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ABSTRACT

While applicationend-pointarchitecturehave provento beviable
solutionsfor large-scaldaistributedapplicationssuchasdistributed
computingand le-sharing, thereis little known aboutits feasibility
for morebandwidth-demandingpplicationsuchaslive streaming.
Heterogeneityn bandwidthresourcesanddynamicgroupmember

ship, inherentpropertiesof applicationend-pointsmay adwersely
affect the constructionof a usableandefcient overlay At large
scalesthe problemsbecomeeven morechallenging.In this paper
we studyone of the mostprominentarchitecturaissuesn overlay
multicast: the feasibility of supportinglarge-scalegroupsusingan
applicationend-pointarchitecture. We look at threekey require-
mentsfor feasibility: (i) arethereenoughresourceso construcian
overlay (ii) cana stableand connectedoverlay be maintainedin

the presenceof group dynamics,and (iii) canan efcient overlay
be constructed®¥singtracesrom alargecontentdelivery network,

we characteriz¢hebehaior of userswatchinglive audioandvideo
streams.We shav thatin mary commonreal-world scenariosall

threerequirementsre satis ed. In addition, we evaluatethe per

formanceof several designalternatvesandshav thatsimplealgo-
rithms have the potentialto meettheserequirementsn practice.
Overall, our resultsarmgue for the feasibility of supportinglarge-
scalelive streamingusinganapplicationend-pointarchitecture.
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1. INTRODUCTION

Live audioandvideostreamsrenow beingdeliveredsuccess-
fully overthelnternetonalargescale.Commerciatontentdelivery
networks suchasAkamaiTechnologie$l] andRealNetworks[21]
have developedanddeplo/edlarge-scalaledicatednfrastructureo
deliverbothlive streamsandvideo-on-demandThesearchitectures
arecapableof supportingmary simultaneoustreamsandclients.

In contrastto infrastructure-basedontentdelivery networks,
applicationend-pointoverlay multicasthasrecentlyreceived atten-
tion [9, 8, 12, 14, 20, 25, 5, 2, 18, 24, 13, 4]. In suchan archi-
tecture,applicationend-pointorganizethemselesinto anoverlay
structureanddatais distributedalongthelinks of the overlay The
responsibilityand cost of providing bandwidthis sharedamongst
the applicationend-pointsreducingthe burdenat the contentpub-
lisher Thelack of dependencen infrastructuresupportmakesap-
plication end-pointarchitecturegasyto deplg/, andeconomically
viable. The ability for usersto receve contentthatthey would oth-
erwisenot have accesgo providesa naturalincentive for themto
contribute resourceso the system.Application end-pointarchitec-
tureshave shavn promisefor eventswherethe peakgroupsizeis
small,ontheorderof 10to 100nodeq7]. However, thequestiorre-
mainswhetheror not sucharchitecturesrefeasibleatlargerscales
of 1,000sto 100,0000f nodes.

We believe thatthe rst steptowardsansweringthe feasibility
questionis to obtaina betterunderstandingf theapplicationwork-
load andthe characteristicef applicationend-points.We leverage
the wealth of datafrom Akamai Technologiesa large contentde-
livery network that provideslive streamingservices. Becausehe
systemhasheenin everydayusefor severalyears,the datare ects
common‘“real-world” applicationend-pointcharacteristicendbe-
havior that may impactthe choiceof architecturesinherentprop-
ertiesof applicationend-pointarchitecturessuchasheterogeneity
in bandwidthresourcesand dynamicgroup membershigould ad-
verselyaffectthefeasibility of constructingausableoverlayfor data
delivery:.

We look atthreekey requirementsor feasibility: (i) theremust
be enoughresourcedo constructan overlay, (ii) a stableandcon-
nectedoverlaymustbe maintainedn thepresencef groupdynam-
ics, and (iii) the overlay structuremustbe efcient. Thesethree
requirementarefundamentaln the sensehatan applicationend-
point architecturehaslittle chanceof providing goodperformance
if theserequirementarenot satis ed. We nd thatin the majority
of commonscenariosapplicationend-pointarchitecturehiave suf-

cient inherentresourcesndstability. In addition,ef cient overlay
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structurecanbe constructedisingsimplealgorithms.Our ndings
amguefor thefeasibility of usingapplicationend-pointarchitectures
for large-scaldive streamingapplications.

In Section2, we describeand analyzethe streamingmedia
workloadthatwe usein our study Section3 studiesthefeasibility
of constructingoverlaysusingtheresourceswvailableatapplication
end-points.In Section4, we look at overlay stability and evaluate
algorithmsto maintaininga stableoverlay in the presenceof dy-
namic group membership. Section5 looks at the constructionof
ef cient overlays.We summarizeour ndings in Section6.

2. LIVE STREAMING WORKLO AD

In this section,we analyzethe live streamingwvorkloadfrom a
large contentdelivery network to betterunderstandhe designre-
quirementdor building alive streamingsystem Wefocusouranal-
ysis on characteristicshat are mostlikely to impactdesign,such
asgroupdynamics.In the following sectionswe evaluatethe im-
pactof theworkloadonthe performanc®f anapplicationend-point
architecture.

2.1 Data Collection and Summary Statistics

The logs usedin our study are collectedfrom the thousands
of streamingsenersbelongingto Akamai TechnologiesAkamai's
streamingnetwork is a static overlay composedf (i) edgenodes
locatedcloseto clients,and(ii) intermediatenodeshattake streams
from the original contentpublisherand split andreplicatethemto
theedgenodes.Thelogsthatwe usein this studyarefrom theedge
nodesthatdirectly sene clientrequests.

The logs were collectedover a 3-monthperiod from October
2003to January2004. The daily statisticsfor live streamingtraf-
¢ duringthat periodis depictedin Figurel. Thetrafc consists
of threeof the mostpopularstreamingmediaformats,QuickTime,
Real,andWindows Media. In Figurel(a),thereweretypically 800-
1000 distinct streamson mostdays. However, therewasa sharp
drop in early Decemberand a drop againfrom mid-Decemberto
January(denotedby the vertical lines). This is becausave hada
problemwith our log collectioninfrastructureand did not collect
logsfor oneof formatson thosedays. To classifystreamsasaudio
or video streamswe look at the encodingbit rate. If the bit rate
is under80 kbps, thenit is classi ed as audio. Roughly 71% of
the streamsare audio,and 7% arevideo streams.We did not clas-
sify 22% of the streamsecauseherewasinsufcient information
abouttheir streamingpit rates.Figurel(b) depictsthenumberof re-
questdor live streamswhich variesfrom 600,0000n the weelends
to 1 million on weekdays.Again, the drop in requestsfrom mid-
Decembepnwardsis dueto the missinglogs. Note thatthereare
an orderof magnitudemorerequestgor audiostreamshanvideo
streams.In addition, audio streamshave extremelyregular week-
end/weekdayisagepatterns.On the otherhand,video streamsare
lessregular, and are more dominatedby “short duration” special
eventswith the sharppeakscorrespondingo very large eventson
variousdays.

Streamingmediaeventscanbe classi ed into two broadcate-
gorieshasedntheeventduration.The rst cateyory, whichwe call
non-stopevents,are eventsin which thereis live broadcasevery
day all hoursof theday Thisis similar to alwaysbeing“on-the-
air” in radioterminology The seconctategory, whichwe call short
duration events,are eventswith well-de ned durations,typically
ontheorderof a coupleof hours.A typical exampleis atalk shav
thatrunsfrom 9am-10anthatis broadcasbnly duringthat period,
andhasnotrafc atary othertime duringtheday For simplicity,
for eitheroneof thesecateyories,we breakthe eventsinto 24-hour
chunkswhichwe call streams For therestof the paperwe present
analysison the granularityof streams Note thatfor shortduration
events a streamis the sameasanevent.

In this paper we limit the discussionto large-scalestreams
Large-scalestreamsare de ned asthe streamsin which the peak
groupsize, i.e., the maximumconcurrentnumberof participating
hosts,is largerthan 1,000 hosts. Therewere a total of 660 large-
scalestreamspf which 55 werevideo streamsand605 wereaudio
streams. Mary of the audio streamsare non-stop and all of the
videostreamsareshortduration.

Figure 2 depictsthe peakgroup size and the total numberof
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Figure 3: Lar gestevent.

requestdor eachstreamonthey-axis. Eachpointonthex-axisrep-
resentsa stream.Note thatthe samevalueon the x-axison thetwo
cunes do not necessarilycorrespondo the samestream. Across
all large-scalestreams the peakgroup size rangesfrom 1,000to
80,000hosts andthetotal numberof requestsangesrom 2,000to
200,000.1n additionto groupsize,we alsosummarizethe session
durationcharacteristicshich areanalyzedn detailin Sectiord.

2.2 Workload Processing

Entity vs.incarnation: We de ne anentityasauniquehost,corre-
spondingto an|P addressAn entity or hostmayjoin the broadcast
mary times,perhapgo tunein to distinctportionsof thebroadcast,
andasaresulthave mary incarnations.
Log format: Eachentryin thelog corresponds$o anincarnations
sessionprarequesmadeby auserto anedgesener. Thefollowing
elds extractedfrom eachentryareusedin our study

Useridenti cation: IP address

Requestedbject: streamURI

Time-stampssessiorstarttime anddurationin seconds

2.3 LargestEvent

Next, we presenmoredetailedstatisticsfor thelargesteventin
thelogs. The event consistedf threeencodedstreamsat bit rates
of 20 kbpsaudio, 100 kbpsaudio andvideo, and 250 kbps audio
andvideo. The eventdurationwas 2 hours,from 19:00-21:00,as
shavn in Figure 3(a). The sharprisein membershipat 19:00is a

ash crowd causedy everyonewantingto tunein to thestartof the
event. We notethat ash crowds arecommonin our logs — about
40% of large-scalestreamshave ash crowds. Combiningall three
streamsthe peakgroupsizewas74,000users.Therewereroughly
119,000IP addresseandover 394,000requestgor theentiredura-
tion of theevent. Notethatthereareroughly3.3requests/IRddress.
This maybe causedy (i) usersthatjoin the broadcasimary times,
perhapgo tunein to distinct portionsof the broadcastor (ii) mul-
tiple usersthat sharethe samelP addresse the caseof network
addresgranslator{NATSs), proxies,or DHCP.

Notethattherearemary peoplewho join the broadcasbefore
theeventstarted perhapgo testthattheir setupsareworking. Also,
therearemary peoplewho stayafterthe broadcasts over, for un-
known reasongthey mayhavejustleft theirmediaplayersrunning).
The 20 kbps audio streamhasa sharperdrop-of in membership
than the other streamsbecausemary usersswitch from audio to
a betterquality stream. The mostdynamicsegmentof the stream
was between19:00-19:30,wherethe peakjoin rate was over 700
joins/secondndthe peakleave ratewasover 70 leares/second.

Figure3(b) depictsthe cumulatie distribution of sessiordura-

tion time in minutesfor the combinedstreamsThereis asharprise
at 2 minutescausedoy a known client-sideNAT/ re wall problem
that forces streamingsenersto time out on the connection. The
secondcurve depictsthe sessiondurationdistribution without the
incarnationghat experienced®-minutetimeouts. The averageses-
siondurationis 22 minuteswith 20%of sessionsastinglongerthan
30minutes.Theaverages dominatechy thetail of thedistribution.
Excepffor thetail, thebehaior is fairly dynamic.For example over
55% of sessionsre shorterthan5 minutes. Furthermore 30% of
sessiongreshorterthan1 minute. We explorewhatthesenumbers
indicateaboutthe stability of the systemin Section4.

Unlessotherwisestatedjn theremainingsectionsye combine
all threestreamsof this eventinto onestreamandreferto this one
streamasthe “largeststreamor event’ We assumehat the “de-
sired” encodingfor all hostsis 250kbps.

3. ARE THERE ENOUGH RESOURCES?

In anapplicationend-pointarchitecturethereis nodependence
on costly pre-pravisionedinfrastructure makingit favorableasan
economicabndquickly deplo/ablealternatve for streamingappli-
cations.Ontheotherhand thelack of ary supportingnfrastructure
requiresthatapplicationend-pointscontrikute their outgoingband-
width resourcesThefeasibility of suchanarchitecturedependsn
whetheror not thereareenoughbandwidthresourcestapplication
end-pointgo supportall participantsatthe encodingpit rate.

In this section,we look at the feasibility of supportinga large-
scalelive streamingapplicationusingonly the resourcesvailable
at applicationend-points. To answerthis feasibility question,we
run trace-basednalysison the large-scalestreams.We rst need
to estimatethe outgoingbandwidthresourcesat eachhost. Then,
usingtheseestimateswe derive the amountof resourcedor each
streamover time. Note thatthe amountof resourcess dependent
onthe patternsof joining andleaving of participatinghosts.

3.1 Outgoing Bandwidth Estimation

We de ne resourcesisthe amountof outgoingbandwidththat
hostsin the systemcancontrikute (i.e., hov muchbandwidtheach
host can send). Next, we describethe methodologythat we use
to quickly andaccuratelyestimatethe outgoingbandwidthof over
onemillion IP addressesf hoststhatparticipatedn thelarge-scale
streams.

3.1.1 BandwidthData Collection

We usea combinationof datamining, inference,and active
measurement®r the estimation While the mostaccuratenethod-



Accesstechnology Paclket-pairmeasurement | Outgoingbandwidth
estimate

Dial-upmodems Okbps BW 100kbps 30kbps

DSL, ISDN, Wireless | 100kbps BW  600kbps 100kbps

Cablemodems 600kbps BW 1 Mbps 250kbps

Edu,Others BW 1Mbps BW

Table 1: Mapping of accesdechnologyto outgoing bandwidth.

ology would beto actively measurehe bandwidthof all the IP ad-
dressesit requiressigni cant time andresourcesand mary hosts
donotrespondo measuremergrobesbecausehey Iter pacletsor
they areoff-line. Next, we describehetechniquesve useto collect
bandwidthdata.

Stepl: As a rst order lter, we use“speedtest” resultsfrom
a popularweb site, broadbandreports.comSpeedtestsare TCP-

[ Type [ Degree-bound] Numberof hosts |
| Free-riders | 0 | 58646(49.3%) |
Contritutors 1 22264(18.7%)
Contritutors 2 10033(8.4%)
Contritutors 3-19 6128(5.2%)
Contritutors 20 8115(6.8%)

[ Unknovn ] [ 13735(11.6%) |

[ Total [

118921(100%) |

Table 2: Assigneddegreefor the largestevent.

DNS names. This techniqueprovides estimatedor an additional
1.2% of IP addressesAgain, we translateaccesgechnologyinto
bandwidthusingthevaluesin Tablel.

Usingall 4 stepsprovidesuswith bandwidthestimategor 90%
of thelP addressem thetraces We discusour treatmenbf there-
maining10% of hostswith unknavn estimatedaterin this section.

basedandwidthmeasurementsatareconductedrom well-provisioned

senersownedby thewebsite. Usersvoluntarily go to thewebssite
to testtheir connectionspeeds. Resultsfrom the testsare aggre-
gatedbasedon DNS domainnamesor ISPsand are summarized
over the pastweek on a publicly available web page. Approxi-
mately 10,000testsfor over 200 ISPsarelisted in the summary
Theresultsincludebandwidthmeasurements bothincomingand
outgoingdirections. We useonly the outgoingbandwidthvalues
for bandwidthestimation.We mapthe IP addressem our stream-
ing logsto their ISPsusingDNS namesandthenmatchthe ISPsto
the oneslisted at broadbandreports.confror the 72% of hoststhat
matchedwe assigntheir bandwidthvaluesto the onesreportedby
broadbandreports.com.

Step 2: Next, we aggregatethe remaininglP addresseito
/24 pre x blocksandconductedpaclet-pairmeasurement® mea-
surethe bottleneckbandwidthto several hostsin eachblock. Of
the 13,483pre x blocksprobed,7,463respondedWe usethemea-
surementresultsfrom the pre x blocksto assignbandwidthesti-
mategto anadditional7.6%of thelP addressedpr atotal of 79.6%
estimatedso far. Note that paclet-pair measureghe averageof
the incomingand outgoingbandwidth(becauset relieson round-
trip time measurementsHowever, mary accesdechnologiehave
asymmetridandwidthproperties For example, anADSL hostwith
anincominglink of 400kbpsandanoutgoinglink of 100kbpshas
a paclet-pairmeasuremernf 250 kbps. Using the averageof the
two directionscould over-estimatethe outgoinglink. Taking this
into account,we map the bandwidthmeasurementffom paclet-
pair into the accessechnologycategorieslistedin Table 1, where
BW standdor themeasuredandwidthfrom usingpaclet-pair We
usethe valuesin the last column asthe outgoingbandwidthesti-
mates.

Step 3: We use EdgeScapea commercialproduct provided
by AkamaithatmapsIP addresse# hostinformation. Oneof the

elds in the hostinformation databasds accesgechnology We
comparecdhe overlappingmatchesfrom this databaséo the ones
from broadbandreports.coand found themto be consistent. To
translateaccesdechnologyinto raw bandwidth,we usethe values
in the“outgoingbandwidthestimatecolumnin Tablel. Usingthis
techniguewe areableto assignestimatego anadditional7.1% of
the P addressedpr atotal of 86.7%estimatedsofar.

Step 4: Finally, we usethe hosts DNS nameto infer its ac-
cesstechnology Our rst heuristicis basedon keywords suchas
dsl, cable-modenial-up, wireless,eduandpopularcablemodem
and DSL serviceproviders suchas rr.comand attbi. Using this

techniquewe getestimategor anadditional2.2%of IP addresses.

As our seconcheuristic,we manuallyconstructa databasef small
DSL and cablemodemproviders, corporations,and international
educationalnstitutionsthat do not usecommonkeywordsin their

3.1.2 Degree-BoundAssignment

To simplify thepresentationywe normalizethebandwidthvalue
by the encodingbit rate. For example,if a hosthasan outgoing
link bandwidthof 300 kbpsandthe encodingrate of the streamis
250 kbps, thenthe normalizedvalue is .
Assumingatreestructurefor the overlay, this hostcanhave anout-
degreeof 1, i.e., it cansupportone child at the full encodingbit
rate. Throughouthis paper we use“degree”insteadof kbpsasthe
outgoingbandwidthunit.

The degreeassignmentor thelargestbroadcasts listedin Ta-
ble 2. Half of thehostshave 0-dggreeandarelabeledasfree-riders.
Roughly 39% of the hostsare contritutors, capableof supporting
oneor morechildren. Of these 6.8%are hostswho arecapableof
supporting20 or morechildren.

The degreeassignmenterived from the outgoingbandwidth
valuere ects the inherent capacityof a host. However, all thatca-
pacity may not be available for use. For example, the bandwidth
may be sharedby mary applicationson the samehost,or may be
sharedacrossmary end-hostsn the caseof a sharedaccesdink.
Also, usersmay not wish to contritute all of their bandwidthto
the system. In this paper we setan absolutemaximumboundof
20 for the out-degyree (degree cap of 20) suchthat no hostin our
simulationscanexceedthis limit evenif they have moreresources
to contritute. This roughly translatego 5 Mbps for video applica-
tions. We alsostudythe effect of more conserative policiessuch
asdegreecapsof 4, 6, and10.

3.1.3 HostsWith UnknownMeasuements

For the 10% of IP addressewvithout bandwidthestimateswe
assignan estimateto themusing3 assignmenalgorithms.The op-
timistic estimateassumeshatall unknavns cancontrituteup to the
maximumresourceallocation(which we setto bedegree20or less,
dependingonthedegreecap). This providesanupperboundonthe
bestcaseresourceassignment.The pessimisticestimateassumes
thatall unknavns arefree-ridersandcontribute no resourcesThis
providesa lower boundfor the worst-case.The distribution algo-
rithm assignsa randomvalue dravn from the samedistribution as
theknown resourcesThis algorithmprovidesreasonablestimates
assuminghat the knowvn and unknavn resourcedollow the same
distribution.

3.2 Resourccelndex

To measureéheresourceapacityof thesystemwe useametric
called Resouce Index [7]. The Resourcedndex is de ned asthe
ratio of thesupplyof bandwidthto thedemandor bandwidthin the
systemfor a particularencodingbit rate. The supplyis computed
asthe sumof all the degreesthat the sourceand applicationend-
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pointsparticipatingin thesystemcontritute. Notethatthe degreeis
dependenbn the encodingbit rate,andin turn the Resourcdndex
is also dependenbn the encodingbit rate. Demandis computed
asthe numberof participatingend-points. For example,consider
Figure4, whereeachhosthasenoughoutgoingbandwidthto sustain
2 children. Thenumberof unusedslotsis 5, andthe Resourcéndex
is . A Resourcéndex of 1indicateghatthesystem
is fully saturatedanda ratio lessthan1 indicatesthat not all the
participatinghostsin the broadcastanreceve the full encoding
rate. As the Resourcéndex getshigher the environmentbecomes
lessconstrainedandit becomesmorefeasibleto constructa good
overlaytree.A Resourcdndex of 2 indicateshatthereareenough
resourceso supporttwo timesthe currentnumberof participants.

3.3 TraceReplay: Single-TreeProtocol

In thissectionwe usetheResourcéndex to measuréheamount
of resourcesicrossa setof 81 streamgall videostreamsand5% of
randomlyselectecudiostreamsputof the660large-scalestreams.
To ensuresomecon dencein ourresults atleast70%of thelP ad-
dressesn atracemusthave bandwidthestimatesn orderfor it to
beanalyzed.

For eachstreamwe replaythe traceusingthe groupparticipa-
tion dynamics(joins and leaves) and computethe Resourcdndex
for eachsecondin the trace. First, we discussthe resultsfor the
largestevent, andthenwe presenta summaryof the resultsfor the
otherlarge-scalesvents.

Figure5 depictsthe Resourcéndex asafunctionof time, with
degreecapsof 6 (bottom3 lines)and20 (top 3 lines) children. The
time intenal of interestis between19:00- 21:00 whenthe event
wastakingplace.Again, notethata Resourcéndex abore 1 means
that thereare sufcient resourcego supportthe streamusing an

applicationend-pointarchitecture. The highestand lowestcurves
for eachdegreecappolicy arecomputedusingoptimisticandpes-
simistic bandwidthestimatedor unknavns, respectiely. Regard-
lessof the treatmeniof hostswith unknavn estimatesandthe de-
greecappolicy, the Resourcdndex is alwaysabove 1 during19:00
- 21:00. However, a degreecapof 6 placesmoreconstrainton the
resourcedn the systemandcould potentiallymale it moredif cult
to constructatreewith goodperformance.

Figure 6 depictsa summaryof the other large-scalestreams.
The Resourcdndex for audio streamsis depictedin Figure 6(a).
Eachpoint on the x-axis representan audiostream.The y-axisis
the Resourcdndex for that streamaveragedover the streamdura-
tion. Thelowestcurwein the gure is theResourcéndex computed
usingthe pessimistidbandwidthestimatefor unknavns. For audio
streamsgventhe pessimisticestimatds alwaysbetweer2-3 when
usinga deggreecap of 4. This is expectedbecauseudiois not a
bandwidth-demandingpplication. The typical encodingrate for
audiois 20 kbpswhichis low enoughfor mosthostson the Internet
to support,ncludingdial-upmodems.Thus,applicationend-points
participatingin audiostreamingapplicationsanprovide morethan
enoughresourceso supportive streaming.

Figures6 (b), (c), and (d) depictthe averageResourcdndex
for video streamswith degreecapsof 6, 10, and 20 children. As
the degree cap increasesthe Resourcendex increases. The top
mostcurvein all 3 gures representshe optimisticestimateor un-
knowns. In the mostoptimistic view, acrossall degreecappolicies
(6,10,and20), only onestreamhada Resourcéndex belov one.In
theworstcasescenariowherethedegreecapis 6 andthe unknavn
assignmenpolicy is pessimisticroughly a third of video streams
hadResourcdndex belav 1.

In orderto determindeasibility, we look attheinherentamount

of resourcei thesystem .Usingadegreecapof 20andthedistribution-

baseddegreeassignmenfor unknavns asdepictedin Figure6(d),

we nd thatonly 1 streamhasa Resourcdndex of lessthanl. The
streamwith the worst Resourcdndex (labelled40 on the x-axis)
had an encodingrate of 300 kbps, but was composedalmostex-

clusively (96%)of homebroadbandisersDSL andcablemodem).
Many homebroadband:onnectionganonly support100-250kbps
of outgoing bandwidth,which is lessthan the encodingbit rate.
Therefore suchhostsdid notcontrituteary resourceso thesystem
atall.

To betterunderstanavhetheror notthis compositiorof hostsis
commonwe look atthe natureof theevent. Thisis ashortduration
streamstartingon Sundaynightat11pmandendingat 2amin local
time, wherelocal time is determinechasedon the geographidoca-
tion of the largestgroup of hosts. Section5 givesan overviewv of
how geographidocationis determinedMost participantsaarehome
usershecause¢he eventtook placeon aweelendnightwhenpeople
aremostlikely to be athome. About 5 of the 55 large-scalevideo
streamshave this behaior. Their Resourcdndex is closeto 1 for
thedistribution-basediegreeassignmenin Figure6(d). In contrast,
mostof the otherstreamdake placeduring the day, and are often
accesseffom moreheterogeneouscationswith potentiallymore
bandwidthresourcessuchasfrom schoolor theworkplace.

To summarizetheresultsin this sectionwe nd thatthereare
morethansufcient bandwidthresourceamongstapplicationend-
pointsto supportaudio streaming. In addition, thereare enough
inherentresoucesin the systemat scalesof 10000r moresimulta-
neoushoststo supportvideostreamingn over 90% of thecommon
scenarios.This indicatesthat usingapplicationend-pointarchitec-
turesfor live streamings feasible.While we have shavn thatthere
are inherent resouces we wish to point out that designingpoli-
ciesand mechanismgo encourageparticipantsto contritute their
resourcess beyondthe scopeof this paper We have looked at sim-



5 T T T T

Oplimistic —
Distribution ----x---
Pessimistic -
4t ]
3 x _— x
E 3+ . * x*x . ‘ 4
9 X Y e *
5
2
S 2r b
o
1 L 4
0 . . . . .
0 5 10 15 20 25 30

Stream Sorted By Optimistic Resource Index
(a) Audio streamsDegreeCap4

5 T T T T

P
Optimistic —+—
Distribution ----x---
Pessimistic ----- ol
| 4
3
E3 7
x
> oy
9 Kogse ForercX
g X X‘Xxxxx‘xw)@«xxxxxyx**xxx
o *.
@ 2 [Fewrx ¥ K i ]
g xw* RIS Fo R g
*%
La X
WA B
. *HREE
= g,
i * ¥
0 ‘ ‘ ‘ ‘ ‘
0 10 20 30 40 > ®

Stream Sorted By Optimistic Resource Index
(c) VideostreamsPegreeCap10

5 T T T T

Oplimistic —
Distribution ----x---
Pessimistic -
4t ]
3
R 1
[
=
5 Xstyex
% 5l **"Xxxyxx*x'x*x/x**x‘x'xx*"x*‘x*x*xx B
@ KokxHK g o i
HH I RHTEAAR K g ¥ K R HH oK g
1 3 q
0 . . . | .
0 10 20 30 40 50 60
Stream Sorted By Optimistic Resource Index
(b) VideostreamsDegreeCap6
8 . . . . —
Optimistic —+—
Distribution ----x---
Tr Pessimistic -~

x
X’xxxx
3r s

*.
H Kok
HoxX
*

2+

R

Resource Index
5
T

e X
X,
XN R, o

Kk X XX
TR Pt Sem
. :

0 . . . . .
0 10 20 30 40 50 60

Stream Sorted By Optimistic Resource Index
(d) VideostreamspPegreeCap20

Figure 6: AverageResource Index for eachstream.

ple policies, suchas cappingthe degreeboundto a staticamount
to make surethat no personcontritutesmorethanwhatis consid-
eredto be “reasonablé. Therecould be more comple policiesto

allow usersto individually determinehow muchthey arewilling to

contritutein returnfor somelevel of performancd6].

While thereareresourcesn the commonscenariosin 10% of
the casegherewerenot enoughresourcegor closeto not enough)
to allow all participantsto receive atthefull encodingrate.In such
scenariostherearethreegenericclasse®f alternatvesto consider
The rst alternatve is to enforceadmissioncontrol andrejectin-
coming free-riderswhen the Resourcendex dips belav one. A
secondalternatve is to dynamically adaptthe streamingbit-rate,
eitherin the form of scalablecoding[15], MDC [11], or multiple
encodingrates[7]. This hasthe advantagethatthe systemcanstill
befully supportedisingan applicationend-pointarchitecturavith
areductionin the perceved quality of the stream Lastly, athird al-
ternatie is to addresourceinto thesystem.Theseresourcesanbe
staticallyallocatedfrom infrastructureservicessuchascontentde-
livery networks (CDNs)with the advantagethatthe resourcesnly
needto complementhe alreadyexisting resourceprovided by the
applicationend-points.Anothersolutionis to allocateresourcesn
a more on-demancdhatureusing a dynamicpool of resourcesfor
example,usingawaypointarchitecturd7].

3.4 Impact of NATs and Firewalls

Onefactorthatcannegatively impactourresultsis thepresence
of participatinghoststhathave connectivityrestrictionsbehindNet-
work AddressTranslatordNATs) and re walls. Suchhostscannot
communicatewith otherconnectiity restrictedhostsandthusre-
ducethenumberof usablepairwiseoverlaylinks. Recently several
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Figure 7: Resource Index for video streamswhen considering
NATSs.

solutionshave beendevelopedto allow hostsbehindNATsand re-
walls to participatein overlay multicast[10]. Suchsolutionsenable
all hostsexceptfor hostsbehindsymmetricNATs [23] andcertain
re walls to have universalconnectiity. For the purposeof this pa-
per, we assumehatthesesolutionsareimplementedThus,our con-
cernis with symmetricNATs and re walls thatstill areconnectiity
restricted Notethattheconnectiity semantice®f asymmetricNAT
is thatit cannotcommunicatewith other symmetricNATs. Fire-
walls, onthe otherhand,canhave arbitraryconnectiity semantics.
For this paperwe assumehat re walls have themostrestrictive se-
mantics-thesameassymmetricNATsin they cannotcommunicate
with othersymmetricNATs or rewalls. Thus,links betweentwo
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differentsymmetridNATsor re wallscannotbeusedn theoverlay.

To simplify the discussionwe will referto both symmetricNATs
and re wallsthathave the sameconnectiity semanticassymmet-
ric NATsfor therestof this section.

To understandhow our resultschangein the presencef sym-
metric NATs, we considerthe Resourcdndex asa function of the
percentagef symmetricNATs in the system.We referthereaders
to [10] for the detailson how to implementthe optimizationsand
computethe Resourcéndex with connectyity restrictions.

Figure7 depictstheResourceéndex for the samevideostreams

asthosedepictedn Figure6(b)with adegreecapof 6 andadistribution-

basecestimateof unknavns. Eachline representa scenariavhere
thereare 0% to 50% of restrictedhosts(symmetricNATS) in the
system. Thereis little or no differencebetweenthe 0%, 20% and
30% caseqthe curvesoverlap). We startto seea dropin the Re-
sourcelndex whenmorethan40-50%of the hostsareconnectiity
restricted.However, thedropis notthatsigni cant asthe Resource
Index is still above 1 for 67% of the streamsvenwhenhalf of the
hostsare connectity restricted. This is similar to whenthereare
noconnectiity restrictechostsin thesystem(Figure6(b)). Further
more,from operationakxperiencewith End SystemMulticast[10],
the percentageof symmetricNATSs is usually much lower (10%-
30%). In suchregimes,the Resourcdndex is the sameaswhen
thereare no symmetricNATSs given that all NAT-basedoptimiza-
tionsareimplementedn the protocol.

To summarize for the large-scalestreamsin our traces,the
presenceof 40% or more connectiity restrictedhostsin the sys-
temreduceghe Resourcdndex. However, suchreductionsarenot
signi cant enoughto make the Resourcdndex drop belov oneun-
lessit wasalreadybelov onewithout connectiity restrictedhosts
in the system.In addition,for realisticpercentagesf NATs (10%-
30%),theResourceéndex is unchanged@omparedo whenthereare
no NATsin the system.

3.5 Multiple-T reeProtocols

In the previous section,we analyzedthe amountof resources
for single-treeprotocols.More recently multiple-treeprotocols[4,
18, 13] have beenproposedo increasehe overall resilienceof the
system. Suchprotocolsaretightly coupledwith specializedvideo
encodingssuchasmultiple descriptioncoding(MDC). The video
streamis encodednto independentlescriptiongor sub-streams)
anddistributedacross independentrees.

Theimplicationof multiple treesandMDC onresourcess that
the amountof resourcesn the systemmayincreaseastheresidual
bandwidththat was previously unusedin the single-treeprotocol
maynow beused.For example,if ahosthasanoutgoingbandwidth

of 300kbps,andthestreamis encodecht 250kbpsfor asingletree,
thenthe hosthasa residualbandwidthof 50 kbpsthatis unused.
Ontheotherhand,if the streamis encodedusingMDC into mary
descriptionseachat 50 kbps, thenthe hostcancontribute all of its
outgoingbandwidthto the systento transmitup to 6 descriptions.

Overall, the useof MDC andmultiple treesshouldalwaysre-
sultin anincreasdn the supply of resourcesomparedo a single
tree. To quantify the increaseywe modify the Resourcéndex com-
putationas follows. We allow fractional supply (wherethe frac-
tion correspondso the residualbandwidth)to be used. For exam-
ple, the supplyfor the hostin the previous exampleis computecas

. We assumehedemandemainshe sameasin the
single-treecase- thisis simplisticin thatwe areassumingio over-
headandno redundang in the encoding. A hostneedsto collect
atleast5 descriptionsn this example( ), to
have goodquality video. The intuition behindthis is thata stream
thatis originally encodedat 250 kbps, saya tennismatch,is jerky
andnot watch-ableat 50 kbps,or evenat 200 kbps. If it wereper
fectly watch-ablethenthe streamwould have alreadybeenencoded
atthelower ratefor the single-tregprotocol.

Figure8 depictsthe Resourcdndex for the multiple-treepro-
tocol for the samevideo streamspresentecearlierin Figure 6(b).
Also depictedis the Resourcelndex for the single-treeprotocol.
Thecon gurationshavn hereis for degreecap6 (or the equivalent
in kbps) andthe distribution-basedassignmentor unknavns. To
have sufcient resourcesa Resourcéndex higherthanl is needed
for boththe single-treeand multiple-treeprotocol. We nd thatfor
thestreamghathadsufcient resourcesisingasingle-tregorotocol,
usingamultiple-treeprotocolcanincreasehe bandwidthresources
up to 20-25%. More interestingly for the remainingstreamsthat
did not have sufcient resourcesusing a single-treeprotocol, the
Resourcdndex increasedrom belav 1 to above 1 for all but one
streamwhenusinga multiple-treeprotocol. The value of the Re-
sourcelndex determinesiow muchencodingoverheadthe system
cansupport.For example,a Resourcéndex of 1.1 meanghat10%
of overheadmaybeadded.

To summarizepsingmultiple treesandMDC canincreasehe
amountof resourcesn the system.With a degreecapof 6, 1/3 of
the streamshad a Resourcendex of belav 1 using a single-tree
protocol. Using a multiple tree protocol, in all but one case,the
Resourcdndex is above 1. Thus, multiple-treeprotocolsincrease
the feasibility of overlay multicastespeciallyfor thosestreamshat
do nothave atundantresources.

3.6 ResourcesSummary

Ourresultsindicatepromisefor applicationend-pointarchitec-
tures. Using a single-treeprotocoland a single encodingrate, all
audiostream$iave abundantresourcesndmostvideostreamsave
enoughinherentresourcesWith realisticpercentagesf NATs and

re wallsin the systemtheresourcecharacteristicts the sameasif
therewereno NATs and re walls. Lastly, in resourceconstrained
environmentsusingmultiple-treeprotocolscanincreasehe supply
of resourceén the systemandimprove the situation.

4. |STHERE ANY STABILITY?

In this sectionwe look atfeasibility of maintainingastableand
connectedreein the presencef groupdynamics.In addition,we
evaluatemechanismghatcanbeusedto increasehestability of the
overlay

4.1 ExtremeGroup Dynamics

Figure9 depictsthe sessiordurationcharacteristicéor the 660
large-scalestreams.The x-axis is the sessiordurationin minutes.
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They-axisis the cumulatve distribution of the numberof streams.
The rst curwe ontheleft depictsthe cumulatve distribution of the
obsered 5th percentilesessiondurationin all 660 streams. For
example,5% of incarnationgn 30% of the streamshad durations
of shorterthan1 second.The next 3 curvesarefor the 25th, 50th
and95thpercentile Notethatthe samevalueonthey-axisdoesnot
necessarilyxorrespondo the samestreamon all thecurves.

Basedon this gure, we make two obserations. First, there
is a signi cant numberof very shortsessionsLooking at the 25th
percentilecurve,we nd thatfor moststreams25%of sessionsire
under2 minutes.Furthermorethemostdisastrouss thatin the50th
percentilecurve, 20%of thestreamsave extremelydynamicgroup
membershiwith half of the sessionshorterthan5 minutes.With
suchshortsessiordurationsjt seemsvery unlikely thattherecould
beary stability.

Our secondobseration is that thereis a heary tail, wherea
small numberof incarnationshave very long sessions.The 95th
percentilecurve in Figure9 shaws that for moststreamsthe 95th
percentilesessiordurationis longerthan 30 minutes. Perhapghe
tail canhelpaddsomestability to thetree.Notethattheseobsenra-
tionsareconsistentvith the sessiordurationanalysisof thelargest
eventin Section2.

4.2 Stability Metrics

Whenan incarnationleaves, it causesll of its descendants
becomealisconnecteffom theoverlayandstopreceving data.Dis-
connectsare perceved as glitchesin the stream,resultingin poor
performanceDisconnectedlescendantwill needto nd new par
entsandreconnecto continuereceving the stream. Therefore,a
desirabletreeis onein which whenan incarnationleaves, no one
is affected. Incarnationghatwill stayfor along time shouldbe at
thetop of thetree,andincarnationghatwill stayfor shortdurations
shouldbe leaf nodesat the bottomof the tree. To capturestability
of theoverlaywe look attwo metrics:

Mean interval betweenancestorchangefor eachincarnation.
This metric captureshe typical performanceof eachincarnation.
An ancestochangds causedy anancestoteaving thegroup,typ-
ically resultingin a glitch in the stream.Frequenflitchesmay be
annging. Therefore the longertheintenal, the betterthe perfor
mance.If ahostseesonly oneancestochangeduringits session,
the time betweenancestorchanges computedasits sessiordura-
tion. If a hostseesno ancestorchangesat all, the time between
ancestochangses in nite.

Number of descendant®of a departing incarnation. Thismetric
capturesoverall stability of the system.If mary hostsareaffected
by onehostleaving, thenthe overall stability of the systemis poor.

However, assuminga balancedree, mosthostswill be leaf nodes
andwill not have children. Therefore we hopeto seethata large
percentagef hostswill nothave childrenwhenthey leave.

4.3 Overlay Protocol

We simulatethe effect of groupdynamicsontheoverlay proto-
col usingatrace-divenevent-basedimulator The simulatortakes
thegroupdynamicgracefrom therealeventandthedegreeassign-
mentshasednthetechniquen theprevioussectionandsimulates
the overlay treeat eachinstantin time. Hostsin the simulatorrun
a fully distributed self-organizingprotocol to build a single con-
nectedreerootedatthesource . Theprotocolis asimpli ed version
of the oneusedin the End SystemMulticast project[7]. Notethat
we do not simulateary network dynamicsor adaptatiorto network
dynamics.Thefollowing protocolfunctionsof thesimpli ed proto-
col arealsocommonacrossmary of the existing overlay multicast
protocols.

Host Join: Whenahostjoins, it contactdhesourceto getarandom
list of  currentgroupmembers.In our simulations, is setto
100. It then picks one of thesemembersas its parentusing the
parentselectioralgorithmdescribedelow.

Host Leave: Whena hostleaves, all of its descendantare dis-
connectedrom the overlay tree. For eachof its descendantghis
is countedasan ancestorchange.Descendantthen connectback
to the tree by independentlynding a new parentusingthe parent
selectionalgorithm. Note that we prioritize reconnectionsy al-
lowing descendantthat contrikute resourceso connectback rst,
beforefree-riders.This preventsfree-ridersfrom saturatinghetree
beforeall descendantare ableto reconnect.This is implemented
by having hoststhat contritute fewer resourcesvait longerbefore
trying to reconnect.

Parent Selection: Whena hostneedsto nd a parent,it selectsa
setof randomhoststhatarecurrentlyin the systemprobeshem
to seelf they arecurrentlyconnectedo thetreeandhave enougtre-
sourcego supportanewr incomingchild, andthenranksthembased
onthe parentselectioncriteriadescribedn the next section.In our
simulations, is setto 100. We do not simulatethe mechanisms
for learningabouthostscurrently participatingin the system,but
assumehatsuchmechanismgrovide randomknowledge.In areal
implementationGossip-basethechanism§22] maybeused.

4.4 Parent SelectionAlgorithms

The parentselectionalgorithm determineghe stability of the
overlay If hostshave stableparentsasopposedo unstableparents,
thenthetreeis likely to be more stable. We ran simulationson 4
parentselectionalgorithms. Note that the chosenparentneedsto
be connectedo the tree andhave enoughresourcego supportan
incomingchild (hasnot saturatedts degree-bound)in additionto
satisfyingthe parentselectioncriteria.

Oracle: A hostchooseghe parentwho will stayin the system
longerthanitself. If no hostwill staylonger it chooseghe host
thatwill staythelongest.Thisalgorithmrequiresfutureknowledge
andcannotbeimplementedn practice. However, it providesagood
baselinecomparisorfor the otheralgorithms.

Longest- rst: This algorithm attemptsto predict the future and
guesswvhich nodesarestableby usingtheheuristicthatif ahosthas
stayedin the systemfor a long time, it will continueto stayfor a
long time. Theintuition is thatif the sessiordurationdistributions
areheavy-tailed,thenthis heuristicshouldbeareasonableredictor
for identifying the stablenodes.

Minimum depth: A host chooseshe parentwith the minimum
depth. If thereis atie, a randomparentis selectedrom the ones
with the minimum depth. The intuition is that balancedshallav
treesminimize the numberof affecteddescendantehenanances-
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tor higherup atthetop of thetreeleaves.

Random:A hostchoosesrandomparent.Thisalgorithmprovide
abaselinefor haw a “stability-agnostic’algorithmwould perform.
Intuitively, randomshouldperformtheworstcomparedo theabove
algorithms.

We usedthedegreeassignmentrom the previous section with
a degreecapof 4 for audiostreamsand 20 for video streamsand
thedistribution-basedssignmentor the hostswith unknavn mea-
surementsUnlessotherwisestatedwe usethis samesetup for all
subsequergimulations.

4.5 Results: Single-TreeProtocol

We simulatedthe performanceof the 4 parentselectionalgo-
rithms for the largestevent over the mostdynamic30-minuteseg-
mentfrom 19:00-19:30 Wedid notusethesessionsvith NAT/ re wall
timeoutproblemsdiscussedn Section2 in the simulationsbecause
their 2-minutesessiordurationsarearti cial. Eachparentselection
algorithmis simulatedL0times,eachtime usinga differentrandom
seed.

The cumulatie distribution (CDF) of the meantime intenval
betweenancestorchangeis depictedin Figure 10(a). The x-axis
is time in minutes. A larger interval is more desirable. Because
we aresimulatinga 30-minutetrace,the maximumtime intenal is
30 minutes,if a hostseesone ancestorchange.Hoststhat do not
seeary ancestochangehave anin nite interval. For presentation
purposeswe representn nity as 31 on the x-axis. The bottom
mostline in the gure representshe CDF whenusingthe oracle
algorithm. Roughly10% of theincarnationsav only oneancestor
changein 30 minutes. Furthermore 87% of incarnationsdid not
seeary changestall. In fact, therewereonly oneor two events
that causedancestorchangesacrossall the runs. It is surprising

thatthereis stability in the systemduring the busiest30 minutesin
thetrace. In addition,the overlay built by the oraclealgorithmcan
exploit thatinherentstability.

Thesecond-beslgorithmis minimumdepth.Over 90%of the
incarnationssav eitherno changesr 5 or more minutesbetween
changesThisshouldbetolerableto humansasthey will seeaglitch
every 5 minutesor so. The randomalgorithmandthe longest- rst
algorithmperformedpoorly in this metric. For random,only 70%
of the incarnationssav no changer 5 or more minutesbetween
changes.To our surprise thelongest- rstalgorithmperformedthe
worst, with 50% of incarnationsseeingdecentperformance.The
reasorthatit did notperformwell stemsfrom severalfactors.While
it correctlypredictedstablenodesn 91%of the casesit waswrong
for the remaining9% asdepictedin Figure10(b). The numberof
descendantsf adepartinghostis onthex-axis,in log scale.They-
axisis the cumulatie percentagef departinghosts.If longest- rst
were always correct,it would overlap with the y-axis, like oracle
wherealmostall departinghostshad no descendantsOne of the
dif culties in gettingaccuratepredictionsis that at the startof the
event,almostall hostswill appeato have beenin thegroupfor the
sameamountof time making stablehostsindistinguishablefrom
dynamichosts. Note that longest- rst is predicting correctly for
more caseghanrandomand minimum depth,which had 72% and
82%of incarnationsvith no descendantahenthey left thesystem.
To explainthe poorperformancewe look atthe secondactor

The secondfactoris thatthe consequencef its mistale is se-
vere as depictedin Figure 10(c). The x-axis is the averagedepth
of eachnodein thetree. Thelongest- rstalgorithmhastaller trees
thantherandomandminimumdepthalgorithms.Thereforewhenit
guessemcorrectly alargenumberof descendantareaffected.We
examinedthe tail end of Figure 10(b) morecloselyandcon rmed
thatthis wasthe case.

Oneinterestingobseration is that the oraclealgorithmbuilds
the tallesttree. The intuition hereis thatnodesthat are stablewill
clustertogetherand “stable” brancheswill emege. More nodes
will clusterunderthesebranchesmakingthetreetaller. Although
the height doesnot affect the stability resultsin our simulations,
in practicea tall treeis morelikely to suffer from problemswith
network dynamics.

We nd that minimum depthis the mosteffective and robust
algorithmto enforcestability. Its propertyof minimizing damage
seemdo bethekey to its goodperformance.The factthatit does
not attemptto predictnodestability makesit morerobustto a vari-
ety of scenariosasdepictedin Figure1l. We ranthe samesetof
simulationsusing4 parentselectionalgorithmsfor 50 of the large-
scalestreams.Thesearethe samestreamsasthe onespresentedn
Section3, but with only half of the video streamsresent.Again,
we usedthe distribution-basedssignmentor hostswith unknavn
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measurements degreecap of 20 for video streamsanda degree
capof 4 for audiostreamsThe simulationswvererun over the most
dynamicl-hoursegmentsin eachtrace.We assumea conserative
cut-off for poor performance:anincarnationthat seesan ancestor
changemorefrequentlythanoncein 5 minutesis seeingpoor per
formance.Thex-axisis the streamandthe y-axisis the percentage
of incarnationsthat seepoor stability performancen that stream.
Again, the oraclealgorithm performedthe bestwith moststreams
having no incarnationswith poor performance. Minimum depth
performedthe secondbestwith 45 out of the 50 streamshaving
20% or lessincarnationswith poor stability performanceRandom
and longest- rst both performedpoorly with 5-10 streamswhere
50% or moreincarnationseepoor performance.

While we presentesultshasedn4 parentselectioralgorithms,
we alsoexploredmary designalternatves. For example,we looked
atprioritizing contritutorsandcombiningmultiple algorithms.How-
ever, we do not presenthemin this paperdueto spacdimitations.
We notethatalternatealgorithmsdid not performaswell astheones
listedabove. For example,whenthe parentselectionalgorithmpri-
oritized contritutors suchthat they are higherup in the tree, the
performancevasaspoorasrandom. This is explainedby the ob-
senation that thereis no correlationbetweenbeing a contritutor
andbeingstable.

We alsolooked attheimpactof resourceon stability. In partic-
ular, we looked at whetherthereis morestability if therearemore
highdegreenodeq(i.e., moreresources)We ransimulationson the
audio streamswith degreecapsof 6 and 10, and found that there
was only a slight improvementcomparedo whenthe degreecap
was4.

Tosummarizewe nd thatthereisinherentstabilityin applica-
tion end-pointarchitecturesWithout futureknowledge thereexists
practicaland simple algorithmssuch as minimum depththat can
provide goodstability performance While we have looked at hov
to reducethe numberof ancestorchangesn the system,another
importantdirectionis to reducethe percevedimpactof anancestor
changeln particular mechanismsuchasmaintainingapplication-
level buffers to smoothout interruptionscould help while the af-
fecteddescendantarelooking for new parents.Multiple-tree pro-
tocols,which we discussnext, may alsohelp reducethe impactof
ancestochanges.

4.6 Impact of Multiple-T reeProtocols

In multiple-treeprotocols,the streamis split and distributed
across independentrees.The probabilityof mary treesseeingsi-
multaneoudisruptionsis small. In addition,with sufcient redun-
dang in theencodingtheimpactof adisruptionin onetreemaybe

negligible. Ontheotherhand,becaus@ahostnown has timesmore
ancestorsit is likely thatit would seea larger numberof ancestor
changesverall. Although frequentancestorchangeamay not al-

waysaffectpercevedquality, it createsnoreprotocoloverheacand

actiity onthenetwork becauséostsneedto nd new parentsmore
frequently

To explore the effect of multiple-treeprotocolson stability, we
simulatethe same50 streamsasthosedepictedn Figurellusinga
multiple-treeprotocol. Therearethreemodi cations to the single-
treeprotocolin Sectiord.3. Exceptfor thechangebelawn, eachtree
is independentlygonstructedisingthe single-treegoprotocol.
Independenttr ees:To maintainindependencbetweertrees each
hostis aninteriornode(contributor of resourcesin only onetree[4].
A hostselectghetreethatit will contrituteits resourcesandjoins
thattreeasa contrikutor. It joins the remainingtreesasleaf nodes.
Thus,whenit leavesthebroadcastit will only affectthestability of
onetreebecausé hasdescendants only onetree.

Load balancing: Weimplementoadbalancingf resourceamong
treessuchthatall treeshave roughlythe sameamountof resources.
Theload balancingalgorithmis run at join time, wherea hostwill
becomea contrikutor (interior node)for thetreewhich currentlyhas
thelowestResourcdndex. The sourcekeepstrackof the Resource
Index by maintaininga countof the amountof resourcesn each
treeandthe currentnumberof incarnationsn the system.
Preemption: Theremay be caseswherea tree may be saturated
andnot have enoughresourceslf a new hostwereto join thetree,
it would notbeableto. To allow new contrikutorsto join, they may
preemptexisting “free-riders”in the tree. Preemptiorinvolvesdis-
connectinghefree-riderfrom thetreeto openup a positionfor the
new incoming contributor. The contritutor takesthe free position
and may acceptthe free-riderthat was preemptedo join underit
asits child. We implementa limited form of preemptionwherea
new contrikutor only preemptdree-ridersat depth1 (i.e., children
of thesource)andfoundthisto besufcient for theworkloadsin our
study Overall, preemptionrarely take place. Evenfor the stream
with the mostpreemption preemptioncausedonly 4% of discon-
nectscomparedo the 96% causedy departinghosts.

GenerallyMDC encodingaddsredundang andoverheactom-
paredto theoriginal stream.In our simulationswe assumehatthe
overheadis 25%. In practice,this overheaddependson the spe-
ci ¢ videostreamandthe MDC optimization. Settingthis number
too low couldresultin poorresiliencesettingthis numbertoo high
wastesbandwidthresources.We run the simulationsusing three
con gurations: 4, 8, and 16 trees. Eachtree carriesa fraction of
the sourcerate. For example,in the 4-treecon guration, eachtree
carries1/4 of the original sourcerate with 25% redundang and
overhead.With 25% redundany, recevving 3 out of 4 descriptions
is sufcient. Only resultsfor the minimum depthparentselection
algorithm are presented.Note that minimum depthperformedthe
bestamongstall the practicalalgorithmsevaluatedfor the single-
treeprotocol.

First,welook atthepercentagef incarnationghatseefrequent
ancestochangeghave anaveragentenal betweerancestochange
shorterthan5 minutes,similar to the single-treecase).Becausen
incarnatiorhasmultiple simultaneouparentspnein eachtree, it is
likely to seemorefrequentancestochangegsmoretreesareused.
Simulationresultscon rm thisintuition. We nd thatwith 16trees,
acrosghe50 streamspn averager5%of incarnationsn thestreams
seetoo frequentancestorchanges.With 8, 4, and single-tree the
percentageropsto 55%, 32%,and8% respectrely. While thisin-
dicatesthat protocoloverheadncreasesigni cantly with multiple
trees,it doesnotindicatethe perceved quality of the streams.

Next, to understangiercevedquality, welook attheaveragdn-
terval betweentoo manysimultaneouslisconnects As previously



mentioned being disconnectedrom onetree doesnot impactthe
quality of the stream.However, beingdisconnectedrom too many
treessimultaneouslyor over 25% of thetreesin our con guration,
indicategpoorpercevedquality. We assumehatwhenahostis dis-
connectedit takesonesecondor it to nd anew parentandconnect
backto thetree. They-axisin Figure 12 depictsthe percentag®f
incarnationghat seetoo mary disconnectsge ned as more often
thanoncein 5 minutes. The x-axisis the 50 large-scalestreams-
thesameasin thesingle-treeanalysisn theprevioussection. They-
axisistruncatedat5%to betterillustratethedifferencedetweernthe
differentcon gurations. In addition, the previous resultsfrom the
single-treeminimumdepthprotocolarealsodepicted.The percent-
ageof incarnationswith poor stability is higherfor the single-tree
protocol. For the multiple-treeprotocol,using 4 trees,all streams
have lessthan5% of incarnationswith poor performance.Fewer
incarnationsseepoor performanceasmoretreesare used. For ex-
ample,usingl6 treesall streamsave lessthan2% of incarnations
with poorstability performance.

In this section,we seethat multiple treescanincreasethe per
ceived quality of the streams However, theimproved performance
comesat a costof morefrequentdisconnectsmore protocolover-
head,andmorecomple protocols.

5. CAN EFFICIENT OVERLAYSBE
CONSTRUCTED?

In this section,we look at the feasibility of constructingef -
cientlarge-scaleoverlays. An efcient overlayis onein which the
overlay structureclosely re ects the underlyingIP network. The
challengss to enablehoststo discover othernearbyhoststhatmay
be usedasparents.Whenthereareasmary as70,0000therhosts
simultaneouslyarticipating,it is notpossiblefor ahostto know ev-
eryoneelsebecauset would requiresigni cant protocoloverhead
to maintainsuchknowledge. As aresult,eachhostwill only knowv
a subsebf the currentmembership.In orderto constructef cient
overlays,thatsubsemustcontainhoststhatarenearby

We developandanalyzetechniquedor partitioningapplication
end-pointdnto clusters.Onememberof eachclusteris designated
asthe clusterhead(also called membeship serve). Hostsin the
samecluster maintain knowledge about one another Clustering
policies that leveragenetwork proximity have the potentialto in-
creasdheef ciency of theoverlaystructure.

5.1 Membership Management

Next, we describethe clustering-basednembershipmanage-
mentprotocolhostsuseto maintainanddistribute groupmember
ship information. We wish to highlight that the simplicity of the
protocolallows for simplerecovery giventhe dynamicarriving and
departingnatureof themembershigeners.

Handling hostjoin: A new hostjoining the systemcontactsaren-
dezwous point, often the sourceof the broadcastwho is respon-
sible for knowing the currentmembershigseners participatingin

thebroadcastTherendezwouspoint respondswith alist of current
membershipseners. The new joining hostthenselectsoneof the
membershigsenersto contact eitherrandomlyor by usingcluster

ing techniquegliscussedn thenext section.The selectednember

shipsenerreplieswith afreshlist of currentmemberghatit knovs

(mostlyinsidethe samecluster). Thejoining hostthenusesthelist

in the tree constructionprotocolto connectitself to the treevia a
membelin thelist.

Creating membership sewvers: The rendezous point is respon-
sible for ensuringthatthereareenoughmembershigsenersin the
system. Membershipseners are createdon-demandasedon the
needsof the system. For example,whena new hostarrives and

thereare not enoughmembershipsenersin the system,the ren-
dezwuspointwill immediatelyassignthe new hostto functionas
amembershigener (assuminghe nenv hosthasenoughresources
to supportthe controltraf c).

Recorvering from membership sewver dynamics: Becausave are
usingapplicationend-pointsaasmembershigseners,we mustcope
with membershigsenersleaving. Justbeforeleaving, a member
ship sener looks to seeif it can promoteone of the hostsinside
its own clusterto becomethe nev membershigener. It is possi-
ble thata promotionmay not be possiblebecausef resourcecon-
straints. In suchcasesthe rendezous sener will notice that the
numberof membershigsenershasdecreasedndwill createanev
membershigener from thenewly arriving hosts.Notethatwhena
membershisenerleaves,it doesnotaffect datadelivery exceptfor
thehoststhatareits own directdescendants heexisting hoststhat
werepartof the departingmembershisener's clusterneedto nd
anev membershigener. If apromotionwassuccessfulthe newly
promotedhostbecomegheir replacemenimembershigener. The
membershistatecanbequickly refreshedshostscansendexplicit
livenessipdatego thereplacemenmembershisener. If apromo-
tion was not successfulhostswill move to differentmembership
seners.

State maintenance: In orderto recoser from membershigeners
departinghebroadcastlynamically all membershigenersexplic-
itly exchangestateabouttheir livenesswith the rendezeus point.
Membershipseners also maintainexplicit state,livenessandin-
formationaboutothermembershigenersanda randomsubsebf
membersutsidetheir cluster In addition,all hostsinsidea cluster
exchangeexplicit stateandmaintainkeep-alveswith theirmember
shipsener. Whenkeep-alve messagearerecevedatthemember
shipsener, themembershigener will respondwith alist of asub-
setof otherlive membershisenersin the systemandothermem-
bersoutsideits cluster(learnedrom exchangesvith othermember
ship seners). Knowing hostsoutsideone’s own clusterhelpswith
recovery. Hostsalsoexchangetheir groupmembershigknowvledge
with other hoststhat they know. Gossip-like protocols[22] may
be used,with a strongerbiastowardsexchanginginformationwith
hostsinsidetheir own cluster

Inter play betweenmembershipmanagementand tr eeconstruc-
tion: Thedatadelivery structureandthe membershipnanagement
clustersarelooselycoupled.Themembershipnformationfrom the
clustersimplicitly in uencesthe datadelivery tree. We do not en-
forcestrictclusteringonthedatadeliverytree.In factoverlaynodes
arefreeto selectnodesoutsidetheir own clusterasparentsf those
nodesprovide betterperformanceThis simpli es performancep-
timizationsandrecovery from nodefailures.

5.2 Clustering Policies

In this sectionwe discusghedesignof clusteringpolicies.We
considerthreedifferentclusteringpolicies. Our rst policy is ran-
dom wheretheclustersareagnostiof network proximity. Oursec-
ondpolicy is network delay-basedlustering Shortdelaysarerea-
sonablycorrelatedvith goodbandwidthperformancgl7], whichis
alsoimportantfor streamingapplications And lastly, we look atge-
ographicclustering which roughlyapproximatesetwork distance.
For example thenetwork delaybetweerhostsin thesamecontinent
is likely to beshorterthanhostsin two differentcontinents.

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

In additionto consideringproximity, we needto considertwo
critical requirements:ensuringthat clustersizesare not too large
andensuringthateachclusterhasenoughresourcesBoundingthe



clustersize helpsto prevent membershigenersfrom beingover-
loaded. Being aware of resourceshelpsto ensurethat thereare
enouglresourcesvithin aclustersuchthathostscanuseotherhosts
insidetheir own clusterasparents.While hostsmay still usehosts
outsidetheir clusteras parentsthis degradesthe ef ciency of the
overlay Hostsin differentclustersarelikely to befartheraway than
hostsinsidethe samecluster

Ignoring thesetwo requirementsesultsin poor clusters. For
example,we analyzethelargesteventand nd thatusingnaive ran-
domclusteringall clustershave sizescloseto 200 hosts.However,
naive delay-base@dndgeographiclusteringboth produceclusters
with awiderangeof sizeg(from 10'sto 10005). In addition,theRe-
sourcelndex for 7% of the randomclusters,and20% of the delay-
basedand geographicclustersare belov 1. For example, delay-
basedclusteringproducesa few hugeclusterswith low Resource
Index, eachcomprisingalmostexclusively of DSL and cablemo-
demhoststhatbelongto the samelSP.

We usethefollowing algorithmsto meetthe two additionalre-
quirementf maintainingclustersizesandresources.
Cluster SizeMaintenance: Two possibilitiesfor boundingheclus-
tersizeandhandlingover owsare:(i) redirection wherenew hosts
areredirectedo thenext bestclusteruntil anavailableoneis found
and (ii) new clustercreation wherea new contributor hostthatis
supposedo join afull clustercreatesanew cluster
Resource Maintenance: We redirectfree-ridersjoining a cluster
with Resourcendex at or below 1 to otherclusters,but we allow
contributorsto join becauséhey eitherincreaseor maintainthe Re-
sourcelndex.

5.3 Clustering Quality

In this section,we evaluatethe quality of the clusteringpro-
ducedby the variouspoliciesanddesignchoices.First, we discuss
how we obtainedthe proximity datausedin the evaluation.

5.3.1 Proximity Data

Network delay: In orderto evaluateefciency, we needto
know the pairwise delay betweenall participatinghosts. This is
infeasiblewithout accesgo the hoststhemseles. Instead,we ap-
proximatepair-wise delay valuesusing Global Network Position-
ing (GNP) [16]. We assigncoordinatego eachof the hostsand
“compute”thedelaybasednthegeometriadistance To assignco-
ordinateswe usel3 landmarkg(PlanetLalj19] machines)ocated
aroundtheworld. Landmarkaneasurehe round-triptime between
themseles andthe IP addresseén our streamingworkload, and
thencomputecoordinatedasedon the measuremerdata(using8
dimensions) Dueto the overheadof probingandthe low response
rate, we probedonly the IP addressef the largeststreamin our
traces.Of the 118,921IP addressexynly 27,305respondedHosts
thatdid notrespondarenotusedin our simulations.

Geographic distance: We obtain location information from
Akamai's EdgeScapeservice,the sameservicethat provided ac-
cesstechnologyinformationin Section3. Using EdgeScapewe
mapan|P addresdo its latitudeandlongitude.Manualveri cation
of mappingresultswith known geographidocationsshaved that
theinformationwasaccuratdor our purposewhichis coarse-grain
geographiclustering.

For all of the following analysisandsimulationswe usea de-
greecapof 20 andthedistribution algorithmfor assignmenof un-
knowns, similar to the setupin Section4. We assumethat each
membershigsener contributesone“degree” out of its existing re-
sourcedor thejoin protocoloverhead.

5.3.2 ClusteringQuality Metric
To captureclusteringquality, we use the averageand maxi-
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Figure 13: Clustering quality whenvarying number of clusters.
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Figure 14: Clustering quality whenbounding cluster sizes.

mum intra-clusterdistancein millisecondsasthe metric. Average
intra-clusterdistancemeasureshe overall “tightness” of the clus-

tering. The smallerthe value,the closerall hostsin the clusterare

to eachother Maximumintra-clusterdistancemeasuresheworst-

case“spread” of the cluster Again, we would like to seea small

distance.The distancemetric we usehereis the network distance
(approximatedisingGNP)andthe following analysisis conducted
for thelargesteventonly for thehostswith GNP coordinates.

5.3.3 Sensitivityto the Numberof Clusters

The rendezous point needsto maintaina minimum number
of clusters. To understandvhatis a goodnumbey we look at the
intra-clusterdistanceasa function of the numberof clusterswhen
usingnaive delay-basedlustering.Figure 13 plotsthe cumulative
distribution of the intra-clusterdistancedor all clusterscreatedn
thesimulation,wheretheminimumnumberof clusterss variedbe-
tween50 and 500, and the maximumclustersizeis maintainedat
200. Usingmoreclustergresultsin smallerintra-clustedistancefor
eachcluster Theaverage(the linestowardsthe left) improvesonly
slightly, however the maximumimproves signi cantly from close
to 600 msfor 50 clustersto about250 msfor 500 clusters.All re-
mainingsimulationsuseaminimumof 100clustersandamaximum
clustersizeof 200 hosts.

5.3.4 Sensitivityto Cluster Sizeand Resouce Main-
tenance

Figure 14 depictsthe cumulatie distribution of intra-cluster
distancedor nave delay-basedalustering(which we alsoreferto
as GNP clustering),and the two techniquesisedto boundcluster
sizes: GNP with redirection,and GNP with new clustercreation.
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Figure 15: Clustering quality when bounding ResourceIndex.

For 90%of theclustersheaverageclusterdistancas within 100ms
andthemaximumreache800ms. This gure shavsthatbounding
the cluster size doesnot signi cantly affect the intra-clusterdis-
tances.Redirectinghostsfrom large clustersdoesnot affect clus-
teringquality becauséf the clusteris large, thatindicatesthatthere
areotherclustersnearby(createdrom previousredirections) Sim-
ilarly, usinga new contritutor to createa new clusteralsoworks
well becausenorehoststhatarenearbywill subsequentlyoin the
new cluster

Figure 15 depictsthe cumulatie distribution of intra-cluster
distancesfor naive GNP and GNP with Resourcelndex mainte-
nance.Again, averageandmaximumintra-clusterdistancesrenot
signi cantly affected.

5.3.5 Sensitivityto ClusterHeadChoice
We comparedheintra-clusterdistancegrom our resultsabose

to distancesesultingfrom clusteringusingthek-meansalgorithm[3].

The key differenceis that k-meanswill choosean optimal cluster
centerbasedn neighboringcoordinatesvhile our proposednech-
anism choosescluster headsrandomly Note that the resultsfor
k-meansclusteringassumethat all hostsare presentin the system
atthesametime. Althougha directcomparisorbetweerthetwo is
not possible,it it is still usefulto know whetheror not the quality
of the clusteringsare similar. Using k-means90% of the clusters
had an averageintra-clusterdistancelessthan 150 ms, indicating
thattheclusteringalgorithmsthatwe usehave similar quality to the
more theoreticallymotivated clusteringusing k-means. Choosing
optimal clusterheadsds notacritical problem.

To summarize clusteringquality is not sensitve to the opti-
mizationsto maintainclustersizesandavailableresourcesnsidea
cluster In addition,choosingthe optimal clusterheadis not critical
to the clusteringquality.

5.4 Overlay Ef ciency and Performance

In this section,we evaluatethe ef ciency of the overlay struc-
ture whenusingthe join protocol,enhancedvith clusteringasde-
scribedin the previous sections.To measureef ciency, we usethe
relative delaypenalty(RDP)[8]. RDPis de ned astheratio of the
delaybetweerthe sourceto the hostalongthe overlayto the direct
unicastdistancebetweernthesourceandthehost.If theRDPis close
to 1, thentheoverlayis very ef cient andcloselyre ectstheunder
lying unicastpaths.Thelargerthe RDPis, the moreinef cient the
overlay structure. Note that the location of the sourceis not pro-
vided in the logs. Typically, a contentprovider is generatingive
stream®n oneof their own senersandforwardingthe streamsnto
the Akamainetwork. However, thelogs collectedat Akamai's edge
nodesdo not re ect wherethe contentprovider's sener is located.
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For the evaluation,we placethe sourceat a locationthat coincides
with arandomlychosenrhostparticipatingin the broadcastAgain,
we usethesamecon gurationasin thelastsectionwith aminimum
of 100clustersanda maximumclustersizeof 200 hosts.

5.4.1 Efciency of Large-ScaleOverlays

First, we presentef ciency resultsfor the largesteventin our
trace,usingonly the hostsfor which we hadGNP coordinatesFig-
ure 16 depictsthe cumulative distribution of the averageRDP for
eachincarnatiorfor GNPandrandomclustering(while maintaining
theResourcéndex). We useminimumdepthasthe parentselection
algorithmfor treeconstruction.GNP clusteringproducesnoreef-

cient trees,asthe RDP is lessthan 2 for 65% of the hosts—the
penaltyfor usingthe overlayis only twice thatof the directunicast
path from the source. Our RDP valuesfor large-scalegroupsare
similar to previously reportedvaluesfor muchsmallerscalelnter
nettestbedstudiey(13 hosts)usingsyntheticworkloads[8].

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

5.4.2 Impactof Clusteringon Stability

Next, we askwhetheror notef cient overlaystructuresaresta-
ble. Clusteringmay affect tree stability if hostswithin different
clustershave drasticallydifferentstability properties.We evaluate
thestability of thesamesetof streamdrom Sectiord, usingrandom
and geographicclusteringwith redirectionto maintainthe cluster
sizeandresourcevailability. We did notevaluatedelay-basedlus-



teringbecauseave did not have GNP coordinatedor thesestreams.

Figurel7 plotsthe percentagef incarnationswith poorstabil-
ity performancdor eachstreamusingthreeof the parentselection
algorithmspreviously presentedn Section4. Comparedo the per
formancewithout ary clustering,aspresentedn Figurell,thesta-
bility performanceemainsroughly the same.To verify this result,
we analyzedthe sessiondurationdistribution for all clustersof a
streamandfound thatthe sessiordurationdistributionswere simi-
lar acrossall clusters.Thus,clusteringdoesnotimpactthe stability
propertiesof the overlay

Our resultsstrongly suggesthat it is feasibleto constructef-
cient andscalableoverlaysby leveragingdelay-basedtlustering.
In addition,the overlaysconstructedisingvariousclusteringpoli-
cieshave similar stability performanceo the overlaysconstructed
without clusteringin Sectior4.

6. SUMMARY

In this paper we studyoneof the mostprominentarchitectural
issuedn overlay multicast—thdeasibility of supportinglarge-scale
groupsusinganapplicationend-pointarchitecturelUsingalargeset
of live streamingmediatracesfrom a commercialcontentdelivery
network, we demonstrat¢hat in most of the commonscenarios,
applicationend-pointarchitecturegi) have enoughresources(ii)
have inherentstability, and (iii) canefciently supportlarge-scale
groups.Our ndings shav promisefor usingsucharchitecturegor
real-world applications.

In addition,we exploreandevaluatea rangeof designghatcan
help increasethe feasibility in practice. We nd that minimizing
depthin single-treeprotocolsprovidesgoodstability performance.
In addition,the useof multiple-treeprotocolscansigni cantly im-
prove the perceved quality of streamsatthe expenseof anincrease
in protocol actiity, overhead,and compleity. We also nd that
simple clusteringtechniquesmprove the ef ciency of the overlay
structure.The strengthof our work is perhapgheinsightandanal-
ysis methodologymorethanthe designsassuch— mostof the de-
signswe studyaresimple.

While ourresultsareencouragingthereareseveralopenissues
that are candidatedor future work. First, designingpoliciesand
mechanism$o encouragapplicationend-pointgo contritutetheir
resourcess animportantdirection. Secondpur resultsaredepen-
dentonapplicatiorworkloads.While we believe thattheworkloads
usedin this study representcommonbehaior for live streaming
applicationsstudyinghow the ndings would changeunderdiffer-
ent or arbitrary applicationworkloadsmay exposenew insight to
help us betterunderstandhe feasibility of the architecture.Third,
thereare several unexplored designissuesthat could alsoimprove
performanceof applicationend-pointarchitecturessuchasthe use
of application-leel buffersto reduceheimpactof ancestochanges
in the tree,the (minimum) useof infrastructureto complementhe
resourcesand stability in applicationend-pointarchitecturesand
the designof new parentselectionalgorithmsto bridge the gap
betweenminimum depthand oracle. Finally, real large-scalede-
ployment of applicationend-pointarchitectureswill validateand
strengtherour ndings.
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