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ABSTRACT
While applicationend-pointarchitectureshave proven to beviable
solutionsfor large-scaledistributedapplicationssuchasdistributed
computingand�le-sharing, thereis little known aboutits feasibility
for morebandwidth-demandingapplicationssuchaslivestreaming.
Heterogeneityin bandwidthresourcesanddynamicgroupmember-
ship, inherentpropertiesof applicationend-points,may adversely
affect the constructionof a usableandef�cient overlay. At large
scales,theproblemsbecomeevenmorechallenging.In this paper,
we studyoneof themostprominentarchitecturalissuesin overlay
multicast: the feasibility of supportinglarge-scalegroupsusingan
applicationend-pointarchitecture. We look at threekey require-
mentsfor feasibility: (i) arethereenoughresourcesto constructan
overlay, (ii) can a stableandconnectedoverlay be maintainedin
the presenceof groupdynamics,and(iii) canan ef�cient overlay
beconstructed?Usingtracesfrom alargecontentdeliverynetwork,
wecharacterizethebehavior of userswatchingliveaudioandvideo
streams.We show that in many commonreal-world scenarios,all
threerequirementsaresatis�ed. In addition,we evaluatethe per-
formanceof severaldesignalternativesandshow thatsimplealgo-
rithms have the potential to meet theserequirementsin practice.
Overall, our resultsargue for the feasibility of supportinglarge-
scalelive streamingusinganapplicationend-pointarchitecture.
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1. INTRODUCTION
Live audioandvideostreamsarenow beingdeliveredsuccess-

fully overtheInternetonalargescale.Commercialcontentdelivery
networkssuchasAkamaiTechnologies[1] andRealNetworks[21]
havedevelopedanddeployedlarge-scalededicatedinfrastructureto
deliverbothlivestreamsandvideo-on-demand.Thesearchitectures
arecapableof supportingmany simultaneousstreamsandclients.

In contrastto infrastructure-basedcontentdelivery networks,
applicationend-pointoverlaymulticasthasrecentlyreceivedatten-
tion [9, 8, 12, 14, 20, 25, 5, 2, 18, 24, 13, 4]. In suchan archi-
tecture,applicationend-pointsorganizethemselvesinto anoverlay
structureanddatais distributedalongthelinks of theoverlay. The
responsibilityandcostof providing bandwidthis sharedamongst
theapplicationend-points,reducingtheburdenat thecontentpub-
lisher. Thelack of dependenceon infrastructuresupportmakesap-
plication end-pointarchitectureseasyto deploy, andeconomically
viable. Theability for usersto receive contentthatthey would oth-
erwisenot have accessto providesa naturalincentive for themto
contributeresourcesto thesystem.Applicationend-pointarchitec-
tureshave shown promisefor eventswherethe peakgroupsizeis
small,ontheorderof 10to 100nodes[7]. However, thequestionre-
mainswhetheror not sucharchitecturesarefeasibleat largerscales
of 1,000sto 100,000sof nodes.

We believe that the �rst steptowardsansweringthe feasibility
questionis to obtainabetterunderstandingof theapplicationwork-
loadandthecharacteristicsof applicationend-points.We leverage
the wealthof datafrom Akamai Technologies,a large contentde-
livery network that provides live streamingservices.Becausethe
systemhasbeenin everydayusefor severalyears,thedatare�ects
common“real-world” applicationend-pointcharacteristicsandbe-
havior thatmay impactthechoiceof architectures.Inherentprop-
ertiesof applicationend-pointarchitectures,suchasheterogeneity
in bandwidthresourcesanddynamicgroupmembershipcouldad-
verselyaffectthefeasibilityof constructingausableoverlayfor data
delivery.

Welook at threekey requirementsfor feasibility: (i) theremust
be enoughresourcesto constructan overlay, (ii) a stableandcon-
nectedoverlaymustbemaintainedin thepresenceof groupdynam-
ics, and (iii) the overlay structuremust be ef�cient. Thesethree
requirementsarefundamentalin thesensethatanapplicationend-
point architecturehaslittle chanceof providing goodperformance
if theserequirementsarenot satis�ed. We �nd that in themajority
of commonscenarios,applicationend-pointarchitectureshave suf-
�cient inherentresourcesandstability. In addition,ef�cient overlay
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Figure1: Summary of live streams.
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Figure2: Sizeof large-scalestreams.

structurescanbeconstructedusingsimplealgorithms.Our �ndings
arguefor thefeasibilityof usingapplicationend-pointarchitectures
for large-scalelive streamingapplications.

In Section2, we describeand analyzethe streamingmedia
workloadthatwe usein our study. Section3 studiesthefeasibility
of constructingoverlaysusingtheresourcesavailableatapplication
end-points.In Section4, we look at overlaystability andevaluate
algorithmsto maintaininga stableoverlay in the presenceof dy-
namic groupmembership.Section5 looks at the constructionof
ef�cient overlays.Wesummarizeour �ndings in Section6.

2. LIVE STREAMING WORKLO AD
In this section,we analyzethe live streamingworkloadfrom a

large contentdelivery network to betterunderstandthe designre-
quirementsfor building a livestreamingsystem.Wefocusouranal-
ysis on characteristicsthat aremost likely to impactdesign,such
asgroupdynamics.In the following sections,we evaluatethe im-
pactof theworkloadontheperformanceof anapplicationend-point
architecture.

2.1 Data Collection and Summary Statistics
The logs usedin our study are collectedfrom the thousands

of streamingserversbelongingto AkamaiTechnologies.Akamai's
streamingnetwork is a staticoverlay composedof (i) edgenodes
locatedcloseto clients,and(ii) intermediatenodesthattakestreams
from the original contentpublisherandsplit andreplicatethemto
theedgenodes.Thelogsthatweusein thisstudyarefrom theedge
nodesthatdirectly serve client requests.

The logs werecollectedover a 3-monthperiod from October
2003to January2004. The daily statisticsfor live streamingtraf-
�c during that period is depictedin Figure1. The traf�c consists
of threeof themostpopularstreamingmediaformats,QuickTime,
Real,andWindowsMedia.In Figure1(a),thereweretypically 800-
1000 distinct streamson most days. However, therewasa sharp
drop in early Decemberanda drop againfrom mid-Decemberto
January(denotedby the vertical lines). This is becausewe hada
problemwith our log collection infrastructureanddid not collect
logsfor oneof formatson thosedays.To classifystreamsasaudio
or video streams,we look at the encodingbit rate. If the bit rate
is under80 kbps, then it is classi�ed as audio. Roughly 71% of
thestreamsareaudio,and7% arevideostreams.We did not clas-
sify 22%of thestreamsbecausetherewasinsuf�cient information
abouttheirstreamingbit rates.Figure1(b)depictsthenumberof re-
questsfor live streamswhich variesfrom 600,000on theweekends
to 1 million on weekdays.Again, the drop in requestsfrom mid-
Decemberonwardsis dueto the missinglogs. Note that thereare
an orderof magnitudemorerequestsfor audiostreamsthanvideo
streams.In addition,audiostreamshave extremelyregular week-
end/weekdayusagepatterns.On theotherhand,videostreamsare
lessregular, and are more dominatedby “short duration” special
eventswith the sharppeakscorrespondingto very large eventson
variousdays.

Streamingmediaeventscanbe classi�ed into two broadcate-
goriesbasedontheeventduration.The�rst category, whichwecall
non-stopevents,areeventsin which thereis live broadcastevery
day, all hoursof the day. This is similar to alwaysbeing“on-the-
air” in radioterminology. Thesecondcategory, whichwecall short
duration events,are eventswith well-de�ned durations,typically
on theorderof a coupleof hours.A typical exampleis a talk show
that runsfrom 9am-10amthat is broadcastonly duringthatperiod,
andhasno traf�c at any othertime during theday. For simplicity,
for eitheroneof thesecategories,we breaktheeventsinto 24-hour
chunks,whichwecall streams. For therestof thepaper, wepresent
analysison thegranularityof streams.Notethat for shortduration
events, a streamis thesameasanevent.

In this paper, we limit the discussionto large-scalestreams.
Large-scalestreamsarede�ned as the streamsin which the peak
groupsize, i.e., the maximumconcurrentnumberof participating
hosts,is larger than1,000hosts. Therewerea total of 660 large-
scalestreams,of which 55 werevideostreamsand605wereaudio
streams. Many of the audio streamsare non-stop, and all of the
videostreamsareshortduration.

Figure2 depictsthe peakgroupsizeand the total numberof
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Figure3: Lar gestevent.

requestsfor eachstreamonthey-axis.Eachpointonthex-axisrep-
resentsa stream.Notethatthesamevalueon thex-axison thetwo
curvesdo not necessarilycorrespondto the samestream. Across
all large-scalestreams,the peakgroup size rangesfrom 1,000to
80,000hosts,andthetotalnumberof requestsrangesfrom 2,000to
200,000.In additionto groupsize,we alsosummarizethesession
durationcharacteristics,whichareanalyzedin detail in Section4.

2.2 Workload Processing
Entity vs. incarnation: Wede�ne anentityasauniquehost,corre-
spondingto anIP address.An entityor hostmayjoin thebroadcast
many times,perhapsto tunein to distinctportionsof thebroadcast,
andasa resulthave many incarnations.
Log format: Eachentry in thelog correspondsto anincarnation's
session,or arequestmadeby auserto anedgeserver. Thefollowing
�elds extractedfrom eachentryareusedin our study.

� Useridenti�cation: IP address
� Requestedobject:streamURI
� Time-stamps:sessionstarttimeanddurationin seconds

2.3 Lar gestEvent
Next, wepresentmoredetailedstatisticsfor thelargesteventin

the logs. Theeventconsistedof threeencodedstreamsat bit rates
of 20 kbpsaudio,100 kbpsaudioandvideo, and250 kbpsaudio
andvideo. The event durationwas2 hours,from 19:00-21:00,as
shown in Figure3(a). The sharprise in membershipat 19:00is a
�ash crowd causedby everyonewantingto tunein to thestartof the
event. We notethat �ash crowds arecommonin our logs – about
40%of large-scalestreamshave �ash crowds. Combiningall three
streams,thepeakgroupsizewas74,000users.Therewereroughly
119,000IP addressesandover394,000requestsfor theentiredura-
tion of theevent.Notethatthereareroughly3.3requests/IPaddress.
This maybecausedby (i) usersthatjoin thebroadcastmany times,
perhapsto tunein to distinctportionsof thebroadcast,or (ii) mul-
tiple usersthat sharethesameIP addressesin thecaseof network
addresstranslators(NATs),proxies,or DHCP.

Notethat therearemany peoplewho join thebroadcastbefore
theeventstarted,perhapsto testthattheirsetupsareworking. Also,
therearemany peoplewho stayafter thebroadcastis over, for un-
known reasons(they mayhavejustleft theirmediaplayersrunning).
The 20 kbps audio streamhasa sharperdrop-off in membership
than the other streamsbecausemany usersswitch from audio to
a betterquality stream.The mostdynamicsegmentof the stream
wasbetween19:00-19:30,wherethe peakjoin ratewasover 700
joins/secondandthepeakleave ratewasover 70 leaves/second.

Figure3(b)depictsthecumulative distributionof sessiondura-

tion time in minutesfor thecombinedstreams.Thereis asharprise
at 2 minutescausedby a known client-sideNAT/�re wall problem
that forcesstreamingservers to time out on the connection. The
secondcurve depictsthe sessiondurationdistribution without the
incarnationsthatexperienced2-minutetimeouts.Theaverageses-
siondurationis22minutes,with 20%of sessionslastinglongerthan
30minutes.Theaverageis dominatedby thetail of thedistribution.
Exceptfor thetail, thebehavior is fairly dynamic.Forexample,over
55% of sessionsareshorterthan5 minutes. Furthermore,30% of
sessionsareshorterthan1 minute.We explorewhatthesenumbers
indicateaboutthestability of thesystemin Section4.

Unlessotherwisestated,in theremainingsections,wecombine
all threestreamsof this event into onestream,andreferto this one
streamasthe “largeststreamor event.” We assumethat the “de-
sired”encodingfor all hostsis 250kbps.

3. ARE THERE ENOUGH RESOURCES?
In anapplicationend-pointarchitecture,thereis nodependence

on costly pre-provisionedinfrastructure,makingit favorableasan
economicalandquickly deployablealternative for streamingappli-
cations.Ontheotherhand,thelackof any supportinginfrastructure
requiresthatapplicationend-pointscontributetheir outgoingband-
width resources.Thefeasibility of suchanarchitecturedependson
whetheror not thereareenoughbandwidthresourcesatapplication
end-pointsto supportall participantsat theencodingbit rate.

In this section,we look at the feasibility of supportinga large-
scalelive streamingapplicationusingonly the resourcesavailable
at applicationend-points. To answerthis feasibility question,we
run trace-basedanalysison the large-scalestreams.We �rst need
to estimatethe outgoingbandwidthresourcesat eachhost. Then,
usingtheseestimates,we derive the amountof resourcesfor each
streamover time. Note that the amountof resourcesis dependent
on thepatternsof joining andleaving of participatinghosts.

3.1 Outgoing Bandwidth Estimation
We de�ne resourcesastheamountof outgoingbandwidththat

hostsin thesystemcancontribute (i.e., how muchbandwidtheach
host can send). Next, we describethe methodologythat we use
to quickly andaccuratelyestimatetheoutgoingbandwidthof over
onemillion IP addressesof hoststhatparticipatedin thelarge-scale
streams.

3.1.1 BandwidthDataCollection
We usea combinationof datamining, inference,and active

measurementsfor theestimation.While themostaccuratemethod-



Accesstechnology Packet-pairmeasurement Outgoingbandwidth
estimate

Dial-upmodems 0 kbps � BW � 100kbps 30 kbps
DSL, ISDN, Wireless 100kbps � BW � 600kbps 100kbps
Cablemodems 600kbps � BW � 1 Mbps 250kbps
Edu,Others BW � 1 Mbps BW

Table1: Mapping of accesstechnologyto outgoingbandwidth.

ology would beto actively measurethebandwidthof all theIP ad-
dresses,it requiressigni�cant time andresources,andmany hosts
donotrespondto measurementprobesbecausethey �lter packetsor
they areoff-line. Next, wedescribethetechniquesweuseto collect
bandwidthdata.

Step1: As a �rst order�lter , we use“speedtest” resultsfrom
a popularweb site, broadbandreports.com.SpeedtestsareTCP-
basedbandwidthmeasurementsthatareconductedfromwell-provisioned
serversownedby thewebsite. Usersvoluntarily go to thewebsite
to test their connectionspeeds.Resultsfrom the testsareaggre-
gatedbasedon DNS domainnamesor ISPsandare summarized
over the pastweek on a publicly available web page. Approxi-
mately 10,000testsfor over 200 ISPsare listed in the summary.
Theresultsincludebandwidthmeasurementsin bothincomingand
outgoingdirections. We useonly the outgoingbandwidthvalues
for bandwidthestimation.We mapthe IP addressesin our stream-
ing logsto their ISPsusingDNSnames,andthenmatchtheISPsto
theoneslistedat broadbandreports.com.For the72%of hoststhat
matched,we assigntheir bandwidthvaluesto theonesreportedby
broadbandreports.com.

Step 2: Next, we aggregatethe remainingIP addressesinto
/24 pre�x blocksandconductedpacket-pairmeasurementsto mea-
surethe bottleneckbandwidthto several hostsin eachblock. Of
the13,483pre�x blocksprobed,7,463responded.Weusethemea-
surementresultsfrom the pre�x blocks to assignbandwidthesti-
matesto anadditional7.6%of theIP addresses,for atotalof 79.6%
estimatedso far. Note that packet-pair measuresthe averageof
the incomingandoutgoingbandwidth(becauseit relieson round-
trip time measurements).However, many accesstechnologieshave
asymmetricbandwidthproperties.For example,anADSL hostwith
anincominglink of 400kbpsandanoutgoinglink of 100kbpshas
a packet-pairmeasurementof 250 kbps. Using the averageof the
two directionscould over-estimatethe outgoinglink. Taking this
into account,we map the bandwidthmeasurementsfrom packet-
pair into the accesstechnologycategorieslisted in Table1, where
BW standsfor themeasuredbandwidthfrom usingpacket-pair. We
usethe valuesin the last columnasthe outgoingbandwidthesti-
mates.

Step 3: We useEdgeScape,a commercialproductprovided
by Akamai thatmapsIP addressesto hostinformation. Oneof the
�elds in the host information databaseis accesstechnology. We
comparedthe overlappingmatchesfrom this databaseto the ones
from broadbandreports.comand found them to be consistent.To
translateaccesstechnologyinto raw bandwidth,we usethevalues
in the“outgoingbandwidthestimate”columnin Table1. Usingthis
technique,we areableto assignestimatesto anadditional7.1%of
theIP addresses,for a totalof 86.7%estimatedsofar.

Step 4: Finally, we usethe host's DNS nameto infer its ac-
cesstechnology. Our �rst heuristicis basedon keywordssuchas
dsl,cable-modem,dial-up,wireless,.eduandpopularcablemodem
and DSL serviceproviders suchas rr.comand attbi. Using this
technique,we getestimatesfor anadditional2.2%of IP addresses.
As our secondheuristic,we manuallyconstructa databaseof small
DSL and cablemodemproviders, corporations,and international
educationalinstitutionsthatdo not usecommonkeywordsin their

Type Degree-bound Numberof hosts
Free-riders 0 58646(49.3%)

Contributors 1 22264(18.7%)
Contributors 2 10033(8.4%)
Contributors 3-19 6128(5.2%)
Contributors 20 8115(6.8%)

Unknown - 13735(11.6%)

Total - 118921(100%)

Table2: Assigneddegreefor the largestevent.

DNS names. This techniqueprovides estimatesfor an additional
1.2% of IP addresses.Again, we translateaccesstechnologyinto
bandwidthusingthevaluesin Table1.

Usingall 4 stepsprovidesuswith bandwidthestimatesfor 90%
of theIP addressesin thetraces.Wediscussour treatmentof there-
maining10%of hostswith unknown estimateslaterin this section.

3.1.2 Degree­BoundAssignment
To simplify thepresentation,wenormalizethebandwidthvalue

by the encodingbit rate. For example,if a hosthasan outgoing
link bandwidthof 300kbpsandtheencodingrateof thestreamis
250 kbps, then the normalizedvalue is ���
	�	
�
����	
�������������
��� .
Assuminga treestructurefor theoverlay, thishostcanhave anout-
degreeof 1, i.e., it can supportonechild at the full encodingbit
rate.Throughoutthis paper, we use“degree” insteadof kbpsasthe
outgoingbandwidthunit.

Thedegreeassignmentfor thelargestbroadcastis listedin Ta-
ble2. Half of thehostshave0-degreeandarelabeledasfree-riders.
Roughly39% of the hostsarecontributors,capableof supporting
oneor morechildren. Of these,6.8%arehostswho arecapableof
supporting20or morechildren.

The degreeassignmentderived from the outgoingbandwidth
valuere�ects the inherentcapacityof a host. However, all thatca-
pacity may not be available for use. For example,the bandwidth
may be sharedby many applicationson the samehost,or may be
sharedacrossmany end-hostsin the caseof a sharedaccesslink.
Also, usersmay not wish to contribute all of their bandwidthto
the system. In this paper, we setan absolutemaximumboundof
20 for the out-degree(degreecapof 20) suchthat no host in our
simulationscanexceedthis limit even if they have moreresources
to contribute. This roughly translatesto 5 Mbps for videoapplica-
tions. We alsostudythe effect of moreconservative policiessuch
asdegreecapsof 4, 6, and10.

3.1.3 HostsWith UnknownMeasurements
For the10% of IP addresseswithout bandwidthestimates,we

assignanestimateto themusing3 assignmentalgorithms.Theop-
timisticestimateassumesthatall unknownscancontributeupto the
maximumresourceallocation(whichwesetto bedegree20or less,
dependingon thedegreecap).Thisprovidesanupper-boundonthe
bestcaseresourceassignment.The pessimisticestimateassumes
thatall unknownsarefree-ridersandcontributeno resources.This
providesa lower boundfor the worst-case.The distribution algo-
rithm assignsa randomvaluedrawn from thesamedistribution as
theknown resources.This algorithmprovidesreasonableestimates
assumingthat the known andunknown resourcesfollow the same
distribution.

3.2 ResourceIndex
To measuretheresourcecapacityof thesystem,weuseametric

called Resource Index [7]. The ResourceIndex is de�ned as the
ratioof thesupplyof bandwidthto thedemandfor bandwidthin the
systemfor a particularencodingbit rate. The supplyis computed
as the sumof all the degreesthat the sourceandapplicationend-
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pointsparticipatingin thesystemcontribute.Notethatthedegreeis
dependenton theencodingbit rate,andin turn theResourceIndex
is alsodependenton the encodingbit rate. Demandis computed
as the numberof participatingend-points.For example,consider
Figure4,whereeachhosthasenoughoutgoingbandwidthto sustain
2 children.Thenumberof unusedslotsis 5,andtheResourceIndex
is ���! "�
#$�
�%�'&
��� . A ResourceIndex of 1 indicatesthatthesystem
is fully saturated,anda ratio lessthan1 indicatesthat not all the
participatinghostsin the broadcastcan receive the full encoding
rate. As theResourceIndex getshigher, theenvironmentbecomes
lessconstrainedandit becomesmorefeasibleto constructa good
overlaytree.A ResourceIndex of 2 indicatesthatthereareenough
resourcesto supporttwo timesthecurrentnumberof participants.

3.3 Trace Replay: Single­TreeProtocol
In thissection,weusetheResourceIndex tomeasuretheamount

of resourcesacrossa setof 81streams(all videostreamsand5%of
randomlyselectedaudiostreams)outof the660large-scalestreams.
To ensuresomecon�dencein our results,at least70%of theIP ad-
dressesin a tracemusthave bandwidthestimatesin orderfor it to
beanalyzed.

For eachstream,we replaythetraceusingthegroupparticipa-
tion dynamics(joins andleaves)andcomputethe ResourceIndex
for eachsecondin the trace. First, we discussthe resultsfor the
largestevent,andthenwe presenta summaryof theresultsfor the
otherlarge-scaleevents.

Figure5 depictstheResourceIndex asa functionof time,with
degreecapsof 6 (bottom3 lines)and20 (top 3 lines)children.The
time interval of interestis between19:00 - 21:00when the event
wastakingplace.Again,notethataResourceIndex above 1 means
that thereare suf�cient resourcesto supportthe streamusing an

applicationend-pointarchitecture.The highestandlowestcurves
for eachdegreecappolicy arecomputedusingoptimisticandpes-
simistic bandwidthestimatesfor unknowns, respectively. Regard-
lessof the treatmentof hostswith unknown estimatesandthe de-
greecappolicy, theResourceIndex is alwaysabove 1 during19:00
- 21:00.However, a degreecapof 6 placesmoreconstraintson the
resourcesin thesystemandcouldpotentiallymake it moredif�cult
to constructa treewith goodperformance.

Figure 6 depictsa summaryof the other large-scalestreams.
The ResourceIndex for audiostreamsis depictedin Figure6(a).
Eachpoint on thex-axis representsanaudiostream.They-axis is
theResourceIndex for that streamaveragedover thestreamdura-
tion. Thelowestcurve in the�gure is theResourceIndex computed
usingthepessimisticbandwidthestimatefor unknowns. For audio
streams,eventhepessimisticestimateis alwaysbetween2-3 when
usinga degreecap of 4. This is expectedbecauseaudio is not a
bandwidth-demandingapplication. The typical encodingrate for
audiois 20kbpswhich is low enoughfor mosthostson theInternet
to support,includingdial-upmodems.Thus,applicationend-points
participatingin audiostreamingapplicationscanprovidemorethan
enoughresourcesto supportlive streaming.

Figures6 (b), (c), and(d) depict the averageResourceIndex
for video streamswith degreecapsof 6, 10, and20 children. As
the degreecap increases,the ResourceIndex increases.The top
mostcurve in all 3 �gures representstheoptimisticestimatefor un-
knowns. In themostoptimisticview, acrossall degreecappolicies
(6,10,and20),only onestreamhadaResourceIndex below one.In
theworstcasescenario,wherethedegreecapis 6 andtheunknown
assignmentpolicy is pessimistic,roughly a third of video streams
hadResourceIndex below 1.

In orderto determinefeasibility, welook attheinherentamount
of resourcesin thesystem.Usingadegreecapof 20andthedistribution-
baseddegreeassignmentfor unknowns asdepictedin Figure6(d),
we �nd thatonly 1 streamhasa ResourceIndex of lessthan1. The
streamwith the worst ResourceIndex (labelled40 on the x-axis)
had an encodingrate of 300 kbps, but was composedalmostex-
clusively (96%)of homebroadbandusers(DSL andcablemodem).
Many homebroadbandconnectionscanonly support100-250kbps
of outgoingbandwidth,which is less than the encodingbit rate.
Therefore,suchhostsdid notcontributeany resourcesto thesystem
at all.

To betterunderstandwhetheror not thiscompositionof hostsis
common,we look at thenatureof theevent.This is ashortduration
stream,startingonSundaynightat11pmandendingat2amin local
time,wherelocal time is determinedbasedon thegeographicloca-
tion of the largestgroupof hosts. Section5 givesan overview of
how geographiclocationis determined.Mostparticipantsarehome
usersbecausetheeventtookplaceonaweekendnightwhenpeople
aremostlikely to beat home.About 5 of the55 large-scalevideo
streamshave this behavior. Their ResourceIndex is closeto 1 for
thedistribution-baseddegreeassignmentin Figure6(d). In contrast,
mostof the otherstreamstake placeduring the day, andareoften
accessedfrom moreheterogeneouslocationswith potentiallymore
bandwidthresources,suchasfrom schoolor theworkplace.

To summarizetheresultsin this section,we �nd that thereare
morethansuf�cient bandwidthresourcesamongstapplicationend-
points to supportaudio streaming. In addition, thereare enough
inherentresourcesin thesystemat scalesof 1000or moresimulta-
neoushoststo supportvideostreamingin over90%of thecommon
scenarios.This indicatesthatusingapplicationend-pointarchitec-
turesfor live streamingis feasible.While we have shown thatthere
are inherent resources, we wish to point out that designingpoli-
ciesandmechanismsto encourageparticipantsto contribute their
resourcesis beyondthescopeof thispaper. Wehave lookedatsim-
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Figure6: AverageResourceIndex for eachstream.

ple policies,suchascappingthe degreeboundto a staticamount
to make surethatno personcontributesmorethanwhat is consid-
eredto be “reasonable.” Therecouldbemorecomplex policiesto
allow usersto individually determinehow muchthey arewilling to
contributein returnfor somelevel of performance[6].

While thereareresourcesin thecommonscenarios,in 10%of
thecasestherewerenot enoughresources(or closeto not enough)
to allow all participantsto receive at thefull encodingrate. In such
scenarios,therearethreegenericclassesof alternativesto consider.
The �rst alternative is to enforceadmissioncontrol andreject in-
coming free-riderswhen the ResourceIndex dips below one. A
secondalternative is to dynamicallyadaptthe streamingbit-rate,
either in the form of scalablecoding[15], MDC [11], or multiple
encodingrates[7]. This hastheadvantagethat thesystemcanstill
be fully supportedusinganapplicationend-pointarchitecturewith
a reductionin theperceivedqualityof thestream.Lastly, a third al-
ternative is to addresourcesinto thesystem.Theseresourcescanbe
staticallyallocatedfrom infrastructureservicessuchascontentde-
livery networks(CDNs)with theadvantagethat theresourcesonly
needto complementthealreadyexisting resourcesprovidedby the
applicationend-points.Anothersolutionis to allocateresourcesin
a moreon-demandnatureusinga dynamicpool of resources,for
example,usinga waypointarchitecture[7].

3.4 Impact of NATs and Fir ewalls
Onefactorthatcannegatively impactourresultsis thepresence

of participatinghoststhathaveconnectivityrestrictionsbehindNet-
work AddressTranslators(NATs) and�re walls. Suchhostscannot
communicatewith otherconnectivity restrictedhostsand thusre-
ducethenumberof usablepair-wiseoverlaylinks. Recently, several
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solutionshavebeendevelopedto allow hostsbehindNATsand�re-
walls to participatein overlaymulticast[10]. Suchsolutionsenable
all hostsexceptfor hostsbehindsymmetricNATs [23] andcertain
�re walls to have universalconnectivity. For thepurposeof this pa-
per, weassumethatthesesolutionsareimplemented.Thus,ourcon-
cernis with symmetricNATsand�re walls thatstill areconnectivity
restricted.Notethattheconnectivity semanticsof asymmetricNAT
is that it cannotcommunicatewith other symmetricNATs. Fire-
walls,on theotherhand,canhave arbitraryconnectivity semantics.
For thispaper, weassumethat�re wallshavethemostrestrictivese-
mantics– thesameassymmetricNATsin they cannotcommunicate
with othersymmetricNATs or �re walls. Thus,links betweentwo
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differentsymmetricNATsor �re wallscannotbeusedin theoverlay.
To simplify the discussion,we will refer to both symmetricNATs
and�re walls thathave thesameconnectivity semanticsassymmet-
ric NATs for therestof this section.

To understandhow our resultschangein thepresenceof sym-
metric NATs, we considertheResourceIndex asa functionof the
percentageof symmetricNATs in thesystem.We refer thereaders
to [10] for the detailson how to implementthe optimizationsand
computetheResourceIndex with connectivity restrictions.

Figure7 depictstheResourceIndex for thesamevideostreams
asthosedepictedin Figure6(b)with adegreecapof 6 andadistribution-
basedestimateof unknowns. Eachline representsa scenariowhere
thereare0% to 50% of restrictedhosts(symmetricNATs) in the
system.Thereis little or no differencebetweenthe 0%, 20% and
30% cases(the curvesoverlap). We start to seea drop in the Re-
sourceIndex whenmorethan40-50%of thehostsareconnectivity
restricted.However, thedropis not thatsigni�cant astheResource
Index is still above 1 for 67%of thestreamsevenwhenhalf of the
hostsareconnectivity restricted.This is similar to whenthereare
noconnectivity restrictedhostsin thesystem(Figure6(b)). Further-
more,from operationalexperiencewith EndSystemMulticast[10],
the percentageof symmetricNATs is usually much lower (10%-
30%). In suchregimes,the ResourceIndex is the sameaswhen
thereareno symmetricNATs given that all NAT-basedoptimiza-
tionsareimplementedin theprotocol.

To summarize,for the large-scalestreamsin our traces,the
presenceof 40% or moreconnectivity restrictedhostsin the sys-
temreducestheResourceIndex. However, suchreductionsarenot
signi�cant enoughto make theResourceIndex dropbelow oneun-
lessit wasalreadybelow onewithout connectivity restrictedhosts
in thesystem.In addition,for realisticpercentagesof NATs (10%-
30%),theResourceIndex is unchangedcomparedto whenthereare
no NATs in thesystem.

3.5 Multiple­T reeProtocols
In the previous section,we analyzedthe amountof resources

for single-treeprotocols.More recently, multiple-treeprotocols[4,
18,13] have beenproposedto increasetheoverall resilienceof the
system.Suchprotocolsaretightly coupledwith specializedvideo
encodings,suchasmultiple descriptioncoding(MDC). Thevideo
streamis encodedinto ( independentdescriptions(or sub-streams)
anddistributedacross( independenttrees.

Theimplicationof multiple treesandMDC onresourcesis that
theamountof resourcesin thesystemmayincreaseastheresidual
bandwidththat was previously unusedin the single-treeprotocol
maynow beused.For example,if ahosthasanoutgoingbandwidth

of 300kbps,andthestreamis encodedat250kbpsfor asingletree,
then the hosthasa residualbandwidthof 50 kbps that is unused.
On theotherhand,if thestreamis encodedusingMDC into many
descriptionseachat 50 kbps,thenthehostcancontributeall of its
outgoingbandwidthto thesystemto transmitup to 6 descriptions.

Overall, theuseof MDC andmultiple treesshouldalwaysre-
sult in an increasein thesupplyof resourcescomparedto a single
tree.To quantifytheincrease,we modify theResourceIndex com-
putationas follows. We allow fractional supply (wherethe frac-
tion correspondsto the residualbandwidth)to beused.For exam-
ple, thesupplyfor thehostin thepreviousexampleis computedas

�
	�	�������	)�*�
+ � . Weassumethedemandremainsthesameasin the
single-treecase– this is simplisticin thatwe areassumingnoover-
headandno redundancy in the encoding. A hostneedsto collect
at least5 descriptionsin this example( ��,-�
	.(�/10-2.�*�
�
	3(�/10-2 ), to
have goodquality video. The intuition behindthis is thata stream
that is originally encodedat 250kbps,saya tennismatch,is jerky
andnot watch-ableat 50 kbps,or evenat 200kbps. If it wereper-
fectly watch-able,thenthestreamwouldhavealreadybeenencoded
at thelower ratefor thesingle-treeprotocol.

Figure8 depictsthe ResourceIndex for the multiple-treepro-
tocol for the samevideo streamspresentedearlier in Figure6(b).
Also depictedis the ResourceIndex for the single-treeprotocol.
Thecon�gurationshown hereis for degreecap6 (or theequivalent
in kbps)andthe distribution-basedassignmentfor unknowns. To
have suf�cient resources,a ResourceIndex higherthan1 is needed
for boththesingle-treeandmultiple-treeprotocol.We �nd thatfor
thestreamsthathadsuf�cient resourcesusingasingle-treeprotocol,
usingamultiple-treeprotocolcanincreasethebandwidthresources
up to 20-25%. More interestingly, for the remainingstreamsthat
did not have suf�cient resourcesusing a single-treeprotocol, the
ResourceIndex increasesfrom below 1 to above 1 for all but one
streamwhenusinga multiple-treeprotocol. The valueof the Re-
sourceIndex determineshow muchencodingoverheadthesystem
cansupport.For example,a ResourceIndex of 1.1meansthat10%
of overheadmaybeadded.

To summarize,usingmultiple treesandMDC canincreasethe
amountof resourcesin thesystem.With a degreecapof 6, 1/3 of
the streamshad a ResourceIndex of below 1 using a single-tree
protocol. Using a multiple treeprotocol, in all but onecase,the
ResourceIndex is above 1. Thus,multiple-treeprotocolsincrease
thefeasibility of overlaymulticastespeciallyfor thosestreamsthat
do nothave abundantresources.

3.6 ResourcesSummary
Ourresultsindicatepromisefor applicationend-pointarchitec-

tures. Using a single-treeprotocolanda singleencodingrate,all
audiostreamshaveabundantresourcesandmostvideostreamshave
enoughinherentresources.With realisticpercentagesof NATs and
�re walls in thesystem,theresourcecharacteristicsis thesameasif
therewereno NATs and�re walls. Lastly, in resourceconstrained
environments,usingmultiple-treeprotocolscanincreasethesupply
of resourcesin thesystemandimprove thesituation.

4. IS THERE ANY STABILITY?
In thissection,welook atfeasibilityof maintainingastableand

connectedtreein thepresenceof groupdynamics.In addition,we
evaluatemechanismsthatcanbeusedto increasethestabilityof the
overlay.

4.1 ExtremeGroup Dynamics
Figure9 depictsthesessiondurationcharacteristicsfor the660

large-scalestreams.Thex-axis is thesessiondurationin minutes.
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They-axis is thecumulative distribution of thenumberof streams.
The�rst curve on theleft depictsthecumulative distribution of the
observed 5th percentilesessionduration in all 660 streams. For
example,5% of incarnationsin 30% of the streamshaddurations
of shorterthan1 second.The next 3 curvesarefor the25th,50th
and95thpercentile.Notethatthesamevalueonthey-axisdoesnot
necessarilycorrespondto thesamestreamonall thecurves.

Basedon this �gure, we make two observations. First, there
is a signi�cant numberof very shortsessions.Looking at the25th
percentilecurve,we �nd thatfor moststreams,25%of sessionsare
under2 minutes.Furthermore,themostdisastrousis thatin the50th
percentilecurve,20%of thestreamshaveextremelydynamicgroup
membershipwith half of thesessionsshorterthan5 minutes.With
suchshortsessiondurations,it seemsveryunlikely thattherecould
beany stability.

Our secondobservation is that thereis a heavy tail, wherea
small numberof incarnationshave very long sessions.The 95th
percentilecurve in Figure9 shows that for moststreams,the95th
percentilesessiondurationis longerthan30 minutes.Perhapsthe
tail canhelpaddsomestability to thetree.Notethattheseobserva-
tionsareconsistentwith thesessiondurationanalysisof thelargest
event in Section2.

4.2 Stability Metrics
Whenan incarnationleaves,it causesall of its descendantsto

becomedisconnectedfrom theoverlayandstopreceiving data.Dis-
connectsareperceived asglitchesin the stream,resultingin poor
performance.Disconnecteddescendantswill needto �nd new par-
entsandreconnectto continuereceiving the stream. Therefore,a
desirabletreeis onein which whenan incarnationleaves,no one
is affected. Incarnationsthatwill stayfor a long time shouldbeat
thetopof thetree,andincarnationsthatwill stayfor shortdurations
shouldbe leaf nodesat thebottomof the tree. To capturestability
of theoverlaywe look at two metrics:

� Mean interval betweenancestorchangefor eachincarnation.
This metric capturesthe typical performanceof eachincarnation.
An ancestorchangeis causedby anancestorleaving thegroup,typ-
ically resultingin a glitch in thestream.Frequentglitchesmaybe
annoying. Therefore,the longerthe interval, the bettertheperfor-
mance.If a hostseesonly oneancestorchangeduring its session,
the time betweenancestorchangeis computedasits sessiondura-
tion. If a host seesno ancestorchangesat all, the time between
ancestorchangeis in�nite.

� Number of descendantsof a departing incarnation. Thismetric
capturesoverall stability of thesystem.If many hostsareaffected
by onehostleaving, thentheoverall stability of thesystemis poor.

However, assuminga balancedtree,mosthostswill be leaf nodes
andwill not have children. Therefore,we hopeto seethat a large
percentageof hostswill nothave childrenwhenthey leave.

4.3 Overlay Protocol
Wesimulatetheeffectof groupdynamicsontheoverlayproto-

col usinga trace-drivenevent-basedsimulator. Thesimulatortakes
thegroupdynamicstracefrom therealeventandthedegreeassign-
mentsbasedonthetechniquesin theprevioussection,andsimulates
theoverlay treeat eachinstantin time. Hostsin thesimulatorrun
a fully distributed self-organizingprotocol to build a single con-
nectedtreerootedatthesource.Theprotocolis asimpli�ed version
of theoneusedin theEndSystemMulticastproject[7]. Note that
we donot simulateany network dynamicsor adaptationto network
dynamics.Thefollowing protocolfunctionsof thesimpli�ed proto-
col arealsocommonacrossmany of theexisting overlaymulticast
protocols.
Host Join: Whenahostjoins,it contactsthesourceto getarandom
list of 4 currentgroupmembers.In our simulations,4 is set to
100. It then picks one of thesemembersas its parentusing the
parentselectionalgorithmdescribedbelow.
Host Leave: When a host leaves, all of its descendantsare dis-
connectedfrom the overlay tree. For eachof its descendants,this
is countedasan ancestorchange.Descendantsthenconnectback
to the treeby independently�nding a new parentusingthe parent
selectionalgorithm. Note that we prioritize reconnectionsby al-
lowing descendantsthat contribute resourcesto connectback�rst,
beforefree-riders.This preventsfree-ridersfrom saturatingthetree
beforeall descendantsareableto reconnect.This is implemented
by having hoststhat contribute fewer resourceswait longerbefore
trying to reconnect.
Parent Selection: Whena hostneedsto �nd a parent,it selectsa
setof 4 randomhoststhatarecurrentlyin thesystem,probesthem
to seeif they arecurrentlyconnectedto thetreeandhaveenoughre-
sourcesto supportanew incomingchild, andthenranksthembased
on theparentselectioncriteriadescribedin thenext section.In our
simulations,4 is setto 100. We do not simulatethe mechanisms
for learningabouthostscurrentlyparticipatingin the system,but
assumethatsuchmechanismsprovide randomknowledge.In a real
implementation,Gossip-basedmechanisms[22] maybeused.

4.4 Parent SelectionAlgorithms
The parentselectionalgorithmdeterminesthe stability of the

overlay. If hostshavestableparents,asopposedto unstableparents,
thenthe treeis likely to be morestable. We ran simulationson 4
parentselectionalgorithms. Note that the chosenparentneedsto
be connectedto the treeandhave enoughresourcesto supportan
incomingchild (hasnot saturatedits degree-bound),in additionto
satisfyingtheparentselectioncriteria.

� Oracle: A host choosesthe parentwho will stay in the system
longer than itself. If no hostwill stay longer, it choosesthe host
thatwill staythelongest.Thisalgorithmrequiresfutureknowledge
andcannotbeimplementedin practice.However, it providesagood
baselinecomparisonfor theotheralgorithms.

� Longest-�rst: This algorithm attemptsto predict the future and
guesswhichnodesarestableby usingtheheuristicthatif ahosthas
stayedin the systemfor a long time, it will continueto stayfor a
long time. Theintuition is that if thesessiondurationdistributions
areheavy-tailed,thenthisheuristicshouldbeareasonablepredictor
for identifying thestablenodes.

� Minimum depth: A host choosesthe parentwith the minimum
depth. If thereis a tie, a randomparentis selectedfrom the ones
with the minimum depth. The intuition is that balancedshallow
treesminimizethenumberof affecteddescendantswhenanances-
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Figure10: Stability performanceof largestevent.
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Figure11: Stability performancefor 50 large-scalestreams.

tor higherupat thetopof thetreeleaves.
� Random:A hostchoosesarandomparent.Thisalgorithmprovide
a baselinefor how a “stability-agnostic”algorithmwould perform.
Intuitively, randomshouldperformtheworstcomparedto theabove
algorithms.

Weusedthedegreeassignmentfrom theprevioussection,with
a degreecapof 4 for audiostreamsand20 for videostreams,and
thedistribution-basedassignmentfor thehostswith unknown mea-
surements.Unlessotherwisestatedwe usethis samesetup for all
subsequentsimulations.

4.5 Results: Single­TreeProtocol
We simulatedthe performanceof the 4 parentselectionalgo-

rithms for the largestevent over themostdynamic30-minuteseg-
mentfrom19:00-19:30.Wedidnotusethesessionswith NAT/�re wall
timeoutproblemsdiscussedin Section2 in thesimulationsbecause
their2-minutesessiondurationsarearti�cial. Eachparentselection
algorithmis simulated10times,eachtimeusingadifferentrandom
seed.

The cumulative distribution (CDF) of the meantime interval
betweenancestorchangeis depictedin Figure10(a). The x-axis
is time in minutes. A larger interval is more desirable. Because
we aresimulatinga 30-minutetrace,themaximumtime interval is
30 minutes,if a hostseesoneancestorchange.Hoststhat do not
seeany ancestorchangeshave anin�nite interval. For presentation
purposes,we representin�nity as 31 on the x-axis. The bottom
most line in the �gure representsthe CDF whenusing the oracle
algorithm.Roughly10%of theincarnationssaw only oneancestor
changein 30 minutes. Furthermore,87% of incarnationsdid not
seeany changesat all. In fact, therewereonly oneor two events
that causedancestorchangesacrossall the runs. It is surprising

thatthereis stability in thesystemduringthebusiest30 minutesin
thetrace.In addition,theoverlaybuilt by theoraclealgorithmcan
exploit thatinherentstability.

Thesecond-bestalgorithmis minimumdepth.Over90%of the
incarnationssaw eitherno changesor 5 or moreminutesbetween
changes.Thisshouldbetolerableto humansasthey will seeaglitch
every 5 minutesor so. Therandomalgorithmandthe longest-�rst
algorithmperformedpoorly in this metric. For random,only 70%
of the incarnationssaw no changesor 5 or moreminutesbetween
changes.To our surprise,thelongest-�rst algorithmperformedthe
worst, with 50% of incarnationsseeingdecentperformance.The
reasonthatit did notperformwell stemsfrom severalfactors.While
it correctlypredictedstablenodesin 91%of thecases,it waswrong
for the remaining9% asdepictedin Figure10(b). Thenumberof
descendantsof adepartinghostis onthex-axis,in log scale.They-
axisis thecumulative percentageof departinghosts.If longest-�rst
werealwayscorrect,it would overlapwith the y-axis, like oracle
wherealmostall departinghostshadno descendants.Oneof the
dif�culties in gettingaccuratepredictionsis that at the startof the
event,almostall hostswill appearto have beenin thegroupfor the
sameamountof time making stablehostsindistinguishablefrom
dynamichosts. Note that longest-�rst is predictingcorrectly for
morecasesthanrandomandminimumdepth,which had72%and
82%of incarnationswith nodescendantswhenthey left thesystem.
To explain thepoorperformance,we look at thesecondfactor.

Thesecondfactoris that theconsequenceof its mistake is se-
vereasdepictedin Figure10(c). The x-axis is the averagedepth
of eachnodein thetree.Thelongest-�rstalgorithmhastaller trees
thantherandomandminimumdepthalgorithms.Therefore,whenit
guessesincorrectly, a largenumberof descendantsareaffected.We
examinedthe tail endof Figure10(b) morecloselyandcon�rmed
thatthis wasthecase.

Oneinterestingobservation is that theoraclealgorithmbuilds
the tallesttree. The intuition hereis thatnodesthatarestablewill
cluster togetherand “stable” brancheswill emerge. More nodes
will clusterunderthesebranches,makingthe treetaller. Although
the height doesnot affect the stability resultsin our simulations,
in practicea tall tree is more likely to suffer from problemswith
network dynamics.

We �nd that minimum depthis the mosteffective androbust
algorithmto enforcestability. Its propertyof minimizing damage
seemsto be thekey to its goodperformance.The fact that it does
not attemptto predictnodestability makesit morerobustto a vari-
ety of scenarios,asdepictedin Figure11. We ran thesamesetof
simulationsusing4 parentselectionalgorithmsfor 50 of thelarge-
scalestreams.Thesearethesamestreamsastheonespresentedin
Section3, but with only half of thevideostreamspresent.Again,
we usedthedistribution-basedassignmentfor hostswith unknown
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Figure12: Stability performancefor multiple tr ees.

measurements,a degreecapof 20 for videostreams,anda degree
capof 4 for audiostreams.Thesimulationswererun over themost
dynamic1-hoursegmentsin eachtrace.We assumea conservative
cut-off for poor performance:an incarnationthat seesan ancestor
changemorefrequentlythanoncein 5 minutesis seeingpoorper-
formance.Thex-axis is thestreamandthey-axisis thepercentage
of incarnationsthat seepoor stability performancein that stream.
Again, the oraclealgorithmperformedthe bestwith moststreams
having no incarnationswith poor performance. Minimum depth
performedthe secondbestwith 45 out of the 50 streamshaving
20%or lessincarnationswith poorstability performance.Random
and longest-�rst both performedpoorly with 5-10 streamswhere
50%or moreincarnationsseepoorperformance.

Whilewepresentresultsbasedon4parentselectionalgorithms,
wealsoexploredmany designalternatives.For example,welooked
atprioritizingcontributorsandcombiningmultiplealgorithms.How-
ever, we do not presentthemin this paperdueto spacelimitations.
Wenotethatalternatealgorithmsdid notperformaswell astheones
listedabove. For example,whentheparentselectionalgorithmpri-
oritized contributors suchthat they are higher up in the tree, the
performancewasaspoor asrandom.This is explainedby the ob-
servation that thereis no correlationbetweenbeing a contributor
andbeingstable.

Wealsolookedat theimpactof resourceon stability. In partic-
ular, we looked at whetherthereis morestability if therearemore
highdegreenodes(i.e.,moreresources).Weransimulationson the
audiostreamswith degreecapsof 6 and10, and found that there
wasonly a slight improvementcomparedto whenthe degreecap
was4.

To summarize,we�nd thatthereis inherentstability in applica-
tion end-pointarchitectures.Without futureknowledge,thereexists
practicaland simple algorithmssuchas minimum depththat can
provide goodstability performance.While we have lookedat how
to reducethe numberof ancestorchangesin the system,another
importantdirectionis to reducetheperceivedimpactof anancestor
change.In particular, mechanismssuchasmaintainingapplication-
level buffers to smoothout interruptionscould help while the af-
fecteddescendantsarelooking for new parents.Multiple-treepro-
tocols,which we discussnext, mayalsohelp reducethe impactof
ancestorchanges.

4.6 Impact of Multiple­T reeProtocols
In multiple-treeprotocols,the streamis split and distributed

across( independenttrees.Theprobabilityof many treesseeingsi-
multaneousdisruptionsis small. In addition,with suf�cient redun-
dancy in theencoding,theimpactof adisruptionin onetreemaybe

negligible. Ontheotherhand,becauseahostnow has( timesmore
ancestors,it is likely that it would seea largernumberof ancestor
changesoverall. Although frequentancestorchangesmay not al-
waysaffectperceivedquality, it createsmoreprotocoloverheadand
activity onthenetwork becausehostsneedto �nd new parentsmore
frequently.

To exploretheeffect of multiple-treeprotocolson stability, we
simulatethesame50streamsasthosedepictedin Figure11usinga
multiple-treeprotocol. Therearethreemodi�cations to thesingle-
treeprotocolin Section4.3.Exceptfor thechangesbelow, eachtree
is independentlyconstructedusingthesingle-treeprotocol.
Independenttr ees:To maintainindependencebetweentrees,each
hostisaninteriornode(contributorof resources)in onlyonetree[4].
A hostselectsthetreethat it will contributeits resources,andjoins
that treeasa contributor. It joins theremainingtreesasleaf nodes.
Thus,whenit leavesthebroadcast,it will only affect thestabilityof
onetreebecauseit hasdescendantsin only onetree.
Load balancing: Weimplementloadbalancingof resourcesamong
treessuchthatall treeshaveroughlythesameamountof resources.
The loadbalancingalgorithmis run at join time, wherea hostwill
becomeacontributor(interiornode)for thetreewhichcurrentlyhas
thelowestResourceIndex. Thesourcekeepstrackof theResource
Index by maintaininga countof the amountof resourcesin each
treeandthecurrentnumberof incarnationsin thesystem.
Preemption: Theremay be caseswherea treemay be saturated
andnot have enoughresources.If a new hostwereto join thetree,
it wouldnotbeableto. To allow new contributorsto join, they may
preemptexisting “free-riders”in thetree.Preemptioninvolvesdis-
connectingthefree-riderfrom thetreeto openupa positionfor the
new incomingcontributor. The contributor takesthe free position
andmay acceptthe free-riderthat waspreemptedto join underit
as its child. We implementa limited form of preemptionwherea
new contributor only preemptsfree-ridersat depth1 (i.e., children
of thesource)andfoundthisto besuf�cient for theworkloadsin our
study. Overall, preemptionrarely take place. Even for the stream
with the mostpreemption,preemptioncausedonly 4% of discon-
nectscomparedto the96%causedby departinghosts.

Generally, MDC encodingaddsredundancy andoverheadcom-
paredto theoriginal stream.In oursimulations,we assumethatthe
overheadis 25%. In practice,this overheaddependson the spe-
ci�c videostreamandtheMDC optimization.Settingthis number
too low couldresultin poorresilience;settingthisnumbertoohigh
wastesbandwidthresources.We run the simulationsusing three
con�gurations: 4, 8, and16 trees. Eachtreecarriesa fraction of
thesourcerate. For example,in the4-treecon�guration,eachtree
carries1/4 of the original sourcerate with 25% redundancy and
overhead.With 25%redundancy, receiving 3 out of 4 descriptions
is suf�cient. Only resultsfor the minimum depthparentselection
algorithmarepresented.Note that minimum depthperformedthe
bestamongstall the practicalalgorithmsevaluatedfor the single-
treeprotocol.

First,welook atthepercentageof incarnationsthatseefrequent
ancestorchanges(haveanaverageinterval betweenancestorchange
shorterthan5 minutes,similar to thesingle-treecase).Becausean
incarnationhasmultiplesimultaneousparents,onein eachtree,it is
likely to seemorefrequentancestorchangesasmoretreesareused.
Simulationresultscon�rm this intuition. We�nd thatwith 16 trees,
acrossthe50streams,onaverage75%of incarnationsin thestreams
seetoo frequentancestorchanges.With 8, 4, andsingle-tree,the
percentagedropsto 55%,32%,and8% respectively. While this in-
dicatesthatprotocoloverheadincreasessigni�cantly with multiple
trees,it doesnot indicatetheperceivedqualityof thestreams.

Next, to understandperceivedquality, welookattheaveragein-
terval betweentoo manysimultaneousdisconnects.As previously



mentioned,beingdisconnectedfrom onetreedoesnot impact the
quality of thestream.However, beingdisconnectedfrom too many
treessimultaneously, or over 25%of thetreesin our con�guration,
indicatespoorperceivedquality. Weassumethatwhenahostis dis-
connected,it takesonesecondfor it to �nd anew parentandconnect
backto the tree. They-axis in Figure12 depictsthepercentageof
incarnationsthat seetoo many disconnects,de�ned asmoreoften
thanoncein 5 minutes.Thex-axis is the50 large-scalestreams–
thesameasin thesingle-treeanalysisin theprevioussection.They-
axisis truncatedat5%to betterillustratethedifferencesbetweenthe
differentcon�gurations. In addition,theprevious resultsfrom the
single-treeminimumdepthprotocolarealsodepicted.Thepercent-
ageof incarnationswith poor stability is higherfor the single-tree
protocol. For the multiple-treeprotocol,using4 trees,all streams
have lessthan5% of incarnationswith poor performance.Fewer
incarnationsseepoor performanceasmoretreesareused.For ex-
ample,using16 trees,all streamshave lessthan2%of incarnations
with poorstability performance.

In this section,we seethatmultiple treescanincreasetheper-
ceivedquality of thestreams.However, the improvedperformance
comesat a costof morefrequentdisconnects,moreprotocolover-
head,andmorecomplex protocols.

5. CAN EFFICIENT OVERLAYS BE
CONSTRUCTED?

In this section,we look at the feasibility of constructingef�-
cient large-scaleoverlays.An ef�cient overlay is onein which the
overlay structureclosely re�ects the underlyingIP network. The
challengeis to enablehoststo discover othernearbyhoststhatmay
be usedasparents.Whenthereareasmany as70,000otherhosts
simultaneouslyparticipating,it is notpossiblefor ahostto know ev-
eryoneelsebecauseit would requiresigni�cant protocoloverhead
to maintainsuchknowledge.As a result,eachhostwill only know
a subsetof thecurrentmembership.In orderto constructef�cient
overlays,thatsubsetmustcontainhoststhatarenearby.

Wedevelopandanalyzetechniquesfor partitioningapplication
end-pointsinto clusters.Onememberof eachclusteris designated
as the clusterhead(alsocalledmembership server). Hostsin the
sameclustermaintainknowledge aboutone another. Clustering
policies that leveragenetwork proximity have the potentialto in-
creasetheef�ciency of theoverlaystructure.

5.1 Membership Management
Next, we describethe clustering-basedmembershipmanage-

mentprotocolhostsuseto maintainanddistributegroupmember-
ship information. We wish to highlight that the simplicity of the
protocolallows for simplerecoverygiventhedynamicarriving and
departingnatureof themembershipservers.
Handling host join: A new hostjoining thesystemcontactsa ren-
dezvous point, often the sourceof the broadcastwho is respon-
sible for knowing the currentmembershipserversparticipatingin
thebroadcast.Therendezvouspoint respondswith a list of current
membershipservers. The new joining hostthenselectsoneof the
membershipserversto contact,eitherrandomlyor by usingcluster-
ing techniquesdiscussedin thenext section.Theselectedmember-
shipserver replieswith afreshlist of currentmembersthatit knows
(mostly insidethesamecluster).Thejoining hostthenusesthelist
in the treeconstructionprotocol to connectitself to the treevia a
memberin thelist.
Creating membership servers: The rendezvous point is respon-
sible for ensuringthat thereareenoughmembershipserversin the
system. Membershipserversarecreatedon-demandbasedon the
needsof the system. For example,when a new host arrives and

thereare not enoughmembershipservers in the system,the ren-
dezvouspoint will immediatelyassignthenew hostto functionas
a membershipserver (assumingthenew hosthasenoughresources
to supportthecontroltraf�c).
Recovering fr om membershipserver dynamics: Becausewe are
usingapplicationend-pointsasmembershipservers,we mustcope
with membershipservers leaving. Justbeforeleaving, a member-
ship server looks to seeif it can promoteoneof the hostsinside
its own clusterto becomethenew membershipserver. It is possi-
ble thata promotionmaynot bepossiblebecauseof resourcecon-
straints. In suchcases,the rendezvous server will notice that the
numberof membershipservershasdecreasedandwill createa new
membershipserver from thenewly arriving hosts.Notethatwhena
membershipserver leaves,it doesnotaffectdatadeliveryexceptfor
thehoststhatareits own directdescendants.Theexistinghoststhat
werepartof thedepartingmembershipserver's clusterneedto �nd
anew membershipserver. If apromotionwassuccessful,thenewly
promotedhostbecomestheir replacementmembershipserver. The
membershipstatecanbequickly refreshedashostscansendexplicit
livenessupdatesto thereplacementmembershipserver. If apromo-
tion wasnot successful,hostswill move to differentmembership
servers.
Statemaintenance: In orderto recover from membershipservers
departingthebroadcastdynamically, all membershipserversexplic-
itly exchangestateabouttheir livenesswith the rendezvouspoint.
Membershipserversalsomaintainexplicit state,liveness,and in-
formationaboutothermembershipserversanda randomsubsetof
membersoutsidetheir cluster. In addition,all hostsinsidea cluster
exchangeexplicit stateandmaintainkeep-aliveswith theirmember-
shipserver. Whenkeep-alive messagesarereceivedat themember-
shipserver, themembershipserver will respondwith a list of asub-
setof otherlive membershipserversin thesystemandothermem-
bersoutsideits cluster(learnedfrom exchangeswith othermember-
shipservers). Knowing hostsoutsideone's own clusterhelpswith
recovery. Hostsalsoexchangetheir groupmembershipknowledge
with other hoststhat they know. Gossip-like protocols[22] may
beused,with a strongerbiastowardsexchanginginformationwith
hostsinsidetheirown cluster.
Inter play betweenmembershipmanagementand tr eeconstruc-
tion: Thedatadelivery structureandthemembershipmanagement
clustersarelooselycoupled.Themembershipinformationfrom the
clustersimplicitly in�uencesthedatadelivery tree. We do not en-
forcestrictclusteringonthedatadeliverytree.In factoverlaynodes
arefreeto selectnodesoutsidetheir own clusterasparentsif those
nodesprovide betterperformance.This simpli�es performanceop-
timizationsandrecovery from nodefailures.

5.2 Clustering Policies
In thissection,wediscussthedesignof clusteringpolicies.We

considerthreedifferentclusteringpolicies. Our �rst policy is ran-
dom, wheretheclustersareagnosticof network proximity. Oursec-
ondpolicy is network delay-basedclustering. Shortdelaysarerea-
sonablycorrelatedwith goodbandwidthperformance[17], whichis
alsoimportantfor streamingapplications.And lastly, welook atge-
ographicclustering, whichroughlyapproximatesnetwork distance.
For example,thenetwork delaybetweenhostsin thesamecontinent
is likely to beshorterthanhostsin two differentcontinents.

We implementtheclusteringpoliciesby having hostsjoin the
clusterbelongingto themembershipserver “closest” to them. For
randomclustering,hostspick a clusterto join at random.We call
thesethreepoliciesnaiveclustering.

In additionto consideringproximity, we needto considertwo
critical requirements:ensuringthat clustersizesarenot too large
andensuringthateachclusterhasenoughresources.Boundingthe



clustersizehelpsto prevent membershipserversfrom beingover-
loaded. Being aware of resourceshelps to ensurethat thereare
enoughresourceswithin aclustersuchthathostscanuseotherhosts
insidetheir own clusterasparents.While hostsmaystill usehosts
outsidetheir clusterasparents,this degradesthe ef�ciency of the
overlay. Hostsin differentclustersarelikely to befartherawaythan
hostsinsidethesamecluster.

Ignoring thesetwo requirementsresultsin poor clusters. For
example,weanalyzethelargesteventand�nd thatusingnaive ran-
domclustering,all clustershave sizescloseto 200hosts.However,
naive delay-basedandgeographicclusteringboth produceclusters
with awiderangeof sizes(from 10'sto 1000's). In addition,theRe-
sourceIndex for 7% of therandomclusters,and20%of thedelay-
basedand geographicclustersare below 1. For example,delay-
basedclusteringproducesa few hugeclusterswith low Resource
Index, eachcomprisingalmostexclusively of DSL andcablemo-
demhoststhatbelongto thesameISP.

We usethefollowing algorithmsto meetthetwo additionalre-
quirementsof maintainingclustersizesandresources.
Cluster SizeMaintenance: Twopossibilitiesfor boundingtheclus-
tersizeandhandlingover�owsare:(i) redirection, wherenew hosts
areredirectedto thenext bestclusteruntil anavailableoneis found
and(ii) new clustercreation, wherea new contributor host that is
supposedto join a full clustercreatesa new cluster.
Resource Maintenance: We redirectfree-ridersjoining a cluster
with ResourceIndex at or below 1 to otherclusters,but we allow
contributorsto join becausethey eitherincreaseor maintaintheRe-
sourceIndex.

5.3 Clustering Quality
In this section,we evaluatethe quality of the clusteringpro-

ducedby thevariouspoliciesanddesignchoices.First,we discuss
how we obtainedtheproximity datausedin theevaluation.

5.3.1 ProximityData
Network delay: In order to evaluateef�ciency, we needto

know the pair-wise delaybetweenall participatinghosts. This is
infeasiblewithout accessto the hoststhemselves. Instead,we ap-
proximatepair-wise delayvaluesusingGlobal Network Position-
ing (GNP) [16]. We assigncoordinatesto eachof the hostsand
“compute”thedelaybasedonthegeometricdistance.To assignco-
ordinates,we use13 landmarks(PlanetLab[19] machines)located
aroundtheworld. Landmarksmeasuretheround-triptime between
themselves and the IP addressesin our streamingworkload, and
thencomputecoordinatesbasedon themeasurementdata(using8
dimensions).Dueto theoverheadof probingandthelow response
rate,we probedonly the IP addressesin the largeststreamin our
traces.Of the118,921IP addresses,only 27,305responded.Hosts
thatdid not respondarenotusedin oursimulations.

Geographic distance: We obtain location information from
Akamai's EdgeScapeservice,the sameservicethat provided ac-
cesstechnologyinformation in Section3. Using EdgeScape,we
mapanIP addressto its latitudeandlongitude.Manualveri�cation
of mappingresultswith known geographiclocationsshowed that
theinformationwasaccuratefor ourpurpose,which is coarse-grain
geographicclustering.

For all of the following analysisandsimulations,we usea de-
greecapof 20 andthedistribution algorithmfor assignmentof un-
knowns, similar to the setupin Section4. We assumethat each
membershipserver contributesone“degree” out of its existing re-
sourcesfor thejoin protocoloverhead.

5.3.2 ClusteringQualityMetric
To captureclusteringquality, we use the averageand maxi-
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Figure13: Clustering quality whenvarying number of clusters.
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Figure14: Clustering quality whenbounding cluster sizes.

mum intra-clusterdistancein millisecondsasthe metric. Average
intra-clusterdistancemeasuresthe overall “tightness”of the clus-
tering. Thesmallerthevalue,thecloserall hostsin theclusterare
to eachother. Maximumintra-clusterdistancemeasurestheworst-
case“spread”of the cluster. Again, we would like to seea small
distance.The distancemetric we usehereis the network distance
(approximatedusingGNP)andthefollowing analysisis conducted
for thelargesteventonly for thehostswith GNPcoordinates.

5.3.3 Sensitivityto theNumberof Clusters
The rendezvous point needsto maintaina minimum number

of clusters.To understandwhat is a goodnumber, we look at the
intra-clusterdistanceasa functionof thenumberof clusterswhen
usingnaive delay-basedclustering.Figure13 plots thecumulative
distribution of the intra-clusterdistancesfor all clusterscreatedin
thesimulation,wheretheminimumnumberof clustersis variedbe-
tween50 and500, andthe maximumclustersize is maintainedat
200.Usingmoreclustersresultsin smallerintra-clusterdistancefor
eachcluster. Theaverage(thelinestowardstheleft) improvesonly
slightly, however the maximumimprovessigni�cantly from close
to 600msfor 50 clustersto about250msfor 500clusters.All re-
mainingsimulationsuseaminimumof 100clustersandamaximum
clustersizeof 200hosts.

5.3.4 Sensitivityto ClusterSizeandResourceMain­
tenance

Figure 14 depictsthe cumulative distribution of intra-cluster
distancesfor naive delay-basedclustering(which we alsorefer to
asGNP clustering),andthe two techniquesusedto boundcluster
sizes: GNP with redirection,andGNP with new clustercreation.
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Figure15: Clustering quality whenbounding ResourceIndex.

For 90%of theclusterstheaverageclusterdistanceis within 100ms
andthemaximumreaches300ms.This �gure shows thatbounding
the clustersize doesnot signi�cantly affect the intra-clusterdis-
tances.Redirectinghostsfrom large clustersdoesnot affect clus-
teringqualitybecauseif theclusteris large,thatindicatesthatthere
areotherclustersnearby(createdfrom previousredirections).Sim-
ilarly, usinga new contributor to createa new clusteralsoworks
well becausemorehoststhatarenearbywill subsequentlyjoin the
new cluster.

Figure 15 depictsthe cumulative distribution of intra-cluster
distancesfor naive GNP and GNP with ResourceIndex mainte-
nance.Again,averageandmaximumintra-clusterdistancesarenot
signi�cantly affected.

5.3.5 Sensitivityto ClusterHeadChoice
Wecomparedtheintra-clusterdistancesfrom our resultsabove

to distancesresultingfrom clusteringusingthek-meansalgorithm[3].
The key differenceis that k-meanswill choosean optimal cluster
centerbasedonneighboringcoordinateswhile our proposedmech-
anismchoosesclusterheadsrandomly. Note that the resultsfor
k-meansclusteringassumethat all hostsarepresentin the system
at thesametime. Althougha directcomparisonbetweenthetwo is
not possible,it it is still usefulto know whetheror not the quality
of the clusteringsaresimilar. Using k-means,90% of the clusters
hadan averageintra-clusterdistancelessthan150 ms, indicating
thattheclusteringalgorithmsthatweusehavesimilarquality to the
more theoreticallymotivatedclusteringusingk-means.Choosing
optimalclusterheadsis nota critical problem.

To summarize,clusteringquality is not sensitive to the opti-
mizationsto maintainclustersizesandavailableresourcesinsidea
cluster. In addition,choosingtheoptimalclusterheadis notcritical
to theclusteringquality.

5.4 Overlay Ef�ciency and Performance
In this section,we evaluatetheef�ciency of theoverlaystruc-

turewhenusingthe join protocol,enhancedwith clusteringasde-
scribedin theprevioussections.To measureef�ciency, we usethe
relative delaypenalty(RDP)[8]. RDPis de�ned astheratio of the
delaybetweenthesourceto thehostalongtheoverlayto thedirect
unicastdistancebetweenthesourceandthehost.If theRDPis close
to 1, thentheoverlayis veryef�cient andcloselyre�ects theunder-
lying unicastpaths.ThelargertheRDPis, themoreinef�cient the
overlay structure. Note that the locationof the sourceis not pro-
vided in the logs. Typically, a contentprovider is generatinglive
streamsononeof theirown serversandforwardingthestreamsinto
theAkamainetwork. However, thelogscollectedatAkamai'sedge
nodesdo not re�ect wherethecontentprovider's server is located.
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For theevaluation,we placethesourceat a locationthatcoincides
with a randomlychosenhostparticipatingin thebroadcast.Again,
weusethesamecon�gurationasin thelastsectionwith aminimum
of 100clustersandamaximumclustersizeof 200hosts.

5.4.1 Ef�ciency of Large­ScaleOverlays
First, we presentef�ciency resultsfor the largestevent in our

trace,usingonly thehostsfor whichwehadGNPcoordinates.Fig-
ure 16 depictsthe cumulative distribution of the averageRDP for
eachincarnationfor GNPandrandomclustering(while maintaining
theResourceIndex). Weuseminimumdepthastheparentselection
algorithmfor treeconstruction.GNPclusteringproducesmoreef-
�cient trees,as the RDP is lessthan 2 for 65% of the hosts–the
penaltyfor usingtheoverlay is only twice thatof thedirectunicast
path from the source. Our RDP valuesfor large-scalegroupsare
similar to previously reportedvaluesfor muchsmaller-scaleInter-
nettestbedstudies(13hosts)usingsyntheticworkloads[8].

In comparisonto GNP clustering,only 35% and 25% of the
incarnationshave an RDP of lessthan 2 for geographicand ran-
domclustering.Geographicclusteringdoesnot performaswell as
delay-basedclusteringbecausegeographicdistancemaynotalways
correlatewith network distance.

5.4.2 Impactof ClusteringonStability
Next, weaskwhetheror notef�cient overlaystructuresaresta-

ble. Clusteringmay affect tree stability if hostswithin different
clustershave drasticallydifferentstability properties.We evaluate
thestabilityof thesamesetof streamsfrom Section4,usingrandom
andgeographicclusteringwith redirectionto maintainthe cluster
sizeandresourceavailability. Wedid notevaluatedelay-basedclus-



teringbecausewe did not have GNPcoordinatesfor thesestreams.
Figure17plotsthepercentageof incarnationswith poorstabil-

ity performancefor eachstreamusingthreeof theparentselection
algorithmspreviously presentedin Section4. Comparedto theper-
formancewithoutany clustering,aspresentedin Figure11, thesta-
bility performanceremainsroughly thesame.To verify this result,
we analyzedthe sessiondurationdistribution for all clustersof a
streamandfoundthat thesessiondurationdistributionsweresimi-
lar acrossall clusters.Thus,clusteringdoesnot impactthestability
propertiesof theoverlay.

Our resultsstronglysuggestthat it is feasibleto constructef-
�cient andscalableoverlaysby leveragingdelay-basedclustering.
In addition,theoverlaysconstructedusingvariousclusteringpoli-
cieshave similar stability performanceto the overlaysconstructed
without clusteringin Section4.

6. SUMMARY
In this paper, we studyoneof themostprominentarchitectural

issuesin overlaymulticast–thefeasibility of supportinglarge-scale
groupsusinganapplicationend-pointarchitecture.Usingalargeset
of live streamingmediatracesfrom a commercialcontentdelivery
network, we demonstratethat in most of the commonscenarios,
applicationend-pointarchitectures(i) have enoughresources,(ii)
have inherentstability, and(iii) canef�ciently supportlarge-scale
groups.Our �ndings show promisefor usingsucharchitecturesfor
real-world applications.

In addition,weexploreandevaluatearangeof designsthatcan
help increasethe feasibility in practice. We �nd that minimizing
depthin single-treeprotocolsprovidesgoodstability performance.
In addition,theuseof multiple-treeprotocolscansigni�cantly im-
prove theperceivedqualityof streamsat theexpenseof anincrease
in protocolactivity, overhead,andcomplexity. We also �nd that
simpleclusteringtechniquesimprove the ef�ciency of the overlay
structure.Thestrengthof our work is perhapstheinsightandanal-
ysismethodology, morethanthedesignsassuch– mostof thede-
signswestudyaresimple.

While our resultsareencouraging,thereareseveralopenissues
that arecandidatesfor future work. First, designingpoliciesand
mechanismsto encourageapplicationend-pointsto contributetheir
resourcesis an importantdirection. Second,our resultsaredepen-
dentonapplicationworkloads.While webelievethattheworkloads
usedin this studyrepresentscommonbehavior for live streaming
applications,studyinghow the�ndings would changeunderdiffer-
ent or arbitraryapplicationworkloadsmay exposenew insight to
help usbetterunderstandthe feasibility of thearchitecture.Third,
thereareseveral unexploreddesignissuesthat couldalsoimprove
performanceof applicationend-pointarchitectures,suchastheuse
of application-level buffersto reducetheimpactof ancestorchanges
in the tree,the(minimum)useof infrastructureto complementthe
resourcesandstability in applicationend-pointarchitectures,and
the designof new parentselectionalgorithmsto bridge the gap
betweenminimum depthandoracle. Finally, real large-scalede-
ployment of applicationend-pointarchitectureswill validateand
strengthenour �ndings.
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