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Abstract—We proposea sewvice differ entiated peer selection
mechanism for peerto-peer media streaming systems. The
mechanism provides exibility and choice in peer selection
to the contributors of the system, resulting in high quality
streaming sessions.Free-riders are given limited options in
peer selection,if any, and hencereceie low quality streaming
The proposedincentive mechanismfollows the characteristics of
rank-order tournamentstheory that considersonly the relative
performance of the players, and the top prizes are awarded to
the winners of the tournament. Using rank-order tournaments,
we analyze the behavior of utility maximizing users. Through
simulation and wide-area measuement studies, we verify that
the proposed incentive mechanism can provide near optimal
streaming quality to the cooperative users until the bottleneck
shifts from the streaming sourcesto the network.

|. INTRODUCTION

Peerto-peer (P2P) systemsrely on voluntary resource
contritutions by individual peers. However, the inherent
tensionbetweenindividual rationality and collective welfare
producesa misalignmentof incentves in the grassroots
provisioning of P2P services Empirical studieshave shavn
free-riding (consumingresourcesvithout contrikbuting) to be
prevalentin P2P le-sharing networks [1], [2], legal threats
from copyright owners notwithstanding.Researcherdave
proposedvariousincentve mechanismsbasedon payment,
punishmentpor servicedifferentiation,to encouragecooper
ative behaiior amongpeers[3], [4], [5], [6], [7]-

Peerto-peer media streamingsystemspresentadditional
challengesandopportunitiesthataredifferentfrom thoseof
traditional P2P le-sharing systemslUsersderive utility from
P2Pstreamingsystemanot only from the availability of les
per se,but from the ability to obtainhigh quality streamsof
these les. Sincethe quality of a streamingsessiondepends
on a combinationof factors,rangingfrom the characteristics
of the streamingsources(e.g., link capacity availability,
offeredrate)to the characteristicef the network paths(e.g.,
available bandwidth,paclet lossrate, overlap of pathsfrom
multiple sourcego recever), the challengeis to designgood
peer selection stratejies to realize high quality streaming
sessions.

We believe that peer selectionfor P2P streamingoffers
a unique opportunity to tackle both the free-riding and the
streamingguality of service(QoS)challengesn a synegistic
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manner We proposean incentive mechanismmthat provides
service differentiationin peer selectionfor P2P streaming
basedon relatve contritution of the peers. Contributors
to the systemare rewarded with e xibility and choice in
peer selection,resultingin high quality streamingsessions.
Free-ridersare given limited options in peer selection, if
ary, andhencereceve low quality streaming.The proposed
incentive mechanisniollows the characteristicef rank-order
tournamentsLazearand Rosen[8] proposedhe rank order
tournamentsas a competition among several workers who
perform similar tasks for optimum labor contracts. This
schemepaysprize to the winnersandlosersdifferently, and
the prize dependon the rank order of the contestantsnstead
of their actualcontritutions. Many applicationsrequireonly
arankingor ordinal measuremenf outputs,andthe tourna-
mentis the bestchoicefor them. For example,tournaments
are commonly used in industry to award promotion. In
academicsthe tournamentscan be usedin the awarding
of assistantshipand scholarshipgo graduatestudents.The
inherentnature of P2P media streamingapplicationmakes
rank order tournamentsas a viable choice. Becausethe
peer selectiondependson relative contribtution amongthe
peers.Using the rank order tournamentgheory we analyze
the behaior of utility maximizing usersso that they can
computethe optimal contritution to the systemto achiere
their desirablequality.

We motivate our work with a casestudy of the PROMISE
P2P streamingsystem [9] in the presenceof free-riding
behaior in Sectionll. We obtain several ndings. First,
at low levels of cooperation,systemperformanceis poor
even when the overall load is low. Second,when a peer
contritutesto mary streamingsessionsits streamingquality
andthatof its remotereceverssufier degradation.Therefore,
in contrastto traditional P2P le-sharing systems,a P2P
streamingsystemcannot be sustainedby a small fraction
of altruistic users.Furthermore we con rm that streaming
quality is strongly dependenton the choice of suppliers
(streamingsources)A randompeerselectionschemeesults
in highly variable streamingquality, whereasan informed
peerselectionschemeproduceshigh quality streamingwith
low variance.

In Sectionlll, we describethe proposedincentive mech-
anismwherea peers contritution level determinedts score
and its relative ranking in the system,which in turn de-
terminesits ability to selectgood peers,and ultimately its



streamingquality. An analytical model is provided in this
sectionto computethe optimal contribution of eachuser
We evaluatethe mechanismin SectionlV and nd that it
provides nearoptimal quality to the cooperatre usersuntil
the bottleneckshifts from the suppliersto the network. We
discussrelated work in SectionV, before concluding the
paperin SectionVI.

Il. MOTIVATION

We study a P2P streaming system to understandthe
requirementsto provide high quality streaming.Then, we
evaluatethe systemunderfreeriding to investigatetheimpact
of non-cooperatioron the streamingquality.

A. P2P streamingsystemcasestudy

A streamingsystemis required to encompasghe key
functionsof objectlookup, peerbasedaggregatedstreaming,
anddynamicadaptation$o network andpeerconditions.The
quality of a peerdependson its availability, offeredrate,and
capacityof its outgoinglink. To avoid pathssharingamong
multiple suppliers,a streamingsystemshould leveragethe
underlying network topology and performanceinformation
for the selectionof suppliers.To copewith uctuationsin the
servicereceved from the network, severaltechniquesanbe
usedsuchas forward error correction(FEC) coding, multi-
descriptioncoding,andsendingratesadjustmentThe system
monitorsthe statusof peersto reactto peer/connectiorail-
ure. A dynamicswitching mechanismis requiredto replace
a failed peerwithout disruptinga streamingsession.

In this paper we use PROMISE [9] as an example sys-
tem that satis es the requirementsof a streamingsystem.
PROMISE usestopology-avare peerselectionto obtain the
bestsuppliers.The topology-avare techniqueinfers the un-
derlying topology and its characteristicsand considersthe
available capacity and paclet loss ratio of eachlink of a
path. Considerthe example shawvn in Figure 1. The gure
shows a network topology of a setof potential suppliersto
arecever. Thetopologyis annotatedvith available capacity
of eachsegmentof a path, the offered rate of each peer
and its availability. A randomtechniquemay choosepeers
P1;P3; P4 as suppliers,even though some of these peers
have low availability (P1), andotherssharea congestegath
(P3; P4). However, the topology-avare techniqueselectsthe
bestset: P,; P3; Ps becausdahey provide the bestaggreate
rateconsideringheir availability, offeredrate,andthe sender
to the recever path dynamics[9]. Later, we showv that a
certainlevel of cooperatioris requiredto receve high quality
streamingeven with the topology-avare supplierselection.

A streamingsessionin PROMISE is establishedsfollows:
A peerrequestinga media le issuesa lookup requestto
the underlying P2P substrate,which will return a set of
candidatepeerswho have the content.Usually a streaming
sessionrequires more suppliersthan a le downloading
session,which implies more cooperationamong users is
requiredin a streamingenvironment. The candidateset of
PROMISE typically contains10 to 20 peers.A topology
is constructedand annotatedo connectthe candidatepeers
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Fig. 1. Peerselectionby PROMISE. P2, P3, andPg areselectecbecause
they provide the bestaggrejate rate consideringtheir availability, offered
rate,andthe network dynamicsof the pathsfrom the sendergo therecever.

with therecever. Usingthe annotatedopology the selection
algorithm determinesthe active senderset that is likely to

yield the bestquality for this streamingsession.The rest of

the candidatepeersare kept in a standbysenderset, from

which replacemenipeerswill substitutefailed or degraded
peersfrom the active set. The recever assignsa sending
rate to eachof the active senders.The streamingsession
continuesas far asthereis no needto switch to a different
active sendingset. A switch is neededf a peerfails or the

network pathbecomesongestedAt thattime, the topology
is updatedwith new values.

B. Impactof non-coopeation

Usingpaclet-level simulationandinternetexperimentsye
studytheimpactof peernon-cooperatiommn the performance
of a P2P mediastreamingsystem(PROMISE). We analyze
this impact from three angles.First, how user cooperation
canenhancehe averagequality of streaming.Secondwhat
negative effectscooperatiommight bring to a peerthat shares
resourcesThird, what a peerwould gain from sharingits
resources.

To quantify the performanceof mediastreamingsystem,
we de ne quality of a streamingsessionas:

@

whereT is the numberof pacletsin a streamingsessiorand
Z; is a variablethat takes value 1 if pacleti arrives at the
recever beforeits scheduledblay-outtime, and 0 otherwise.
The quality is differentfrom throughputbecausét considers
the deadlineof eachpaclet. The parameteQ capturesother
performanceparameterssuch as paclet delay paclet loss,
andjitter. A paclet that missests deadlineis discardedand,
therefore,doesnot contritute to the quality of a streaming
sessionsimilarto alost paclet. The systemquality is de ned
asthe averagequality of all receversin the system.
Cooperation brings quality. We simulate a streaming
systemwith 1,200peerswho areconnectedy a Internet-like
topologygeneratedisingthe Geogia TechlinternetTopology
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Fig. 2.  Simulation datato shav how the level of cooperationaffects
the quality Q of the system.Higher cooperationprovides better quality
of service.If the level of cooperationis low, the streamingquality is also
low even whenthe network is not hearily congestedWhenthe systemhas
limited capacity a large numberof concurrentsessionslegradethe quality
of the systemeven whenthe cooperatiorievel is 100%.

Mapping tool. Figure 2 shawvs that the quality of streaming
sessiongchangeswith level of cooperationamongdifferent
peers.The numberof concurrentsessiongdenotedby K ) is
variedin this simulation.

Whenthe systemis almostidle (K = 1), the cooperation
level doesnot affect the streamingquality. The streaming
quality is the maximum at all cooperationlevels because
thereis no contentionfor resourcesHowever, the lack of
cooperatiomegatively impactsthe streamingquality even if
the network is not heavily loaded.For example, when the
systemhas 10 concurrentsessiongK = 10), the streaming
quality is excellent as long as the level of cooperationis
abore 30%. The quality degradessharply when the level
of cooperationdropsbelow this level. The performancede-
gradeseven morefor larger K whenthe level of cooperation
low. Furthermore when the systemhas limited capacity a
large numberof concurrentsessiongdegradethe quality of
the systemeven when the cooperationlevel is 100%. It is
clear from this experimentthat cooperationis necessaryto
maintainthe systemperformancevithin anacceptableange,
and the cooperationmight not be effective if the bottleneck
is shifted from the suppliersto the network.

Simultaneousuploading hurts quality. We studywhether
there is a signi cant cost of sharing resourcesgespecially
the bandwidth. The term bandwidth is used to indicate
the capacity of a link. We ask two questions:First, does
simultaneousuploading affect the downloading quality of
the users?Seconddoesthe concurrentuploadingreducethe
downloading quality of the remotepeers?If answerof the
rst questionis yes,a useris evenlessmotivatedto shareits
bandwidthwith otherswithout ary incentie. If the answer
of the secondquestionis yes,a peershouldnot supplyto so
mary peersto maintainthe quality of the remoterecevers.

We use PROMISE implementationas a streamingsystem
in the PlanetLab[10] test-bedto conduct experimentsin
the wide area Internet. We use nodes at Berkeley, Cal-
tech, UCSD, Rice, Duke, MIT, BU, Purdue,CMU, UMass,

Average Quality of Streaming, Q

UTexas, Arizona, Stanford, German, UK, France, Italy,
Swedenand Taiwan in our experiments Figure 3 shavs the
quality Q of the Berkeley nodethat downloadsfrom several
suppliersanduploadsto severalremoterecevers.The X -axis
is theuploadingratefrom Berkeley, whichis variedfrom0 4
Mbps. Figure 3(a) shaws thatthe quality of the downloading
sessionis good even thoughthe peeris supplyingat a rate
higher than 2 Mbps. The quality goesdown when the rate
is 3 Mbps or higher Thus, thereis a limitation abouthow
much a peershouldsupply without hurting its own quality.

We measurethe quality obtainedby remoteusersdown-
loadingfrom Berkeley. Figure 3(b) shawvs the averagequality
and Figure 3(c) shaws the individual quality of the remote
usersMost of theremoteusersexperiencepoor quality when
Berkeley is supplyingto mary users.Thus, thereis a cost
associatedvith uploading:too much uploadingfrom a peer
hurts the performanceof its own quality and the quality of
the remoterecevers. Thus, while a traditional le sharing
systemcan be sustainedwith a low level of cooperationa
P2Pstreamingsystemcannotprovide high streamingguality
to its usersif only a small fraction of userscooperate.

Random peer selection provides random quality. We
obsere in our experimentsthat the proper selection of
peersis important for a P2P streamingsession.Arbitrary
peer selectionyields unpredictablequality, which might be
acceptablein le sharing,but not in a streamingsession.
On the other hand, quality-avare peerselectioncan provide
stable and predictablequality which is a pre-conditionfor
video applications.We leveragethis obsenation to design
an incentve mechanismby providing quality-avare peer
selectionto the cooperatie usersandarbitrarypeerselection
to others.

N
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Fig. 4. Quality experiencingby a recever when suppliersare varied in
Planet-Labtest-bed.(a) suppliersare chosenarbitrarily and the quality is
highly unpredictable(b) known and good peersare chosenas suppliersto
provide high quality and predictableservice.

We usethe samesetupin PlanetLabtestbedasdescribed
in the previous section Figure4 shavs thatarbitrarypeercan
provide ashighasQ = 1, however, the minimumvaluegoes
to lessthan 0.2 for eachexperiment.We vary the number
of supplierson the X -axis. We obsenre that higher number
of suppliersmight provide even worse quality becausethe
receizer hasto maintain more connectionsand someof the
suppliersmight sharecongestionn their pathsto therecever.
Figure 4(b) shavs that quality-avare peer selectionreally
paysoff. Not only the quality is high, but alsothe quality is
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Fig. 3. Simultaneousiploadingfrom a peeraffectsthe quality of both local and remotepeersin Planet-Labsetup.Downloadingquality Q of the Berkeley

nodeis poorwhenit suppliesat arate

3 Mbps. AverageQ of theremotepeersaswell asthe quality experiencedy individual peersis poorwhenBerkeley

suppliesat a high rate. The ®gure shavs average,minimum, and maximumvalues.

more stablein this case.Thus, a motivation to the usersfor
sharingis thatthey will receve goodand predictablequality
of servicein return.

I11. PROPOSED INCENTIVE MECHANISM

P2Psystemdn generalare characterizedby large popula-
tions and asymmetriesof interest,resultingin few, if ary,
repeattransactionsbetweenary given pair of nodes[5].
Therefore,a score-basedncentive mechanismthat encour
agescooperatiorthroughindirectreciprocity[11] is suitable
for a P2P media streamingsystem.We proposea service
differentiated-basepleerselectionasanincentve mechanism
for P2P mediastreaming.

Earns i
Contribution (X Score (Sﬂﬂ’i Rank (R Peer Selection Quality (Q)

incurs

Cost () [ uilty (U7)

Fig. 5. Convertingthe contritution of a userinto a score,which is mapped
into a percentilerank amongall users.The rank is usedto selectsuppliers
of a streamingsessionwhich eventuallydetermineshe perceved streaming
quality of a user The utility of a userdependson the quality of serviceit
receves andthe costof its contritution.

We considera P2P media streamingsystem consisting
of rational users who choose their contribution level in
order to maximize their individual utility (Figure 5). The
contritution level of a useris corvertedinto a score whichin
turn is mappedinto a percentilerank, determiningthe rank
of the useramongall usersin the system.Peer selection
dependsn the rank orderingof the requesteraindcandidate
suppliers.For example,a peerselectionschemeamay allow a
userto selectpeerswith equal or lower rank to sene as
suppliers. Thus, the peer selectiontakes into accountthe
relative contritutions by the usersinsteadof their actual
contrikutions. The outcomeof the peerselectionprocessis
the realizedquality of the streamingsessions.

The user contrikution function X dependson its action
a and a randomoutput distortion . The output distortions
are dueto the approximationof contritutions by sampling,

and are independentlyand identically distributed. Utility U
is a function of the streamingsessionquality Q and the
contrikution costC. We write the contribution function and
the utility function for useri asfollows:

X(ai; i)=a+ i

)

U(@)= Q(a) C(a); ©))

where and de ne the valuesof streamingquality and
contrikbution costto useri. The behaior of the overall system
is de ned by a social welfare function:

X
SWF = Ui:
i=1
In equation3, quality can be expressedas a function of
contrikbution, score,or rank. The quality function is system
dependentbut shouldexhibit the following properties:(i) it
is monotonicallynon-decreasing userscore (ii) the quality
asymptoticallyreachego the valueQu ax , Which represents
the highestpossiblequality provided by the system (iii) the
function hasa non-ngjative initial value,i.e., Qg Q(S;i=0)
0. We will considerquality functionslaterin this section.
To provide ananalyticalmodelof the servicedifferentiated
incentve mechanismwe rst consideronly two peersi and
j andthengeneralizethe modelfor N peers.Let p; be the
probability of getting the maximumaquality Qu ax by user
i. Thenuseri% expectedutility is

(4)

U= fQge +pi(Quax QsE)g %)

The probability thati receves betterservicethanj is as
follows:

C(ai):

pi = Pr(Xi>Xj)=Pr(a+ i>g+ j)
=Pr( <a a)=G(a &) (6)
where = i andG( ) is the cumulatve distribution

function(cdf) of . Thus,theprobabilityis expressedn terms
of the relative contritutions by the users.The rank R; (0O



Ri 1) canreplacethe probabilityin equations to calculate
the expectedutility of useri becauseboth probability and
rank can be expressedusing the cdf of user contritutions.
The rank calculationis shawvn in SectionllI-B.

To maximizethe utility, we cantake rst orderderivative
of equation5 and equateto zeroi.e. Q=@ = 0. Thus,i%
reactionfunction is

g@@ &)fQuax Qseg CP=0; (7)

whereg(a; &) = @(a a)=@; g( ) is the prob-
ability density function (pdf) of . Peerj actssimilarly as
Peeri. The equilibrium contritution levels (a; ;&) satisfy

the best-replyrequirementgfor i; j = 1,2;i 6 j)

C(a):
(8)
Thisincentive schemehasthe samecharacteristicasrank-

ordertournamentsLazearand Rosen[8] proposedhe rank

order tournamentsas a competitionamongseveral workers
who perform similar tasks for optimum labor contracts.

O'Keefee et al. [12] presentconditionsthat must be met

for fair contestsin a multi-player format. Bognanno[13]

examines the aspectof pay and promotion in corporate
hierarcly usingtournamentheory With empirical evidence
the authorshavs thatthe winner's prizein CEOtournaments
increaseswith the numberof competitorsfor the position.

The rank-ordertournamenttheory is a viable choice for

P2P mediastreamingbecauseof the inherentnatureof P2P

media streamingapplication. The peerselectiondetermines

the quality of a streamingsessionandit dependsn relative
contribution amongthe peers.

In rank-ordertournamentsthereare two levels of prizes;
the top prize for the winner(s) and the other prize for the
loser(s).In our mechanismthe utility of a peervariesfrom
QBE t0Qum ax - Thenenvcomersandfree-ridersreceive Qg g
and the high rank usersreceve Qu ax . A betterthan best
effort service with quality Q, Qge Q Qmax , IS
provided to the usersbhasedon their level of contritution.
To generalizeequation 8 for N players, we extend the
probabilityp; of equations from two usersto N userswhich

a = al’ng;EiiX fQee+G(a &)(Qmax QsEe)g

Whena peer rst joins the systemi,it begins with a score
of zeroandrecevvesbest-efort service,i.e.,Qge = Q(S;=0).
The quality of this servicemay vary from systemto system,
and vary as a function of systemload. For example, a
suppliernodemay chooseto sene a nodewith a lower score
only whenit is idle. Hence,best-efort servicequality can
be highly unpredictablelf a userwishesto receve better
than-best-dbrt streaming,it must earna positve scoreby
contrituting to the system.A rationaluserwill determineits
optimal contritution level a; to maximizeits utility.

In our incentve mechanismnevcomersand free-riders
are treated identically This is to prevent whitevashing
behaior [5], where free-riders repeatedlymasqueradeas
nevcomersby obtainingnew identitiesat low or no costprior
to eachrequestThis punishmenimposedon the newcomers

is exactly the social costof cheappseudogms as quanti ed
in [14].

If the peer selectionschemeallowing a user to select
peerswith equalor lower rank is used,and a large number
of usersjoin the systemat the sametime (with the same
initial score of zero), it may be possiblefor a free-rider
to obtain high quality service by selecting these fellow
nenvcomers.However, this exploitation can be boundedin
duration,beyond which the free-riderwill have to contritute
to continuereceving high quality streams.This is because
if a peerdoesnot contribute for a while, its scorewill fall
behindothers,andthusit will notreceie ary quality service
from others.

We next discussthe various componentstagesof the
mechanism.Theseinclude scoreand cost functions, which
map contrikutionsto scoresand costs;percentilerank com-
putation,which mapsscoresto ranks;and quality functions,
which maprank to expectedquality.

A. Scoringfunctionand contribution cost

Thereis tremendouse xibility in the choiceof a scoring
function. A scoringfunction could consideronly the contri-
bution by a user or both the contritution and consumption
by a user For example, if the amount of uploadedand
downloadedbytes are By and B, respectrely, possible
scoringfunctionsmightinclude:S =By, S=Boy -Bin, S
= Eg?—“‘. KaZaA usesthethird functionin scoringtheir users.
The'"scoresmight be subjectto an agingfactorto encourage
contributions on a continualbasis.

The scoring function could also take into accountthe
differencein demandfor differentresourcesn the network.
For example,if a useri suppliesL; blocksof a le ata
datarateT; for durationD;, the usermay receve a scoreof
L; T, D, ,where ; ,and seneasmarket pricing signals
to re ect the demandof the system.

Whereappropriatethe scoringfunction could additionally
take into accountthe amount of defection vis-a-vis the
amountof cooperatiorby a user Speci cally, in a Revard-
Penalty scheme usersare penalizedfor refusingto sene a
requestjust as they are rewardedfor servingone. This is
in contrastto the baselineRavard schemewheredefections
arenot penalized.In general defectionsare usually dif cult
or impossibleto detectin P2P systems|[5], so that the
effectivenesof this type of scoringfunction may be limited.

Contritution costincurredby nodei for servinga stream-
ing sessiorcanbe expressedasa function of bandwidthand
storageusage:C; = ¢, LiM + cr T;D; wherec_ is the unit
storagecost,L; is the numberof blockssenedby nodei, M
is the averageblock sizein bytes,cr is the unit transmission
cost, T; is the transmissionrate of nodei, and D; is the
transmissiordurationof nodei. Hence,the total numberof
bytesuploadedis Boy;i = LiM = T;Dj:

For the evaluationsection,we considera = By, S = a
= Bout, andC =cra=crBoyt.

A commonproblemwith ary score,paymentor reputation
basedschemas thata malicioususercantamperthe software
andincreasdts own score.A usercancolludewith othersto
increasetheir scoreswithout sharinganything. One solution



of the collusionproblemis to computethe scoresubjectvely,
whereone userweighsthe opinion of anotheruserbasedon
how much they trust eachother[5]. Another solutionis to
usea securityinfrastructuresuchas EigenTust [15], where
the global reputationof eachpeeri is given by the local
trust valuesassignedo peeri by other peers,weightedby
the globalreputationof the assigningpeers.This framewvork
can be integrated to compute and maintain scoresin our
streamingsystem.

B. Percentilerank computation

A users ability to selectpeersasits supplierss determined
by its score.For example,whena userwith scoreS; issues
a requestfor a particular le, only nodeswith scoresless
than or equalto S; will respondto the request.We note
thata peerwith a scorehigherthanS; canstill respondand
be a supplierif it is selected however, they are not bound
to do it. Knowledge of ones scorealoneis not sufcient
for predicting the expectedquality to be receved by the
user The score must be mappedinto a percentile rank,
basedon the global distribution of scoresso thata usercan
determinewhetherthe currentscoreis sufcient for the user
to obtain streamingserviceof an acceptancejuality level.
The rank representshe probability (equation5) that a users
contritution is higherthanothers,andthusit shouldreceve
high quality servicefrom the system.

To computethe percentilerank, we calculatethe cdf of the
scores.The scoreis a discretevariable and thus the pdf is
de ned only at the valueswherethe scorehasa meaningful
value.The cdf is de ned as:

F(S)= f(i); 9)

i= Siow
wheref is the pdf of the scoresThe cdf providesa relation-
shipbetweerthe percentilerankandthe score.The percentile
is obtainedby dividing the cdf with the total numberof peers.

In the absencef a centralizedentity that maintainsglobal
state(i.e., updatedscoresof all users),individual nodescan
locally estimatetheir rank basedon a sampleof userscores,
possiblyvia the passie monitoringof queryand/orresponse
messagegontaining score information exchangedover the
network. This is anacceptablesolutionsincepercentileranks
are only usedfor prediction purposes,not for actual peer
selection.Propositionl shows that the requiredsamplesize
doesnot dependon the size of the network, but only on the
varianceof the population.For example,Figure6 shavs that
a samplesize of 50 or 100 producesa reasonableapprox-
imation of percentilerank in a network with populationof
1200userslf the approximatiorresultsin over-estimatingor
underestimatingthe quality, the userneedsto increasethe
samplesize.

Proposition1: EachpeerrequiresO( 2) samplesto ap-
proximateits percentilerank, where is the standarddevia-
tion of the original populationof scores.

Proof: Supposethe original populationhas mean and
standarddeviation . Let N be the number of samples
taken from this population randomly which is enoughto
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Fig. 6. Using randomsampleddatato estimatethe percentilerank from

a population of 1200 users.A samplesize of 50 or 100 provides good
approximationof the percentilerank, but not a samplesize of 20.

approximaterank curve so that the newv geanis close to

N
within a small constantvaluea. Thus, % <a
PN N A N
) S < ,for >0

Let, Z = —Nb%—'\' . ForlargeN, Z hasstandarchormal

distribution (Central Limit Theorem).Let b = ap—N If b
is known, the Pr[jZj < b] can be obtainedfrom the table
of standardnormal distribution. On the other hand,we can
obtain the value of b for a speci ed probability Using the
tableof standarchormaldistribution function,Pr[jZj < b =
0:95if b= 2.

The approximatedneanwill be closeto the realmeanby a
with probability greaterthanor equalto 0:95if 2 2N
N 4 2

Thus,athe number of required samplesto approximatethe
percentilerank is O( 2).
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(a) Stylized model (b) Empirical datafrom Planet-Lab
Fig. 7. Quality curves from the stylized systemand the incentvized

PROMISE implementatiordeplo/ed on Planet-LabThe wide-areameasure-
mentsprovide a good ®t with (10) whenQs g = 0:3;Qu ax = 1; and
Ng = Gj.

C. Quiality function

As indicated before, the quality function, that is the
mapping betweenrank and quality, dependson the design
of the system,the characteristicof the nodes,the under
lying topology as well as the prevailing load conditions.



Nonethelessthe quality function should be well behaed
(e.g., monotonicity well de ned bounds)so that userscan
predict the expectedquality of streamingsessiondasedon
their rank, and determinetheir optimal contrikution level at
which utility is maximized.

As an illustration, considera stylized systemwith a peer
selection schemewhere sessionquality increaseslinearly
with the number of good suppliers, such that a session
with Ns good suppliersrealize a quality of Qu ax , and a
sessionwith zero good suppliersrealize a quality of Qgg .
A nodethat possesgharacteristicsuchas high availability,
topological proximity to the recever i, etc.,is a candidate
to becomea good supplierfor i. Assumethereare G; such
candidategor nodei. However, nodei canonly selectthose
nodeswith a rank equal to or lower than R;. Assuming
independencéetweencandidategoodnessand rank, nodei
canonly selectupto R; G; to beits goodsuppliersTherefore,
the quality function canbe expresseds:

(
. Qm Ax ; Ri g*.s
Qi(Ri) = R Quax + 1 =% Qge; otherwise.
(10)

We plot in Figure 7 the quality functions using (10)
as well as actual streamingquality measurementsollected
from the incentvized version of the PROMISE implemen-
tation deployed on the Planet-Labtest-bed.The wide-area
measurementgrovide a good t with (10) when Qgg =
0:3;Qm ax = 1; andNg = G;. The quality function for the
PROMISE systemexhibits a positive best-efort quality level
for userswith zeroscore andquality increasesnonotonically
with userscore.

In summary a rational user computesits score due to
contrikution andthe costof contritution. The scoreis mapped
to a percentilerank that bringsthe quality of servicefor the
userthroughpeerselection.Thus, a utility maximizinguser
cooperatess long asthe contrikution brings positive utility
(equation3) for its streamingsessionptherwiseit defects.

IV. EVALUATION

We use simulation and wide area experimentsover the
Planet-Labtest-bedto evaluate our incentve model. First,
we describethe setupof the experiments andthenwe shav
peerselectionand quality of serviceimprovementsthat can
be obtainedwith the proposedncentive mechanismWe note
thatwith theincentive mechanismthe peerselectionis done
basedbn the schemeadescribedn Sectionlll, andwithoutthe
incentve mechanismthe altruistic usersact as suppliersfor
all streamingsessionsFurthermore,we shav that without
the incentve mechanisma streamingsessionis requiredto
sendmoreredundandata(to toleratepaclet loss)to achieve
the sameQoS that the incentve mechanisntan provide.

A. Setup

Simulation. We simulatethe incentve mechanismusing
ns-2[16]. The PROMISE [9] simulationmoduleis extended
to incorporateour incentve mechanismThe peersare con-
nectedto a network with a topology mimicking the Internet.

We use a hierarchical topology where the highest level

is composedof transit domainsrepresentingarge Internet
Service Providers (ISPs). Theselinks have delayson the
order of 100 ms, and the link capacityis varied from 1.5

Mbps to 5 Mbps using a uniform distribution to simulate
the available bandwidth on theselinks. Higher bandwidth
will require higher numberconcurrentsessiongo introduce
congestiorin the network. On the secondevel stubdomains
(small ISPs,campusnetworks, and moderate-sizenterprise
networks) are attachedto the transit domains.Theselinks

have delayson the order of 10 ms, and the link capacity
hasthe samedistribution as the transit domain. Thesetwo

levelsaregeneratedisingthe Geogia TechinternetTopology
Mapping tool. At the lowest level, we probabilistically add
the end hosts (peers)to stub routers. The topologiesused
in the experimentshave, on average,600 routersand 1200
peers.Each peeris connectedto the stub routers with a
link of 1.2 Mbps capacityand 10 ms delay Only the end
hostsparticipatein a streamingsessioreitherasa senderor

recever.

Peers'parametergofferedrate, availability) are chosento
re ect the heterogeneityn the P2Pcommunity The offered
rate is expressedas a fraction of the streamingrate. In our
experiments the tamget streamingrateis To = 1 Mbps. The
offered rate is varied from 2 to 2. No single peer is
selectedo supplyat afull rateof a sessionHowever, a user
can contritute to multiple sessionssimultaneouslif it has
enoughresourceso do so. The availability is variedfrom the
range[0.1 - 0.9] using a uniform distribution. A peerwith
low availability hasa higher chanceto go of ine during a
streamingsessionBy cooperationwe meana peerwantsto
shareits resourcesvith others.50% cooperatiormeanss0%
of the total nodeshave the willingnessto sharewith others.

In eachexperiment,we run the model for 1000 2000
rounds.In eachround,we randomlypick a setof K peersas
recevers for K concurrentsessionsFor each session,we
then look for potential suppliersas a candidateset, who
have rank lower than or equalto the rank of the recevers
and satisfy the requirements(rate, availability) mentioned
by the recever. The best-efort serviceis given to the new
usersby providing an arbitrarynumberof peersbasedon the
availability of the peerswho wantto supplyto a low ranked
peer A userwith a higherrank obtainsbettercandidateset
that provides better quality streaming.In PROMISE, 10-20
peersare selectedas a candidateset for each session.A
utility maximizing peermay not chooseto be a supplierfor
ary sessioneven if the requestcomesfrom a userwith a
higherrank.Uponsuccessfustreamingthe suppliersreceve
appropriatescores.

Planet-Lab. We use PROMISE implementationas an
underlying streamingsystemin the Planet-Labtest-bedto
conductwide areaexperimentsWe useeighteemodesin the
US, Europe,andAsia assendersandrecevers.We build the
underlyingnetwork topology and annotatethe topologywith
link delayswith tracerouteandmeasurevailablebandwidths
on the pathswith Pathload[17]. We usethe proposedncen-
tive mechanismby conductingquality-avare peer selection
for the cooperatie usersto provide bestpossiblequality, and



randompeerselectionto provide best-efort service.

B. User contribution & cost

We conduct experiments with the proposed incentive
mechanismapplied to the PROMISE streamingsystemto
study the user behaior. The simulationis run for a long
time (5000 streamingsessions}o ensurethat eachusergets
severalchancego bea supplierandrecever. Onthe average,
a peersuppliesin 20 sessionsand receives 5 times in this
experiment.All usersstartwith the samescoreand the pdf
of the contrikution is a single vertical line. When the users
valuetheir costsandbene ts similarly i.e., the coefcients of
equations aresamefor all usersthe shapeof thedistribution
cune is similar to the normal distribution. If we cateyorize
the usersin two groupsin terms of their communications
resourcessuch as cable modem and DSL users,the user
contrikution is a bi-modal distribution. In both cases,the
userscontritute close to the average contritution of their
groups.

We evaluatethe incentive mechanisnfor a heterogeneous
peercommunitythat valuesthe costandbene ts differently
We use three different groups (DSL, Cable modem, and
Ethernet)and set different valuesof  in equation5 for
each group. For example,when ps. = 8 Ether net the
optimal level of contribution by DSL usersis lower thanthe
optimal level of contritution by the Ethernetusers.When

pst = 4 Eter net, the differenceof contribution among
DSL andEthernetusersis small, assuminghat the Ethernet
usersalways contritute at a higherrate thanthe DSL users.
Thus, userswith a high costfunction receve relatively less
bene ts from the system.To increasethe utility, the users
have to contribute moreto the system.

C. Peer selection

There are several factorsthat takes into accountduring
peerselectionsuchasthe availability of the peer the offered
rate, and the goodnesf the pathfrom the suppliersto the
recever. Altogether the factorsdeterminethe goodnessof
a peer We conductexperimentshow thesefactorsaffect in
selectingpeersduring streamingsessionslf a peeris selected
moreoften, it will earnhigh scoresandthuswill receize high
quality of service.Onthe otherhand,if a peeris not selected
atall, it will notbeableto obtaina high scoreaswell ashigh
quality servicefrom the system.Figure 8 shaws that higher
availability increaseghe likelihood of a peerto be selected.
Low availability doesnot guarantedo earna high score,i.e.,
a peerwith low availability can obtaina high scorebut the
varianceis very high.

Path goodness—rangingn [0-1]—representshow good
a path is in terms of available bandwidthand loss rate of
the path. The path goodnesslso dependsavhetherthe path
is sharedamongmultiple suppliers.Good path is likely to
be selectedas it is shavn in Figure 9. The path selec-
tion frequeny increaseswith the path goodnessuntil path
goodnessapproachego 0.70. After that the path selection
frequeny decreaseswith path goodness.This is because
a few pathsexist with this high path goodnessThe path

goodnesslependson the position of the recever, andaswe
selectthe recevers randomly the pathswith high goodness
exist only in a few sessionsThis experimentshavs that a
good path is likely to be selectedin a streamingsession.
However, if the peerson the path have low availability or
offered rate, the path might not be selected.
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Fig. 9. Goodnes®f pathdetermineghe peerselectionfrequeng. A good

pathis likely to be selectedin a streamingsession.Paths with goodness
greaterthan 0.70 have low selectionfrequengy becausethe high quality

pathsexist in a few sessions.

Figure 10 shows that if the peer goodnesdss high, it is
highly likely thatthe peerwill be selectedandthusthescore
of the peerwill be high. However, it is not necessaryo be
thebestpeerto obtaina high score A peerwith goodnes®.3
can get scoreas high as the scoreobtainedby a peerwith
goodnesd.7. If the goodneswf the peeris very low, the
scorehasa high variance.Thus,a peerwith a low goodness
doesnot always obtain a high scoreaswell as high quality
of servicefrom the system.This experimentencourageshe
peersto contritute moreto the systemto obtainhigh quality
of servicefrom the system.

3.5

2.5 1t

%%:_::;jﬂ”i A

2 b

Score

15

1

0.5

0 01 02 03 04 05 06 07
Peer goodness

Fig. 10. The scoreof a peerdependshowv good the peeris basedon its
resourcesind the goodnesf the path. A peeris not requiredto have best
resourcego obtaina high score.

The peer goodness—rangingn [0-1]—dependson peer
resourcesand path goodness.
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in getting higher scorewhereadow availability doesnot guarantedo earna high score.

D. Quality of service

The incentive mechanismprovides e xibility to select
suppliersto the cooperatre usersto improve the streaming
quality. We design experimentsto evaluate the quality a
user can experiencewith or without the incentve mecha-
nism. With the incentve mechanismthe systemselectsbest
suppliersfor each sessionand ensuresthat each supplier
has high availability so that the suppliersdo not fail often.
Thus, thesesessionsexperiencefewer switching (replacing
the failed suppliers)and the video sessionis smooth. We
report the social welfare function (equation4) in terms of
rate,loss,and quality of servicefor theseexperiments.

First, we measurethe expectedrate at the recever. This
rate is the total bytes coming from all sendersFigure 11a
showvs thatthe expectedrateis low whenthereis noincentve
mechanismand not all peersare altruistic (100% coopera-
tion). With theincentve mechanismthe expectedrateis very
closeto the maximumachiezable rate with full cooperation
among the users. Without the incentve mechanism,the
percentagef altruistic usersis setto 1% and 10% because
it is obsered thatlessthan 7% userssupply high volume of
data (more than 50% data)in popular P2P system[2], and
our incentive mechanismrequiresaround10% cooperation
from the peers.If thereis no cooperationthe expectedrate
is zero.

Thenetwork load hasa big impacton the quality of service
with or without the incentve mechanismFor example,when
thenetwork is idle, therateis almostthe samewith or without
the incentve mechanismThus, the gain from an incentive
mechanismis not signi cant. The difference betweenthe
ratesincreasesvhen the numberof sessiondncreasesFor
K =20 sessionsthe rate is 1.1 Mbps with the incentve
mechanismand0.80 Mbps without the incentive mechanism
(10% cooperation).However, after K > 20, the difference
of the ratesdecreasebecausahe bottleneckis shifted from
the hoststo the network.

Figure 11b shaws that the network experiencesas high as
33%pacletlossfor K = 20withouttheincentve mechanism
(10% cooperation) With the incentive mechanismthe loss

ratio is only 10% for the samenumberof sessionsThe loss
ratio curve follows the samepatternto the rate curw, i.e.,
the incentve mechanisnis more usefulwhenthe network is
not idle or heavily congested.
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Fig. 12. Quality of servicewith or without incentve mechanismin ns-
2 simulation.Without incentive mechanisma few userscooperateand the
streamquality is poor.

Now, we analyzethe perceved quality by the recever
usingthe metric de ned in (1). Here, pacletsthat misstheir
play-out deadlinesare consideredas lost. Figure 12 shavs
that the systemquality Q is closeto 1 for lessthan 10
concurrentsessionsf the incentve mechanismis used. If
thereis no incentve, the altruistic userscannotmaintainthe
the systemquality to 1 for the samenumberof concurrent
sessionsThe quality dropsto 0.83for 10% cooperatiorand
0.44 for 1% cooperationwhenK = 10. For K = 20, the
incentve mechanisnprovides Q = :85 whereaswithout the
incentve mechanismthe quality goesdown to 0.63 when
10%usersarealtruisticand0.09when1% usersarealtruistic.
The quality deterioratesdrastically for 1% altruistic users
becausea fraction of pacletsstill reachthe recever but the
paclets are not enoughto decodea whole block. The gure
also shaws that with the incentive mechanisnthe quality is
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Fig. 11. Expectedrate and paclet lossratio to the recever in ns-2 simulation.The rateis the total bytesreceved irrespectie of their usefulnessThe rate
is high andlossratio is low if the proposedncentive mechanismis usedto provide servicedifferentiation.

very closeto the maximum quality achievable with 100%
cooperation.Moreover, with the incentve mechanismthe
loadis distributedamongall usersbecauseverybodyactsas
a supplierwhen necessaryhowever, this cannotbe achieved
without the incentive mechanism.

We conductexperimentsfor boththe Revard andRevard-
Penalty schemes.In both cases,the quality of streaming
doesnot differ signi cantly. Thereis a costassociatedvith
penalizing users for defection becauseit is not trivial to
identify the defectorsand penalizing users requires more
accountability Thus, we prefer the Ravard schemeover
Ravard-Penalty.

If the network load is increased,the streamingquality
deteriorateswith or without the incentve mechanism.For
higher numberof sessionsthe quality is low for both cases
becausehe network is extremelycongestedThe cooperation
by usersdoesnot improve the systemperformanceThus,the
incentve mechanismis not necessarywhen the network is

idle andnot effective whenthe network is heavily congested.

In our Planet-Lakexperimentswe obsene thatthe quality-
aware peer selectionprovided by the incentve mechanism
ensuresigh quality streaming.The value of Q is closeto 1
with averylow variance(Tablel). Whereasin absencef the
incentve mechanismthe systemselectssuppliersrandomly
andthe averagequality variesfrom 0.1 to 1 with an average
value of 0.72. Therefore,suppliersselectionfor a streaming
sessiorreally paysoff, andit motivatesthe usersto shareso
thatthey canreceve high quality streaming.

E. Incentivesand FEC overhead

In traditional streamingsystemsdataredundang is used
to tolerate paclet loss and provide good quality streaming.
We shav that the proposedincentive mechanismcan even
reducedataredundang in a streamingsessionA streaming
systemusually usesforward error correction(FEC) coding,
wheren pacletsaresentinsteadof k; k < n perblock, where
a block is de ned by the streamingapplicationas a unit of
datatransmissioramongthe senderdo a recever. Any k out
of n paclets canreconstructhe block. Thus, the streaming

sessioncan tolerateup to (n
overheadis de ned as:

k) paclets loss. The FEC

FEC overhead= % (12)

We usevideotracesof two movies (StarWars IV andFrom
Dusk Till Dawn) encodedusing MPEG-4. The video traces
have theinformationof framenumbey frametype(l, P, or B),
frameplay-outtime, andframelengthin bytes.We streanthe
rst 5 minutesof eachmovie, andboth movies have a frame
rate of 25 frames per second.For each streamingsession,
we recordthe arrival time of eachsingle paclet. Then, we
determinethe numberof framesthatwould have missecdtheir
deadlines.We calculatethe numberof blocks that can not
be decodedbecausefewer than k paclets arrived. In this
experiment,we vary the overheaddue to FEC to tolerate
paclet loss.

Figure 13 shawvs the numberof undecodedlocksfor Star
Wars IV. It shawvs that 32 blocks of this movie cannotbe
decodedif FEC or incentve mechanismis not used.Each
block hasapproximatelyonesecondlay-outtime data.Thus,
32 secondsout of 5 minuteswill be wasted.However, with
the incentve mechanismonly four blocks are undecodable
becausef the quality-avare supplierselection.

In the absenceof FEC, introduction of the incentive
mechanismreducesthe numberof undecodedblocks from
32 to 4, which is a signicant reduction. Without the
incentve mechanism,a FEC overheadof 35% would be
necessaryto achieve the sameimprovementof quality that
the incentve mechanismcan provide. With the incentive
mechanismonly 10% FEC overheadis necessaryto have
zero undecodedblock at the recevver, whereas40% FEC
overheadis necessaryo achieze the samegoal without the
incentve mechanism.Experimentsusing the movie From
Dusk Till Dawn producesimilar results. Theseexperiments
shav that if no incentve mechanismis used,a streaming
sessiorhasto sendmoreredundandatato achieve the same
quality that the proposedncentive mechanisnprovides.
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TABLE |
STREAMING QUALITY (Q) IN WIDE AREA EXPERIMENTS OVER PLANET-LAB TEST-BED.

Minimum | Average | Maximum | Variance | Standard Deviation
Incentve Mechanism 0.87 0.988 1 0.00044 0.0211
No Incentive Mechanism 0.101 0.718 1 0.10002 0.3162
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Fig. 13. Numberof undecodedlockscomparingto the level of redundant
datadueto FEC. Theresultis shavn for the movie StarWars IV in Planet-
Lab setup.In the absenceof FEC, introductionof the incentve mechanism
reduceshe numberof undecodedlocksfrom 32 to 4.

V. RELATED WORK

There are several studiesin the literature to investicate
incentve mechanismdor the Internetapplicationsand P2P
systemsWe studyincentive mechanismgor P2P le sharing
and shav why a new mechanismis necessaryfor media
streaming.

File Sharing (Payment, Reputation, and Score). Golle
et al. [3] proposea micro-paymentmechanismwhere each
user can earn rewards if they uploadto other users.The
rewards can be used for future download. Using a game
theoretic model, the authorsanalyzethe equilibria of user
stratgies under several paymentmechanismsand conclude
that there exists equilibrium for the micro-paymentbased
system.The objectve of this systemis to achieze maximum
cooperationfrom the users.Mojo [18], KARMA [19] and
the light weight currengy paradigm[20] are examples of
payment-basedtoken-basedmechanismsKARMA usesa
single curreny as a way of securetrading, and the light
weight curreny paradigm allows the usersto trade ary
resourcewith their own currenciesAny entity canintroduce
its own currengy aslong asit is acceptablgo other users
in the system.In a reputationbasedsystem[21], the users
earnreputationby sharingandthe reputationdeterminegpeer
quality. Downloading from a user with a high reputation
has a higher probability to obtain better service. A score-
basedsystem[11] may allow a userto download multiple
times from other usershaving lower scoresthan its own.
KazZaA—a score-basedP2P system—prueides downloading
priority to the userswith high scoresover the userswith low
scoresOur proposedncentive mechanisnrelieson scoresto
determinethe usercontritution, however, we mapthe score

to a percentilerank, which is usedin determiningthe quality
of servicea usercan obtain.

Probabilistic differential sewice. Buragohainet al. [7]
proposea game theoretic framewvork to provide incentives
in a P2P system.In this model, the peer contritution is
expressedn termsof disk spacesharedper unit time. This
contrikution allows a peerto obtain differential service,i.e.,
morecontrikution to the systemwill earnahigherprobability
with which its requestwill be sened by others. If the
contrikution is small, its requesis morelikely to berejected.
The incentve mechanismeliminates the free riders and
increasethe overall availability of the system.The authors
shav that the systemreachesNash equilibrium even with
peershaving different contribtution and bene t parameters.
The incentve framewvork increasesthe availability of the
resourcesof the system, however, this does not provide
servicedifferentiationfor mediastreamingwherequality of
the peersis more important than having les available in
streamingapplications We provide a framewvork wherepeer
contrikution provideshigher e xibility to selectgood quality
suppliersfor betterquality of service.

Synchronousyvs. asynchronous. BitTorrent[22] provides
incentves to the usersto download les if they allow
simultaneousupload by other users. This way the sener
redistributes the uploading cost to the downloaders,and a

le canbe sened concurrentlyto a large numberof users.
BitTorrent does not need ary score, token, or reputation
computation,and thereforehasthe advantageof simplicity.
However, the synchronousupload and download makes the
modellesssuitablefor mediastreamingoecauseéigh quality
peer selectionfor all recevers simultaneouslyis extremely
dif cult. For example,eachdownloadingpeeri hasto look
for peerswho canbe a potentialuploader At the sametime i
hasto meetall the quality requirementgavailability, offered
rate, and the characteristicoof the network paths)of peer
selection for the uploaders.There might be usersin the
systemwho want to download, however, i might not be a
good supplierfor their streamingsessions.

Insteadof using BitTorrentlike bit-for-bit model, Chu et
al. [23] proposea taxationmodelis proposedfor multicast
streamingwherepeerswith more resourcegontritute more
bandwidthto the system.The peerwith limited resources
aresubsidizedy the system.The modelis applicablein the
streamingcontext becausehe publisherof the video stream
hasthe meansto enforcetaxationon peersand the will to
maximize their collective social welfare. SplitStream [24]
and CoopNet[25] utilize the cooperationamongthe users
to distribute high bandwidth contentin a P2P system.In
SplitStream,eachuser joins several multicasttreesso that
it canreceve andforward contentfrom/to otherusers.This
way theforwardingloadis distributedamongall participating
users.



The cooperatie mechanisnor the taxationmodelis useful
in a multicastervironmentwhere a large numberof users
is interestedin a streamingsession,and the users want
to cooperatesynchronouslywith eachother to receve the
content. The synchronousmodel is not suitablefor video-
on-demandype of applicationsor streamingrare objectsor
less popular data. In this paper our goal is to designan
incentve mechanismthat is applicablein an asynchronous
manney where the contribution and reward do not needto
happenat the sametime.

VI. CONCLUSION

Our studyshaws thatthereare multiple motivating factors
for having anincentive mechanismn a P2Pmediastreaming
system.First, the streamingquality is poor if the level of
cooperationis low even when the network is not heavily
congestedSecondunlike traditional le sharing,cooperation
from a few altruistic users cannot provide high quality
streamingto its usersin a large system.

We shav that a rank orderbasedincentve mechanism
achieves cooperationthrough servicedifferentiation.In this
framawork, the contritution of a useris corvertedinto a
score thenthe scoreis mappednto a rank,andtherank pro-
vides e xibility in peerselectionthat determineshe quality
of a streamingsessionCooperatre usersearnhigherrank by
contrituting their resourcego others,and eventuallyreceve
high quality streamingFreeridershave limited choicein peer
selection,hencereceve low quality streaming.The rank is
estimatedn a scalableway without involving all usersin the
system.Our experimentalevaluationshows thatthe incentve
mechanismprovides near optimal quality (Q 1) to the
cooperatie usersuntil the bottleneckshifts from the hosts
to the network. The incentve mechanismreducesthe data
redundang requiredduring a streamingsessionto tolerate
paclet loss. Without the incentive mechanismit is required
to sendmore redundantdatato achieze the sameQoS that
the incentve mechanisncan provide.

In our analysiswe assumehatthe usersof a P2Psystem
behae like the usersof a le sharing system.There is
no empirical data aboutthe usersbehaior in a streaming
ernvironment.A futuredirectionof thisresearchs to deploy a
streamingsystento obtainempiricaldata,which canbe used
to validateandre ne incentve mechanismgor a streaming
system.
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