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Abstract

In this paper, we arguethata broadrangeof large-scale
network serviceswould bene�t from a scalablemecha-
nismfor deliveringstateabouta randomsubsetof global
participants.Key to this approachis ensuringthatmem-
bershipin thesubsetchangesperiodicallyandwith uni-
form representationover all participants.Randomsub-
setscould help overcomeinherentscalinglimitations to
servicesthat maintain global stateand perform global
network probing. It could further improve the routing
performanceof peer-to-peerdistributed hashtablesby
locating topologically-closenodes. This paperpresents
thedesign,implementation,andevaluationof RanSub, a
scalableprotocolfor deliveringsuchstate.

As a �rst demonstrationof the RanSubutility, we con-
struct SARO, a scalableand adaptive application-layer
overlay tree. SARO usesRanSubstateinformation to
locateappropriatepeersfor meetingapplication-speci�c
delayandbandwidthtargetsandto dynamicallyadaptto
changingnetwork conditions.A large-scaleevaluationof
1000overlaynodesparticipatingin anemulated20,000-
nodewide-areanetwork topologydemonstrateboth the
adaptivity andscalability(in termsof per-nodestateand
network overhead)of both RanSubandSARO. Finally,
we usean existing streamingmediaserver to distribute
contentthroughSARO runningon top of the PlanetLab
Internettestbed.

1 Intr oduction

Many distributedservicesmust track the characteristics
of a subsetof their peers. This information is usedfor
failuredetection,routing,application-layermulticast,re-
sourcediscovery, or updatepropagation.Ideally, thesize
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of this subsetwould equalthe numberof all global par-
ticipantsto provideeachnodewith thehighestquality in-
formation.Unfortunately, this approachbreaksdown be-
yondafew tensof nodesacrossthewide-area,encounter-
ing scalabilitylimitationsbothin termsof per-nodestate
and network overhead. Recentwork suggestsbuilding
scalabledistributedsystemson top of a location infras-
tructurewhereeachnodecanquickly (in �����
	���
 steps)
locateany remotenodewhile maintainingonly ������	���


local state[22, 24, 26, 30]. This approachholdspromise
for scalingto distributedsystemsconsistingof millions
of participatingnodes.

While existing techniquestrack the characteristicsof a
�x ed setof ������	���
 nodes,a hypothesisof this work is
thattherearesigni�cant additionalbene�tsfrom periodi-
cally distributingadifferentrandomsubsetof globalpar-
ticipantsto eachnode.By ensuringthatthereceivedsub-
setsareuniformly representative of theentiresetof par-
ticipantsandarefrequentlyrefreshed,nodeswill eventu-
ally receiveinformationregardinga largefractionof par-
ticipants.Considertheapplicabilityof suchamechanism
to thefollowing applicationclasses:

� Adaptiveoverlays: A numberof efforts build over-
lays that adapt to dynamically changingnetwork
conditions by probing peers. For instance,both
Narada[14] and RON [2] maintain global group
membershipandperiodicallyprobeall participants
to determineappropriatepeeringarrangements,lim-
iting overall systemscalability. The presenceof a
mechanismto deliver randomsubsetsto eachnode
would allow overlayparticipantsto 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 set of peersreceiving erasure-codedcon-
tent. Here, nodesreceive datanot only from the
source,but alsofrom peersthatmight have already



receivedthedatafrom thesourceor someotherpeer.
Oneunresolvedchallengeto this approachis locat-
ing peerswith both availablebandwidthanddiver-
sity in thesetof receiveddataitems. Randomsub-
setswould provide a convenientmechanismfor lo-
catingsuchpeers.Relatedto this approach,a num-
berof efforts into reliablemulticast[4] proposethe
useof peersin themulticasttreefor datarepairs(to
avoid scalabilityissuesat theroot). Randomsubsets
would likewiseprovideaconvenientmechanismfor
locatingnearbypeersthatdonotsharethesamebot-
tlenecklink (andhencehave a goodchanceof con-
taininglost data).

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

� Contentdistributionnetworks:In CDNs,objectsare
storedat multiple sitesspreadacrossthe network.
Importantchallengesfrom theclient perspective in-
cluderesourcediscovery (determiningwhich repli-
casstorewhich objects)andrequestrouting (send-
ing therequestto thereplicalikely to deliverthebest
performancegiven currentload levels andnetwork
conditions). Randomsubsetswould allow CDNs
to track the stateof a subsetof global replicas. A
numberof earlier studies[9] indicatethat making
decisionsbasedon a randomsubsetof global infor-
mation often performscomparablyto maintaining
globalsystemstate.

� Epidemicalgorithms: A classicapplicationof ran-
domsubsetsis epidemicalgorithms[10, 27], where
nodestransmitupdatesto randomneighbors.With
highprobability, � nodesperforming“anti-entropy”
will converge to see the sameset of updatesin

�����
	 ��
 communicationsteps.Randomsubsetspro-
vides a convenientmechanismfor locating neigh-
borsandperhapsbiasingcommunicationto nearby
sites.

Thus,we view a scalablemechanismfor deliveringuni-
formly randomsubsetsof global participantsas funda-
mentalto a broadrangeof importantnetwork services.
This paperpresentsthe designand implementationof
RanSub, one such protocol. RanSubutilizes an over-
lay treeto periodicallydistributerandomsubsetsto over-
lay participants. We could leverageany numberof ex-
isting techniques[3, 7, 12, 13, 14, 16, 19, 21, 23, 31]

to provide this infrastructure.However, to demonstrate
someof thekey bene�tsof RanSubin supportof adaptive
overlay construction,we presentthe designandevalua-
tion of SARO (ScalableAdaptiveRandomizedOverlay).
SARO usesrandomsubsetsto build overlaysthati) meet
application-speci�edtargetsfor delayandbandwidth,ii)
matchthe characteristicsof the underlyingnetwork and
iii) adaptto changingnetwork conditions.

Much likeRanSub,akey goalof SARO is scalability:no
nodetracksthe characteristicsof morethan �����
	���
 re-
moteparticipantsandno nodeprobesmorethan ������	�� )
peersduringany timeperiod(acon�gurableepoch).Fur-
ther, SARO requiresnoglobalcoordinationor locking to
performoverlay transformations.A specialinstanceof
RanSubensuresa total orderingamongall participants
suchthatno two simultaneoustransformationscanintro-
duceloopsinto theoverlay.

Wehavecompletedanimplementationof bothSAROand
RanSubandconducteda numberof large-scaleexperi-
ments.Weshow thata1,000-nodeinstanceof SARO run-
ning on anemulated20,000nodenetwork usingModel-
Net [28] quickly convergesto user-speci�edperformance
targetswith low overheadfrom both per-nodeprobing
andRanSuboperation.We furthersubjectour prototype
to live runsover thePlanetLabtestbed[20], demonstrat-
ing similarly low convergencetimes, and the ability to
streamlive mediaoverour overlaysusingpublicly avail-
ablemediaservers.

Theremainderof thispaperis organizedasfollows. Sec-
tion 2 presentstheRanSubalgorithmfor distributingran-
dom subsets. Section3 then detailsSARO, a scalable
and adaptive overlay that usesrandomsubsetsto con-
form to the underlyingtopologyanddynamicallyadapt
to changingnetwork conditions.Section4 evaluatesour
prototype's behavior undera variety of network condi-
tions. Section5 placesour work in thecontext of related
effortsandSection6 presentsourconclusions.

2 Random Subsets

2.1 DesirableProperties

Before we presentthe detailsof our designand imple-
mentation,we discussdesirablepropertiesof a random
subset“tool”. Ideally, thesystemwill offer:

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



formedby nodesuponreceiving therandomsubset.
For example,a parallel downloadapplicationmay
wish to initiate datatransferwith only a smallcon-
stantnumberof peerswhile a P2Psystemmaywish
to probe ������	���
 nodes.

2. Scalability: The systemshouldsupportlarge-scale
serviceswithout posing a burden on the underly-
ing network in termsof controloverhead.Addition-
ally, correctsystemoperationshouldnot dependon
systemsize, i.e., the applicationshouldbe able to
requestany randomsubsetsize. Overall, scalabil-
ity impliesthatrequiredper-nodestateandnetwork
communicationoverheadshouldgrow sub-linearly
with thenumberof participants.

3. Uniform, changing subsets: We envision a tool
that is repeatedlyinvokedto retrieve “snapshots”of
globalparticipantsat differentpointsin time. Each
snapshot,or randomsubset,shouldconsistof nodes
uniformly distributedacrossall global participants,
suchthat eachremotenodeappearsin a delivered
subsetwith equalprobability. If desiredby theap-
pliaction, eachinvocationof the tool shouldreturn
to eachparticipanta different randomsubsetinde-
pendentlychosenover all participants. Similarly,
acrossinvocations,eachparticipantshouldreceive
probabilisticallydifferent subsetswith no correla-
tion acrossinvocations.In this way, over time,each
node can be exposedto a wide variety of global
participants. Certainapplicationsmay desirenon-
uniformdistributionthat,for example,favorsnearby
nodes;this functionalitycanbelayeredontopof the
baselinesystem.

4. Frequentupdates:To supportnetwork servicesthat
usethesystemto adaptto changingnetwork condi-
tions, the systemshouldoffer frequentdistribution
of randomsubsets.

5. Resilienceto failures: The systemwill preserve its
propertiesevenin thefaceof failures.Failednodes
shouldnotappearin futurerandomsubsetswithin a
shortandboundedamountof time.

6. Resilienceto securityattacks: Evenwhenunderat-
tackby malicioususers,thesystemshouldmaintain
its properties(uniform distribution, etc.), and de-
gradeits performancegracefullywhenit is unable
to defendagainstamassiveattack.

2.2 Overview

Given thegoalsdescribedabove, we now describeRan-
Sub,ourscalableapproachto distributingrandomsubsets
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Figure1: RanSuboperation.

containingnodesthatareuniformly spreadacrossall par-
ticipants.For thepurposesof this discussionwe assume
thepresenceof somescalablemechanismfor ef�ciently
building andmaintainingan overlay tree. A numberof
suchtechniquesexist [3, 14, 16]; in thenext section,we
describeSARO, onetechniquefor building suchanover-
lay thatbothmakesuseof RanSubfunctionalityandalso
providesthenecessaryoverlayinfrastructure.

Figure 1 summarizesRanSuboperation. RanSubdis-
tributes randomsubsetsthrough Collect messagesthat
propagateup the treeandleave stateat eachnode. Dis-
tribute messagestraveling down the tree usesoft state
from the previous collect round to distribute uniformly
randomsubsetsto all participants.

RanSubdistributesa subsetof participantsto eachnode
onceper con�gurableepoch. An epochconsistsof two
phases:onedistributephasein which datais transmitted
from the root of an overlay treeto all participants(data
is distributeddown the tree)anda secondcollect phase
whereeachparticipantsuccessively propagatesto its par-
ent a randomsubsetcalleda collect set(CS)containing
nodesin the subtreeit roots (datais aggregatedup the
tree).During thedistributephase,eachnodesendsto its
childrenauniformly randomsubsetcalledadistributeset
(DS) of remotenodes.Thecontentsof thedistributeset
areconstructedusingcollectsetsgatheredduringthepre-
viouscollectphase.

Whena Distributemessagereachesa leaf in theRanSub
tree, it triggersthe beginning of the next collect phase
whereeachnodesendsits parenta subsetof its descen-
dants(the collect set) along with other metadata.This
processcontinuesuntil the root of the tree is reached.
Thecollectphaseis completeoncetheroot hasreceived
collectsetsfrom all of its children. Theroot signalsthe
beginningof anew epochby distributinganew distribute
setto eachof its children,at which point theentirepro-
cessbeginsagain.Thelengthof anepochis con�gurable



basedon therequirementsof applicationsrunningon top
of RanSub. Thelowerboundon thelengthof anepochis
determinedby theworst-caseroot-to-leafandleaf-to-root
transmissiontimesof theoverlay.

2.3 Collect/Distribute

Eachnodeparticipatingin a RanSuboverlay maintains
thefollowing state:addressof its parentin theoverlay, a
list of its children,andthe sequencenumberof the cur-
rent epoch. In addition, it maintainsthe following soft
state:acollectsetandnumberof subtreedescendantsfor
eachof its children,a distributeset,andthetotal number
of overlayparticipants.Below, we describehow RanSub
usesthis informationandhow it maintainsit in a decen-
tralizedmanner.

2.3.1 Collect Phase

Overall, thegoalof theCollectmessageis for eachnode
to: i) composethe collect setsfor constructingthe dis-
tributesetduringthesubsequentdistributephase,andii)
determinethetotalnumberof participantsin its localsub-
tree.

The collect phasebegins at the leavesof the tree in re-
sponseto thereceptionof a Distributemessage.Table1
describesall the �elds in Collect messages(in the left
half of the table). TheCollectmessagehasthesamese-
quencenumberasthe triggeringDistributemessage.At
theleaves,thenumberof descendantsis setto oneandthe
collectsetcontainsonly theleaf nodeitself. Oncea par-
entreceivesall Collectmessagesfrom its children,it fur-
therpropagatesa Collectmessageto its own parent.The
nodesin the collect setareselectedrandomlyfrom the
collectsetsreceivedfrom its childrento form a subsetof
con�gurablesize( ������	 ��
 by default). Eachnodestores
this collectsetto aid in theconstructionof distributesets
distributedto its childrenduringthesubsequentdistribute
phase.

One key challengeis to ensurethat membershipin the
collectsetpropagatedby a node,

�

, to its parentis both
randomanduniformly representative of all membersof
thesub-treerootedat

�

. To achieve this, RanSubmakes
useof a �������	��

� operation,which takesasinput multi-
ple subsetsandthe total populationrepresentedby each
subset. ����������

� outputsa new subsetwith two prop-
erties: i) group membershiprandomlychosenover the
input subsetsand ii) a target size constraint. This is
achieved by building the output set incrementally. We

�rst randomlychoosean input subsetbasedon thepop-
ulation that it represents.We then randomlychoosea
memberof thissubset(notalreadyselected)andaddit to
the outputset. Considerthe casewhere �������	��
�� were
performedovertwo subsets,

�

and � .
�

and � eachcon-
tain8 members,

�

representsapopulationof 30while �

representsa populationof 10. ����������

� would choose
membersof

�

to add to the outputsetwith probability
0.75.Thus,theoutputsetof 8 memberswoulduniformly
representa populationof 40, with an expectedmember-
ship of 6 membersfrom

�

and two membersfrom � .
Notethat ����������

� is ableto properlyweigheachsubset
becauseaspartof collect/distribute,eachnodelearnsthe
total numberof nodesat thesubtreerootedat eachof its
children.

2.3.2 Distrib ute Phase

A new epochcanbegin oncetheroot hasreceiveda Col-
lect messagefrom all of its children for the previous
epoch. The actuallengthof an epochis determinedby
individualapplicationrequirements.Theright half of Ta-
ble1 describesthe�elds containedin theDistributemes-
sage.

A parentconstructsdistribute setsfor eachchild in the
following manner. Recall that eachnodestoresthe col-
lect setreceivedfrom eachchild duringthepreviouscol-
lectphase.Thus,for eachof � children,aparticularnode
maintains����������������� �����!���#" . Also recallthateachcol-
lect set, ���#$ , consistsof nodesselecteduniformly ran-
domly from thesubtreerootedat node % . A parentnode

�

constructsadistributesetfor eachchild from thisinfor-
mationsavedduringtheprecedingcollectphase.This in-
formationincludesthecollectsetfor eachchild, thenode

�

itself, aswell as &'�#( ,
�

's own distributeset.

To the applicationusingit, RanSuboffers threechoices
regardingthecontentsof distributesets:

� RanSub-all: This is suitablewhenthe application
requiresuniformly randomsubsetsof all nodesin
thesystem.Therearetwo �a vorsof theAll option.
All-identical delivers the samedistribute set to all
nodesin theoverlay. This distributeset, &'��)!*�*,+ , is
createdby theroot usingtheCompactoperation:

&'�
)�*�*,+.-

����������

� �/���
�

� ��� ��������0���1 2������!3 


where ���
$ representsthe subtreerooted at child

% of the root (numbered 45����� ���/6 ). A potentially
moreusefulconstructis evidentwith theALL-non-
identicaloptionthatdeliversdifferentdistributesets



Collect Distrib ute
Sequence# Sequencenumberof currentepoch Sequence# Sequencenumberof currentepoch
CollectSet Uniformly randomsubsetof nodes

in sender'ssubtree
Distributeset Uniformly randomsubsetof over-

lay participants
Descendants Estimateof numberof nodesin

sender'ssubtree
Participants Estimateof total numberof nodes

in theoverlay
Reshuf�e �a g
(only for ordered
RanSub)

Determinesif children shouldbe
reshuf�ed so that a new total or-
deringis created

Table1: Contentsof CollectandDistributemessages.

to eachnode. In this case,node � receivesa Dis-
tributemessagefrom its parent� containing& ���

� .
� constructs&'��� using &'���

� andthe collect sets
storedfrom its children, ��� ��� ��� �������#" , in the fol-
lowing manner:

&'���
-

�������	��

� � ��������� �����!���#"���&'�

�

�

��1	��3 


� thenforwardsthefollowing to eachchild 
 :

&'�

�

�

-
����������

� � ���

�
� ��������������


�
�

�������
�

����� ���!���
"

� & �

�

�

��1	��3 


Notethattheroot's &'���

� is 153 sinceit hasnoparent.
� RanSub-nondescendants : In this case,eachnode

should receive a random subsetconsistingof all
nodesexcept its descendants.This might be ap-
propriatefor anapplication-layermulticaststructure
whereparticipantsareprobingfor betterbandwidth
andlatency to theroot of thetree.In this case,con-
sideringa node's descendantscould introducea cy-
cle in theoverlaytree. For eachchild 
 (numbered

45����� ����� ), theparentnode
�

constructs& �
� in the

following manner:

&'���
-

�������	��

� � ���
�

��� �����!������

�

�

�������
�

� ����� �����
"

� &'��( ��1

�

3 


� RanSub-ordered: This type of distributesetcalcu-
lation imposesa total orderingamongparticipating
nodes. A nodereceivesa distribute setcontaining
randomnodesthatcomebeforeit in thetotal order-
ing. For eachchild 
 (numbered4�� ��� ����� ), thepar-
entnode

�

constructs&'�
� in thefollowingmanner:

&'�
�

-
����������

� � ��� ��� �����������

��

��� &'�

(
��1

�

3 


(1)

Our sampleapplication, an adaptive application-layer
multicastoverlay, usesRansub-orderedto ensurethatsi-
multaneoustransformationsto the tree structuredo not
introduceloops(asdiscussedin Section3). Thus,we as-
sumeRanSub-orderedfor theremainderof this paper.

2.3.3 Discussion

A limitation of RanSub-orderedis thatthe�rst child of a
particularnodewill alwayshave a smallersetof poten-
tial nodesto choosefrom thanthe � th. In fact, the �rst
child'sdistributesetwould alwaysberestrictedto a rela-
tively smallsubsetof globalnodes.For RanSub-ordered,
thisviolatesourgoalof distributingrandomsubsetsto all
nodesthatareuniformly chosenacrossall globalpartic-
ipantsin a singleepoch. We take the following stepto
ensurethatevery nodestill receivesa uniformly random
subsetacrossmultiple invocationsof RanSub-ordered.
Every con�gurable 2 epochs,the root of theoverlaype-
riodically setsthereshuf�e �ag in its Distributemessage,
signalingoverlayparticipantsto randomlyreshuf�e chil-
drenlists. Thisallowschildrenthatwereat thebeginning
of thetotalordering(andhencereceivedfew nodesin dis-
tributesets)a chanceto move towardtheendof thetotal
orderingandreceive informationaboutmorenodes.

Figure2 summarizesthe operationof the two phasesof
the RanSubprotocol. For simplicity, we do not include
the resultsof ����������

� , which would appropriatelyre-
ducethe size of all subsetsto the application-speci�ed
sizeconstraint.In thecollectphasefor thisexample,each
nodeconstructsacollectset( ��� ) composedof theunion
of itself andall membersof the collect setsit received
from its children. Thus,

�

receives a collect set from
eachof its children, � and � , that areuniformly repre-
sentative of thesubtreesrootedat � and � respectively.
Eachnodedetermineswhich of its collectsetsshouldbe
usedto composethe distribute set ( &'� ) for eachof its
children.

For thedistributephase,node
�

constructs&'��� by tak-
ing theunionof itself (

�

) with ����� . Node� in turncon-
structs&'��� by takingtheunionof itself ( � ) with its own
distribute set( &'���

-
1

�

�!� ��� ����3 ) and �����
-

1	� 3

from the previous collect phase. & gets“lucky” in this
ordering(it is actuallythelastnodein this totalordering)
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Figure2: Examplescenariodepictingthe two phasesof the RanSubprotocol: The collect phasetraveling up the
overlayin theleft panelandthedistributephasetravelingdown theoverlayin theright panel.

and receivesa distribute set representative of the entire
topology(onceagain,recallthatweareomittingthecom-
pactoperationthat would throw out appropriatesetele-
mentsto maintainsize-constrainedsets).Node � would
get “unlucky” andonly receive a distribute set consist-
ing of itself (it is the �rst nodein this total ordering).
However, oncethe children lists are reshuf�ed, the re-
sultingtotalorderingwouldbearandomwalk of thetree
in which eachnodeis only visited onceyielding an en-
tirely differentnew total ordering. Finally, notethat the
complexity of reshuf�ing childrenis only neededif a to-
tal orderingis required.

2.4 Comparison with the Ideal Random Subset
Primiti ve

We believe that RanSubcloselyapproximatesthe ideal
propertiesoutlinedat thebeginningof thissection.Since
it usesa treeto propagatesublinear-sizedcollectanddis-
tributesetsbetweenparentsandchildren,it imposeslow
overheadon the underlyingnetwork. Using an ef�cient
overlaystructurefurtherensuresthatepochscanbeshort.
For instance,we �nd that for a 1000-nodesystem(in a
network with a diameterlessthan500 ms), epochscan
beasshortas� veseconds.

In the absenceof nodefailure, RanSubdeliversrandom
subsetsthat arecloseto uniformly distributed. The key
behindachieving uniformity is accountingfor nodesthat
are representedby a randomsampleat any given time
during the protocolexecution. We achieve this by run-
ning theprotocolover a tree,whereit is straightforward
for anodeto haveanestimateof thenumberof itsdescen-
dants.Futurework includesadaptingRanSubto function
overmeshedoverlays,not just trees.

RanSubuniformity might suffer asnodesjoin andleave
thesystem.We do not provide theguaranteethatnodes
in the randomsubsetwill be active whenconsideredby
othernodes.RanSubis a mechanismfor takinga snap-
shotof “li ve” treeparticipantsandthentakinguniformly
randomsamplesof it. This is a strengthof our approach
since we do not require a separategroup membership
mechanism.If the nodeis alive whenit receivesa Col-
lect message,it may be includedin distributesetsgiven
to othernodes.If thatnodefails soonafter thesnapshot,
it maybeunavailablewhenconsideredby othernodes.If
a nodejoins after the collect phaseof a previous epoch
hascompleted,it will notbepresentin thesnapshot.

In RanSub,thetime for nodefailuredetectioncanbeon
theorderof a small numberof seconds.Nodesbelow a
point of failure rejoin the treeat currentparticipantsus-
ing previously receiveddistributesets.The nodefailure
detectioninterval canbefurtherreducedif theunderlying
treeis usedto supportapplication-layermulticast.In this
case,absenceof datafor a few hundredsof milliseconds
might signify disconnectionfrom theparent.In essence,
application-layerdatamay serve as a heartbeatmecha-
nismfor failuredetection.

RanSubassumestrustbetweenoverlayparticipants,and
thereforeis not resilientto internalattacks.For example,
a maliciousnodemight alter the contentsof collect and
distribute sets. We are investigatingseveral techniques
to addressthis limitation. For instance,oneapproachin-
volvessendingsubsetsovermultiple tree“cross-links”to
allow identi�cation andcon�nementof damagecaused
by malicioususers.These“cross-links”would alsohelp
with the overall reliability of the tree. Multiple paths
throughthe treemeansthata singlefailuremaynot dis-
connectnodesin thetree.



3 SARO

3.1 Overview

As discussedearlier, distributing uniformly randomsub-
setsof globalparticipantsisapplicabletoabroadrangeof
importantservices.ThissectiondescribesSARO, aScal-
ableAdaptiveRandomizedOverlay, onesuchapplication
of RanSub. The useof RanSubfor SARO is circular in
this example.SARO usesrandomsubsetsto probepeers
to locateneighborsthatmeetperformancetargetsandto
adaptto dynamicallychangingnetwork conditions. At
the sametime, RanSubusesthe SARO overlay for ef�-
cientdistributionof CollectandDistributemessages.

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

1. No node should track more than �����
	 ��
 remote
nodes.

2. No nodeshouldperformmorethan �����
	���
 network
probesduring any time period(epoch). The appli-
cationcancon�gure thenumberof probednodesto
effect a tradeoff betweennetwork overheadandthe
adaptivity (or agility [17]) of theoverlay.

3. No global locking shouldbe requiredto transform
theoverlay.

We achieve the �rst two goalsusing the distribute sets
that RanSubtransmitsto eachnodeevery epoch. Each
SARO node

�

performsprobesto membersof thissubset
to determineif a remotenode� existsthatwoulddeliver
betterdelayor bandwidthto

�

andits descendants.If so,
�

attemptsto moveunder� .

To motivatethethird requirement,consideranode
�

that
decidesto move underneatha remotenode � . The sys-
temwould introducea loop if someancestorof � simul-
taneouslydecidesto move undersomedescendantof

�

.
Thenaive approachto avoiding loopsrequireslocking a
numberof nodesacrossthe wide areato avoid suchsi-
multaneousoverlay transformations.While this may be
appropriatefor a smallnumberof nodesor for LAN set-
tings,this processwill not scaleto largeoverlays.Thus,
we imposea totalorderingamongnodesprovidedby the
ordered�a vor of RanSubto ensurethatno two simulta-
neousmovesin the sameepochcan introducea SARO

loop. During any epoch,eachnode's distributesetcon-
tainsonly remotenodesthatcomebeforeit in thecurrent
totalorder.

RecallthatRanSubperiodicallychangesthe total order-
ing of nodesand randommembershipin delivereddis-
tributesets.Thus,while eachnodeonly tracksandprobes

������	���
 remotenodesduringany oneepoch,RanSuben-
suresthatthemakeupof thedistributesetchangesproba-
bilistically suchthat,overtime,eachnodequickly probes
all potentialparents.The sizeof the randomsubsetef-
fects a tradeoff betweenscalability (measuredby per-
nodestateand network probing overhead)and conver-
gencetime (theamountof time it takesto build anover-
lay thatachievesdelayandbandwidthtargetsevenunder
changingnetwork conditions).

SARO requiresadditional information beyond that dis-
tributed by RanSub(seeTable 1). In general,applica-
tions may wish to piggybackdifferentstateinformation
with the existing Collect andDistribute messages.Our
RanSublayer is designedin a mannerto make suchex-
tensibility straightforward,thougha detaileddescription
is beyond thescopeof this paper. Table2 describesthe
additionalinformation transmittedby SARO in Collect
andDistributemessages.

3.2 Probing and Overlay Transformations

Recall that the length of an epoch(randomsubsetsare
distributedonceperepoch)is determinedby application-
speci�c requirements.Shorterepochsprovide more in-
formation,while longerepochsincur lessoverhead.For
SARO, our goalis to quickly convergeto anoverlaythat
matchesthe underlyingtopologyandadaptsto dynami-
cally changingnetwork characteristics.The implemen-
tation andevaluationin this paperis pessimisticin that
we run with a constantepochlengthof 10 secondsin all
cases. In the future, we plan to investigatesettingthe
epochlengthadaptively basedonbothoverlaycharacter-
isticsandnetwork conditions.For example,if SARO has
alreadymatchedtheunderlyingtopologyandif network
characteristicsarenot changingrapidly (likely thecom-
mon casein the Internet),then the systemcanafford a
longerepochlength. Thus,we envision reducingover-
all systemoverheadby runningSARO with ashortepoch
lengthduring initial self-organizationandin responseto
largechangesin network conditions,but runningwith a
longepochin thecommoncase.

A key to SARO'sability to convergetobandwidthandde-
lay (maximumdelayfrom root to all otheroverlaypartic-
ipants)targetsliesin localizedtreetransformations. Dur-



Collect Distrib ute
Delay Delay estimate for furthest de-

scendant
Treeheight Estimateof theactualhighestroot-

to-leaflatency in thetree
Delaygain Estimateof delaygain from mov-

ing to a bestalternativeparent
Rootdelay Estimateof recipient's delayfrom

root

Table2: Additional �elds in CollectandDistributemessagesrequiredby SARO.

ing eachepoch,nodesmeasurethedelayandbandwidth
betweenthemselvesandall membersof their distribute
set. Theseprobesconsistof a small numberof packets
inter-spacedby the targetapplicationbandwidth1. If the
lossrateof theprobesis below a speci�ed threshold,the
probingnodecalculatestheaverageroundtrip time. The
goal is to locatea new parentthatwill deliver betterde-
lay, betterbandwidth,or both to itself andall of its de-
scendants.If a betterparentis located,thechild attempts
to move underit. Themigratingnodeissuestheaddre-
questto the potentialparentandwaits for the response.
If the requestis accepted,it noti�es its old parent,com-
municatesits new delayfrom root to all its children,and
noti�es thenew parentof its furthestdescendant(updat-
ing theparent'sstatefor thenext epoch).

In general, the goal of SARO is to achieve the low-
est delay con�guration that still maintains the target
bandwidth to the root. Thus, during each epoch,
nodes use information from their probes to perform
two typesof transformations:BANDWIDTHONLYand
DELAYANDBANDWIDTH. Nodes that have not yet
reachedtheir bandwidth target may perform BAND-
WIDTHONLYtransformationto improvetheirbandwidth
to root, even if it meansincreasingtheir delay. DE-
LAY ANDBANDWIDTHtransformationsallow nodesto
rotateundera new parentthat improvesthenodes'delay
to root while maintaining(or improving) bandwidth.

3.3 Dynamic NodeAddition and FailureRecov-
ery

To thispoint,ourdiscussionassumesastaticsetof nodes
dynamicallyself-con�guringto matchchangingnetwork
conditions. In generalhowever, the setof overlay par-
ticipantswill also be changing. A nodeperforminga
SARO join simplyneedsto contactany existingmember
of the overlay. The initial bootstrappingparentmay be
sub-optimalfrom theperspective of bandwidthor delay.

1Wecurrentlyassumethatoverlaytraf®c makesuparelatively small
portionof overall traf®c throughthe bottleneck.We leave moreaccu-
rate,morestable,andTCP-friendlyprobingto futurework. In general,
higheraccuracy probeswill inherentlyincur higheroverhead,though
this issueis orthogonalto ourown work.

However, the nodewill begin receiving randomsubsets
aspartof thecollect/distributeprocess,andit canusethe
associatedrandomsubsetsto probefor superiorparents
usingtheprocessdescribedabove.

Sincethebootstrappingparentnodemight fail, we make
anadditionalassumptionthatevery nodeis awareof the
root of the tree. Therefore,an incoming nodewill al-
ways have at leastone bootstrappingparent(similar to
Overcast[16], we canreplicatethe root to improve root
availability). For thesake of scalability, we allow nodes
to contacttheroot only if it is absolutelynecessary(i.e.,
its originalbootstrappingparentfailed).

If a bootstrappingparentdoesnot have enoughslots in
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 many times, it
joins the treeat the �rst availablepoint, andtries to im-
proveits positionlater.

Handlingnodefailure is simpli�ed by our periodicdis-
tribution of Collect andDistribute messages,which im-
plicitly actasheartbeatmessages.Eachparentwaits for
Collectmessagesfrom all of its children.If a messageis
not receivedwithin somemultiple of thesubtreeheight2,
theparentassumesthatoneof its childrenhasfailedand
excludesit from participatingin the next epochby not
sendinga Distributemessageto thatchild. However, the
nodedoesproceedwith aCollectmessageto its own par-
entwhenit detectsthefailureto ensurethata failurelow
in thetreedoesnot cascadeall theway backup thetree.
A node,

�

, cansimilarly detectthe failure of its parent
when it doesnot receive a Distribute messagewithin a
multiple of the delaytarget. In this case,

�

will senda
dummyDistributemessage(with anemptydistributeset)
to all of its children.This emptyDistributemessagesig-
nals

�

's descendantsthatnoprobingor overlaytransfor-
mationsshouldbe performedduring this epoch.

�

then
attemptsto locatea new parentusing information from

2Notethatthecurrentmaximumnode-to-leafdelayservesasacon-
venientbaselinefor the complex processof determiningappropriate
timeouts.



previousdistributesetswhereappropriate.Thus,upona
failure,theentiresubtreerootedat

�

is ableto rejoin the
overlaywith a singletransformation,ratherthanforcing
all nodesbelow

�

to rejoin separately.

3.4 Weans

Undercertaincircumstances,thegreedynatureof SARO
can lead to sub-optimaloverlays. Considerthe follow-
ing situation. A node

�

with a particulardegreebound
hasa full complementof children. However, a node �

somewhereelsein theoverlaycanonly achieve its band-
width targetbybecomingachildof

�

. Finally, oneof
�

's
children, � , is bestserved by

�

but would still be able
to achieve its bandwidthtargetasa child of somefourth
node & . As describedthusfar, SARO will becomestuck
in a “local minimum” in this situation.

Weaddressthissituationby introducingweanoperations.
At a high level, the goal is to ensurethat eachparent
leavesa numberof slotsopenwhenever possibleto ad-
dressthe above condition. Thus,asa nodeapproaches
its degreelimit, it will senda weanmessageto one of
its children. In subsequentepochs,that child will move
to a new parentif it can�nd a suitablelocationthatstill
meetsitsbandwidthrequirement(thoughits delaymaybe
increased).A weanmayormaynotsucceed(anappropri-
atealternateparentmaynotexist) andtheweanoperation
expiresaftera con�gurablenumberof epochs.

Onedif�culty is choosingthe child to wean. Ideally, a
parentwould weanthechild thatwould losethe leastin
delayandbandwidthwhile still achieving its targets.We
approximatethis in the following manner. During each
epoch,all nodesmaintaininformationon thebestalter-
nate parent with respectto both delay and bandwidth.
This information is propagatedto parentsin the collect
phase(seeTable2) andis usedby parentsto determine
theweantarget.

4 Evaluation

We have completedan implementationof both RanSub
and SARO as describedin the previous sections. We
wroteour codeto a compatibility layer thatallows us to
evaluateour working systemin both the ns packet sim-
ulation environment[18] andacrosslive networks. For
brevity, weomit themajorityof theresultsof ourdetailed
simulationevaluation.Instead,we focuson thebehavior
of our systemrunning live on ModelNet [28], an Inter-
netemulationenvironmentandacrosstheInternetin the
PlanetLabtestbed[20].

For ourModelNetexperiments,SARO runson351.4Ghz
Pentium-III's running Linux 2.4.18and interconnected
with both 100Mbps and1 GbpsEthernetswitches.We
multiplex 28-29instancesof SARO oneachof theLinux
nodes,for a total of onethousandnodesself-organizing
to form overlays. We validatedour ModelNet results
with nsexperimentsusingidenticaltopologiesandcom-
municationpatterns. In ModelNet,all packet transmis-
sionsare routedthrougha core responsiblefor emulat-
ing thehop-by-hopdelay, bandwidth,andcongestionof
a targetnetwork topology. For our experiments,we use
a single 1GhzPentiumIII running FreeBSD-4.5as the
core. The core hasa 1 Gbpsconnectionto the rest of
the cluster. The core was never a bottleneckeither in
CPUor bandwidthfor any of our experiments.Our ear-
lier work [28] showsthat,for agivenwide-areatopology,
ModelNetis accurateto within 1 msof thetargetend-to-
endpacket transmissiontime up to andincluding 100%
CPUutilization,and120,000packets/sec(1 Gbpsassum-
ing packetsare1000byteson average). ModelNetcan
scaleits capacitywith additionalcorenodes,thoughthis
wasnot necessaryfor our experimentshere. ModelNet
emulatespacket transmissionhop-by-hop(includingper-
hop queuesizesandqueuingdisciplines)througha tar-
getnetwork. Thus,a packet's end-to-enddelayaccounts
for congestionandfor per-hopqueuing,propagation,and
transmissiondelay.

By default, thecoreemulatesthecharacteristicsof a ran-
dom20,000-nodeINET-generatedtopology[6]. We ran-
domly assign1,000nodesto act asclientsconnectedto
one-degree 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 bandwidthbetween
1-10 Mbps), Transit-Stub(bandwidthbetween10-100
Mbps)andTransit-Transit(100-155Mbps).Wecalculate
propagationdelaysamongnodesfrom therelativeplace-
ment of the nodesin the planeby INET. The baseline
diameterof thenetwork is approximately200ms.While
the presentedresultsarerestrictedto a single topology,
the resultsof additionalexperimentsandsimulationsall
show qualitatively similar behavior.

4.1 RanSubUniformity

To verify thatRanSubdistributesuniformly randomsub-
setsto all nodes,weusedourcompleteRanSubprototype
to createa SARO overlayof 1000emulatednodesasde-
scribedabove. After convergence,we let our experiment
run for a total of 360epochsandtrackedthecumulative
numberof uniqueremotepeersthatRanSubdistributesto
eachnodeovertime. Wecon�guredRanSubto distribute
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Figure3: Averagenumberof nodeseachof 1,000nodes
learnsof asa functionof numberof epochsfor theopti-
malpureuniformcaseandfor RanSub.

25 randomparticipantseachepoch. Figure 3 plots the
averagenumberof peerseachnodeis exposedto on the
y-axisasa functionof time progressingin epochson the
x-axis.Theverticalbarsrepresentthestandarddeviation.
We also show the bestcasein which we simulatepure
uniformrandomsubsets(usingthesamerandomnumber
generatoras the one usedby our RanSubimplementa-
tion). RanSubdeliversrandomsubsetswith essentially
optimaluniformity.

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

Figure 4 shows the convergencetime of three SARO
overlaysrunningwith a maximumdegreeof 10 andran-
domsubsetsof size15. The1000nodesjoin theoverlay
sequentiallyat a randompoint in the network over the
�rst 20secondsof theexperiment(50nodes/second)and

thenuserandomsubsetsto probefor parentsthatwill de-
liver the appropriatedelay target (bandwidthtargetsof
64Kbpswereeasilyachievedfor this experiment).In ef-
fect, at the beginning of the experimentwe pessimisti-
callycreateanoverlaywith randominterconnectivity. We
observethebehavior of thesystemfor threedifferentde-
lay targets,339ms,382ms,and452ms.The339msde-
lay targetis quitedif�cult to achievefor our topologyand
degreebound. The �gure plots the achieved worst-case
delayrelativeto thedelaytargetasafunctionof timepro-
gressingonthex axis.SAROusesrandomsubsetstocon-
vergeto thespeci�ed delaytarget in all cases,with con-
vergencetime varying from 60 secondsto 220 seconds
in thethreecasesdependingon thetightnessof thedelay
target. We note that our convergencetimes using ran-
domsubsetsarecomparableto anumberof smaller-scale
overlayconstructiontechniquesthatmaintainglobalstate
informationandthatperformglobalprobing.

4.3 Effectsof RandomSubsetSize
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Figure5: Delayconvergencetimeandresultingper-node
probingoverheadasa functionof thesizeof therandom
subset.

Wenow quantifytheeffectsof thesizeof therandomsub-
setson SARO convergencetime. In general,lessinfor-
mationin therandomsubsetincreasesconvergencetime
asnodeshave to spendmoretime to �nd anappropriate
parent.More informationwill likely decreasetheconver-
gencetime, but at thecostof increasednetwork probing
overhead.With a maximumper-nodedegreeof 10, we
measurethe time for the 1,000nodeSARO treeto con-
vergeto a 382msdelaytargetasa functionof thesizeof
the randomsubsets.As shown in Figure5, we increase
thesizeof the randomsubsetfrom 5 to 24 on thex-axis
andplot the resultingconvergencetime on the left-hand
y-axis. The convergencetime decreasesfrom approxi-



mately240 secondsto 90 seconds.Figure5 also plots
the associatedtradeoff with per-nodecontrol overhead,
accountingfor bothRanSubCollect/Distributemessages
andprobingoverhead.As expected,probingoverheadon
the right-handy-axis grows linearly with the sizeof the
randomsubset,but only to a manageable2300bytes/sec
even whenthe randomsubsetsizegrows to 24, mostof
which is probingoverhead.Note that thebene�ts of in-
creasingthe randomsubsetsize beyond 20 diminishes
rapidly. Of course,this point of diminishingreturnswill
vary with thetopologyanddelaytarget. We have exper-
imentedwith dynamically increasingor decreasingthe
randomsubsetsizeby takingreal-timemeasurementsof
the overlay's convergence,but we leave this to future
work.

4.4 Adaptivity
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Figure6: Adaptivity of a SARO treein responseto pro-
nouncedchangein network delay.

Oneof themostimportantaspectsof SARO is its ability
to dynamicallyreactto changingnetwork conditions.To
evaluatethis ability, we subjecta steady-state1000-node
SARO tree to widespreadand sustainedchangein net-
work characteristics.Every 25 seconds,we increasethe
propagationdelayof a randomlychosen14% of all net-
work links by between0-25%of the link' s original de-
lay. Theideabehindthisexperimentis to determinewhat
happensto the overlay as the network continuouslyde-
gradesunderconditionsmuchworsethanthosetypically
foundon the Internet. Figure6 shows theresultsof this
experiment,plotting delayasa function of time for the
90th percentile,95th percentile,andworst casenodein
theoverlayasa functionof time progressingthex-axis.
Notethatthe90thpercentileindicatesthat90%of SARO
nodeshave delaybetterthanthe indicatedvalue. We set
thedelaytargetto 382msfor this experiment,thedegree

boundto 10andthesizeof therandomsubsetto 15.

We intentionallysetour targetdelayto avaluethatis rel-
atively dif�cult to achieve for our degreeboundin the
faceof highly variablenetwork conditions. Thus, the
overlayinitially takesapproximately150secondsto con-
verge to the delay target. We perturb network condi-
tions in the mannerdescribedabove beginning at time

� -������ andcontinuingfor 200seconds.While 95%of
nodesareableto maintaintheir delaytargetduringmost
of the network perturbation,it takesSARO another180
secondsafter the network perturbationsubsides(though
link delaysremainat their elevatedlevels) to onceagain
bring all nodeswithin delaybounds.We includethe re-
sultsof thisexperimentto quantifythelevel of adaptivity
thatSARO candeliver. Additional experimentsindicate
thatif network conditionswereperturbedfor a longerpe-
riod of time (with samenumberof links, magnitudeof
change,andfrequency of change),SARO would be un-
ableto onceagainachievethedelaytarget.With lessper-
turbationor a morerelaxeddelaytarget,SARO typically
quickly recoversfrom changesto network conditions.

4.5 PlanetLab Deployment
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Figure 7: CDF of convergencetime for 19 PlanetLab
nodes,with eachnodeactingasroot in turn for two dif-
ferentdelaytargets.

To further evaluatethe utility of our approach,we eval-
uatedthe behavior of SARO runningon a subsetof 19
PlanetLabnodes[20] during September2002. We ran
SARO over PlanetLab19 times with eachseparaterun
usinga differentPlanetLabnodeastheroot of theover-
lay. We thenmeasurethe convergencetime for eachof
two differentdelaytargets:50msand100ms.We setthe
maximumper-nodedegreeto 5 and the randomsubset
sizeto 5. Figure7 plotstheresultof this experiment.We



�nd thatfor arelatively relaxeddelaytargetof 100ms,all
nodesconvergewithin 20 seconds.Tighteningthedelay
boundto 50 ms increasesthe typical convergencetime
to approximatelya minutewith worst caseconvergence
taking up to two minutes. Note that all reportedvalues
areonceagainfor theworst-caseconvergencetimeof the
lastnodeto meetits delaytarget.

Next, we streamedlive audioover SARO by integrating
anHTTPproxyasaseparatethreadin theSARO address
space,asdepictedin Figure8. We usea publicly avail-
able SHOUTCastserver [25], to streamMP3 encoded
over HTTP. We theninstantiatea SARO/HTTP process
on thesamenodeastheSHOUTCastserver to actasthe
rootof theoverlaytree.EachSARO nodebelow theroot
instructsits associatedHTTPproxyto establishaconnec-
tion to its parentto receive streamingdata. The nodeis
thenableto streamcontentto local Winampplayersand
to its own children in the overlay. Eachtime a SARO
node locatesa betterparent, it also instructsis HTTP
proxy to reestablishaconnectionto thisnew parent.

SHOUTcast

HTTP
Proxy SARO

HTTP
Proxy SARO

HTTP
Proxy SARO

Winamp

Winamp WinampWinamp Winamp

Figure 8: Streaming live media using SARO and
SHOUTcastoverPlanetLab.

We use this con�guration to successfullystreamMP3
�les at 256Kbpsfrom an existing SHOUTcastservers
over 1000nodesin our emulationenvironmentand the
PlanetLabtestbed. Figure 9 shows the resultsof a 5-
minute experiment of SHOUTcaststreamingover 19
SARO nodesspreadacrossthePlanetLabtestbed.Weset
thedelaytarget to 75ms,the sizeof the randomsubsets
to 5 andthemaximumper-nodedegreeto 5. The �gure
plots a CDF of the percentof bytesreceivedby eachof
the19 nodes.Byte lossratesvary from 0-5%. However,
we notethat we measurethe lossratewhile SARO was
still self-organizingat the beginning of the experiment.
Thevastmajorityof thelossescameat this time. Wever-
i�ed thecorrectnessof our experimentby connectingto
individual HTTP/SARO nodesusingtheWinampmedia
playerto playbackthestream.
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5 RelatedWork

RanSubsharessomedesigngoalswith gossip-baseddis-
seminationprotocols such as SCAMP [1] and LBP-
CAST [11]. However, becauseit operatesover a tree,
RanSuboffersuniformly randomsubsetsrelativeto these
earlierefforts. RanSubdoesnot requirea minimumran-
domsubsetsizefor correctoperation.Finally, in combi-
nationwith SARO,RanSuballowsmorepredictabletime
betweenupdates(oneepoch).

Our work on SARO builds upon a number of recent
efforts into “application-layer” multicast, where nodes
spreadacrosstheInternetcooperateto deliver contentto
endhosts.Edgesin thisoverlayareTCPconnections,en-
suringcongestioncontrolandreliability in a hop-by-hop
manner. Perhapsmostcloselyrelatedto 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 groupparticipants.In comparison,we usethe
RanSublayerto maintaininformationaboutaprobabilis-
tic ������	���
 subsetof global participants,makingappli-
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 theseapproachesat-
temptto providedelayor bandwidthguaranteesandnei-
ther considersa two-metric network design. All three
protocolsusethe ideaof tree transformationsbasedon



localknowledge(obtainedthroughlimited 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 grandparentsand immediatesiblings. HMTP can
introduceloopsandthusrequiresloop detectionthat re-
quiresknowledgeof all of one's ancestors.SinceHMTP
offers no boundson tree height, messagesize and re-
quired stateare also unbounded( ������
 ), renderingthis
approachpotentially unscalable.Finally, HMTP is not
evaluatedunderchangingnetwork conditions.

Yoid [12] sharesthedesignphilosophythata treecanbe
built directlyamongparticipatingnodeswithout theneed
to �rst build anunderlyingmesh.Yoid doesnotdescribe
any scalablemechanismfor conformingto the topology
of the underlyingnetwork, hasnot beensubjectedto a
detailedperformanceevaluation,andcontainsloopdetec-
tion codeasopposedto our approachof avoiding loops.

ALMI [19] usesall-pairsprobingat a costof �����

�


 and
transmitsthischangingconnectivity informationto acen-
tralizednodethat calculatesan appropriatetopologyfor
theoverlay. RMX [7] facessimilarscalabilitylimitations.
In Overcast[16], all nodesjoin at the root andmigrate
down to the point in the tree where they are still able
to maintainsomeminimum level of bandwidth. Rela-
tive to our effort, Overcastdoesnot focuson providing
delayguarantees(givenits focusonbandwidth-intensive
applications). Its convergencetime is also limited by
probesto immediatesiblings and ancestors.NICE [3]
useshierarchicalclusteringto build overlaysthat match
the underlying network topology. Relative to our ap-
proach, NICE focuseson low-bandwidth(i.e., single-
metric, delay-optimized)applicationsand requiresloop
detectioncode. We believe that a variety of existing
overlayconstructiontechniques,including Yoid, ALMI,
RMX, Overcast,andNICE couldbene�t from theavail-
ability of ourRanSublayer.

Finally, a numberof recentefforts [21, 23, 31] propose
building application-layermulticast on top of scalable
peer-to-peerlookupinfrastructures[8, 22, 24, 30]. While
theseprojectsdemonstratethatit ispossibletoprobabilis-
tically achievegooddelayrelative to native IP multicast,
they areunableto provide any performanceboundsbe-
causeof the probabilisticnatureof the underlyingpeer-
to-peersystem. Further, thesesystemsdo not focuson
two-metricnetwork optimization(e.g.,delayandband-
width). Finally, to the bestof our knowledge,theseap-
proaches,havelargelybeenevaluatedthroughsimulation
andhavenotbeensubjectedto live Internetconditions.

6 Conclusions

This paperarguesfor a generalizedmechanismfor peri-
odicallydistributingstateaboutrandomsubsetsof global
participantsin large-scalenetwork services.Sampleap-
plications include epidemicalgorithms, reliable multi-
cast, adaptive overlays, content distribution networks,
andpeer-to-peersystems.This papermakesthe follow-
ing contributions:

� Wepresentthedesignandimplementationof ascal-
able protocol, RanSub,that distributesstateabout
uniformly randomsubsetsof 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-
workconditionsbysamplingmembersof its random
subsetoncepercon�gurableepoch.

� A large-scaleevaluationof 1000SARO nodesin an
emulated20,000nodenetwork topologycon�rm the
scalabilityandadaptivity of our approach.

� We useanexistingstreamingmediaplayerto trans-
mit live streamingmediausing SARO running on
topof thePlanetLabInternettestbed.
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