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Abstract. We consider the free-rider problem in peer-to-peer Te shar-
ing networks such as Napster: that individual users are provided with
no incentiv e for adding value to the network. We examine the design
implications of the assumption that userswill sel’shly act to maximize
their own rewards, by constructing a formal game theoretic model of the
system and analyzing equilibria of user strategies under sewral novel
payment mechanisms. We support and extend this work with results
from experiments with a multi-agent reinforcement learning model.

1 Intro duction

Peer-to-peer (P2P) “le-sharing systemscombine sophisticated searding tech-
nigues with decerralized Te storageto allow usersto download Tes directly
from one another. The "rst mainstream P2P system, Napster, attracted public
attention for the P2P paradigm aswell astens of millions of usersfor itself. Nap-
ster specializedin helping its usersto trade music, asdo most of its competitors;
P2P networks also allow usersto exchange other digital content.

The work of serving Tes in virtually all current P2P systemsis performed for
free by the systems'users.Sinceusersdo not bene t from serving Tes to others,
many usersdeclineto perform this altruistic act. In fact, two recert studiesof the
Gnutella network have found that a very large proportion of its userscortribute
nothing to the system [2,11]. The phenomenonof sel sh individuals who opt
out of a voluntary cortribution to a group's common welfare has been widely
studied, and is known as the free-rider problem [8,12]. The communal sharing
of information goods in \discretionary databases"and the resulting free-rider
problem has also beenstudied before the advent of P2P systems[13].

This problem is not simply theoretical. Some P2P systemsplan to charge
usersfor accessn the nearfuture, both in order to make moneyfor their investors
and to pay any neededroyalties. However, a systemrun for prot may not receive
the level of altruistic "donations'that power a free community. There is therefore
both a need and an opportunity to improve such P2P “le-sharing systemsby
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using an incentive schemeto increasethe proportion of usersthat share Tes,
making a greater variety of Tes available. This would increasethe system'svalue
to its usersand somake it more competitiv e with other commercial P2P systems.
In the following section, we intro duce our formal gametheoretic model. Sec-
tion 3 describes the Napster system, which we use as a motivating example
throughout this paper. In sections4 and 5, we proposetwo classesof novel pay-
ment medanisms,analyzing user strategiesand the resulting equilibria. Finally
in section 6, we use a multi-agent reinforcemert learning model to validate our
analytical results and to explore further properties of our mecanisms.

2 Problem De nition

Weturn to amore formal, gametheoretic characterization of the problem. (Read-
ers unfamiliar with game theoretic analysis may consult [5,10].) First, we de-
scribe the gamethat we useto model the Te sharing scenarioduring one time
period (e.g., one month). n agerts participate in the system; we denote them

pendent actions:

1. Sharing: Agents select what proportion of Tes to share. In our model,
sharing takesthree levels: ¥ (none), ¥ (moderate) or ¥ (heavy).

2. Downloading: Each agert must also determine how much to download
from the network in ead period. We model downloadswith agerts choosing
betweenthree levels: 15 (hone), 1; (moderate) or +, (heavy).

2.1 Agent Utilit y

Agents' utilit y functions describe their preferencesfor di®erent outcomes. The
following factors concernagerts:

{ Amoun t Downloaded (AD): Agents gethappierthe morethey download.

{ Network Variety (NV): Agents prefer to have more options from which
to selecttheir downloads.

{ Disk Space Used (DS): Thereisacostto agerts assaiated with allocating
disk spaceto Tles to be shared.

{ Bandwidth Used (BW): Similarly, there is a cost to agerts assaiated
with uploading Tes to the network.

{ Altruism (AL): Someagerts derive utilit y from the satisfaction of con-
tributing to the network.

{ Financial Transfer (FT): Agents may end up paying money for their
usageof the network, or converselythey may end up getting paid.

We assumethat agens have quasilinear utilit y functions; that is, eat agert's
utilit y functions is a sum of arbitrary functions, ead of which maps one of the



above variables to a dollar value. Furthermore, we assumethat agerts are risk-
neutral, and soagerts' utilit y for moneyis linear. We canthuswrite the equation
for agen a;'s utilit y function as:

£ o £ ol
U= fAPAD)+ fNY(NV)+ fAY (AL) | fPS(DS)+ fBW(BW) | FT:

Each f function is concernedwith a particular variable (e.g., bandwidth used)
and an agern; it describes that agert's preferencefor di®eren values of the
variable, in money. There is no f function for the variable FT becausethis
variable represens an amourt of moneythat is transferred to or from the agen.
Without restricting ourselves to particular f functions, we can make se\eral
obsenations that justify the signsof the terms above. First, f AP NV and f A
must be monotonically increasing,with minimum value 0, asthesevariablesonly
ever cortribute positive utilit y. Likewise,DS and BW only contribute negative
utilit y, explaining the subtraction of f °S and f BW above. Finally, we make two
assumptionsabout agerts' relative preferencesfor di®erernt outcomes:

A2 (k) > k™ 1)
FPS (k) + FBY (k) < k™ )

First, in inequality (1) we assumethat the monetary equivalent of the utilit y
agerts gain from downloading Tes at level k is more than k™, for someconstart
~. Second,in inequality (2) we assumethat the monetary cost to agerts of
sharing Tes at level k and uploading them at level k is lessthan k.

We say that two agerts a; and & have the sametype if they have the same
utilit y function; i.e., if f; = f; for all vef functions. To simplify our game
theoretic analysisin the rst part of this paper we often make the assumption
that all agerts have the sametype. In section 6 we approac the Te sharing
problem experimentally; this approac allows us to discussthe corvergenceof
agert strategiesunder a wide variety of di®erer agert types.

2.2 Equilibria

As is certral to any gametheoretic model, we assumethat agens are econom-
ically rational: they act to maximize their expected utilit y, given their beliefs
about the actionsthat other agerts will take and their knowledgeabout the way
that their payo®sare calculated. We denote the joint strategiesof all agerts as
8§ = fS;:::S,90. Following the usual de nition, we say that § is a weak Nash
equilibrium when no agert can gain by changing his strategy, giventhat all other
agerts' strategiesare xed. Similarly, § is a strict Nash equilibrium when every
agert would be strictly worseo®if he wereto changehis strategy, given that all
other agerts' strategies are xed. Finally, an agen has a dominant strategy if
his best action doesnot depend on the action of any other agen.



2.3 Assumptions and Observ ations

In our analysis,we restrict ourselvesto Te sharing systemsthat make useof cen-
tralized seners. Thesesenersmaintain a databaseof the ‘Tes currently available
on the network and connectdownload requestswith available clients.

We assumethat the serers are able to determine the identities of “Tes pro-
vided by users,which may be neededboth to pay royalties to the appropriate
copyright holders and to detect users who make false claims about the Tes
they share. File identi cation may be achieved by a cryptographic watermark-
ing stheme|[1, 7]; alternately, userswho spoof Tes could be penalized.

Onelikely payment model for peer-to-peer systemsis a °at rate menmbership
fee. We do not explicitly consider this option anywhere in the discussionthat
follows, asit hasno impact on the equilibria that arise from any mechanism (al-
though it can a®ectagerts' decisionsabout participation). All the mecanisms
discussedhere are compatible with the addition of °at rate pricing; note espe-
cially that the fact that °at feesare unrelated to agerts' behavior implies that
such pricing doesnot help avoid a free-rider problem.

3 The Napster System

We analyzethe Napster systemthat operated from May 1999through July 2001,
sinceit is probably the best-knovn peer-to-peer application. This is one of the
simplest systemthat can be represened by our model: regardlessof the actions
of agerts, Napster imposesno nancial transfers. Using the model described in
section 2, we start with an equilibrium analysis that disregardsthe altruism'
componert of agerts' utilit y functions; we then go on to consideraltruism.

have the sametype, it is enoughto analyze the choice made by a single agert.

Assumethat agerts other that a; follow the strategy S = (%; +), and consider
agert a;'s bestresponse.Sincea; is not altruistic, his utilit y is strictly decreased
by sharing “Tes; he will thus choosethe action ¥ which leaves his utilit y un-

changed. Downloading will usually increasea;'s utilit y; when no other agert

shareshis utilit y is zero regardlessof how much he intends to download. We
can therefore seethat the strategy S = (%; %) is dominant. If all other agerts

choose ¥ then S yields the same (maximal) payo® as (¥%; +) and (%; 41); if

any other agert doessharethen S yields strictly higher revenue than any other

strategy. Because§ is an equilibrium in dominant strategies,it is unique.

We have identi ed a unique equilibrium in which nothing is sharedand there
is nothing to download. Yet songswere plentiful and actively traded on Napster.
Weidentify two reasonsthat usersmight have cortributed. First, Napster o®ered
its servicefree of chargeand wert to great lengthsto foster a senseof community
amongits users,notably through sud featuresas chat-rooms, a newsletter, and
messagingbetween users. This may have been sutcient to encourageusersto
altruistically cortribute resourcesthat costthem very little. Second,Napster of-
fered a (modest) disincertiv e for non-cortribution: by default, the Napster client



shared all songsthat an agert downloaded. This could be circumvented, but
only by manually moving songsto another directory after download or explicitly
shutting down the Napster service.Again, becausethe donation of resourcescost
usersvery little, many usersmay not have bothered to \opt out". We represen
both of theseincentiv esthrough the variable (AL ).

In the analysisof this situation, we considertwo typesof agens. First, altru-
istic agerts are those whosereward for altruistic behavior (AL) exceedsts cost
in terms of disk space(D S) and expected bandwidth usage(BW). We assume
that f functions for theseagerts are suc that they would prefer the action ¥, to
either the action % or % regardlessof the value of BW. Theseagerts still gain
utilit y from downloads: following an argumert similar to the one given above,
(¥%; &) isadominant strategy for altruistic agens. The secondtype of agerts are
those for whom the cost of altruistic behavior exceedsts benet.! Theseagerts
are essetially the sameasthosedescribedin the previous section: although they
may receive somepayment for altruistic behavior, it will be insutcient to alter
their behavior. They thus have the dominant strategy given above: (%; ).

This analysisis arguably a description of the way usersbehaved on the Nap-
ster system. Someproportion of agerts were suzciently altruistic to share Tes
and did so; other agens were not altruistic and shared nothing. Regardlessof
their level of altruism, agerts were unrestrained in their downloads. This con-
clusion cohereswith the empirical researt cited in the introduction claiming
that only a small proportion of Gnutella usersshareany Tes. Likewise,it sup-
ports our claim that Napster experienced a free-rider problem: regardless of
the contributions of others, sel sh agerts had no incertiv e to share. As with all
such problems, the situation in this caseappearssomewhatparadoxical, because
all agerts would be better o® if they all shared (due to the resulting increase
in NV, the variety of Tes available on the network) than they are under the
unique equilibrium.

We now turn to an examination of seweral alternative medanismsthat over-
come the free-rider problem through the imposition of "nancial transfers. In
order to avoid relying on altruism we assumethat agens have no altruistic mo-
tivation, and sodrop the term f At (AL) from agerts' utilit y functions from here
until section 6, in which we present our experimental results. (Of course,all of
our results also hold for agerts motivated by altruism.)

4 Micro-P ayment Mechanisms

We wish to encourageusersto balance what they take from the system with
what they contribute. A natural approad is to charge usersfor every download
and to reward then for every upload. In this section, we propose and analyze

! More realistically, we could have assumedthree types of agerts: those whose level
of altruism led them to take ead of the three levels of sharing. We analyzed the
simpler caseto simplify the exposition; the analysis of the casewith three agernt
typesproceedsin the obvious way.



a micro-payment medhanism designedaccording to this principle, as well as a
variant of the basic medanism.

We begin with a detailed description of our micro-payment mechanism. For
ead userthe sener tracks the number + of Tes downloaded, and the number A
of “Tes uploadedduring the time period. The sener is aware of all suc transfers
since it processesall download requests. Note also that there exist standard
cryptographic protocols (fair exchange,[3]) to ensurethat both parties agreeon
whether their exchange was aborted or ended successfully At the end of eat
period, eat useris chargedan amourt C = g(+j A). We assumethat g is linear
with a coetcient ~ represerting the cost/reward per Te (e.g., $0.05), and that
the value of this coezxcient is suc that inequalities (1) and (2) hold. Note that
the global sum of all micro-paymernts is O; individual users,however, may make
aprot by uploading more than they download.

Before consideringthe equilibria that arise under this medanism, we must
simplify it so that it can be represenied in our model.? Let % ' be the total
number of units shared by agers other than a;, and + ' be the total number
of units downloaded by agerts other than a;. If agert a; choosesthe action®
(¥%; 14) then we expressthe expectedvalue of F T (a;'s expected paymernt to the
system) as A |
s

E[FT]=" dj ' — "
[ ] 1 2—:—%%'+S

®3)
This re°ects the assumption that the certral server matches downloaders uni-
formly at random with shared units, with the constraint that no agert will

download from himself. Note that ~ is the coetcient represening the cost per
net unit downloaded.

Prop osition 1. 8 = f(3¥%;%); :::; (3%;%)g is a unique, strict equilibrium.

Sketch of proof. Inequality (1) states that fAP (k) > k™. Therefore, agerts
have an incentiv e to download as much as possible|their marginal prot per
“le is reduced, as compared to the casediscussedin section 3, but it remains
positive. Thus +, dominates +; and +,. If all agerts other than a; follow the
strategy S = (%;%), and & follows the strategy S; = (%;+), & can cal-
culate his expected utilit y for the di®erert values of s: he will have E[FT] =

2i 2(nj 1)2ni5—4+s . Given our assumption about the cost of uploading a

le, a will strictly prefer the strategy S; = (3%;%); thus § is a strict equilib-
rium. Now we shov uniquenessof the equilibrium. Note that it is dominant for
all agerts to chooset,, as described above. Thus+ ' is 2nj 2 in all equilibria

2 Although the following analysis makes explicit use of the fact that there are only
three levels of sharing and of downloading possible, this restriction has been made
only for easeof exposition; a similar (albeit more complicated) proof exists for any
number of levels of sharing and downloading.

3 To simplify the exposition we assumethat ¥ denotes sharing s units, and likewise
+4 denotes downloading d units. This assumption is not neededfor our results.



for all i. Inequality (2) statesthat fPS(k) + fBW (k) < k™ : sharing is worth-
while for an agen if every unit of sharing yields at least one unit of uploading
on expectation. Substituting s = 2 into the expressionfor expected uploading
from equation (3), we nd that it is thus worthwhile for an agen to choosethe
action ¥ when 2(n 1)% . 2. Rearranging, we nd that % is the most
pro table strategy aslongas¥ ' - 2(nj 1). This condition always holds since
there arenj 1 agens other than i and ead agert canonly shareup to 2 units;
hence§ is unique. ti

Note that the sameanalysisdoesnot su+ce for the caseof risk-averseagerts.
The problem is that agerts directly control their number of downloads, but only
indirectly control their number of uploads through the number of Tes shared.
Depending on the nature and degreeof agerts' risk aversionand their particular
utilit y functions, they may prefer to reduce their downloads to reduce their
worst-case payments to the network. Since the behavior of risk-averse agens
depends so heavily on the particular assumptionswe make about them we do

not give a formal analysis here; however, we return to this issuein section 6.

4.1 Quantized Micro-P ayment Mec hanisms

Empirical evidencesuggeststhat usersstrongly dislike micro-payments: having
to decide before eah download if a Te is worth a few certs imposesmental
decision costs [9]. Usersoften prefer °at pricing plans, even when such meda-
nismsmay increasetheir expected costs.To addressthis problem we introducea
quantized micro-payment mecanism where userspay for downloadsin blocks of
b Tes, wherebis a "xed parameter. At the end of a time period, the number of
“les downloaded by a useris rounded up to the next multiple of b, and the user
is chargedfor the number of blocks used. The pricing mecanism for serving Tes
is unchanged. Note that when b = 1 we return to the original micro-payment
medanism, while we approac a purely °at-rate pricing plan asbgrows. In prac-
tice, we considervaluesof b on the order of the number of Tes that an average
user would download per time period.

We do not presen an analysis of this classof medanisms, for two reasons.
First, in the abstract thesequantized mechanismsare the sameas generalmicro-
payment schemes,exceptthat it is irrational for agerts to download a number
of “Tes that is not an even multiple of b (unlessof coursean agert has reached
the maximum number of "Tes that he desires).The key advantage of this classof
medanismsis that agers are sparedthe mental decisioncostsassaiated with
per-download pricing; sincewe do not explicitly include this costin agerts' utilit y
functions, the elimination of this cost doesnot a®ectthe analysis. Second,this
classof mechanismsdoesnot 't easilyinto our simplistic model for user actions:
aswe allow only three levelsof downloading, it is unclear what to quantize. From
the analysisin section 4 it is easyto seethat if we charge agerts the samefor
4 asfor +, the original equilibrium is presened: agerts will simply be provided
with additional incertiv e for taking the actions that they would take anyway.

There are, however, someinteresting practical issuesarising from this class
of micro-payment mechanisms.First we exposea way in which agerts could gain



through collusion, and presen two possibleremedies.We also considerproblems
arising from the trading of rare "Tes and suggestone solution.

First we examine an important way in which this medanism could be at-
tacked. Quantized micro-payment medanismshave the property that after one
“le hasbeendownloaded, the marginal cost of downloading the remaining bj 1
“les belongingto the sameblock is zero. Towards the end of a payment period,
usersmay take advantage of zero-marginal-costdownloads left in their accourt
to download Tes from friends, in order to causethesefriends to receive the pay-
mert for servingthese Tes. A coalition of userscould agreeto download excess
“les from ead other and sharethe prot. The costto the sener is proportional
to the di®erencebetweenthe number of Tes in a block and the average num-
ber of Tes actually desired by agerts. However, this collusion can only reduce
pro ts badk to the caseof simple micro-payments discussedabove, where every
download correspondsto an upload credited to another agert.

We can modify the quarntized payment mechanism so that it is harder for
usersto direct their zero-marginal-costdownloads to other speci ¢ users. This
makes it harder for a coalition to generate money for itself: if a user has no
cortrol over who is making a prot out of his downloads, this attack becomes
lesspro table. We could modify our mechanism in one of two ways. First, the
sener can reply to eac download requestwith a list of usersserving Tes that
match the request, but hide the identities of all the users.A user can chooseto
download from any of the locations listed, but cannot speci cally single out his
friends. Second,the sener can reply to ead download request with a random
subset of all the usersserving les that match the request. In this caseuser
identities do not needto be hidden.

Obsenethat thesesolutionsonly makeit lessetcient to direct zero-marginal-
cost downloads to friends, but by no meansmake it impossible. Furthermore,
these solutions are lessand lesse®ective as the number of userssharing a given
“le decreasesbecausea userwho stores les that are sutciently rare will receive
a large fraction of all the download requestsfor these les. Thus we proposethat
rare les (‘Te for which the number of copiesavailable falls below a threshold) be
treated di®ererily from Tes that are more frequert. We cannot simply refuseto
credit userswho sene rare les, becausethis would create a strong disincertiv e
for introducing new Tles into the system. Instead, the certral serer can give
usersno credit for serving rare Tes, but keeptrack of all the exchangesof rare
les. If a’le exceedghe threshold of frequencyand becomessutciently popular,
the userswho sharedit while it was still rare can be credited retroactively.

5 Rewards for Sharing

Previously, we focusedon in°uencing users' consumption by penalizing down-
loads and rewarding uploads. We take a di®eren approac here:we cortin ue to
penalize downloads, but we now considerrewarding agers in proportion to the
amount of material they sharerather than the number of uploads they provide.



The medianism we consider makes use of an internal currency, \p oints."*
Agernts are allowedto buy points either with money or with cortributions to the
network, but they are not allowedto corvert points bad into money Sinceagerts
cannot \cash out" their points, they might be allowed to maintain a balance
from one time period to the next. We do not consider such a rolling balance
since we model a single time period; furthermore, in a repeated equilibrium
agerts would have no incertiv gfor accunulating more points than they spend.®
Agents' paymert for sharingis M (t) dt, whereM (t) is a measureof the amourt
of data made available for download at time t and the integral is taken over the
whole time period. Downloading a Te costscm points, wherem is a measureof
the “le's sizeand c is a constart. Intuitiv ely, ¢ represerns the number of hours
one le must be sharedin order for the cost of one download to be waived.

As above, we must simplify this mecanism in order to analyzeit according
to our gametheoretic model. One point costs™, where ™~ is setto a value suc
that inequalities (1) and (2) hold. Furthermore, assumethat all Tes have the
samesize and that agerts always share Tes for the sameamourt of time (one
time period). Each level of sharing in onetime period earnsone point (e.g., ¥
is worth two points). We take ¢ = 1, so eat level of downloading costs one
point. Downloaded Tes are not sharedin the sametime period as they were
downloaded. As above, we assumethat downloaders are matched uniformly at
random with sharedunits, and that no agert may download from himself. Thus,
if & sharesat level s then his expected number of uploads, A, is:

S .
NiZ23ii+ s
nj 1l

E[A]= (4)

Prop osition 2. 8 = f(%;+); :::; (¥%;%)g is a strict equilibrium.

Sketchof proof. Considerni 1 agens playing the strategy S = (3%; %), and an
agert a; who must determine his best response. From inequality (1), f AP (k) >
k™, £, dominates +; and . Thus a; will play S = (3%;+) and must choosea
value for s. If a plays %, % or ¥ his expected number of uploads (given the
other agerts' strategies) will be 0, just under 1 or 2 respectively, and thus his
expected nancial transfer to the systemwill be 2, slightly more than ~— or 0.
Inequality (2), fBW (k) + fPS(k) < k™, tells us that agerts prefer to share at
level k and upload at level k than to pay the systemfor k points. Since sharing
at level 2 leadsto uploading at level 2 on expectation, given the other agerts'
strategies, a;'s expected utilit y is maximized by the action ¥. Therefore § is a
strict equilibrium. t

Howevwer, § is not a unique equilibrium. Indeed, point-based schemeshave
the drawbadk that they can give rise to a degenerateequilibrium in which all

4 Similar ideas have beenusedby a variety of web services, e.g. www.mojonation.net.

5 Agents might be encouragedto accumulate points if high balances were rewarded
with faster downloads, early accessto popular Tes or other privileges. However, as
this intriguing possibility depends heavily on agerts' particular utilit y functions as
well as on details about the Te sharing system, we do not pursue it further here.



agerts download at the highestlevel and sharenothing at all. This canbe proven
in seweral ways; we presen the simplest proof, which requires the assumption
that points have no value if not redeemedto pay for downloads.

Prop osition 3. 8§ = f(3%,;%); :::; (Y%; )9 is a strict equilibrium.

Sketchof proof. Considern j 1 agerts playing the strategy S = (%; %), and
an agert a who must determine his best response. As above, +, is dominant
by the “rst assumption. Thus a; who will play S = (34;+) and must choosea
value for s. Sinceall other agerts play %y, there exist no Tes to download. Thus
gaining points will yield no utilit y for aj, by the assumption in the preanmble.
Furthermore, sinceall other agerts play +,, a; will be madeto serne Tes for all
other agerts' download requests, bringing him negative utilit y. He is therefore
best o®following strategy S, and so § is a strict equilibrium. t

This analysisleavesit unclear what equilibrium will be reached in play. We
attempt to provide someanswersin our experimental section.

We now considermore practical issuesarising from this medanism. First we
consideragerts' opportunities for collusionand for other undesirableexploitation
of the system, and discussremedies.

Unlike quantized micro-paymerts, this medanism does not interfere with
download patterns. Instead it always givesthe right incentivesfor consumption,
since there is no way for colluding usersto make money by downloading from
ead other. However, this mechanism alters agerts' incertiv es for sharing Tes.
The key problem is that agerts have negative utilit y for the consumption of
bandwidth, which only occurs when shared Tes are actually downloaded. In
order to consene bandwidth, agerts may make their collections available at
low-usagetimes, or alternately o®erunpopular Tes. This may reducethe overall
value of the network. A possibleremedy is to o®erdistributors di®erert rewards
basedon gxpected download demand. The formula to reward distributors thus
becomes M (t), (t) dt, where , (t) is a scaling factor proportional to expected
demand. This ensuresthat the Tles are available at the right times. The problem
of users preferring to share unpopular “Tes can also be addressedthrough the
introduction of a similar coexcient.

Another challengeis that agerts cannot be expected to make (and honor)
a commitment to sharea le for hours into the future. It is much more likely
that agens will start and stop sharing unpredictably, sharing only when their
computer is idle. A mechanism that accommalates such behavior is likely to be
more useful; however, this accommalation must be balanced by ensuring that
agerts are not able to cheat by suddenly claiming to lose their idle status as
soon asthey receive an upload request.

6 Experiments

The previous sectionsanalyzedthe existenceof equilibria for all our medanisms
under simplifying assumptions.Here we test our medanismsin simulations that
more accurately re°ect the real world. We enrich our theoretical model by intro-
ducing di®erert typesof Tes and agens, and by consideringrisk-averseagerts.



6.1 Exp erimen tal Setup

We extend upon our theoretical model in two ways. First, we consider action
spacesfor agerts more ne-grained than the three levels of downloading and
sharing discussedso far. Second,we consider les of sewral kinds and agens
of sewral types. Recall that agerts with di®erent types have di®eren utilit y
functions; in our experimerts agerts di®er accordingto their ( xed) preferences
for di®erent kinds of Tes. Agent utilit y functions di®er as follows:

{ Altruism: f (AL) = AL where Yis drawn uniformly from [Yain ; Yaax ]-

{ Disk space: the function f (DS) is setto enmulate an agert with maximal
storage spaced, where d is chosenuniformly from [dmin ; Amax ]-

{ File typ e preferences: the term f (AD) is decomposedinto * , f;(AD;),
where eat i represens a di®erent kind of Te. Agents' preferencesfor eat
kind of Te are re°ected by di®erert f; functions. The factor * is chosen
uniformly at random in [* min ;* max ] for ead agert.

In the simulation of micro-payment mecanisms, our agerts are stateless
(they do not keeptrack of the amount of money they spend or make). In the
simulation of point-based mecanisms,we de ne statesaccordingto the number
of points accunulated by an agert. Points have no intrinsic value to agerts, but
an agert who runs out of points must purchasemore with money,

All the other parametersof our mechanismsare xed and equalfor all agerts.
We model agerts' utilit y for money as U(x) = Aln(1+ %). As A tends to in-
“nit y, U becomeslinear; this allows us to obsene changesas agerns go from
risk-aversion to risk-neutrality. This model of risk aversionis supported by ex-
perimental evidence;see,e.g., [6].

6.2 Learning Algorithm

We take an approad similar to that of “ctitious play [4] to model the behavior
of agerts. Agents behave asif other agers' strategieswere xed (i.e., asthough
other agents do not act strategically), and make a best responsebasedon their
obsenations of other agerts' actions. Although agent behavior is not strategic in
this model, strategy corvergencecorrespondsto a Nash equilibrium. This is be-
causecorvergencecorrespondsto the situation where ead agert's bestresponse
is to maintain his strategy, given the assumptionthat all other agerts are xed
in their strategies.An agen could attempt to learn either the joint distribution
of other agerts' strategies,asin a ctitious play model, or the expected payo®s
assciated with its own strategies.In a suzciently symmetric and regular world
populated by suzciently many agerts, the joint distribution can safely be ne-
glected. As P2P systemstypically involve very large numbers of agerts, agerts
in our model attempt to learn the payo®sassaiated with their own strategy,
without modelling other agerts.

Agents usethe temporal di®erence(TD) Q-learning algorithm to learn these
best responses. This algorithm learns the expected utilities of (state,action)-
pairs (called Q-values). The best responseis the action that givesthe highest



expected payo®. The Q-learning algorithm assumesthat the ernvironment does
not ewolve over time, but decay enablesagerts to alsodo well in a slowly changing
environment. We usethe standard update equationfor TD Q-learning, Q(a;s) A

(1i ®Q(a;s) + ®P(a;s) + ctmaxa Q(a%s?%), where a is the action that the
agert took, s is the current state, s%is the new state and P (a;s) is the payo® of
the current round (both are chosenprobabilistically by the model as a function

of other agerts' behavior). The decay 0 < ®< 1 and the future income discourt
0< c< 1lare xed.

6.3 Exp erimen tal Results

First, our simulations con rm the existenceof equilibria for the micro-payment
and point-based mecanismsin the richer setting described above. These equi-
libria generalizethose described in our analysis, giving evidencethat our exper-
imental assumptionsare reasonable.Fig. 1 shows strategy corvergence:

Epochs 1000 5000 9000
1 T

.0001

—=— Micro-payments ~ —— Point-based = —— Napster

o
o
-

Frequency of
o Strategy change

Figure 1: Strategy convergence
(logarithmic scale).

Second,we demonstrate that our model is complex enoughto exhibit non-
trivial e®ects.Fig. 2 shaws the behavior of non-altruistic agerts in the presence
of altruistic agents under the point-based mecanism. As the proportion of al-
truistic agerts increasesfrom 0to 1, non-altruistic agerts discover that they can
download more and therefore have to sharemoreto compensatefor the point cost
of their downloads. Third, we tested the robustnessof our simulations. Overall,
we found the simulations to be quite robust: we obsened qualitativ ely similar
results under very di®eren setsof parametersfor the number and typesof Tes
and for the size of the action spacefor agerts. Agents with a wider choice of
actions (more options for downloads and sharing) achieve higher payo®s,but the
results remain quartitativ ely the same.As an example, two runs of the experi-
ment described above, with agerts given9 and 35actionsin their strategy spaces,
produced essetially the sameresult (Fig. 2). Finally, we studied the in°uence
of risk aversion on agent's behavior in the micro-payment scheme (Fig. 3). We
plot the number of TTes sharedin the system as a function of A, agerts' value
for money As A decreasesagerts becomemore risk-averse. We obsened that
risk-averseagerts tend to cut their spending and scaledown their cortributions
to the system becauseof their uncertainty about how many other agerts will
download their sharedTes.
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Figure 3: Risk-aversion in micro-
payment mechanism.

Average number of files
shared by non-altruistic agents

Figure 2: Files shared as a function of
the proportion of altruistic agents.

Conclusion

The free-rider problem is a real issuefor P2P systems,and is likely to become
even more important in commercial systems.We have proposeda simple game
theoretic model of agent behavior in certralized P2P systemsand showvn that
our model predicts free riding in the original Napster mechanism. We analyzed
seeral di®erert payment mecanismsdesignedto encourage le sharingin P2P
systems. Finally, we have preseried experimental results supporting our theo-
retical analysis.
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