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Abstract— We proposea service differ entiated peer selection
mechanism for peer-to-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 hencereceive low quality streaming.
The proposedincentive mechanismfollows the characteristicsof
rank-order tournaments theory 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. Thr ough
simulation and wide-area measurement studies, we verify that
the proposed incentive mechanism can provide near optimal
streaming quality to the cooperative users until the bottleneck
shifts fr om the streaming sourcesto the network.

I . INTRODUCTION

Peer-to-peer (P2P) systemsrely on voluntary resource
contributions by individual peers. However, the inherent
tensionbetweenindividual rationality andcollective welfare
producesa misalignment of incentives in the grassroots
provisioning of P2Pservices.Empirical studieshave shown
free-riding(consumingresourceswithout contributing) to be
prevalent in P2P�le-sharing networks [1], [2], legal threats
from copyright owners notwithstanding.Researchershave
proposedvarious incentive mechanisms,basedon payment,
punishment,or servicedifferentiation,to encouragecooper-
ative behavior amongpeers[3], [4], [5], [6], [7].

Peer-to-peermedia streamingsystemspresentadditional
challenges,andopportunities,thataredifferentfrom thoseof
traditionalP2P�le-sharing systems.Usersderive utility from
P2Pstreamingsystemsnot 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 characteristicsof the network paths(e.g.,
availablebandwidth,packet loss rate,overlap of pathsfrom
multiple sourcesto receiver), thechallengeis to designgood
peer selectionstrategies to realize high quality streaming
sessions.

We believe that peer selectionfor P2P streamingoffers
a uniqueopportunity to tackle both the free-riding and the
streamingquality of service(QoS)challengesin a synergistic
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manner. We proposean incentive mechanismthat provides
service differentiation in peer selectionfor P2P streaming
based on relative contribution of the peers. Contributors
to the systemare rewarded with �e xibility and choice in
peerselection,resulting in high quality streamingsessions.
Free-ridersare given limited options in peer selection, if
any, andhencereceive low quality streaming.The proposed
incentive mechanismfollows thecharacteristicsof rank-order
tournaments.LazearandRosen[8] proposedthe rank order
tournamentsas a competitionamongseveral workers who
perform similar tasks for optimum labor contracts.This
schemepaysprize to the winnersand losersdifferently, and
the prize dependon the rank orderof the contestantsinstead
of their actualcontributions.Many applicationsrequireonly
a rankingor ordinalmeasurementof outputs,andthe tourna-
ment is the bestchoicefor them.For example,tournaments
are commonly used in industry to award promotion. In
academics,the tournamentscan be used in the awarding
of assistantshipsand scholarshipsto graduatestudents.The
inherentnatureof P2P media streamingapplicationmakes
rank order tournamentsas a viable choice. Becausethe
peer selectiondependson relative contribution among the
peers.Using the rank order tournamentstheory, we analyze
the behavior of utility maximizing usersso that they can
computethe optimal contribution to the systemto achieve
their desirablequality.

We motivateour work with a casestudyof the PROMISE
P2P streamingsystem [9] in the presenceof free-riding
behavior in Section II. We obtain several �ndings. First,
at low levels of cooperation,systemperformanceis poor
even when the overall load is low. Second,when a peer
contributesto many streamingsessions,its streamingquality
andthatof its remotereceiverssuffer degradation.Therefore,
in contrast to 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 randompeerselectionschemeresults
in highly variable streamingquality, whereasan informed
peerselectionschemeproduceshigh quality streamingwith
low variance.

In SectionIII, we describethe proposedincentive mech-
anismwherea peer's contribution level determinesits score
and its relative ranking in the system,which in turn de-
terminesits ability to selectgood peers,and ultimately its
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streamingquality. An analytical model is provided in this
section to computethe optimal contribution of each user.
We evaluatethe mechanismin SectionIV and �nd that it
provides nearoptimal quality to the cooperative usersuntil
the bottleneckshifts from the suppliersto the network. We
discussrelated work in Section V, before concluding the
paperin SectionVI.

I I . MOTIVATION

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

A. P2P streamingsystemcasestudy

A streamingsystem is required to encompassthe key
functionsof objectlookup,peer-basedaggregatedstreaming,
anddynamicadaptationsto 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 theselectionof suppliers.To copewith �uctuations in the
servicereceived from thenetwork, several techniquescanbe
usedsuchas forward error correction(FEC) coding,multi-
descriptioncoding,andsendingratesadjustment.Thesystem
monitorsthe statusof peersto reactto peer/connectionfail-
ure. A dynamicswitchingmechanismis 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-aware peerselectionto obtain the
bestsuppliers.The topology-aware techniqueinfers the un-
derlying topology and its characteristics,and considersthe
available capacity and packet loss ratio of each link of a
path. Considerthe example shown in Figure 1. The �gure
shows a network topology of a set of potentialsuppliersto
a receiver. The topologyis annotatedwith availablecapacity
of each segment of a path, the offered rate of each peer,
and its availability. A randomtechniquemay choosepeers
P1; P3; P4 as suppliers,even though some of thesepeers
have low availability (P1), andotherssharea congestedpath
(P3; P4). However, the topology-aware techniqueselectsthe
bestset: P2; P3; P6 becausethey provide the bestaggregate
rateconsideringtheir availability, offeredrate,andthesender
to the receiver path dynamics[9]. Later, we show that a
certainlevel of cooperationis requiredto receive high quality
streamingeven with the topology-awaresupplierselection.

A streamingsessionin PROMISEis establishedasfollows:
A peer requestinga media �le issuesa lookup requestto
the underlying P2P substrate,which will return a set of
candidatepeerswho have the content.Usually, a streaming
sessionrequires more suppliers than a �le downloading
session,which implies more cooperationamong users is
required in a streamingenvironment. The candidateset of
PROMISE typically contains10 to 20 peers.A topology
is constructedand annotatedto connectthe candidatepeers
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Fig. 1. Peerselectionby PROMISE. P2 , P3 , andP6 areselectedbecause
they provide the best aggregate rate consideringtheir availability, offered
rate,andthenetwork dynamicsof thepathsfrom thesendersto thereceiver.

with thereceiver. Using theannotatedtopology, theselection
algorithm determinesthe active senderset that is likely to
yield the bestquality for this streamingsession.The restof
the candidatepeersare kept in a standbysenderset, from
which replacementpeerswill substitutefailed or degraded
peersfrom the active set. The receiver assignsa sending
rate to each of the active senders.The streamingsession
continuesas far as thereis no needto switch to a different
active sendingset.A switch is neededif a peerfails or the
network pathbecomescongested.At that time, the topology
is updatedwith new values.

B. Impactof non-cooperation

Usingpacket-level simulationandInternetexperiments,we
studytheimpactof peernon-cooperationon theperformance
of a P2Pmediastreamingsystem(PROMISE). We analyze
this impact from three angles.First, how user cooperation
canenhancethe averagequality of streaming.Second,what
negative effectscooperationmight bring to a peerthatshares
resources.Third, what a peer would gain from sharing its
resources.

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

Q =
P T

i =1 Z i

T
; (1)

whereT is thenumberof packetsin a streamingsessionand
Z i is a variablethat takes value 1 if packet i arrives at the
receiver beforeits scheduledplay-outtime, and0 otherwise.
Thequality is differentfrom throughputbecauseit considers
the deadlineof eachpacket. The parameterQ capturesother
performanceparameterssuch as packet delay, packet loss,
andjitter. A packet that missesits deadlineis discardedand,
therefore,doesnot contribute to the quality of a streaming
session,similar to a lost packet.Thesystemquality is de�ned
as the averagequality of all receivers in the system.

Cooperation brings quality. We simulate a streaming
systemwith 1,200peerswho areconnectedby a Internet-like
topologygeneratedusingtheGeorgia TechInternetTopology
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Fig. 2. Simulation data to show 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 heavily congested.Whenthe systemhas
limited capacity, a large numberof concurrentsessionsdegradethe quality
of the systemeven whenthe cooperationlevel is 100%.

Mapping tool. Figure 2 shows that the quality of streaming
sessionschangeswith level of cooperationamongdifferent
peers.The numberof concurrentsessions(denotedby K ) is
varied in this simulation.

When the systemis almostidle (K = 1), the cooperation
level does not affect the streamingquality. The streaming
quality is the maximum at all cooperationlevels because
there is no contentionfor resources.However, the lack of
cooperationnegatively impactsthe streamingquality even if
the network is not heavily loaded.For example, when the
systemhas10 concurrentsessions(K = 10), the streaming
quality is excellent as long as the level of cooperationis
above 30%. The quality degradessharply when the level
of cooperationdropsbelow this level. The performancede-
gradesevenmorefor largerK whenthe level of cooperation
low. Furthermore,when the systemhas limited capacity, a
large numberof concurrentsessionsdegradethe quality of
the systemeven when the cooperationlevel is 100%. It is
clear from this experimentthat cooperationis necessaryto
maintainthesystemperformancewithin anacceptablerange,
and the cooperationmight not be effective if the bottleneck
is shifted from the suppliersto the network.

Simultaneousuploading hurts quality. Westudywhether
there is a signi�cant cost of sharing resources,especially
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?Second,doesthe concurrentuploadingreducethe
downloadingquality of the remotepeers?If answerof the
�rst questionis yes,a useris even lessmotivatedto shareits
bandwidthwith otherswithout any incentive. If the answer
of the secondquestionis yes,a peershouldnot supplyto so
many peersto maintainthe quality of the remotereceivers.

We usePROMISE implementationasa 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,

UTexas, Arizona, Stanford, Germany, UK, France, Italy,
Sweden,andTaiwan in our experiments.Figure3 shows the
quality Q of the Berkeley nodethat downloadsfrom several
suppliersanduploadsto severalremotereceivers.TheX -axis
is theuploadingratefrom Berkeley, which is variedfrom 0� 4
Mbps.Figure3(a)shows that thequality of thedownloading
sessionis good even thoughthe peer is supplyingat a rate
higher than 2 Mbps. The quality goesdown when the rate
is 3 Mbps or higher. Thus, there is a limitation abouthow
mucha peershouldsupplywithout hurting its own quality.

We measurethe quality obtainedby remoteusersdown-
loadingfrom Berkeley. Figure3(b) shows theaveragequality
and Figure 3(c) shows the individual quality of the remote
users.Most of theremoteusersexperiencepoorquality when
Berkeley is supplying to many users.Thus, there is a cost
associatedwith uploading:too much uploadingfrom a peer
hurts the performanceof its own quality and the quality of
the remotereceivers. Thus, while a traditional �le sharing
systemcan be sustainedwith a low level of cooperation,a
P2Pstreamingsystemcannotprovide high streamingquality
to its usersif only a small fraction of userscooperate.

Random peer selection provides random quality. We
observe in our experiments that the proper selection of
peers is important for a P2P streamingsession.Arbitrary
peerselectionyields unpredictablequality, which might be
acceptablein �le sharing,but not in a streamingsession.
On the otherhand,quality-awarepeerselectioncanprovide
stableand predictablequality which is a pre-conditionfor
video applications.We leveragethis observation to design
an incentive mechanismby providing quality-aware peer
selectionto thecooperative usersandarbitrarypeerselection
to others.
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Fig. 4. Quality experiencingby a receiver when suppliersare varied in
Planet-Labtest-bed.(a) suppliersare chosenarbitrarily and the quality is
highly unpredictable.(b) known and good peersarechosenas suppliersto
provide high quality andpredictableservice.

We usethe samesetupin PlanetLabtestbedasdescribed
in theprevioussection.Figure4 shows thatarbitrarypeercan
provide ashigh asQ = 1, however, theminimumvaluegoes
to less than 0.2 for eachexperiment.We vary the number
of supplierson the X -axis. We observe that higher number
of suppliersmight provide even worse quality becausethe
receiver hasto maintainmore connectionsand someof the
suppliersmightsharecongestionin theirpathsto thereceiver.
Figure 4(b) shows that quality-aware peer selectionreally
paysoff. Not only the quality is high, but alsothe quality is
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(b) Quality of all remotereceivers

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  0.5  1  1.5  2  2.5  3  3.5  4  4.5

A
ve

ra
ge

 Q
ua

lit
y 

of
 S

tr
ea

m
in

g,
 Q

Uploading from Berkeley (Mbps)

CMU
UCSD

Rice

(c) Quality of individual receiver

Fig. 3. Simultaneousuploadingfrom a peeraffects the quality of both local andremotepeersin Planet-Labsetup.Downloadingquality Q of the Berkeley
nodeis poorwhenit suppliesat a rate� 3 Mbps.AverageQ of theremotepeersaswell asthequality experiencedby individual peersis poorwhenBerkeley
suppliesat a high rate.The ®gure shows average,minimum, andmaximumvalues.

morestablein this case.Thus,a motivation to the usersfor
sharingis that they will receive goodandpredictablequality
of servicein return.

I I I . PROPOSED INCENTIVE MECHANISM

P2Psystemsin generalarecharacterizedby large popula-
tions and asymmetriesof interest,resulting in few, if any,
repeat transactionsbetweenany given pair of nodes [5].
Therefore,a score-basedincentive mechanismthat encour-
agescooperationthroughindirect reciprocity[11] is suitable
for a P2P media streamingsystem.We proposea service
differentiated-basedpeerselectionasanincentive mechanism
for P2Pmediastreaming.

Cost (C )

Quality (Q )Score (S )maps Peer Selection

incurs

Earns
iRank (R )

iUtility (U )

iContribution (X ) i i

i

Fig. 5. Converting thecontribution of a userinto a score,which is mapped
into a percentilerank amongall users.The rank is usedto selectsuppliers
of a streamingsession,which eventuallydeterminestheperceivedstreaming
quality of a user. The utility of a userdependson the quality of serviceit
receivesandthe costof its contribution.

We consider a P2P media streamingsystem consisting
of rational users who choose their contribution level in
order to maximize their individual utility (Figure 5). The
contribution level of a useris convertedinto a score,which in
turn is mappedinto a percentilerank, determiningthe rank
of the user among all usersin the system.Peer selection
dependson therankorderingof the requestersandcandidate
suppliers.For example,a peerselectionschememay allow a
user to select peerswith equal or lower rank to serve as
suppliers.Thus, the peer selection takes into account the
relative contributions by the users instead of their actual
contributions. The outcomeof the peerselectionprocessis
the realizedquality of the streamingsessions.

The user contribution function X dependson its action
a and a randomoutput distortion � . The output distortions
are due to the approximationof contributions by sampling,

and are independentlyand identically distributed. Utility U
is a function of the streamingsessionquality Q and the
contribution cost C. We write the contribution function and
the utility function for useri as follows:

X (ai ; � i ) = ai + � i ; (2)

U(ai ) = � Q(ai ) � � C(ai ); (3)

where � and � de�ne the valuesof streamingquality and
contribution costto useri . Thebehavior of theoverall system
is de�ned by a socialwelfare function:

SW F =
NX

i =1

Ui : (4)

In equation3, quality can be expressedas a function of
contribution, score,or rank. The quality function is system
dependent,but shouldexhibit the following properties:(i) it
is monotonicallynon-decreasingin userscore,(ii) thequality
asymptoticallyreachesto thevalueQM AX , which represents
the highestpossiblequality provided by the system,(iii) the
function hasa non-negative initial value,i.e., QB E Q(Si =0)
� 0. We will considerquality functionslater in this section.

To provide ananalyticalmodelof theservicedifferentiated
incentive mechanism,we �rst consideronly two peersi and
j and then generalizethe model for N peers.Let pi be the
probability of getting the maximumquality QM AX by user
i . Thenuseri 0s expectedutility is

Ui = � f QB E + pi (QM AX � QB E )g � � C(ai ): (5)

The probability that i receives betterservicethan j is as
follows:

pi = Pr (X i > X j ) = Pr (ai + � i > aj + � j )

= Pr (� < ai � aj ) = G(ai � aj ); (6)

where� = � j � � i andG(� ) is the cumulative distribution
function(cdf) of � . Thus,theprobabilityis expressedin terms
of the relative contributionsby the users.The rank R i (0 �
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Ri � 1) canreplacetheprobability in equation5 to calculate
the expectedutility of user i becauseboth probability and
rank can be expressedusing the cdf of user contributions.
The rank calculationis shown in SectionIII-B.

To maximizethe utility, we can take �rst orderderivative
of equation5 andequateto zero i.e. @U=@ai = 0. Thus, i 0s
reactionfunction is

� g(ai � aj )f QM AX � QB E g � � C0
i = 0; (7)

whereg(ai � aj ) = @G(ai � aj )=@ai ; g(� ) is the prob-
ability density function (pdf) of � . Peerj actssimilarly as
Peer i . The equilibrium contribution levels (a�

i ; a�
j ) satisfy

the best-replyrequirements(for i; j = 1; 2; i 6= j )

a�
i = argmax

a i
� f QB E + G(ai � a�

j )(QM AX � QB E )g� � C(ai ):

(8)
This incentive schemehasthesamecharacteristicsasrank-

order tournaments.LazearandRosen[8] proposedthe rank
order tournamentsas a competitionamongseveral workers
who perform similar tasks for optimum labor contracts.
O'Keeffee et al. [12] presentconditions that must be met
for fair contestsin a multi-player format. Bognanno[13]
examines the aspect of pay and promotion in corporate
hierarchy using tournamenttheory. With empirical evidence
theauthorshows that thewinner's prize in CEOtournaments
increaseswith the numberof competitorsfor the position.
The rank-order tournamenttheory is a viable choice for
P2Pmediastreamingbecauseof the inherentnatureof P2P
mediastreamingapplication.The peerselectiondetermines
the quality of a streamingsession,andit dependson relative
contribution amongthe peers.

In rank-ordertournaments,thereare two levels of prizes;
the top prize for the winner(s) and the other prize for the
loser(s).In our mechanism,the utility of a peervariesfrom
QB E to QM AX . Thenewcomersandfree-ridersreceiveQB E

and the high rank usersreceive QM AX . A better than best
effort service with quality Q, QB E � Q � QM AX , is
provided to the usersbasedon their level of contribution.
To generalizeequation 8 for N players, we extend the
probabilitypi of equation5 from two usersto N users,which
is p(a1; a2; : : : ; aN ).

Whena peer�rst joins the system,it begins with a score
of zeroandreceivesbest-effort service,i.e.,QB E = Q(Si =0).
The quality of this servicemay vary from systemto system,
and vary as a function of system load. For example, a
suppliernodemaychooseto serve a nodewith a lower score
only when it is idle. Hence,best-effort servicequality can
be highly unpredictable.If a user wishesto receive better-
than-best-effort streaming,it must earn a positive scoreby
contributing to the system.A rationaluserwill determineits
optimal contribution level a�

i to maximizeits utility.
In our incentive mechanism,newcomersand free-riders

are treated identically. This is to prevent whitewashing
behavior [5], where free-riders repeatedlymasqueradeas
newcomersby obtainingnew identitiesat low or nocostprior
to eachrequest.This punishmentimposedon thenewcomers

is exactly the socialcostof cheappseudonyms asquanti�ed
in [14].

If the peer selection schemeallowing 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 possible for a free-rider
to obtain high quality service by selecting these fellow
newcomers.However, this exploitation can be boundedin
duration,beyond which the free-riderwill have to contribute
to continuereceiving high quality streams.This is because
if a peerdoesnot contribute for a while, its scorewill fall
behindothers,andthusit will not receive any quality service
from others.

We next discuss the various componentstagesof the
mechanism.Theseinclude scoreand cost functions,which
map contributions to scoresand costs;percentilerank com-
putation,which mapsscoresto ranks;andquality functions,
which maprank to expectedquality.

A. Scoringfunctionand contribution cost

Thereis tremendous�e xibility in the choiceof a scoring
function. A scoringfunction could consideronly the contri-
bution by a user, or both the contribution and consumption
by a user. For example, if the amount of uploadedand
downloadedbytes are Bout and B in respectively, possible
scoringfunctionsmight include:S = Bout , S = Bout - B in , S
= B out

B in
. KaZaA usesthe third function in scoringtheir users.

The scoresmight be subjectto an agingfactor to encourage
contributionson a continualbasis.

The scoring function could also take into account the
differencein demandfor different resourcesin the network.
For example, if a user i suppliesL i blocks of a �le at a
datarateTi for durationD i , the usermay receive a scoreof
L �

i T �
i D 


i , where� ; � , and
 serve asmarket pricing signals
to re�ect the demandof the system.

Whereappropriate,thescoringfunctioncouldadditionally
take into account the amount of defection vis-a-vis the
amountof cooperationby a user. Speci�cally, in a Reward-
Penalty scheme,usersare penalizedfor refusing to serve a
requestjust as they are rewarded for serving one. This is
in contrastto the baselineReward scheme,wheredefections
arenot penalized.In general,defectionsareusuallydif�cult
or impossible to detect in P2P systems[5], so that the
effectivenessof this typeof scoringfunctionmaybe limited.

Contribution costincurredby nodei for servinga stream-
ing sessioncanbe expressedasa function of bandwidthand
storageusage:Ci = cL L i M + cT Ti D i wherecL is the unit
storagecost,L i is thenumberof blocksservedby nodei , M
is theaverageblock sizein bytes,cT is theunit transmission
cost, Ti is the transmissionrate of node i , and D i is the
transmissiondurationof nodei . Hence,the total numberof
bytesuploadedis Bout;i = L i M = Ti D i :

For the evaluationsection,we considera = Bout , S = a
= Bout , andC = cT a = cT Bout .

A commonproblemwith any score,paymentor reputation
basedschemeis thatamalicioususercantamperthesoftware
andincreaseits own score.A usercancolludewith othersto
increasetheir scoreswithout sharinganything. Onesolution
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of thecollusionproblemis to computethescoresubjectively,
whereoneuserweighsthe opinion of anotheruserbasedon
how much they trust eachother [5]. Another solution is to
usea securityinfrastructuresuchas EigenTrust [15], where
the global reputationof eachpeer i is given by the local
trust valuesassignedto peer i by other peers,weightedby
theglobal reputationsof theassigningpeers.This framework
can be integrated to computeand maintain scoresin our
streamingsystem.

B. Percentile rank computation

A user'sability to selectpeersasits suppliersis determined
by its score.For example,whena userwith scoreSi issues
a requestfor a particular �le, only nodeswith scoresless
than or equal to Si will respondto the request.We note
that a peerwith a scorehigherthanSi canstill respondand
be a supplier if it is selected,however, they are not bound
to do it. Knowledge of one's scorealone is not suf�cient
for predicting the expectedquality to be received by the
user. The score must be mapped into a percentile rank,
basedon the global distribution of scores,so that a usercan
determinewhetherthe currentscoreis suf�cient for the user
to obtain streamingserviceof an acceptancequality level.
The rank representsthe probability (equation5) that a user's
contribution is higher thanothers,andthus it shouldreceive
high quality servicefrom the system.

To computethepercentilerank,we calculatethecdf of the
scores.The scoreis a discretevariableand thus the pdf is
de�ned only at the valueswherethe scorehasa meaningful
value.The cdf is de�ned as:

F (S) =
Shig hX

i = Slow

f (i ); (9)

wheref is thepdf of thescores.Thecdf providesa relation-
shipbetweenthepercentilerankandthescore.Thepercentile
is obtainedby dividing thecdf with thetotal numberof peers.

In theabsenceof a centralizedentity thatmaintainsglobal
state(i.e., updatedscoresof all users),individual nodescan
locally estimatetheir rank basedon a sampleof userscores,
possiblyvia thepassive monitoringof queryand/orresponse
messagescontainingscoreinformation exchangedover the
network. This is anacceptablesolutionsincepercentileranks
are only used for prediction purposes,not for actual peer
selection.Proposition1 shows that the requiredsamplesize
doesnot dependon the sizeof the network, but only on the
varianceof thepopulation.For example,Figure6 shows that
a samplesize of 50 or 100 producesa reasonableapprox-
imation of percentilerank in a network with populationof
1200users.If theapproximationresultsin over-estimatingor
under-estimatingthe quality, the userneedsto increasethe
samplesize.

Proposition1: Eachpeer requiresO(� 2) samplesto ap-
proximateits percentilerank,where� is the standarddevia-
tion of the original populationof scores.
Proof: Supposethe original population has 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 samplesizeof 20.

approximaterank curve so that the new mean is close to
� within a small constantvaluea. Thus,

�
�
�

P N
i =1 X i

N � �
�
�
� < a

)
�
�
�

P N
i =1 X i � N �

p
N �

�
�
� < a

p
N

� , for � > 0

Let, Z =
�
�
�

P N
i =1 X i � N �

p
N �

�
�
� . For largeN , Z hasstandardnormal

distribution (Central Limit Theorem).Let b = a
p

N
� . If b

is known, the Pr [jZ j < 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 standardnormaldistribution function,Pr [jZ j < b] =
0:95 if b = 2.
The approximatedmeanwill be closeto the real meanby a
with probabilitygreaterthanor equalto 0:95 if 2 � a

p
N

� )
N � 4

a2 � 2.
Thus, the numberof requiredsamplesto approximatethe
percentilerank is O(� 2). �
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Fig. 7. Quality curves from the stylized system and the incentivized
PROMISE implementationdeployedon Planet-Lab. Thewide-areameasure-
mentsprovide a good ®t with (10) when QB E = 0:3; QM AX = 1; and
NS = G i .

C. Quality function

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



7

Nonetheless,the quality function should be well behaved
(e.g., monotonicity, well de�ned bounds)so that userscan
predict the expectedquality of streamingsessionsbasedon
their rank, and determinetheir optimal contribution 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 QM AX , and a
sessionwith zero good suppliersrealizea quality of QB E .
A nodethat possesscharacteristicssuchashigh availability,
topological proximity to the receiver i , etc., is a candidate
to becomea goodsupplierfor i . AssumethereareGi such
candidatesfor nodei . However, nodei canonly selectthose
nodeswith a rank equal to or lower than R i . Assuming
independencebetweencandidategoodnessand rank, nodei
canonly selectup to Ri Gi to beits goodsuppliers.Therefore,
the quality function canbe expressedas:

Qi (Ri ) =

(
QM AX ; Ri � N s

G i

R i G i
N s

QM AX +
�

1 � R i G i
N s

�
QB E ; otherwise.

(10)
We plot in Figure 7 the quality functions using (10)

as well as actualstreamingquality measurementscollected
from the incentivized version of the PROMISE implemen-
tation deployed on the Planet-Labtest-bed.The wide-area
measurementsprovide a good �t with (10) when QB E =
0:3; QM AX = 1; andNS = Gi . The quality function for the
PROMISE systemexhibits a positive best-effort quality level
for userswith zeroscore,andquality increasesmonotonically
with userscore.

In summary, a rational user computesits score due to
contributionandthecostof contribution.Thescoreis mapped
to a percentilerank that bringsthe quality of servicefor the
userthroughpeerselection.Thus,a utility maximizinguser
cooperatesas long as the contribution bringspositive utility
(equation3) for its streamingsession,otherwiseit defects.

IV. EVALUATION

We use simulation and wide area experimentsover the
Planet-Labtest-bedto evaluateour incentive model. First,
we describethe setupof the experiments,andthenwe show
peerselectionand quality of serviceimprovementsthat can
beobtainedwith theproposedincentive mechanism.We note
thatwith the incentive mechanism,thepeerselectionis done
basedon theschemedescribedin SectionIII, andwithout the
incentive mechanism,the altruistic usersact assuppliersfor
all streamingsessions.Furthermore,we show that without
the incentive mechanisma streamingsessionis requiredto
sendmoreredundantdata(to toleratepacket loss)to achieve
the sameQoSthat the incentive mechanismcanprovide.

A. Setup

Simulation. We simulatethe incentive mechanismusing
ns-2[16]. The PROMISE [9] simulationmoduleis extended
to incorporateour incentive mechanism.The peersare con-
nectedto a network with a topologymimicking the Internet.

We use a hierarchical topology, where the highest level
is composedof transit domainsrepresentinglarge Internet
Service Providers (ISPs). These links have delays on the
order of 100 ms, and the link capacity is varied from 1.5
Mbps to 5 Mbps using a uniform distribution to simulate
the available bandwidth on theselinks. Higher bandwidth
will requirehigher numberconcurrentsessionsto introduce
congestionin thenetwork. On thesecondlevel stubdomains
(small ISPs,campusnetworks, andmoderate-sizeenterprise
networks) are attachedto the transit domains.Theselinks
have delayson the order of 10 ms, and the link capacity
has the samedistribution as the transit domain.Thesetwo
levelsaregeneratedusingtheGeorgiaTechInternetTopology
Mapping tool. At the lowest level, we probabilisticallyadd
the end hosts (peers)to stub routers.The topologiesused
in the experimentshave, on average,600 routersand 1200
peers.Each peer is connectedto the stub routers with a
link of 1.2 Mbps capacityand 10 ms delay. Only the end
hostsparticipatein a streamingsessioneitherasa senderor
receiver.

Peers'parameters(offeredrate,availability) arechosento
re�ect the heterogeneityin the P2Pcommunity. The offered
rate is expressedas a fraction of the streamingrate. In our
experiments,the target streamingrate is T0 = 1 Mbps. The
offered rate is varied from T0

8 to T0
2 . No single peer is

selectedto supplyat a full rateof a session.However, a user
can contribute to multiple sessionssimultaneouslyif it has
enoughresourcesto do so.Theavailability is variedfrom the
range[0.1 - 0.9] using a uniform distribution. A peerwith
low availability has a higher chanceto go of�ine during a
streamingsession.By cooperation,we meana peerwantsto
shareits resourceswith others.50%cooperationmeans50%
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
receivers for K concurrentsessions.For eachsession,we
then look for potential suppliersas a candidateset, who
have rank lower than or equal to the rank of the receivers
and satisfy the requirements(rate, availability) mentioned
by the receiver. The best-effort serviceis given to the new
usersby providing anarbitrarynumberof peersbasedon the
availability of the peerswho want to supplyto a low ranked
peer. A userwith a higher rank obtainsbettercandidateset
that provides betterquality streaming.In PROMISE, 10-20
peersare selectedas a candidateset for each session.A
utility maximizingpeermay not chooseto be a supplierfor
any sessioneven if the requestcomesfrom a user with a
higherrank.Uponsuccessfulstreaming,thesuppliersreceive
appropriatescores.

Planet-Lab. We use PROMISE implementationas an
underlying streamingsystemin the Planet-Labtest-bedto
conductwide areaexperiments.We useeighteennodesin the
US, Europe,andAsia assendersandreceivers.We build the
underlyingnetwork topologyandannotatethe topologywith
link delayswith traceroute,andmeasureavailablebandwidths
on the pathswith Pathload[17]. We usethe proposedincen-
tive mechanismby conductingquality-aware peerselection
for thecooperative usersto provide bestpossiblequality, and
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randompeerselectionto provide best-effort service.

B. User contribution & cost

We conduct experiments with the proposed incentive
mechanismapplied to the PROMISE streamingsystemto
study the user behavior. The simulation is run for a long
time (5000streamingsessions)to ensurethat eachusergets
severalchancesto bea supplierandreceiver. On theaverage,
a peer suppliesin 20 sessionsand receives 5 times in this
experiment.All usersstart with the samescoreand the pdf
of the contribution is a single vertical line. When the users
valuetheir costsandbene�tssimilarly i.e., thecoef�cients of
equation5 aresamefor all users,theshapeof thedistribution
curve is similar to the normal distribution. If we categorize
the usersin two groups in terms of their communications
resourcessuch as cable modem and DSL users,the user
contribution is a bi-modal distribution. In both cases,the
userscontribute close to the averagecontribution of their
groups.

We evaluatethe incentive mechanismfor a heterogeneous
peercommunitythat valuesthe costandbene�ts differently.
We use three different groups (DSL, Cable modem, and
Ethernet)and set different values of � in equation5 for
each group. For example, when � D SL = 8� E ther net the
optimal level of contribution by DSL usersis lower thanthe
optimal level of contribution by the Ethernetusers.When
� D SL = 4� E ther net , the differenceof contribution among
DSL andEthernetusersis small, assumingthat the Ethernet
usersalwayscontribute at a higher rate than the DSL users.
Thus,userswith a high cost function receive relatively less
bene�ts from the system.To increasethe utility, the users
have to contribute more to the system.

C. Peer selection

There are several factors that takes into accountduring
peerselectionsuchastheavailability of thepeer, theoffered
rate,and the goodnessof the path from the suppliersto the
receiver. Altogether, the factorsdeterminethe goodnessof
a peer. We conductexperimentshow thesefactorsaffect in
selectingpeersduringstreamingsessions.If apeeris selected
moreoften,it will earnhigh scoresandthuswill receive high
quality of service.On theotherhand,if a peeris not selected
at all, it will not beableto obtaina high scoreaswell ashigh
quality servicefrom the system.Figure8 shows that higher
availability increasesthe likelihoodof a peerto be selected.
Low availability doesnot guaranteeto earna high score,i.e.,
a peerwith low availability can obtain a high scorebut the
varianceis very high.

Path goodness—rangingin [0-1]—representshow good
a path is in terms of available bandwidthand loss rate of
the path.The path goodnessalso dependswhetherthe path
is sharedamongmultiple suppliers.Good path is likely to
be selectedas it is shown in Figure 9. The path selec-
tion frequency increaseswith the path goodnessuntil path
goodnessapproachesto 0.70. After that the path selection
frequency decreaseswith path goodness.This is because
a few paths exist with this high path goodness.The path

goodnessdependson the positionof the receiver, andaswe
selectthe receivers randomly, the pathswith high goodness
exist only in a few sessions.This experimentshows that a
good path is likely to be selectedin a streamingsession.
However, if the peerson the path have low availability or
offeredrate,the pathmight not be selected.
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Fig. 9. Goodnessof pathdeterminesthe peerselectionfrequency. A good
path is likely to be selectedin a streamingsession.Paths with goodness
greaterthan 0.70 have low selectionfrequency becausethe high quality
pathsexist in a few sessions.

Figure 10 shows that if the peer goodnessis high, it is
highly likely that thepeerwill beselected,andthusthescore
of the peerwill be high. However, it is not necessaryto be
thebestpeerto obtaina high score.A peerwith goodness0.3
can get scoreas high as the scoreobtainedby a peerwith
goodness0.7. If the goodnessof the peer is very low, the
scorehasa high variance.Thus,a peerwith a low goodness
doesnot always obtain a high scoreas well as high quality
of servicefrom the system.This experimentencouragesthe
peersto contribute moreto the systemto obtainhigh quality
of servicefrom the system.
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resourcesandthe goodnessof the path.A peeris not requiredto have best
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The peer goodness—rangingin [0-1]—dependson peer
resourcesandpathgoodness.
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Fig. 8. Userselectionfrequency andscoredependon the availability of the peers.Higher availability leadsto highernumberof peerselection,which helps
in gettinghigherscorewhereaslow availability doesnot guaranteeto earna high score.

D. Quality of service

The incentive mechanismprovides �e xibility to select
suppliersto the cooperative usersto improve the streaming
quality. We design experimentsto evaluate the quality a
user can experiencewith or without the incentive mecha-
nism.With the incentive mechanism,the systemselectsbest
suppliers for each sessionand ensuresthat each supplier
hashigh 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,andquality of servicefor theseexperiments.

First, we measurethe expectedrate at the receiver. This
rate is the total bytescoming from all senders.Figure 11a
shows thattheexpectedrateis low whenthereis no incentive
mechanismand not all peersare altruistic (100% coopera-
tion). With theincentive mechanism,theexpectedrateis very
closeto the maximumachievable rate with full cooperation
among the users. Without the incentive mechanism,the
percentageof altruistic usersis set to 1% and 10% because
it is observed that lessthan7% userssupplyhigh volumeof
data(more than 50% data) in popularP2Psystem[2], and
our incentive mechanismrequiresaround10% cooperation
from the peers.If thereis no cooperation,the expectedrate
is zero.

Thenetwork loadhasabig impacton thequalityof service
with or without the incentive mechanism.For example,when
thenetwork is idle, therateis almostthesamewith or without
the incentive mechanism.Thus, the gain from an incentive
mechanismis not signi�cant. The differencebetweenthe
ratesincreaseswhen the numberof sessionsincreases.For
K =20 sessions,the rate is 1.1 Mbps with the incentive
mechanismand0.80Mbps without the incentive mechanism
(10% cooperation).However, after K > 20, the difference
of the ratesdecreasesbecausethe bottleneckis shiftedfrom
the hoststo the network.

Figure11b shows that the network experiencesashigh as
33%packet lossfor K = 20without theincentivemechanism
(10% cooperation).With the incentive mechanism,the loss

ratio is only 10% for the samenumberof sessions.The loss
ratio curve follows the samepatternto the rate curve, i.e.,
the incentive mechanismis moreusefulwhenthe network is
not idle or heavily congested.
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Fig. 12. Quality of servicewith or without incentive mechanismin ns-
2 simulation.Without incentive mechanism,a few userscooperateand the
streamquality is poor.

Now, we analyze the perceived quality by the receiver
usingthe metric de�ned in (1). Here,packetsthat misstheir
play-out deadlinesare consideredas lost. Figure 12 shows
that the systemquality Q is close to 1 for less than 10
concurrentsessionsif the incentive mechanismis used.If
thereis no incentive, the altruistic userscannotmaintainthe
the systemquality to 1 for the samenumberof concurrent
sessions.The quality dropsto 0.83 for 10% cooperationand
0.44 for 1% cooperationwhen K = 10. For K = 20, the
incentive mechanismprovidesQ = :85 whereaswithout the
incentive mechanismthe quality goesdown to 0.63 when
10%usersarealtruisticand0.09when1%usersarealtruistic.
The quality deterioratesdrastically for 1% altruistic users
becausea fraction of packets still reachthe receiver but the
packetsarenot enoughto decodea whole block. The �gure
also shows that with the incentive mechanismthe quality is
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Fig. 11. Expectedrateandpacket loss ratio to the receiver in ns-2simulation.The rate is the total bytesreceived irrespective of their usefulness.The rate
is high and loss ratio is low if the proposedincentive mechanismis usedto provide servicedifferentiation.

very close to the maximum quality achievable with 100%
cooperation.Moreover, with the incentive mechanismthe
load is distributedamongall usersbecauseeverybodyactsas
a supplierwhennecessary, however, this cannotbe achieved
without the incentive mechanism.

We conductexperimentsfor both theReward andReward-
Penalty schemes.In both cases,the quality of streaming
doesnot differ signi�cantly. Thereis a cost associatedwith
penalizing users for defection becauseit is not trivial to
identify the defectorsand penalizing users requires more
accountability. Thus, we prefer the Reward schemeover
Reward-Penalty.

If the network load is increased,the streamingquality
deteriorateswith or without the incentive mechanism.For
highernumberof sessions,the quality is low for both cases
becausethenetwork is extremelycongested.Thecooperation
by usersdoesnot improve thesystemperformance.Thus,the
incentive mechanismis not necessarywhen the network is
idle andnot effective whenthenetwork is heavily congested.

In ourPlanet-Labexperiments,weobserve thatthequality-
aware peer selectionprovided by the incentive mechanism
ensureshigh quality streaming.The valueof Q is closeto 1
with avery low variance(TableI). Whereas,in absenceof the
incentive mechanism,the systemselectssuppliersrandomly
andthe averagequality variesfrom 0.1 to 1 with an average
valueof 0.72.Therefore,suppliersselectionfor a streaming
sessionreally paysoff, andit motivatesthe usersto shareso
that they canreceive high quality streaming.

E. Incentivesand FEC overhead

In traditional streamingsystems,dataredundancy is used
to toleratepacket loss and provide good quality streaming.
We show that the proposedincentive mechanismcan even
reducedataredundancy in a streamingsession.A streaming
systemusually usesforward error correction(FEC) coding,
wheren packetsaresentinsteadof k; k < n perblock,where
a block is de�ned by the streamingapplicationas a unit of
datatransmissionamongthesendersto a receiver. Any k out
of n packets can reconstructthe block. Thus, the streaming

sessioncan tolerateup to (n � k) packets loss. The FEC
overheadis de�ned as:

FEC overhead=
n � k

k
(11)

We usevideotracesof two movies(StarWars IV andFrom
Dusk Till Dawn) encodedusing MPEG-4.The video traces
have theinformationof framenumber, frametype(I, P, or B),
frameplay-outtime,andframelengthin bytes.Westreamthe
�rst 5 minutesof eachmovie, andbothmovieshave a frame
rate of 25 framesper second.For eachstreamingsession,
we record the arrival time of eachsingle packet. Then, we
determinethenumberof framesthatwould have missedtheir
deadlines.We calculatethe numberof blocks that can not
be decodedbecausefewer than k packets arrived. In this
experiment,we vary the overheaddue to FEC to tolerate
packet loss.

Figure13 shows thenumberof undecodedblocksfor Star
Wars IV. It shows that 32 blocks of this movie cannotbe
decodedif FEC or incentive mechanismis not used.Each
blockhasapproximatelyonesecondplay-outtimedata.Thus,
32 secondsout of 5 minuteswill be wasted.However, with
the incentive mechanismonly four blocks are undecodable
becauseof the quality-awaresupplierselection.

In the absenceof FEC, introduction of the incentive
mechanismreducesthe numberof undecodedblocks from
32 to 4, which is a signi�cant reduction. Without the
incentive mechanism,a FEC overheadof 35% would be
necessaryto achieve the sameimprovementof quality that
the incentive mechanismcan provide. With the incentive
mechanism,only 10% FEC overheadis necessaryto have
zero undecodedblock at the receiver, whereas40% FEC
overheadis necessaryto achieve the samegoal without the
incentive mechanism.Experimentsusing the movie From
Dusk Till Dawn producesimilar results.Theseexperiments
show that if no incentive mechanismis used,a streaming
sessionhasto sendmoreredundantdatato achieve the same
quality that the proposedincentive mechanismprovides.
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TABLE I

STREAMING QUALITY (Q) IN WIDE AREA EXPERIMENTS OVER PLANET-LAB TEST-BED.

Minimum Average Maximum Variance Standard Deviation
Incentive 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 undecodedblockscomparingto the level of redundant
datadueto FEC.The result is shown for the movie Star Wars IV in Planet-
Lab setup.In the absenceof FEC, introductionof the incentive mechanism
reducesthe numberof undecodedblocks from 32 to 4.

V. RELATED WORK

There are several studiesin the literature to investigate
incentive mechanismsfor the Internetapplicationsand P2P
systems.We studyincentive mechanismsfor P2P�le sharing
and show why a new mechanismis necessaryfor media
streaming.

File Sharing (Payment, Reputation, and Score). Golle
et al. [3] proposea micro-paymentmechanism,whereeach
user can earn rewards if they upload to other users.The
rewards can be used for future download. Using a game
theoreticmodel, the authorsanalyzethe equilibria of user
strategies underseveral paymentmechanismsand conclude
that there exists equilibrium for the micro-paymentbased
system.The objective of this systemis to achieve maximum
cooperationfrom the users.Mojo [18], KARMA [19] and
the light weight currency paradigm[20] are examplesof
payment-based(token-based)mechanisms.KARMA usesa
single currency as a way of securetrading, and the light
weight currency paradigm allows the users to trade any
resourcewith their own currencies.Any entity canintroduce
its own currency as long as it is acceptableto other users
in the system.In a reputationbasedsystem[21], the users
earnreputationby sharingandthereputationdeterminespeer
quality. Downloading from a user with a high reputation
has a higher probability to obtain better service.A score-
basedsystem[11] may allow a user to download multiple
times from other usershaving lower scoresthan its own.
KaZaA—a score-basedP2Psystem—provides downloading
priority to theuserswith high scoresover theuserswith low
scores.Our proposedincentive mechanismrelieson scoresto
determinethe usercontribution, however, we map the score

to a percentilerank,which is usedin determiningthequality
of servicea usercanobtain.

Probabilistic differ ential service. Buragohainet al. [7]
proposea game theoretic framework to provide incentives
in a P2P system. In this model, the peer contribution is
expressedin termsof disk spacesharedper unit time. This
contribution allows a peerto obtaindifferential service,i.e.,
morecontribution to thesystemwill earna higherprobability
with which its request will be served by others. If the
contribution is small, its requestis morelikely to berejected.
The incentive mechanismeliminates the free riders and
increasethe overall availability of the system.The authors
show that the systemreachesNash equilibrium even with
peershaving different contribution and bene�t parameters.
The incentive framework increasesthe availability of the
resourcesof the system, however, this does not provide
servicedifferentiationfor mediastreaming,wherequality of
the peersis more important than having �les available in
streamingapplications.We provide a framework wherepeer
contribution provideshigher�e xibility to selectgoodquality
suppliersfor betterquality of service.

Synchronousvs. asynchronous.BitTorrent [22] provides
incentives to the users to download �les if they allow
simultaneousupload by other users.This way the server
redistributes the uploadingcost to the downloaders,and a
�le can be served concurrentlyto a large numberof users.
BitTorrent does not need any score, token, or reputation
computation,and thereforehas the advantageof simplicity.
However, the synchronousuploadand download makes the
modellesssuitablefor mediastreamingbecausehigh quality
peer selectionfor all receivers simultaneouslyis extremely
dif�cult. For example,eachdownloadingpeeri hasto look
for peerswho canbea potentialuploader. At thesametime i
hasto meetall the quality requirements(availability, offered
rate, and the characteristicsof the network paths)of peer
selection for the uploaders.There might be users in the
systemwho want to download, however, i might not be a
goodsupplierfor their streamingsessions.

Insteadof using BitTorrent like bit-for-bit model,Chu et
al. [23] proposea taxationmodel is proposedfor multicast
streaming,wherepeerswith moreresourcescontribute more
bandwidth to the system.The peer with limited resources
aresubsidizedby the system.The model is applicablein the
streamingcontext becausethe publisherof the video stream
has the meansto enforcetaxationon peersand the will to
maximize their collective social welfare. SplitStream[24]
and CoopNet[25] utilize the cooperationamongthe users
to distribute high bandwidth content in a P2P system.In
SplitStream,eachuser joins several multicast treesso that
it can receive and forward contentfrom/to otherusers.This
way theforwardingloadis distributedamongall participating
users.
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Thecooperative mechanismor thetaxationmodelis useful
in a multicast environment where a large numberof users
is interestedin a streamingsession,and the users want
to cooperatesynchronouslywith eachother to receive the
content.The synchronousmodel is not suitable for video-
on-demandtype of applicationsor streamingrareobjectsor
less popular data. In this paper, our goal is to design an
incentive mechanismthat is applicablein an asynchronous
manner, where the contribution and reward do not needto
happenat the sametime.

VI . CONCLUSION

Our studyshows that therearemultiple motivating factors
for having anincentive mechanismin a P2Pmediastreaming
system.First, the streamingquality is poor if the level of
cooperationis low even when the network is not heavily
congested.Second,unlike traditional�le sharing,cooperation
from a few altruistic users cannot provide high quality
streamingto its usersin a large system.

We show that a rank order-basedincentive mechanism
achieves cooperationthroughservicedifferentiation.In this
framework, the contribution of a user is converted into a
score,thenthescoreis mappedinto a rank,andtherankpro-
vides �e xibility in peerselectionthat determinesthe quality
of a streamingsession.Cooperative usersearnhigherrankby
contributing their resourcesto others,andeventually receive
highqualitystreaming.Freeridershave limited choicein peer
selection,hencereceive low quality streaming.The rank is
estimatedin a scalableway without involving all usersin the
system.Our experimentalevaluationshows that the incentive
mechanismprovides near optimal quality (Q � 1) to the
cooperative usersuntil the bottleneckshifts from the hosts
to the network. The incentive mechanismreducesthe data
redundancy requiredduring a streamingsessionto tolerate
packet loss.Without the incentive mechanism,it is required
to sendmore redundantdata to achieve the sameQoS that
the incentive mechanismcanprovide.

In our analysis,we assumethat the usersof a P2Psystem
behave like the users of a �le sharing system. There is
no empirical data about the usersbehavior in a streaming
environment.A futuredirectionof this researchis to deploy a
streamingsystemto obtainempiricaldata,which canbeused
to validateand re�ne incentive mechanismsfor a streaming
system.
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