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Abstract

In this paper we arguethata broadrangeof large-scale
network serviceswould bene t from a scalablemecha-
nismfor deliveringstateabouta randomsubsebf global
participants.Key to this approachis ensuringthatmem-
bershipin the subsetthangegeriodicallyandwith uni-
form representatiomver all participants. Randomsub-
setscould help overcomeinherentscalinglimitations to
servicesthat maintain global stateand perform global
network probing. It could further improve the routing
performanceof peerto-peerdistributed hashtablesby
locating topologically-closenodes. This paperpresents
the design,mplementationandevaluationof RanSuba
scalableprotocolfor deliveringsuchstate.

As a rst demonstratiorof the RanSubutility, we con-

struct SARO, a scalableand adaptve application-layer
overlay tree. SARO usesRanSubstateinformation to

locateappropriatepeersfor meetingapplication-speci ¢
delayandbandwidthtargetsandto dynamicallyadaptto

changingnetwork conditions.A large-scalevaluationof

10000overlay nodesparticipatingin anemulated20,000-
nodewide-areanetwork topology demonstratéoth the

adaptvity andscalability(in termsof pernodestateand
network overhead)of both RanSuband SARO. Finally,

we usean existing streamingmediasener to distribute

contentthroughSARO runningon top of the PlanetLab
Internettestbed.

1 Intr oduction

Many distributed servicesmusttrack the characteristics
of a subsetof their peers. This informationis usedfor
failure detectionyouting, application-layemulticast,re-
sourcediscovery, or updatepropagationldeally, the size
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of this subsetwould equalthe numberof all global par

ticipantsto provide eachnodewith thehighestquality in-

formation. Unfortunatelythis approactbreaksdown be-
yondafew tensof nodesacrosghewide-areagncounter
ing scalabilitylimitations bothin termsof pernodestate
and network overhead. Recentwork suggestsuilding

scalabledistributed systemson top of a locationinfras-
tructurewhereeachnodecanquickly (in steps)
locateany remotenodewhile maintainingonly

local state[22, 24, 26, 30]. This approactholdspromise
for scalingto distributed systemsconsistingof millions

of participatingnodes.

While existing techniquedrack the characteristicof a
x ed setof nodes,a hypothesisof this work is
thattherearesigni cant additionalbene tsfrom periodi-
cally distributing a differentrandomsubsebf globalpar
ticipantsto eachnode.By ensuringhattherecevedsub-
setsareuniformly representatie of the entiresetof par
ticipantsandarefrequentlyrefreshednodeswill eventu-
ally receive informationregardinga largefractionof par
ticipants.Considettheapplicabilityof suchamechanism
to thefollowing applicationclasses:

Adaptiveoverlays: A numberof efforts build over-
lays that adaptto dynamically changingnetwork
conditions by probing peers. For instance,both
Narada[14] and RON [2] maintain global group
membershipand periodically probeall participants
to determineappropriatgeeringarrangementdim-
iting overall systemscalability The presenceof a
mechanisnto deliver randomsubsetdo eachnode
would allow overlay participantsto learnof remote
nodessuitablefor peering,while at the sametime
periodically learning enoughnew information to
adaptto dynamicallychangingnetwork conditions.

Parallel downloads: One recent effort [5] sug-
gests‘perpendicular’downloadsof popularcontent
acrossa setof peersreceving erasure-codedon-
tent. Here, nodesreceie datanot only from the
source but alsofrom peersthat might have already



recevedthedatafrom thesourceor someotherpeer
Oneunresohedchallengeto this approachis locat-
ing peerswith both available bandwidthanddiver
sity in the setof receved dataitems. Randomsub-
setswould provide a corvenientmechanisnfor lo-
catingsuchpeers.Relatedto this approacha num-
ber of effortsinto reliablemulticast[4] proposethe
useof peersn themulticasttreefor datarepairs(to
avoid scalabilityissuesattheroot). Randonmsubsets
wouldlikewiseprovide a corvenientmechanisnior
locatingnearbypeershatdonotsharehesamebot-
tlenecklink (andhencehave a goodchanceof con-
taininglost data).

Peerto peersystemsfor locality, peerto peersys-
tems[22, 24, 26, 30] oftendesiremultiple potential
choicesateachhopbetweersourceanddestination.
A changing,randomsubsetof participatingnodes
would enablenodesto insertentriesinto their rout-
ing tablewith goodlocality propertiesandto adapt
to dynamicallychangingnetwork conditions.

Contentdistribution networks:In CDNs,objectsare
storedat multiple sitesspreadacrossthe network.
Importantchallengedrom the client perspectie in-
cluderesourcediscovery (determiningwhich repli-
casstorewhich objects)andrequestrouting (send-
ing therequesto thereplicalikely to deliverthebest
performancegiven currentload levels and network
conditions). Randomsubsetswould allow CDNs
to track the stateof a subsetof global replicas. A
numberof earlier studies[9] indicate that making
decisionshasedon arandomsubsebf globalinfor-
mation often performscomparablyto maintaining
globalsystemstate.

Epidemicalgorithms: A classicapplicationof ran-
domsubsetss epidemicalgorithms[10, 27], where
nodestransmitupdatego randomneighbors.With
high probability, nodesperforming“anti-entropy”
will corverge to seethe sameset of updatesin

communicatiorsteps. Randomsubsetpro-
vides a corvenientmechanisnfor locating neigh-
borsandperhapshiasingcommunicatiorto nearby
sites.

Thus,we view a scalablemechanisnfor delivering uni-
formly randomsubsetsf global participantsas funda-
mentalto a broadrangeof importantnetwork services.
This paperpresentsthe designand implementationof
RanSub one such protocol. RanSubutilizes an over
lay treeto periodicallydistributerandomsubsetdo over
lay participants. We could leveragearny numberof ex-
isting techniqued3, 7, 12, 13, 14, 16, 19, 21, 23, 3]]

to provide this infrastructure. However, to demonstrate
someof thekey bene tsof RanSubin supporiof adaptve
overlay constructionwe presentthe designand evalua-
tion of SARO (ScalableAdaptive Randomizedverlay).
SARO usesandomsubsetgo build overlaysthati) meet
application-speci edargetsfor delayandbandwidth,ii)
matchthe characteristicef the underlyingnetwork and
iii) adaptto changingnetwork conditions.

Muchlike RanSubakey goalof SARO is scalability: no
nodetracksthe characteristicef morethan re-
moteparticipantsandno nodeprobesmorethan )
peerduringary time period(acon gurableepoch).Fur-
ther, SARO requiresno global coordinationor lockingto
perform overlay transformations.A specialinstanceof
RanSubensuresa total orderingamongall participants
suchthatno two simultaneousransformationganintro-
duceloopsinto theoverlay.

We have completecanimplementatiorof bothSARO and
RanSuband conducteda numberof large-scaleexperi-
ments.We shaw thata 1,000-nodénstanceof SARO run-
ning on an emulated20,000nodenetwork usingModel-
Net[28] quickly corvergesto userspeci edperformance
targetswith low overheadfrom both pernode probing
andRanSuboperation.We further subjectour prototype
to live runsover the PlanetLaktestbed20], demonstrat-
ing similarly low corvergencetimes, and the ability to
streamlive mediaover our overlaysusingpublicly avail-
ablemediaseners.

Theremaindeof this paperis organizedasfollows. Sec-
tion 2 presentshe RanSutalgorithmfor distributingran-

dom subsets. Section3 then details SARO, a scalable
and adaptve overlay that usesrandomsubsetsto con-

form to the underlyingtopology and dynamicallyadapt
to changingnetwork conditions. Section4 evaluatesour

prototypes behaior undera variety of network condi-

tions. Section5 placesour work in the context of related
efforts andSection6 present®ur conclusions.

2 Random Subsets
2.1 DesirableProperties

Before we presentthe detailsof our designandimple-
mentation,we discussdesirablepropertiesof a random
subsettool”. Ideally, the systemwill offer:

1. Customization: Applicationsshoulddeterminethe
size of random subsetsthat are delivered. This
sizewill dependon application-speci cactionsper



formedby nodesuponreceving therandomsubset.
For example,a parallel download applicationmay
wish to initiate datatransferwith only a smallcon-
stantnumberof peerswhile a P2Psystemmaywish
to probe nodes.

. Scalability: The systemshouldsupportlarge-scale
serviceswithout posing a burdenon the underly-
ing network in termsof controloverhead Addition-
ally, correctsystemoperationshouldnot dependon
systemsize, i.e., the applicationshouldbe able to
requestary randomsubsetsize. Overall, scalabil-
ity impliesthatrequiredpernodestateandnetwork
communicationoverheadshouldgrow sub-linearly
with the numberof participants.

. Uniform, changing subsets: We ervision a tool
thatis repeatedlynvokedto retrieve “snapshots’of
global participantsat differentpointsin time. Each
shapshotor randomsubsetshouldconsistof nodes
uniformly distributedacrossall global participants,
suchthat eachremotenodeappeardn a delivered
subsetwith equalprobability. If desiredby the ap-
pliaction, eachinvocationof the tool shouldreturn
to eachparticipanta different randomsubsetinde-
pendentlychosenover all participants. Similarly,
acrossinvocations,eachparticipantshouldreceve
probabilistically different subsetswith no correla-
tion acrossnvocations.In this way, overtime, each
node can be exposedto a wide variety of global
participants. Certainapplicationsmay desirenon-
uniformdistributionthat,for example favorsnearby
nodesthisfunctionalitycanbelayeredontop of the
baselinesystem.

. Frequentupdates:To supportnetwork serviceghat
usethe systemto adaptto changingnetwork condi-
tions, the systemshouldoffer frequentdistribution
of randomsubsets.

. Resilienceo failures: The systemwill presere its
propertiesvenin the faceof failures. Failednodes
shouldnotappeain futurerandomsubsetsvithin a
shortandboundedamountof time.

. Resilienceo securityattacks: Evenwhenunderat-
tackby malicioususersthe systemshouldmaintain
its properties(uniform distribution, etc.), and de-
gradeits performancegracefullywhenit is unable
to defendagainsta massve attack.

2.2 Overview

Giventhe goalsdescribedabove, we now describeRan-
Sub,ourscalableapproacho distributingrandomsubsets

Overlay Tree
RanSub RanSub
Distribute Collect
(Distribute (Collect
Sets) Sets)
DS,={B,C}

Figurel: RanSuloperation.

containingnodeghatareuniformly spreadacrossall par
ticipants. For the purposef this discussiorwe assume
the presencef somescalablemechanisnfor ef ciently
building and maintainingan overlay tree. A numberof
suchtechniquesxist [3, 14, 16]; in the next section,we
describeéSARO, onetechniquéfor building suchanover
lay thatbothmakesuseof RanSulfunctionalityandalso
providesthe necessargverlayinfrastructure.

Figure 1 summarizesRanSuboperation. RanSubdis-
tributes random subsetsthrough Collect messageshat
propagateup the treeandleave stateat eachnode. Dis-
tribute messagesraveling down the tree use soft state
from the previous collect roundto distribute uniformly
randomsubsetgo all participants.

RanSuhdistributesa subsetof participantsto eachnode
onceper con gurable epod. An epochconsistsof two

phasespnedistribute phasein which datais transmitted
from the root of an overlaytreeto all participants(data
is distributed down the tree) anda secondcollect phase
whereeachparticipantsuccessiely propagateso its par

entarandomsubsetcalleda collectset(CS) containing
nodesin the subtreeit roots (datais aggreatedup the

tree). During the distribute phase gachnodesenddo its

childrenauniformly randomsubsetalledadistribute set
(DS) of remotenodes. The contentsof the distribute set
areconstructedisingcollectsetsgatherediuringthepre-

viouscollectphase.

Whena Distribute messageeaches leafin the RanSub
tree, it triggersthe beginning of the next collect phase
whereeachnodesendsits parenta subsebf its descen-
dants(the collect set) alongwith other metadata. This
processcontinuesuntil the root of the tree is reached.
The collectphases completeoncethe root hasreceved
collectsetsfrom all of its children. The root signalsthe
beginningof anew epochby distributing anew distribute
setto eachof its children,at which point the entire pro-
cessheginsagain.Thelengthof anepochis con gurable



basedntherequirement®f applicationsunningon top
of RanSubThelowerboundonthelengthof anepochis
determinedy theworst-caseoot-to-leafandleaf-to-root
transmissionimesof theoverlay.

2.3 Collect/Distribute

Eachnodeparticipatingin a RanSuboverlay maintains
thefollowing state:addres®f its parentin the overlay, a
list of its children,andthe sequence&umberof the cur-

rent epoch. In addition, it maintainsthe following soft

state:a collectsetandnumberof subtreedescendant®r

eachof its children,a distribute set,andthetotal number
of overlayparticipants.Below, we describehow RanSub
usesthis informationandhow it maintainsit in a decen-
tralizedmanner

2.3.1 CollectPhase

Overall, the goal of the Collectmessagés for eachnode
to: i) composethe collect setsfor constructingthe dis-
tribute setduringthe subsequentistribute phase andii)
determinghetotalnumberof participantsn its local sub-
tree.

The collect phasebegins at the leaves of the treein re-

sponseo thereceptionof a Distribute messageTable 1

describesall the elds in Collect messagegin the left

half of thetable). The Collectmessagdasthe samese-
guencenumberasthetriggering Distribute messageAt

theleaves,thenumberf descendants setto oneandthe
collectsetcontainsonly theleaf nodeitself. Oncea par

entrecevesall Collectmessagefom its children,it fur-

ther propagates Collectmessagéo its own parent.The
nodesin the collect setare selectedrandomlyfrom the
collectsetsreceivedfrom its childrento form a subsef

con gurablesize( by default). Eachnodestores
this collectsetto aid in the constructiorof distribute sets
distributedto its childrenduringthesubsequerdistribute
phase.

Onekey challengeis to ensurethat membershign the
collectsetpropagatedby a node, , to its parentis both
randomand uniformly representatie of all membersof
thesub-treerootedat . To achieve this, RanSubmakes
useof a operationwhichtakesasinput multi-
ple subsetsaandthe total populationrepresentetby each
subset. outputsa new subsetwith two prop-
erties: i) group membershiprandomly chosenover the
input subsetsand ii) a target size constraint. This is
achieved by building the output setincrementally We

rst randomlychooseaninput subsethasedon the pop-
ulation that it represents.We then randomly choosea
memberof this subse{notalreadyselectedpndaddit to
the outputset. Considerthe casewhere were
performedbvertwo subsets, and and eachcon-
tain8 members, representapopulationof 30 while
represents populationof 10. would choose
membersof  to addto the outputsetwith probability
0.75.Thus,theoutputsetof 8 membersvould uniformly
represent populationof 40, with an expectedmember
ship of 6 membersirom  andtwo membersfrom
Notethat is ableto properlyweigheachsubset
becausaspartof collect/distritute,eachnodelearnsthe
total numberof nodesat the subtreerootedat eachof its
children.

2.3.2 Distribute Phase

A new epochcanbegin oncetheroot hasreceveda Col-
lect messagdrom all of its children for the previous
epoch. The actuallength of an epochis determinedby
individual applicationrequirementsTheright half of Ta-
ble 1 describeshe elds containedn the Distributemes-
sage.

A parentconstructsdistribute setsfor eachchild in the
following manner Recallthateachnodestoresthe col-
lect setrecevedfrom eachchild duringthe previouscol-
lectphaseThus,for eachof children,aparticularnode
maintains . Alsorecallthateachcol-
lect set, , consistsof nodesselecteduniformly ran-
domly from the subtreerootedat node . A parentnode
constructadistributesetfor eachchild from thisinfor-
mationsavedduringtheprecedingollectphase Thisin-
formationincludesthecollectsetfor eachchild, thenode
itself, aswell as , 'sown distributeset.

To the applicationusingit, RanSuboffers threechoices
regardingthe contentsof distribute sets:

RanSub-all: This is suitablewhenthe application
requiresuniformly randomsubsetsf all nodesin
the system.Therearetwo avors of the All option.
All-identical delivers the samedistribute setto all
nodesin the overlay. This distribute set, ,is
createcdby theroot usingthe Compacioperation:

where representghe subtreerooted at child

of the root (numbered ). A potentially
more usefulconstructis evident with the ALL-non-
identicaloptionthatdeliversdifferentdistribute sets



Collect

Distrib ute

Sequencé Sequencaumberof currentepoch | Sequence Sequencaeumberof currentepoch
CollectSet Uniformly randomsubsebf nodes| Distribute set Uniformly randomsubsebf over-
in senders subtree lay participants
Descendants Estimateof numberof nodesin | Participants Estimateof total numberof nodes
senders subtree in theoverlay
Reshuk ag | Determinesif children shouldbe
(only for ordered | reshufed so that a new total or-
RanSub) deringis created

Tablel: Contentf CollectandDistribute messages.

to eachnode. In this case,node recevesa Dis-

tribute messagdrom its parent containing
constructs using andthe collect sets
storedfrom its children, , in thefol-

lowing manner;

thenforwardsthefollowing to eachchild

Notethattheroot's is  sinceit hasnoparent.

RanSub-nondescenais : In this case,eachnode
should receive a random subsetconsistingof all
nodesexceptits descendants.This might be ap-
propriatefor anapplication-layemulticaststructure
whereparticipantsare probingfor betterbandwidth
andlateng to theroot of thetree. In this casecon-
sideringa nodes descendantsould introducea cy-
clein the overlaytree. For eachchild (numbered

), the parentnode constructs in the
following manner:

RanSub-adered: This type of distribute setcalcu-
lation imposesa total orderingamongparticipating
nodes. A noderecevesa distribute setcontaining
randomnodesthatcomebeforeit in thetotal order
ing. For eachchild (numbered ), the par
entnode constructs in thefollowing manner:

1)

Our sample application, an adaptve application-layer
multicastoverlay, usesRansub-orderetb ensurethat si-

multaneoudransformationgo the tree structuredo not

introduceloops(asdiscussedn Section3). Thus,we as-

sumeRanSub-orderefbr theremaindeof this paper

2.3.3 Discussion

A limitation of RanSub-ordereis thatthe rst child of a
particularnodewill alwayshave a smallersetof poten-
tial nodesto choosefrom thanthe th. In fact, the rst
child's distribute setwould alwaysberestrictedto arela-
tively smallsubsebf globalnodes.For RanSub-ordered,
thisviolatesour goalof distributing randomsubsetso all
nodesthatare uniformly choseracrossall global partic-
ipantsin a single epoch. We take the following stepto
ensurethat every nodestill recevesa uniformly random
subsetacrossmultiple invocationsof RanSub-ordered.
Every con gurable epochsthe root of the overlay pe-
riodically setsthereshufe ag in its Distributemessage,
signalingoverlay participantgo randomlyreshufe chil-
drenlists. Thisallows childrenthatwereatthebeginning
of thetotal ordering(andhencerecevedfew nodesn dis-
tribute sets)a chanceo move towardthe endof thetotal
orderingandreceie informationaboutmorenodes.

Figure 2 summarizeshe operationof the two phasef
the RanSubprotocol. For simplicity, we do not include
the resultsof , which would appropriatelyre-
ducethe size of all subsetdo the application-speci ed
sizeconstraintIn thecollectphasdor thisexample each
nodeconstructacollectset( ) composeaftheunion
of itself andall membersof the collect setsit received
from its children. Thus, recevesa collect setfrom
eachof its children, and , thatareuniformly repre-
sentatve of the subtreesootedat and respectiely.
Eachnodedeterminesvhich of its collectsetsshouldbe
usedto composethe distribute set( ) for eachof its

children.
For the distribute phasenode constructs by tak-
ing theunionofitself () with . Node inturncon-

structs by takingtheunionof itself () with its own
distribute set( ) and

from the previous collectphase.  gets“lucky” in this
ordering(it is actuallythelastnodein this total ordering)



° CS,={B.D,E},CS.={C.F G}
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Figure 2: Examplescenariodepictingthe two phasesf the RanSubprotocol: The collect phasetraveling up the
overlayin theleft panelandthe distribute phasetraveling down the overlayin theright panel.

and recevesa distribute setrepresentatie of the entire
topology(onceagain recallthatwe areomittingthecom-
pactoperationthat would throw out appropriatesetele-
mentsto maintainsize-constrainedets).Node would
get “unlucky” and only receve a distribute set consist-
ing of itself (it is the rst nodein this total ordering).
However, oncethe children lists are reshufed, the re-
sultingtotal orderingwould bearandomwalk of thetree
in which eachnodeis only visited onceyielding an en-
tirely differentnew total ordering. Finally, notethatthe
compleity of reshufing childrenis only neededf ato-
tal orderingis required.

2.4 Comparisonwith the Ideal Random Subset
Primiti ve

We believe that RanSubclosely approximateshe ideal
propertieutlinedat the beginningof this section.Since
it usesatreeto propagatesublineassizedcollectanddis-
tribute setsbetweerparentsandchildren,it imposedow
overheadon the underlyingnetwork. Using an ef cient

overlaystructurefurtherensureshatepochsanbeshort.
For instancewe nd thatfor a 1000-nodesystem(in a
network with a diameterlessthan 500 ms), epochscan
beasshortas veseconds.

In the absencef nodefailure, RanSubdeliversrandom
subsetghat are closeto uniformly distributed. The key
behindachiezing uniformity is accountingor nodesthat
are representedy a randomsampleat ary given time
during the protocol execution. We achieve this by run-
ning the protocolover a tree,whereit is straightforvard
for anodeto have anestimateof thenumberof its descen-
dants.Futurework includesadaptingranSulto function
over meshedverlays,notjusttrees.

RanSubuniformity might suffer asnodesjoin andleave
the system.We do not provide the guaranteg¢hat nodes
in the randomsubsetwill be active whenconsideredy
othernodes.RanSuhis a mechanisnfor taking a snap-
shotof “li ve” treeparticipantsandthentaking uniformly
randomsamplesf it. Thisis a strengthof our approach
sincewe do not require a separategroup membership
mechanism.If the nodeis alive whenit recevesa Col-
lect messageit may be includedin distribute setsgiven
to othernodes.If thatnodefails soonafterthe snapshot,
it maybeunavailablewhenconsideredy othernodes.If
a nodejoins after the collect phaseof a previous epoch
hascompletedjt will notbe presenin the snapshot.

In RanSubthetime for nodefailure detectioncanbe on
the orderof a small numberof seconds.Nodesbelow a
point of failure rejoin the treeat currentparticipantsus-
ing previously receved distribute sets. The nodefailure
detectiorintenval canbefurtherreducedf theunderlying
treeis usedto supportapplication-layemulticast.In this
case absencef datafor a few hundredsof milliseconds
might signify disconnectiorfrom the parent.In essence,
application-layerdatamay sere as a heartbeamecha-
nismfor failuredetection.

RanSubassumedsrust betweenoverlay participantsand
thereforeis notresilientto internalattacks.For example,
a maliciousnodemight alter the contentsof collectand
distribute sets. We are investigatingseveral techniques
to addresghis limitation. For instancepneapproachin-
volvessendingsubset®ver multiple tree“cross-links”to
allow identi cation and con nementof damagecaused
by malicioususers.These“cross-links”would alsohelp
with the overall reliability of the tree. Multiple paths
throughthe treemeanghata singlefailure may not dis-
connectodesn thetree.



3 SARO

3.1 Overview

As discussecarlier, distributing uniformly randomsub-
setsof globalparticipantss applicableto abroadrangeof
importantservices.This sectiondescribesSARO, aScal-
ableAdaptive Randomizedverlay, onesuchapplication
of RanSub The useof RanSubfor SARO is circularin
this example.SARO usesrandomsubsetdo probepeers
to locateneighborghat meetperformancdargetsandto
adaptto dynamically changingnetwork conditions. At
the sametime, RanSubusesthe SARO overlay for ef -
cientdistribution of CollectandDistribute messages.

The goal of SARO is to construct overlays that
are: i) scalable, ii) degree-constrained,iii) delay-
and bandwidth-constrainediv) adaptve, and v) self-
organizing. For scalability we enforcethe following
rules:

1. No node should track more than remote
nodes.
2. No nodeshouldperformmorethan network

probesduring ary time period (epoch). The appli-
cationcancon gure the numberof probednodesto
effect a tradeof betweemetwork overheadandthe
adaptvity (or agility [17]) of theoverlay.

3. No globallocking shouldbe requiredto transform
theoverlay.

We achieve the rst two goalsusing the distribute sets

that RanSubtransmitsto eachnodeevery epoch. Each

SAROnode performsprobeso memberof thissubset

to determindf aremotenode existsthatwould deliver

betterdelayor bandwidthto  andits descendantdf so,
attemptg¢o moveunder .

To motivatethethird requirementconsideranode that
decidesto move underneatta remotenode . Thesys-
temwould introducealoopif someancestoof simul-
taneouslydecidesto move undersomedescendandf

The naive approacho avoiding loopsrequireslocking a
numberof nodesacrossthe wide areato avoid suchsi-
multaneousoverlay transformations While this may be
appropriatefor a smallnumberof nodesor for LAN set-
tings, this procesawill notscaleto large overlays. Thus,
we imposea total orderingamongnodesprovidedby the
ordered a vor of RanSubto ensurethat no two simulta-
neousmovesin the sameepochcanintroducea SARO

loop. During ary epoch,eachnodes distribute setcon-
tainsonly remotenodesthatcomebeforeit in the current
total order

Recallthat RanSubperiodicallychangeghe total order
ing of nodesand randommembershign delivereddis-
tributesets.Thus,while eachnodeonly tracksandprobes

remotenodesduringary oneepoch RanSuben-
sureghatthe makeupof thedistribute setchangegroba-
bilistically suchthat,overtime, eachnodequickly probes
all potentialparents. The size of the randomsubsetef-
fects a tradeof betweenscalability (measurecby per
node stateand network probing overhead)and corver
gencetime (the amountof time it takesto build anover-
lay thatachievesdelayandbandwidthtargetsevenunder
changingnetwork conditions).

SARO requiresadditionalinformation beyond that dis-

tributed by RanSub(seeTable 1). In general,applica-
tions may wish to piggybackdifferentstateinformation
with the existing Collect and Distribute messagesOur
RanSublayeris designedn a mannerto make suchex-

tensibility straightforvward, thougha detaileddescription
is beyond the scopeof this paper Table2 describeghe
additionalinformation transmittedby SARO in Collect
andDistribute messages.

3.2 Probing and Overlay Transformations

Recallthat the length of an epoch(randomsubsetsare
distributedonceperepoch)is determinedy application-
speci ¢ requirements.Shorterepochsprovide morein-

formation,while longerepochsncur lessoverhead.For
SARO, our goalis to quickly corvergeto anoverlaythat
matcheghe underlyingtopology and adaptsto dynami-
cally changingnetwork characteristics.The implemen-
tation and evaluationin this paperis pessimistidn that
we run with a constanepochlengthof 10 secondsn all

cases. In the future, we plan to investigatesettingthe
epochlengthadaptvely basedn bothoverlaycharacter
isticsandnetwork conditions.For example,if SARO has
alreadymatchedhe underlyingtopologyandif network

characteristicare not changingrapidly (likely the com-
mon casein the Internet),thenthe systemcan afford a
longerepochlength. Thus, we ervision reducingover-

all systenoverheady runningSARO with ashortepoch
lengthduringinitial self-oganizationandin responseo

large changesn network conditions,but runningwith a
long epochin thecommoncase.

A key to SARO's ability to corvergeto bandwidthandde-
lay (maximumdelayfrom rootto all otheroverlaypartic-
ipants)targetsliesin localizedtreetransformationsDur-



Collect

Distrib ute

Delay Delay estimate for furthest de- | Treeheight Estimateof theactualhighestroot-
scendant to-leaflateng in thetree

Delaygain Estimateof delaygainfrom mov- | Rootdelay Estimateof recipients delayfrom
ing to a bestalternatve parent root

Table2: Additional elds in CollectandDistribute messagesequiredby SARO.

ing eachepoch,nodesmeasurghe delayandbandwidth
betweenthemselesand all membersof their distribute
set. Theseprobesconsistof a small numberof paclets
inter-spacedoy the target applicationbandwidti. If the
lossrateof the probesis below a speci ed threshold the
probingnodecalculateghe averageroundtrip time. The
goalis to locatea new parentthatwill deliver betterde-
lay, betterbandwidth,or both to itself andall of its de-
scendantslf abetterparentis located the child attempts
to move underit. The migratingnodeissuesthe addre-

guestto the potentialparentand waits for the response.

If the requestis acceptedit noti es its old parent,com-
municatests new delayfrom rootto all its children,and
noti es the new parentof its furthestdescendanfupdat-
ing the parents statefor the next epoch).

In general,the goal of SARO is to achiese the low-
est delay con guration that still maintainsthe target
bandwidth to the root. Thus, during each epoch,
nodes use information from their probesto perform
two typesof transformations:BANDWIDTHONLY and
DELAYANDBANDWIDTH Nodes that have not yet
reachedtheir bandwidth target may perform BAND-
WIDTHONL Ytransformatiorio improvetheirbandwidth
to root, even if it meansincreasingtheir delay DE-
LAY_ANDBANDWIDTHransformationsallow nodesto
rotateundera new parentthatimprovesthe nodes'delay
to root while maintaining(or improving) bandwidth.

3.3 Dynamic NodeAddition and Failure Recor-
ery

To this point, our discussiorassumes staticsetof nodes
dynamicallyself-con guringto matchchangingnetwork
conditions. In generalhowever, the setof overlay par
ticipantswill also be changing. A node performinga
SARO join simply needgo contactary existing member
of the overlay The initial bootstrappingparentmay be
sub-optimalfrom the perspectie of bandwidthor delay

1We currentlyassumehatoverlaytrai®c makesuparelatively small
portion of overall traf®c throughthe bottleneck.We leave moreaccu-
rate,morestable,and TCP-friendlyprobingto futurework. In general,
higheraccurag probeswill inherentlyincur higheroverheadthough
thisissueis orthogonato our own work.

However, the nodewill begin receving randomsubsets
aspartof thecollect/distritute processandit canusethe

associatedandomsubsetgo probefor superiorparents
usingtheprocesglescribedabore.

Sincethebootstrappingarentnodemight fail, we make

anadditionalassumptiorthat every nodeis aware of the
root of the tree. Therefore,an incoming nodewill al-

ways have at leastone bootstrappingparent(similar to

Overcasi[16], we canreplicatethe root to improve root

availability). For the sale of scalability we allow nodes
to contacttheroot only if it is absolutelynecessaryi.e.,

its original bootstrappingarentfailed).

If a bootstrappingparentdoesnot have enoughslotsin
its childrenlist to accepta joining node, it redirectsthe
incomingnoderandomlyto eitherits parentor oneof its
children. Similarly, if the incomingnodewould violate
the delaybound,the bootstrappingparentredirectsit to
its parent. If the nodeis redirectedtoo mary times, it
joins thetreeatthe rst availablepoint, andtriesto im-
proveits positionlater.

Handling nodefailure is simpli ed by our periodicdis-
tribution of Collect and Distribute messageswhich im-
plicitly actasheartbeamessagesEachparentwaitsfor
Collectmessagefrom all of its children.If amessagés
notrecevedwithin somemultiple of the subtreeneight,
the parentassumeshatoneof its childrenhasfailedand
excludesit from participatingin the next epochby not
sendinga Distribute messagéo thatchild. However, the
nodedoesproceedvith aCollectmessagéo its own par
entwhenit detectghefailureto ensurethatafailure low
in thetreedoesnot cascadall the way backup thetree.
A node, , cansimilarly detectthe failure of its parent
whenit doesnot receie a Distribute messagewvithin a
multiple of the delaytarget. In this case, will senda
dummyDistribute messagéwith anemptydistributeset)
to all of its children. This emptyDistribute messagsig-
nals 'sdescendantthatno probingor overlaytransfor
mationsshouldbe performedduring this epoch.  then
attemptsto locatea new parentusing informationfrom

2Notethatthe currentmaximumnode-to-leatielaysenesasa con-
venientbaselinefor the complex processof determiningappropriate
timeouts.



previousdistribute setswhereappropriate. Thus,upona
failure,theentiresubtreerootedat is ableto rejointhe
overlaywith a singletransformationratherthanforcing
all nodesbelov torejoin separately

3.4 Weans

Undercertaincircumstanceghe greedynatureof SARO
canleadto sub-optimaloverlays. Considerthe follow-
ing situation. A node with a particulardegreebound
hasa full complemenbf children. However, a node
someavhereelsein theoverlaycanonly achieve its band-
width targetby becomingachild of . Finally, oneof 's
children, , is bestsenedby  but would still be able
to achieve its bandwidthtargetasa child of somefourth
node . As describedhusfar, SARO will becomestuck
in a“local minimum” in this situation.

We addresshis situationby introducingweanoperations.
At a high level, the goal is to ensurethat eachparent
leavesa numberof slotsopenwheneer possibleto ad-
dressthe above condition. Thus, asa nodeapproaches
its degreelimit, it will senda weanmessagdo one of
its children. In subsequeng¢pochsthat child will move
to anew parentif it can nd a suitablelocationthatstill
meetsts bandwidthrequiremengthoughits delaymaybe
increased)A weanmayor maynotsucceedanappropri-
atealternatgparentmaynotexist) andtheweanoperation
expiresaftera con gurablenumberof epochs.

Onedif culty is choosingthe child to wean. Ideally, a

parentwould weanthe child thatwould losethe leastin

delayandbandwidthwhile still achieving its targets.We

approximatethis in the following manner During each
epoch,all nodesmaintaininformationon the bestalter-

nate parent with respectto both delay and bandwidth.
This informationis propagatedo parentsin the collect
phase(seeTable 2) andis usedby parentsto determine
theweantarget.

4 Evaluation

We have completedan implementationof both RanSub
and SARO as describedin the previous sections. We
wrote our codeto a compatibility layer thatallows usto
evaluateour working systemin both the ns paclet sim-
ulation ervironment[18] and acrosslive networks. For
brevity, we omitthemajority of theresultsof our detailed
simulationevaluation. Instead we focuson the behavior
of our systemrunninglive on ModelNet[28], an Inter-
netemulationervironmentandacrosshe Internetin the
PlanetLaltestbed20].

For ourModelNetexperimentsSARO runson351.4Ghz
Pentium-Ill's running Linux 2.4.18and interconnected
with both 100 Mbps and 1 GbpsEthernetswitches.We
multiplex 28-29instance®f SARO on eachof the Linux
nodes for atotal of onethousandhodesself-oganizing
to form overlays. We validatedour ModelNet results
with nsexperimentausingidenticaltopologiesandcom-
municationpatterns. In ModelNet, all paclet transmis-
sionsareroutedthrougha core responsiblgor emulat-
ing the hop-by-hopdelay bandwidth,and congestiorof
a target network topology For our experimentswe use
a single 1Ghz Pentiumlll running FreeBSD-4.5as the
core. The corehasa 1 Gbpsconnectionto the rest of
the cluster The core was never a bottleneckeither in
CPU or bandwidthfor ary of our experiments.Our ear
lier work [28] shawvsthat,for agivenwide-areaopology,
ModelNetis accurateo within 1 msof thetargetend-to-
endpaclet transmissiortime up to andincluding 100%
CPUoutilization,and120,000paclets/se¢1 Gbpsassum-
ing pacletsare 1000 byteson average). ModelNetcan
scaleits capacitywith additionalcorenodes thoughthis
was not necessaryor our experimentshere. ModelNet
emulategpaclettransmissiomop-by-hop(including per
hop queuesizesand queuingdisciplines)througha tar-
getnetwork. Thus,a paclet's end-to-enddelayaccounts
for congestiorandfor perhopqueuing propagationand
transmissiordelay

By default,thecoreemulateshe characteristicef aran-
dom20,000-nodéNET-generatedopology[6]. We ran-
domly assign1,000nodesto actasclientsconnectedo
one-dgree stub nodesin the topology One of these
participantsis randomly selectedto act as the root of
the SARO tree. We classify network links as being
Client-Stub, Stub-Stub(both with bandwidth between
1-10 Mbps), Transit-Stub(bandwidth between10-100
Mbps)andTransit-Transit(100-155Mbps). We calculate
propagatiordelaysamongnodesfrom therelative place-
ment of the nodesin the planeby INET. The baseline
diameterof the network is approximately200ms. While
the presentedesultsare restrictedto a singletopology
the resultsof additionalexperimentsandsimulationsall
shav qualitatively similar behavior.

4.1 RanSubUniformity

To verify thatRanSuldistributesuniformly randomsub-
setgto all nodeswe usedour completeRanSutprototype
to createa SARO overlayof 1000emulatechodesasde-
scribedabove. After corvergencewe let our experiment
run for a total of 360 epochsandtracked the cumulative

numberof uniqueremotepeerghatRanSuldistributesto

eachnodeovertime. We con gured RanSulto distribute



1000

800 [

600 [

Average number of nodes learned over time

400 %
200 |}
pure uniform ———
0 j ‘ ‘ ‘ ‘ _RanSub -
0 50 100 150 200 250 300 350 400
Epoch

Figure3: Averagenumberof nodeseachof 1,000nodes
learnsof asa function of numberof epochdor the opti-
mal pureuniform caseandfor RanSub

25 randomparticipantseachepoch. Figure 3 plots the

averagenumberof peerseachnodeis exposedto on the

y-axisasa functionof time progressingn epochson the

x-axis. Theverticalbarsrepresenthe standardieviation.

We also shav the bestcasein which we simulatepure
uniform randomsubsetgusingthe samerandomnumber
generatoras the one usedby our RanSubimplementa-
tion). RanSubdeliversrandomsubsetswith essentially
optimaluniformity.

4.2 SARO Overlay Convergence
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Figure 4: Delay corvergenceas a function of time for
threedifferentdelaytargets.

Figure 4 shaows the corvergencetime of three SARO
overlaysrunningwith a maximumdegreeof 10 andran-
domsubsetof size15. The 1000nodesjoin the overlay
sequentiallyat a randompoint in the network over the
rst 20 second®f the experiment(50 nodes/second)nd

thenuserandomsubsetso probefor parentghatwill de-
liver the appropriatedelay target (bandwidthtamgets of
64Kbpswereeasilyachiezedfor this experiment).In ef-
fect, at the beginning of the experimentwe pessimisti-
cally createanoverlaywith randominterconnectiity. We
obsenethebehaior of the systermfor threedifferentde-
lay targets,339ms,382ms,and452ms. The339msde-
lay targetis quitedif cult to achievefor ourtopologyand
degreebound. The gure plotsthe achieved worst-case
delayrelativeto thedelaytargetasafunctionof time pro-
gressingnthex axis. SARO usegandonsubset$o con-
vergeto the speci ed delaytargetin all caseswith con-
vergencetime varying from 60 secondgo 220 seconds
in thethreecaseslependingn the tightnesof thedelay
target. We note that our corvergencetimes using ran-
domsubset@arecomparabléo anumberof smallerscale
overlayconstructiortechniqueshatmaintainglobalstate
informationandthatperformglobalprobing.

4.3 Effects of Random SubsetSize
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probingoverheadasa function of the sizeof therandom
subset.

We now quantifytheeffectsof thesizeof therandomsub-
setson SARO corvergencetime. In general,lessinfor-
mationin therandomsubseincreasesornvergenceime
asnodeshave to spendmoretime to nd anappropriate
parent.Moreinformationwill likely decreas¢hecornver
gencetime, but at the costof increasedetwork probing
overhead.With a maximumpernodedegreeof 10, we
measurghetime for the 1,000node SARO treeto con-
vergeto a 382msdelaytargetasa functionof the sizeof
the randomsubsets.As shavn in Figure5, we increase
the sizeof therandomsubsefrom 5 to 24 on the x-axis
andplot the resultingcorvergencetime on the left-hand
y-axis. The corvergencetime decrease$rom approxi-



mately 240 secondgo 90 seconds.Figure 5 also plots
the associatedradeof with pernodecontrol overhead,
accountingor both RanSubCollect/Distrilute messages
andprobingoverhead As expected probingoverheadn
the right-handy-axis grows linearly with the size of the
randomsubsethut only to a manageabl@300bytes/sec
evenwhenthe randomsubsetsize grows to 24, most of
which is probingoverhead.Note thatthe bene ts of in-
creasingthe randomsubsetsize beyond 20 diminishes
rapidly. Of course this point of diminishingreturnswill
vary with thetopologyanddelaytarget. We have exper
imentedwith dynamicallyincreasingor decreasinghe
randomsubsesize by taking real-timemeasurementsf
the overlay's corvergence,but we leave this to future
work.

4.4 Adaptivity
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Figure6: Adaptivity of a SARO treein responseo pro-
nouncecchangen network delay

Oneof the mostimportantaspect®f SARO is its ability
to dynamicallyreactto changingnetwork conditions.To
evaluatethis ability, we subjecta steady-stat& 000-node
SARO treeto widespreadand sustainecchangein net-
work characteristicsEvery 25 secondsye increasethe
propagatiordelayof a randomlychosenl4% of all net-
work links by between0-25% of the link's original de-
lay. Theideabehindthis experiments to determinevhat
happensgo the overlay asthe network continuouslyde-
gradesunderconditionsmuchworsethanthosetypically
found on the Internet. Figure 6 shows the resultsof this
experiment,plotting delay as a function of time for the
90th percentile,95th percentile,and worst casenodein
the overlay asa function of time progressinghe x-axis.
Notethatthe 90thpercentileindicateghat90%of SARO
nodeshave delaybetterthantheindicatedvalue. We set
thedelaytargetto 382 msfor this experimentthe degree

CDF of Runs

boundto 10 andthesizeof therandomsubseto 15.

We intentionallysetourtargetdelayto avaluethatis rel-
atively dif cult to achieve for our degreeboundin the
face of highly variable network conditions. Thus, the
overlayinitially takesapproximatelyl50secondso con-
verge to the delay target. We perturb network condi-
tions in the mannerdescribedabove beginning at time
andcontinuingfor 200 seconds While 95% of
nodesareableto maintaintheir delaytargetduring most
of the network perturbationjt takes SARO anotherl80
secondsafter the network perturbationsubsidegthough
link delaysremainat their elevatedlevels)to onceagain
bring all nodeswithin delaybounds.We includethe re-
sultsof this experimentto quantifythelevel of adaptvity
that SARO candeliver. Additional experimentsindicate
thatif network conditionswereperturbedor alongerpe-
riod of time (with samenumberof links, magnitudeof
changeandfrequeng of change), SARO would be un-
ableto onceagainachieve thedelaytarget. With lessper
turbationor a morerelaxed delaytarget, SARO typically
quickly recoversfrom changego network conditions.

4.5 PlanetLab Deployment

09 |

08 I d <
07t ]
06 | i ]
05 | ]
04| ]
03} ]
02} ]

0.1+ ! Conv. CDF (target = 100ms)
0 ‘ Conv. CDF (target = 50ms)

0 20 40 60 80 100
Convergence Time (s)

Figure 7. CDF of corvergencetime for 19 PlanetLab
nodeswith eachnodeactingasrootin turn for two dif-
ferentdelaytargets.

To further evaluatethe utility of our approachwe eval-
uatedthe behaior of SARO runningon a subsetof 19
PlanetLabnodes[20] during Septembe002. We ran
SARO over PlanetLabl19 timeswith eachseparateun
usinga differentPlanetLabnodeasthe root of the over
lay. We thenmeasurehe corvergencetime for eachof
two differentdelaytargets:50msand100ms.We setthe
maximumpernodedegreeto 5 and the randomsubset
sizeto 5. Figure7 plotstheresultof this experiment.We



nd thatfor arelatively relaxeddelaytargetof 100msall
nodescornvergewithin 20 seconds Tighteningthe delay
boundto 50 ms increaseghe typical corvergencetime
to approximatelya minute with worst casecorvergence
taking up to two minutes. Note that all reportedvalues
areonceagainfor theworst-caseornvergenceime of the
lastnodeto meetits delaytamet.

Next, we streamedive audioover SARO by integrating
anHTTP proxy asa separaté¢hreadin the SARO address
space asdepictedin Figure8. We usea publicly avail-
able SHOUT Castsener [25], to streamMP3 encoded
over HTTP. We theninstantiatea SARO/HTTP process
onthe samenodeasthe SHOUTCastkenerto actasthe
root of the overlaytree.EachSARO nodebelow theroot
instructsits associate®TTP proxyto establistaconnec-
tion to its parentto receve streamingdata. The nodeis
thenableto streamcontentto local Winampplayersand
to its own childrenin the overlay Eachtime a SARO
node locatesa better parent,it also instructsis HTTP
proxy to reestablista connectiorto this new parent.

SHOUTcast
: HTTP
(Wlnampb' Proxy SARO
HTTP HTTP
Proxy SARO Proxy SARO

Figure 8: Streaminglive media using SARO and
SHOUTcasbverPlanetLab

We use this con guration to successfullystreamMP3
les at 256Kbpsfrom an existing SHOUTcastseners
over 1000 nodesin our emulationervironmentand the
PlanetLabtestbed. Figure 9 shaws the resultsof a 5-
minute experiment of SHOUTcaststreamingover 19
SARO nodesspreadacrosghePlanetLaliestbed We set
the delaytargetto 75ms,the size of the randomsubsets
to 5 andthe maximumpernodedegreeto 5. The gure
plots a CDF of the percentof bytesreceved by eachof
the 19 nodes.Byte lossratesvary from 0-5%. However,
we notethat we measurehe lossrate while SARO was
still self-oiganizingat the beginning of the experiment.
Thevastmajority of thelossescameat thistime. We ver-
i ed the correctnes®f our experimentby connectingo
individual HTTP/SARD nodesusingthe Winampmedia
playerto playbackthe stream.

Fraction of Nodes

_ CDF (Shoutcast on Planetlab) —

0.2 0.4 0.6 0.8 1
Percentage of Bytes Not Received

Figure9: Distribution of percentof pacletsrecevedfor
a 5 minute experimentstreaming256Kbpsover SARO
runningon PlanetLab

5 RelatedWork

RanSulsharesomedesigngoalswith gossip-basedis-
seminationprotocols such as SCAMP [1] and LBP-
CAST [11]. However, becausdt operatesover a tree,
RanSuloffersuniformly randomsubsetselative to these
earlierefforts. RanSubdoesnot requirea minimumran-
domsubsesizefor correctoperation.Finally, in combi-
nationwith SARO, RanSulallows morepredictabldime
betweerupdateqoneepoch).

Our work on SARO builds upon a number of recent
efforts into “application-layer” multicast, where nodes
spreadacrosghe Internetcooperateao deliver contentto

endhosts.Edgesn thisoverlayareTCPconnectionsen-

suringcongestiorcontrolandreliability in a hop-by-hop
manner Perhapsnostcloselyrelatedto our effort in this

spaceis Narada[14, 15], which builds a meshintercon-
nectingall participatingnodesandthenrunsa standard
routing protocol on top of the overlay mesh. Relative

to our work, Naradanodesmaintainglobal knowledge
aboutall group participants.In comparisonwe usethe

RanSubayerto maintaininformationabouta probabilis-
tic subsetof global participants,making appli-

cationsbuilt on top of RanSub,including SARO, more
scalable.

SARO bearssomesimilarity to the BananaTree Pro-
tocol (BTP) [13], and Host Multicast Tree Protocol
(HMTP) [29]. However, neitherof theseapproachest-
temptto provide delayor bandwidthguaranteeandnei-
ther considersa two-metric network design. All three
protocolsusethe idea of treetransformationdasedon



localknowledge(obtainedhroughlimited network prob-

ing) to improve overall treequality. However, BTP im-

plementsa more restrictive policy for choosinga po-

tential parent,called“switch-one-hop”,which considers
only grandparents&nd immediatesiblings. HMTP can
introduceloopsandthusrequiresloop detectionthatre-

quiresknowledgeof all of one's ancestorsSinceHMTP

offers no boundson tree height, messagesize and re-

quired stateare also unbounded ), renderingthis

approachpotentially unscalable. Finally, HMTP is not

evaluatedunderchangingnetwork conditions.

Yoid [12] shareghe designphilosophythatatreecanbe
built directly amongparticipatingnodeswithouttheneed
to rst build anunderlyingmesh.Yoid doesnotdescribe
ary scalablemechanisnfor conformingto the topology
of the underlyingnetwork, hasnot beensubjectedo a
detailedperformancevaluation,andcontaindoopdetec-
tion codeasopposedo our approactof avoiding loops.

ALMI [19] usesall-pairsprobingat a costof and
transmitsthis changingconnectvity informationto acen-
tralizednodethat calculatesan appropriateopologyfor
theoverlay RMX [7] facessimilarscalabilitylimitations.
In Overcast[16], all nodesjoin at the root and migrate
down to the point in the tree wherethey are still able
to maintainsomeminimum level of bandwidth. Rela-
tive to our effort, Overcastdoesnot focuson providing
delayguaranteeggivenits focuson bandwidth-intensie
applications). Its corvergencetime is also limited by
probesto immediatesiblings and ancestors. NICE [3]

useshierarchicalclusteringto build overlaysthat match
the underlying network topology Relatve to our ap-
proach, NICE focuseson low-bandwidth(i.e., single-
metric, delay-optimized)applicationsand requiresloop
detectioncode. We believe that a variety of existing
overlay constructiontechniquesincluding Yoid, ALMI,

RMX, OvercastandNICE could bene t from the avail-
ability of our RanSuHdayer.

Finally, a numberof recentefforts [21, 23, 31] propose
building application-layermulticast on top of scalable
peerto-peerookupinfrastructure$8, 22, 24, 30]. While

theseprojectsdemonstratéhatit is possibleo probabilis-
tically achiere gooddelayrelative to native IP multicast,
they areunableto provide ary performanceboundsbe-

causeof the probabilisticnatureof the underlyingpeer

to-peersystem. Further thesesystemsdo not focuson

two-metric network optimization(e.g., delay and band-
width). Finally, to the bestof our knowledge,theseap-

proacheshavelargely beenevaluatedhroughsimulation
andhave notbeensubjectedo live Internetconditions.

6 Conclusions

This paperarguesfor a generalizednechanisnfor peri-
odically distributing stateaboutrandomsubset®f global
participantsin large-scalenetwork services.Sampleap-
plications include epidemicalgorithms, reliable multi-
cast, adaptve overlays, contentdistribution networks,
andpeerto-peersystems.This papermakesthe follow-
ing contrikbutions:

We presenthedesignandimplementatiorof a scal-
able protocol, RanSub that distributes stateabout
uniformly randomsubset®f con gurablesizeonce
perapplication-speci cepoch.

We argue for the utility and generalityof suchan
infrastructurethrough the evaluation of SARO, a
scalableand adaptive overlay constructionproto-
col. SARO is ableto matchunderlyingnetworking
topologyandto adaptto dynamicallychangingnet-
work conditionsby samplingmember®f its random
subsebncepercon gurableepoch.

A large-scaleevaluationof 1000SARO nodesin an
emulated20,000nodenetwork topologycon rm the
scalabilityandadaptvity of ourapproach.

We usean existing streamingmediaplayerto trans-
mit live streamingmediausing SARO runningon
top of the PlanetLaldnternettestbed.
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