe extentof
ID-spacethatthenodeowns). For asimplerdesignof the
heterogeneousandomselectionscheme we chooseto
computea nodes ID spaceasthe spacebetweerits suc-
cessoiin thering anditself. We discusshow we simulate
this featurein Bamboolaterin this section.

To achieve capacity-dependeiid spaceallocation,we
developaschemebasedn theitem-balancingalgorithm
(henceforthreferredto as K-R) presentedn [12, 25].
Nodesin K-R periodicallysendmessaget oneanothey
andshardoadswhenaloadimbalances perceved. The
item-balancingalgorithmin [12] performsload sharing
throughmovementof nodesto new IDs, but doesnot ad-
dressthe issueof heterogeneitywhereaghe onein [25]
takes heterogeneitynto account,but doesload sharing
by transferringtemsfrom heavily loadednodeso lightly
loadedones.Ourscenarias slightly differentfrom either
of the above two, sincewe neednodesto move to new
IDs soasto do ID spacepartitioning,and we needthis
partitioningto be capacitysensitve.

We now outline KRB, our adaptationof the K-R al-
gorithm. The basicaim of KRB is to even out therel-
ative loadsof all nodes,wherea nodes relative load is
its ID spacdoaddividedby its capacity Asin K-R, each
nodeperiodicallysendutamessagéo arandomlycho-
senlD, embeddingts load information— we call such
message$KRB load messages”.Noting that a nodes
moving to a new ID canaffectthe ID space®f (up to)
3 nodes(the moving node,the moving nodes old prede-
cessorandthemoving nodesnew predecessor)n KRB,
we examinethe changen load at all nodeswhoseloads
are affectedby the move. This is an extensionof K-R,
wherethe loadsat only the moving nodeandthe moving
nodes new predecessoare examined. If we examined
the loadsat only thesetwo nodes,it would be possible
for ahugeloadto beinadwertentlydumpedontheuncon-
sideredhird node(themoving nodesold predecessogs
aresultof the move; by consideringall the threenodes,
we avoid this possibility.

Looking at a single KRB load messagelet us denote
by S the nodethat sentout the messageby R the node
thatrecevesthemessageandby P thepredecessaf R.
Now R decidesf it shouldmove to shareS's ID-space,
basednthevalueof theobjectivefunction computedas

follows:
_ Lr+ Ls+ Lp

r_CR+C3+Cp

. L
ObjFNn(R;S;P) = N2fRrsP g % 1)



whereL y is nodeN 's ID-spaceload, which is equalto
the spacebetweenN andits successgrandCy is node
N 's capacity

If R wereto move, it would moveto ID Rsuchthat

(2)

Thatis, the new ID is the onethat splits the spacebe-
tweensS andits successoin directproportionto their ca-
pacities.If R wereto moveto R the objective function
wouldtake on anew value,computedsimilarly to above.
Finally, R doesmake the move if the objective function
valuereducedy morethana thresholdratio (calledthe
KRB-thieshold setto 0.2).

The computationof the objective function above can
be seenas a greedysteptaken towards minimizing the
system-wideobjective function,givenbelow.

N in system (I—N)
N in system (CN)

Fan =

Ln

Cn

Sinceindividualnodesdo notknow thevalueofr 5 , they
uselocal knowledgeto computer asshovn above asan
estimate.

The above descriptionassumeshatthe nodethat sent
theinitial messagé is notalreadythe predecessaf the
nodethat recevesthe messagd. If R doeshappento
bethe successoof S, thereis no otherthird nodewhose
load will be affectedif R wereto move to any pointin
betweerS andits successorSonow R movesif thefol-
lowing conditionholds:

ObjFn(overall) = Il

(3)

N in system

Ls .
Cs

Lr

Cr

Lr
Cr

Ls
OR Cs
wherewe set to 0.8. This criterionis identicalto the
oneusedin K-R.
Simulating a node's ID-spacein Bamboo:
To malke this schemework in Bamboo,we needto make
surethatthe probabilitythata nodeis selecteds propor
tionalto thelD spacdor whichit is the closesipredeces-
sor However, in Bamboo,a queryis routedto the node
numericallyclosestto the destinationratherthanto the
closestpredecessorSowhena noderecevesa random
selectionquery it examinesthe intendeddestinationiD
andforwardsit to theimmediatepredecessauf thatID.
Our primarygoalin adaptingthe Karger/Ruhlscheme
to Bamboowascapacity-sensitie randompeerselection.
Admittedly, this schemedoesnot balancemessagédoad
accordingto capacities(during the constructionof the
KRB network or during randomselection),as we only

tailor nodes'ID spacesandnottheir routingtables.Ac-

cordingly, in this paper we evaluateKRB as a hetero-
geneousselectionmechanismalone, and do not place
emphasison the messagdoad distribution that occurs
while constructinghe KRB P2Pnetwork. Schemeshat
reactively tailor the neighborhoodsize basedon capac-
ity, suchasthoseproposedn Accordion[23] andHet-

eroRastry[24] could be usedwith KRB to achiese both
capacity-sensitie probability of selectionand capacity-
sensitve messagdoad distribution during graph con-
struction.

6 PerformanceEvaluation

We testSwaplinksthroughan emulationof a 1000node
network on eitheralocal (Cornell) clusterof 5 machines
with 4 CPU's each,or a20 CPU clusteron Emulab We
achievethis sizeby launchinganumberof processethat
in turnlaunchtherequiredhumberof individualinstances
of our system. We presere the semanticof communi-
cationhere: all communicatiorstill takesplacethrough
soclets. The CPU loadshereweremostly smallenough
to benggligible asafactorin theresults.We alsotestthe
samemplementatioron PlanetLab

For the emulation,we usea Transit-stub[33] topol-
ogy consistingof 100routersto mimic latenciesetween
peers Eachpeerpicksastubrouteruniformly atrandom.
All messageto be sentarebufferedat the senderfor the
appropriateamountof time (computedas a function of
the stubroutersof the sourceanddestination).We also
addjitter as a randomvalue that rangesbetween0 and
25%of theend-to-endatengy.

LaunchingKRB networks of a similar size(500-1000
nodes)by multiplexing severalinstancesn singlehosts
on local clustersprovedinfeasiblebecausef high CPU
load factorsdueto the Bambooimplementation.We in-
steadevaluate KRB using the simulator available with
Bamboos standardcodedistribution. We usethe same
Transit-Stultopologyasearlierto calculatemessagele-
laysin the KRB network. We hadto restrictour compar
isonsto 1000 node networks as the Bamboosimulatoy
with our modi cations, consume$oo muchmemoryfor
largersizes.

All KRB nodesuse a single entry node (called a
gateway nodeby Bamboo)whenthey rst enterthesys-
tem. A nodethatleavesits presentspotandrejoinsthe
systemaspartof theKRB ID spaceaeadjustmenscheme
usesthe setof neighborst hadbeforeit left the system
asits gatevay nodes.

We now give a road map of the experimentalresults
that we will be presentingin the subsequenportions
of the paper We rst test 1000 nodenetworks of both
Swaplinks and KRB undertwo differentrepresentatie
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valuesof churn,and,similarly undertwo differentdistri-

butionsof nodecapacitiegSection6.1). Next, we subject
bothto moredemandinghurnscenariosonewherenet-

work size doublesin the spaceof 10 secondsandone
wherenetwork sizehalvesinstantaneouslySection6.2).

We give resultsof a 250-nodeexperimentover planetlab
in Section6.3. Finally, in Section6.4 we describehow

we canuse“smart-pinging”to reducethe heart-beatoad

incurredby high degreenodes.

In all of theseexperiments,we evaluate Swaplinks
as both a heterogeneougraphconstructionmechanism
(e.g.,how well nodedegreesmatchdesireddegrees)and
asa heterogeneougeerselectionmechanisn{e.g. how
closetheselectiorprobabilitiesareto thedesiredvalues).
We evaluateKRB ontheotherhandassolelyaheteroge-
neouspeerselectionmechanism.

6.1 Evaluation under representatve churn
scenarios

We usetwo separatehurnscenariosa“high-churn”sce-
narioin whichthemediansessiortime is 2 minutes, and
a“low-churn”scenarian whichthe mediansessiortime
is 30 minutes.Thesesessiortime valueshave beentaken
from previousstudieg[34, 35, 36]. We similarly usetwo
capacitydistributions: (i) The rst capacitydistributionis

a moderate5:10:20distribution, with 80%of Swaplinks
nodeshaving outdegree5, 10%having outdegreel0,and
10% with outdegree20. We realizethe same(relative)
capacitysplit in KRB by having 80% of the nodeshave
a capacityof 1, 10% have a capacityof 2, and 10% of
the nodeshave a capacityof 4. (ii) The secondcapac-
ity distributionis an’extreme'3:60:150distribution, with
98%of thenodeswith outdegree3, 1% of thenodeswith
outdegree60, and 1% of the nodeswith outdegree150.
Again,wesimilarly realizethesamerelative capacitydis-
tributionin KRB aswell. We restrictthe numberof high-
capacitynodesn the extremecapacitydistribution to the
relatively small proportionof 1% for the following rea-
son: We run mostof our experimentson networksof size
1000. With anincreasein the numberof high-capacity
nodes,t getsmorelikely thatthereis a completelycon-
nected core' madeof the high-capacitynodes,and all
other nodesdirectly connectedo the core nodes. The
fact that this behavior is not retainedwhenthe network
grows to a larger size (wherethe network maintainsthe
samecapacitydistribution) makessuchnetworksnotrep-
resentatie of generalP2Psettings.

We usenodesessiortimesthatareindependenof ca-
pacities,and follow the Paretodistribution. Networks
start from scratch(zero nodes), and total experiment
timesaretypically setto morethan5 timesthe median



High Churn Low Churn
TargetOutdey 5 10 20 3 60 150 5 10 20 3 60 150
Avg Load(B/s) 150.26 | 297.87 | 581.49 98.16 | 1621.23 | 3449.41 || 124.33 | 247.34 | 491.49 79.62 | 1275.89 | 2903.17
Relative Load 1 1.98 3.86 1 16.43 35.05 1 1.98 3.95 1 15.92 36.20
Avg Totaldey 9.68 19.41 | 38.23 5.80 111.77 | 255.25 9.98 19.93 39.95 5.98 119.98 | 298.18
Relative Selns 1 2.01 3.95 1 19.78 44.43 1 2.00 3.99 1 20.10 50.16
Selnp-values 0.815 0.862 0.977 0.757 0.579 0.819 0.292 0.784 0.583 0.224 0.957 NaN

Tablel: Swaplinksresultsfor moderateandextremecapacitydistributionsunderhigh andlow churn.
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Figure3: KRB underhigh churnandmoderatecapacitydistribution

node sessiontimes. We ran testswhere node session
timesweredependenbn capacitieqi.e., wherehigh ca-
pacity nodesarelikely to stayin the systemlonger)and
where sessiontimes were Poissondistributed, and we
foundtheresultsto be similarto thosewe presentere.

Unlessotherwisementioned,we run ongoing back-
groundpeerselectionsywherethe80longestiving nodes
performarandomselectiorevery 250msfor theduration
of theirlifetime. We call suchselectionsperiodic' selec-
tions. We usethe periodicselectiondo evaluatewhether
for instance the degree 20 nodesreceve, in aggreate,
twice asmary selectionsasdo degree10 nodespverthe
courseof the experiment.We alsohave two othernodes
performa “burst' of 10,000selectionswith a gapof 10
msbetweersuccessie selectionsWe usethe short-term
burstto obtaina setof selectionmeasurementwith rel-
atively little churn. This allows us to more accurately
comparethe measuredlistribution of selectionsamong
a group of same-capacityodeswith the ideal distribu-
tion. This is becauseeachnodepresentin the network
during the burst recevves a statisticallylarge numberof
(measuredbr ideal) selections. The burst selectionsare
performedust beforethe endof eachexperiment.

We measuremessagdoads in both Swaplinks and
KRB by countingonly thebytesin themessageayloads;
we do not considerTCP/IPor UDP headewoverheads.

6.1.1 Swaplinks Results

Figuresl and2 shav theresultsof the high-churnmod-
eratecapacitydistributionexperimenfor Swaplinks.The
node degreesclosely track the desiredvalues (Figure
1(a)), while the selectionsand messagdoads are split

amongthe differentnodesin proportionto their capac-
ities: for example,nodeswith outdegreelOreceie twice
asmary selectionspn anaverage asthe nodeswith out-
degree5. Both periodicandburst selectionsarecounted
to computethe curvesin Figurel1(c).

Figure 2 shows the selectionfrequenciesthat result
fromtheburstselectionsThe gure hasoneplot for each
of the threedifferentcapacityclasseswherea capacity
classis just a setof nodeswith the samecapacity The
“actual” curve representshe Swaplinksselections.The
“ideal” curve representsheidealdistribution of the par
ticularclass' fair share'of thetotal numberof successful
selectionsithe intersectionof eachnodes lifetime with
thetime-sparof the burstselectionss takeninto account
in computingthisdistribution. Thesevaluedon'tinclude
failed selectionswhich occurwith churnbecausenodes
take about10 secondgo detectthata neighboris down.
Thus, the higherthe churn-rateis, the greaterthe prob-
ability is that a selectionwalk fails by beingforwarded
to a now-deadneighborat somehop. High churnhas
about40%-45%failed selectionwalks, while low churn
hasabout2% failedwalks.

As canbe seenfrom the plotsin gure 2, Swaplinks'
actualselectionfrequeng distribution closelytracksthe
idealcurvefor eachof thedifferentcapacitiesThis, cou-
pled with the factthat Swaplinksalsorealizescapacity-
wise selectiondistribution (Figure 1(c)), demonstrates
that the selectionmechanisnrealizesthe desireddistri-
bution.

Table 1 gives a summaryof resultsfrom all of the
Swaplinksexperimentdn this sectionby averagingeach
value over the secondhalf of the experimenttime. The
durationof high-churnexperimentshereis around930
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High Churn Low Churn
TargetSplit 1 2 4 1 20 50 1 2 4 1 20 50
IdspaceSplit: 1 1.68 2.99 1 6.14 5.89 1 1.95 3.98 1 23.59 37.41
MsgLoad(B/s) || 711.30 | 765.04 | 853.78 || 736.63 | 922.48 | 923.40 || 261.73 | 290.59 | 318.45 || 297.01 | 474.06 | 413.49
Relative Selns 1 1.78 3.13 1 5.74 5.29 1 1.98 4.02 1 23.23 34.44
Selnp-values 0.000 0.231 0.054 0.000 0.000 0.002 0.000 0.645 0.774 0.000 NaN 0.001

Table2: KRB resultsfor moderateandextremecapacitydistributionsunderhigh andlow churn.

secondswhereasthe duration of the low-churn exper
imentsis around14,000seconds. Eachrow in the ta-
ble correspondingo a “relative' value shavs the corre-
spondingvaluefor the capacityclassasa ratio over the
equialentvaluein the lowest capacityclassin the ex-
periment. Both periodic selectionsand burst selections
aretakeninto accountin computingthe “Relative-Selns'
row. Thelastrow plotsthe ?- testp-valuesof theselec-
tion frequeng distribution (for burst selections):this is
anindicatorof how well the actualselectionfrequencies
of nodeswithin eachcapacityclassmatchtheidealselec-
tion frequencies.Larger valuesindicatea closermatch;
p-valuesgreaterthan0.05aregenerallybelievedto indi-
catea good matchof the obsened distribution with the
expecteddistribution.

As canbe seenfrom thetable,with the oneexception
of the high-churnextreme-capacitycase,node degrees
and selectionfrequenciesclosely track the desiredval-
ues. Thevalid p-valuesareall comfortablygreaterthan
0.05,indicatinggoodselectiondistribution 3

In the high-churnextremecapacitycase,high degree
nodeshave an averagetotal degreethatis lessthanthe
respectie ideal values: High degree nodesneedsome
time to reachtheir full degreesupon enteringthe sys-
tem, becausahey have at most 10 neighbordiscorery
walksoutstandingatary time. This effectis morepromi-
nentduringhigh-churnwherenew nodesentermorefre-
quently Thevaluesfor therelative selectionfrequencies
suffer becauseof the imperfectdegreedistribution, but
they neverthelesare still reasonablycloseto the target
ratios.

Themessagéadratiosin theextremecapacitydistri-

betweenthem,resultingin a reductionof the heart-beat
load incurred. This is an artifact of the fact that the
total degreeof the highestcapacitynodeshereis non-
negligible in comparisonto the total numberof links
in the system,and we expectthe numberof duplicate
links to decreasendthe load-ratiosto get closerto the
3:60:150proportionin largernetworks.

Looking at the messagdoadsfrom an alternateper
spectve, theabsolutevaluesof the messagéoadsfor the
outdegree 60 and outdegree 150 nodesseemrelatively
high. Thebulk of this loadis causedy neighborheart-
beats.In Section6.4we describehow we canreducethis
loadby doingheart-beats amoresophisticatedashion.

We ransimilar experimentdor 5000nodesSwaplinks
graphsover a 20 CPU cluster on the Emulab testbed,
andfoundtheresultsto bebroadlysimilar, demonstrating
thatSwaplinksretainsits propertiesn largernetworksas
well.

6.1.2 KRB Results

We make afew changeso theparametersisedby thede-
faultBamboosourcedistributionto getKRB to approach
the desiredrelative capacity-wisdD spacedistributions.
For the high-churnresultsshavn in this section,we set
ping andleaf-set-alarnperiodsin Bambooto 1 second.
We setthenearandfar routingtablealarmperiodsto 2.5
and5 timesthe leaf-set-alarnrespectiely (theseratios
arebasedon the valuesin Bamboos codedistribution).
We usea period of 5 seconddbetweensuccessie KRB
load messagesentto randomlocationsin the network
(we denotethis period the KRB period). For the low-

bution deviatesfrom the ideal 3:60:150;this is because churnresults,we setthe ping periodto 2 secondsthe

someof the high-degreeneighborshave duplicatelinks

leaf-setalarmperiodto 3 secondaindthe KRB periodto



FlashCrowd
Tamget || Avg Relatve | Avg Relative | Seln
Out- Load(B/9) Load Total Selns p val-
dgg dgg ues
5 146.88 1 9.82 1 0.936
10 291.94 1.98 19.73 2.06 0.935
20 578.49 3.93 39.18 4.02 0.722
3 91.29 1 5.9 1 0.751
60 1553.79| 17.01 | 114.61| 19.66 | 0.873
150 || 3320.49| 36.34 | 269.54 | 46.94 | 0.567
MassDepartures
5 179.52 1 9.54 1 0.457
10 351.01 1.95 19.11 2.04 0.912
20 681.62 3.79 37.59 3.96 0.988
3 121.57 1 5.73 1 0.338
60 1886.01| 15.5 102.19 | 17.87 | 0.418
150 || 4343.61| 35.66 251.1 45.84 | NaN

Table 3: Swaplinks performancewith ash-crowds and
massdeparturesinderhigh churn.

10 secondsBamboohasatime-outvaluebetweenwhen
anodesuspectaneighborto bedown (asaresultof fail-
ure of messagelelivery) to whenit actuallydecidest's
down (asaresultof lack of responséo pingssentto the
neighbor) We reducehistimeoutvalueto 1 secondrom
the earliervalueof 60 secondsWe usea leaf-setsize of
4 anda KRB-thresholdvalue(seeSection5) of 0.2in all
KRB simulations.We restrictedKRB low-churnsimula-
tionsto a shorterdurationof 1800secondsjongersim-
ulationstook unreasonablyonger (wall-clock) timesto
complete.

Figures3 and4, andTable2 shaw theresultsfor KRB.
The resultsshav that KRB is not successfuin main-
taining the relative ID-spacesat the desiredlevels un-
der high churns— it is only able to achiese arounda
1:1.65:3relativedivisionin thelD spaceén themoderate
capacitydistribution, while its responsdo the extreme
capacitydistribution underhigh churnis worse. KRB
is ableto achieve the desiredrelative ID-spacedistribu-
tion in the low-churnmoderate-capacitgase but again
fails to fully achieve the desirediD-spacedistribution in
the extreme-capacityow-churnscenario KRB alsofails
to consistentlyachieve the desiredselectiondistribution
within eachcapacityclass,asseenby the burstselection
p-valuescomputedor the selectionfrequencies.The p-
valuesfor the lowestcapacityclassin the moderateca-
pacity distribution is 0 in both the high and low churn
scenarios. This is mainly becausehe actual selection
distributionsherehave quite a few outliers— nodeswith
anactualselectionfrequeng closeto or greaterthanthe
maximumselectionfrequeng (for ary node) predicted
by the ideal curve. KRB's selectionfrequeng curves
within capacityclasse® and4 do matchtheideal curve
closelyenoughthatthey succeedhep-valuetest,but dur-
ing high-churn,nodesin the highercapacityclassesre
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Figure5: Changein the universalobjectie function as
aresultof KRB nodemovesandnodechurnin a high-
churn,moderate-capacitsimulation.

still lesslik ely to getselectedhanthey shouldideally be.

Figure 5 shavs why KRB underperformainderhigh
churn: The system-wideobjective function (Equation3,
Sectionb) settleso amoreor lessstablepositive valuein
the presencef the steadychurn. KRB's attemptgo im-
provetheobjective functionvaluebelow this stablevalue
using node movementsare exactly counterbalancedy
the effectsof nodechurn,indicatingthatthis is the best
KRB cando underthis high churn. Increasingthe fre-
gueny of KRB nodemovementsheredoesnotleadto an
improvementin performanceasbecomeslearnext.

We evaluatedthe relative ID-spacedistribution real-
ized by KRB underhigh churnand moderatecapacities
for variousvaluesof the KRB parametergping, alarm,
KRB periods, KRB-threshold),and we found that the
combinationof the parametersve presenhereresultsin
the bestID-spacedistribution. In generalwe foundthat
morefrequentpingsandalarmmessagesf Bamboore-
sultedin betterresults(ascanbe expected)while there
generallywasan ‘optimal' KRB messagédrequeny and
an optimal value for the KRB thresholdgiven the fre-
guenciesusedfor the othermessagesSettingthe KRB
messagdrequeng to higher valuesresultedin an in-
creaseof the numberof incorrectKRB moves, where
nodesswitched positionsbasedon an incorrectly per
ceived local state,therebyworseningthe ID-spacedis-
tribution. Among the combinationsof parameterave
tested,the worst performingsetyielded about50% less
accurateselectionthanthe settingwe use. This experi-
enceindicateghatit is hardemwith KRB to decideonthe
exact setof variousparameterdo usein a generalset-
ting.*

KRB achievesa higheraveragemessagédoad (across
all nodes)thandoesSwaplinks: this is mainly a resultof
the increasednessageateswe usedto improve KRB's
capacity-basetD spacdistribution. We howeverdo not
think thatthe messagdoad valuesarehigh enoughto be
aconcerrhere.
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Figure6: Swaplinks: Flash-cravd with high churnandextremecapacitydistribution

Flash-cravd MassDepartures

TamgetSplit 1 2 4 1 2 4
Idspacd_oads 1 152 | 2.41 1 1.19| 1.68
Relative Selns 1 155 2.47 1 1.14 | 1.75
Selnp-values || 0.00 | 0.00 | 0.01 || 0.00 | 0.48 | 0.00

Table4: KRB Resultsfor ash-crowdsandmassdepar
turesfor moderatecapacitydistributionsandhigh churn

6.2 Extremechurn

We now look at the reactionof Swaplinksand KRB to
moreextremechurnevents,the rst wherea ash-crowd
leadsto the network size doubling from 1000 nodesto
2000 nodesin the spanof 10 secondsand the second
wherea half of the network diesinstantaneously

Figure 6 shaws the resultsof the Swaplinks ash-
crowd scenarioundera 3:60:150degreedistribution un-
der high-churn(a mediannode sessiontime of 2 min-
utes). The ash-crowd appearsin the period 650-660
secondsfterthe systemis started andtwo setsof burst-
selectionsare performedstarting at 723 secondsand
spanningl00 seconds. Table 3 summarizeghe ash-
crowd resultsoverthelast175second®f theexperiment
for boththemoderateandextremecapacitydistributions.

Figure6 shaws thatwhile thereis atemporarydeteri-
orationin all the metricsof interestfor a shortduration
of time immediatelyafter the entry of the ash-crowd,
the systemquickly recoversto re-establishdesiredbe-
havior. The Swaplinks graphin fact generallybene ts
from nodesenteringthe system,since this pushesthe
averagedegreedistribution acrosshe graphtowardsthe
idealvalue;a comparisorof Table3 with Table1 shavs
thatthe averagevaluesfor the degreeandrelative selec-
tion frequenciesn factimprove asaresultof the arrival
of the ash-crowd!

Figure 7 and Table 3 shawv resultsof the Swaplinks
massdepartureexperiments. The massdeparturesoc-
curat649secondsftersystemstart,andburstselections
are performedat 719 secondsafter systemstart. From
gure 7 (for high churnand moderatecapacitydistribu-
tions),we obsene thatthe network suffersfor a shortdu-

ration of time immediatelyafter the hugeperturbation,
but thingsstartto improve thereafter The messagéoads
andthe selectionfrequenciesecover to re-approactihe
desired1:2:4 split of messagdoads and selectionfre-
guencies. The extreme capacityresultsfrom Table 3
alsolook encouraging:the degreesand the relative se-
lectionfrequenciesresimilar to the high (stable)churn,
extreme-capacityesultsshavn earlierin Table1. Over-
all, theseexperimentsdemonstrateéhat Swaplinksis ro-
bustto variouskinds of network churnunderwidely dif-
ferentcapacitydistributions, and that it managego re-
tainits ne-grainedsensitvity to thedesirecheterogene-
ity undertheseconditions.

Table4 summarize&RB resultsfrom thelast175sec-
ondsof the ash-crowd andthe massdeparturesimula-
tions for only the moderatecapacitydistribution under
high churn. The ash-crowds and massdeparturesoc-
cur at the sametimesasthosereportedin the Swaplinks
experiments. The resultsindicatethat the KRB perfor
mancesuffers signi cantly as a result of the extreme
churninduced. Therelative ID-spacesandselectionfre-
guenciedliffer markedly from thetargetvaluesyresulting
in a failure to realizethe desiredselectiondistribution.
We noticedthatwhile KRB had startedto recover from
the ash-crowd to approactits stablelD-spacedistribu-
tion towardsthe end of the simulation,in the massde-
parturesimulationits stablelD-spacedistribution deteri-
oratedafterthemasseparturedeadingto worserelative
selectionvaluesat the endof the simulation.® Sincewe
have alreadyseenthatKRB failsto adaptto theextreme-
capacitysettingunderhigh churn, we do not subjectit
to the more demandingcircumstance®f both extreme
churn (massdeparturesand ash crowds) and extreme
heterogeneity

6.3 Evaluation over PlanetLab

We evaluatedSwaplinks over PlanetLabby deploying a
250-nodenetwork over 50 PlanetLabhostsdistributed
acrossthe world. We scaleddown the numberof selec-
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Figure7: Swaplinks: Massdeparturesvith high churnandmoderatecapacitydistribution
High Churn Low Churn
TarmgetOutdey 5 10 20 5 10 20
Avg Load(B/s) || 210.88| 418.36| 794.16 || 196.81| 384.10| 745.75
Loadsplit 1 1.97 3.76 1 1.95 3.76
TotalDey 9.54 19.15 | 37.46 10.04 | 19.79 | 39.48
Relative Selns 1 2.07 3.99 1 2.01 3.94
Selnp-values || 0.000 | 0.000 | 0.001 || 0.000 | 0.023 | 0.002

Table5: PlanetLakresultswith

tionsperformedn the burstmodehereto about2500.

Figure8 shows the variationof averagenodedegrees,
messagéadsandtherelative selectionfrequenciesvith
time in a high-churnmoderatecapacityexperiment, and
Table 5 summarizedoth the high-churnandlow-churn
experiments. While the node-dgreecurve in the high
churncases notcompletelystable dueto thehighchurn,
all the valuesneverthelessadherereasonablyclosely to
the desired5:10:20ratio. But thereis a gap between
the ideal distribution of #Nodesvs SelectionFrequen-
ciesandthe actualdistribution here,leadingto poor p-
valuesfor the selectiondistribution. We obsenedthata
few of the planetlabnodeshostingour experimentsap-
pearedo freezeoccasionallycausingthe Swaplinksin-
stancesdostedon thesenodesto be eventuallyexcluded
fromtheneighborsetsof otherSwaplinksinstancesThis
alsomeanghatsuchnodeswould not be selecteddy ary
subsequentlfaunchedandomselectionwalk, thuscaus-
ing the discrepang betweerthe actualandobsenedse-
lectiondistributions.

We do not shav resultsfor the extremecapacitydis-
tribution here:thefactthateachhigh capacityclasscon-
stitutesjust 1% of the total nodepopulationmeansthat
therewould betoofew high capacitynodesn a250-node
experimentto draw reliableconclusions.

6.4 Smart-Pinging

The bulk of the messagdoad seenby Swaplinksnodes
is from the heart-beatnessagessedto determinewhen
a neighboris down. We would like to minimize this

moderatecapacitydistribution

load, in partbecausen extremeheterogeneitgituations
somenodeshave mary neighborshut in partbecause

given applicationmight resultin a computerbelonging
to mary P2Pnetworks, andthereforehave mary neigh-

bors. Our basicapproacho minimizing heart-beatss as

follows: Ratherthanhave every neighbordeterminefor

itself whetheranodeA is down, oneneighbor(atatime)

determinesf anodeA is down. If aneighbordetermines
that node A is down, it informs the other neighborsof

nodeA, usinga ood, thatnodeA is down.

Speci cally, the smart-pingingschemewe designed
works as follows: Node A tells eachof its neighbors
aboutsomerandomsetof its otherneighbors suchthat
eachneighboris known by at leastsomesmall number
of otherneighborsNodeA sendsachneighborin turna
smallserief (say ve)heart-beamnessagegachspread
two secondspart. For example,nodeA sendsneighbor
1 ve heartbeatsneighbor2 ve heartbeatsandso on.
Eachneighborknows whento expectits seriesof heart-
beats,basedon timing information corveyed during the
previous seriesof heartbeatslf a neighbormissesall of
its heartbeatsit informsall the neighborsof A it knows
of thatnodeA is down. Theseneighborsn turn inform
theneighborghey know, andtheensuingood of paclets
quickly informsall neighborghatnodeA is down.®

Smart-pingingreduceshe amountof bandwidthcon-
sumedunderno churn, at the cost of a burst of mes-
sageghat occurswhenthereis churn,andthe possibil-
ity of incorrectnoti cations of nodedepartureWhile we
needto explorethesetrade-ofs in greaterdetail, we have
currently implementeda preliminary version of smart-
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TamgetOutdey 5 10 20
Avg Load(B/s) || 38.23 | 57.97 | 89.21
Relatve Load 1 150 | 2.30
Avg Totaldey 9.99 | 19.90 | 40.01
Relatve Selns 1 2.06 | 4.08
Selnp-values || 0.831| 0.904 | 0.877

Table6: SmartPinging: moderatecapacity low churn

pinging,andobsenethatit doesindeedresultin asaving
on messagdoad underlow-churnscenarios.In the cur-
rentimplementationif nodeA hasd out-neighborsA has
eachof its neighborknow of 21og(d) of its (A's) neigh-
bors. Table6 summarizesheresultsoverthe seconchalf
of the durationof the experiment. This experimentwas
run with just 8 periodicselectorginsteadof 80 asin the
previouscases)to isolatethe heart-beatoad.

7 Conclusions

Nodeheterogeneitywheredifferentnodeshave different
capacitiesjs animportantissuein currentpeerto-peer
systems. In this paper we provide the implementation
and performancesvaluationof the Swaplinks heteroge-

neousgraphconstructiorandpeerselectionmechanism.

We also compareits heterogeneouselectionproperties
with that of KRB, a structuredP2Papproactderived by

adaptinghe KargerRuhlload-balancingchemeo node
ID spacesn theBambooDHT.

We nd thatwhile Swaplinksgenerallygivesgoodper
formancealongall metricsof interest KRB nds it hard,
underrelatively high churnratesto maintainthe desired
selectionprobabilitiesevenfor moderatealistributionsin
desiredselectiorprobabilities.Also, with KRB, it is non-
trivial to zeroin on a good setof tuning parameterso
usein ageneralsetting. Overall, we nd thatSwaplinks
outperformsKRB in performingheterogeneity-sensig
randompeerselection.

In termsof enhancement® Swaplinks, we needto
experimentfurtherwith smart-pingingfor instanceto in-
surethat it doesnt suffer from false negatives. In ad-

dition, we note that Swaplinks discoverstruly random
neighbors.SomeP2Papplications however, would like

to alsodiscover neighborghatarenearbyin termsof la-

teng. While a P2Papplicationis free to do that on its

own (i.e. by usingSwaplinksto discover randompeers,
andthenmeasuringateng to them), we believe that it

would bene cial to explore ef cient waysto do this, and
addthe capabilityto the Swaplinkstoolkit.

A limitation of Swaplinks is that it hasno defense
againstmisbehaing nodes. For instance,if a node
wishedto obtain a huge numberof neighbors(for in-
stanceto DoS a le-sharing application),Swaplinkshas
no mechanismo preventthis. While we areinterestedn
exploring suchmechanismsSwaplinksis currentlyonly
appropriatdor usewith trustedP2Psoftware.

We arecurrentlyexercisingSwaplinksby usingit asa
basisfor a numberof P2Papplications: The Swaplinks
toolkit is beingusedasthe basisfor the Chunkyspread
P2Pmulticastsystem[7]. In addition,the Swaplinksal-
gorithmis beingusedn building atoolkit for NAT traver-
salin P2PapplicationsandaP2P le backupsystemWe
invite researcher® useour Swaplinkstoolkit in theirun-
structured?2Papplicationd16].
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Notes

1To befair, neitherof theseschemesxpresslyaim to maintainnode
degreesperfectlyproportionatto capacities.

2For theresultsshovn in this paperwe donotutilize the TCPsoclet
closesignalasanindicatorof neighbordepartureso asto have afair
comparisorwith KRB, sinceBamboousesUDP

3The single “NaN” entry indicatesthat there were too few (< 5)
nodesof the particularcapacityduring the time whenthe burst selec-
tionswereperformedor ameaningfulp-valueto be computed



4In the searctfor the bestcombinationof KRB parametersye did
not try out sub-secondraluesfor the different parametersWe could
concevably usesub-secondalues,andachiee betterresults,but we
did notconsidethis optiondueto theenormousmountf loadit places
onthenetwork.

5Thesinglepositive p-valueresulthereseemdo be alucky onefor
thenodesin the secondtapacityclass-the smallestcapacitynodesget
moreof the selectionghantheir fair sharewhile the largestget fewer,
leaving the capacity2 nodeswith thenumberof selectionglosesto its
fair sharg(while still lessthanit)

6 Structella[37] usesasimilar mechanisnto reduceheart-bealbads
in maintainingleaf-setsput their mechanisnis notapplicablein main-
tainingary arbitrarysetof neighbors.
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