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Abstract

Users who join a peer-to-peer network have, in general, suboptimal incentives to contribute to the network, because
of the externalities that exist between them. The result is an inefficient network where the overall levels of contribution
are less than would be the case if each peer acted in the interests of the entire network of peers. Incentives provided in
the form of prices or contribution rules that require no money transfers can play an important role in reducing these
inefficiency effects. The problem in designing such incentive schemes is information: Designing an optimal incentive
scheme requires complete knowledge of the types and preferences of the individual peers and their identities. In this
paper we discuss the above issues in terms of a simple but representative example by introducing the basic economic
concepts and models. We then investigate the practical issue of designing several simpler incentive schemes requiring
less information and compare their efficiency loss to the optimal. We show using numerical analysis that these schemes
converge to a fixed proportion of the full information optimal as the number of peers in the network becomes large.
This result means that it is not necessary to collect large amounts of information, or to undertake complicated cal-
culations, in order to implement the correct incentives in a large peer-to-peer network.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Users who join a peer-to-peer network have, in
general, incorrect incentives to contribute to the
network, because of the externalities that exist
between them. The result is an inefficient network:
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The overall levels of contribution are less than
would be the case if each peer acted in the interests
of the entire network. To attain full efficiency
using an incentive scheme, a network manager
must (i) have complete information about the
payoffs of all peers who join the network, (ii) be
able to offer each peer a personalised scheme, and
(iii) where necessary, enforce (or make payments
to ensure) participation. None of these conditions
are likely to be achievable in practice: network
managers are typically poorly informed about
peers’ payoffs; even if managers have good infor-
mation, they may find it difficult to implement
incentive schemes that are based on the identities
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of peers; and coercion or extensive payments may
be infeasible.

In this paper, we show in the context of a simple
model that the inefficiency that arises because of
these practicalities becomes small as the number of
peers in a network becomes large. To do this, we
determine the ‘first-best’ incentive scheme—one
that uses complete information and is persona-
lised. This scheme sets prices, one for each peer per
unit of contribution that the peer makes to the
network. ! Equivalently, the scheme can use a rule,
i.e., set a contribution level for each peer. The
prices and contribution levels are calculated using
knowledge of all peers’ payoffs. The first-best
incentive schemes raise the three issues that are
highlighted above. The first-best rule may involve
some peers receiving a negative payoff from being
part of the network. We therefore consider rules
when peers must be given incentives to participate.
First-best prices are personalised. So next we
consider prices that are uniform across peers, but
that still use complete information about peers’
payoffs. First-best rules and prices use full infor-
mation about peers’ payoffs. Hence we consider
incentive schemes that can be used when the net-
work manager does not know the actual payoffs of
peers and cannot personalise. We derive ‘average’
rules and prices, as well as a ‘fixed fee’ scheme that
requires peers to contribute (the same) minimum
level to join the network.

As is to be expected, network efficiency is
highest under the first-best scheme. We show,
using simulation analysis, the loss in efficiency that
results from departing from the first-best. We
show, however, that for certain schemes, the de-
gree of inefficiency decreases as the number of
peers in the network becomes large. Our simula-
tion results suggest a ranking of the incentive
schemes in large networks: the full information
rule with participation incentives yields the highest
efficiency; the fixed fee scheme yields lower effi-

VIf a peer makes several different contributions—for exam-
ple, files shared and bandwidth—then a price is set for each
aspect of the contribution. Note that prices can be positive or
negative i.e., the peer might pay or be paid by the network
manager, depending on the nature of externalities between
peers. See Section 2.

ciency, but slightly more than the average rule;
uniform and average prices yield the lowest level of
efficiency. Also the overall efficiency of non-per-
sonalised rules increases as the variance of the
peers’ payoffs decreases. This suggests that if peers,
in terms of their payoffs, can be better classified
(by using some objective characteristic like the
access speed of their modem) in groups having a
higher degree of homogeneity, then simple incen-
tive schemes will perform even better.

There are two reasons why these results are
relevant: First, many peer-to-peer networks are
large, for example, the number of peers on Gnu-
tella and Kazaa runs into the millions. Secondly,
the results mean that it is not necessary to collect
large amounts of information, or to undertake
complicated calculations, in order to implement
the correct incentives in a peer-to-peer network.
Instead, a relatively simple scheme achieves a high
level of efficiency: All that is required is for peers
to be charged a uniform contribution to join the
network. The level of the contribution can be
worked out using a simple calculation. Also rules
have the practical advantage that they require no
actual money transfers between the peers them-
selves or between peers and a third party. The
latter is attractive in a large, decentralised system
in which implementing a currency can be difficult.

Many existing p2p file sharing applications have
recently started to apply simple system-specific
rules to provide for the suitable incentives to peers
to contribute. In later versions of Kazaa, for
example, the contribution of each peer is computed
and, according to its level, peers have a corre-
sponding priority in case of congestion. However,
such simple compensating rules still allow for a
significant degree of free-riding. In many real cases,
more strict, reciprocity-based, e.g. [3], or minimum
contribution mechanisms (see Direct Connect—
http://www.neo-modus.com) are being employed.
Actually, our fixed-fee scheme resembles the en-
trance rules required by Direct Connect groups. >

2 For example, in many groups, a peer should share music
files of a minimum total specified size in order to join. The
quality of the files shared is checked through some means of
social control and peers that do not meet their obligations are
expelled.
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The inefficiency of p2p systems has already
been pointed out by several researchers (see [1,6,
8,15]). But these papers did not provide an
appropriate economic modeling framework where
these important incentive issues could be formally
defined and compared. Most of the relevant work
in the economics literature like [7,13] concerns the
provisioning of public goods. These models cannot
be directly used for p2p networks. For instance,
they assume the possibility of money transfers
between peers. In our paper we make this impor-
tant connection and explain how to interpret
important results from mechanism design for
public good provisioning in the context of p2p
networks.

We must stress to the reader that this paper
focuses on economic aspects of p2p. It leaves out
significant implementation details such as how
the accounting of the information will be per-
formed, how incentive rules and exclusions will
be enforced, security issues, etc. Some references
discussing such issues are [11,14,16]. Thus, some
of the schemes compared for their economic
efficiency may be harder to implement than oth-
ers.

The rest of the paper is structured as follows:
The next section introduces the basic model that
identifies the incentive problem in a peer-to-peer
network. Section 3 describes various schemes that
can be used to correct incentives. We distinguish
between the various constraints that schemes
might recognise participation incentives (Section
3.2), anonymity (Section 3.3), and information
limitations (Section 3.4). Section 4 examines
numerically the levels of efficiency achieved by
these schemes for different network sizes. Section 5
summarises the paper’s findings and suggests
avenues for future work.

2. An economic model of peering

In this section, we develop a simple model of file
sharing as a canonical example of a peer-to-peer
activity. We discuss in Section 5 how to extend the
analysis beyond this basic example. Each peer i
decides on the number of files f; it shares. The
payoff of the agent from the p2p network with N

peers and an N-vector f = (fi,...
files is

ui(f)zeiv(Z\/fj> - fi. (1)

Here, the ‘benefit’ function v(-) > 0 is assumed to
be continuously differentiable, increasing and
strictly concave in its argument. The benefit func-
tion is the same for all peers; and each peer faces
the same cost for each file shared, normalised to 1.
Peers differ in the payoff parameter 0;: These are
drawn from a distribution F with support nor-
malised to the unit interval [0, 1]. For any N-vector
0 of payoff parameters, without loss of generality
order the peers so that 0; <0, < -+ < 0y.

In this model, file sharing is a public good: The
copying of a file by one peer does not prevent
another peer also from copying it; and, for the
moment, peers cannot be prevented from copying
files offered by others. (We consider the possibility
of peer exclusion later.) * The standard problem
with public goods is that the (Nash) equilibrium in
which agents determine their contribution levels to
maximise their own utility is, typically, ineffi-
cient relative to the social optimum, in which
contributions are set to maximise the sum of all
utilities, due to free-riding. In our case of a p2p
network, we show that in equilibrium, the number
of shared files is too low, relative to the efficient
level.

There are several features of the payoff function
in Eq. (1) to comment on

,fv) of shared

e any difference between the peers is captured in
the payoff parameter ;. The separability that
this assumption enforces simplifies the expres-
sions that are derived later, except where we
indicate, in Section 3.4, the assumption can be
dispensed with, at the cost of added complexity;

e the argument of the benefit function is the
sum of the square roots of the files shared by
each peer. This models file duplication: a contri-
bution of f; files by peer i results in a ‘useful’

3 In the formulation, it is clear that f; can be any action that
imposes positive externalities.
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amount of content which is less than f;, since
some of these files are already made available
by other peers. Again, this assumption simpli-
fies calculations, but is otherwise not crucial.
We could assume that the argument of the ben-
efit function is Y(f1,/5,...,fy) for some func-
tion . In order for solutions to the various
maximisation problems to exist, we require that
0y /of; # Oy /0f; for i # j (in the differentiable
case), otherwise, { can be arbitrary;

e cach peer has the same cost function for sharing
files: linear with no fixed cost. Except for the
analysis in Section 3.4, this assumption is not
crucial for the qualitative results we obtain. It
allows payments to be done in ‘kind’ (i.e., files)
instead of actual money which would be then
converted to files according to a more compli-
cated cost function;

e peers exhibit some degree of altruism since they
obtain benefit from their own contributions.
This modelling assumption is consistent with
observed peer behaviour in existing content
sharing systems, where most peers contribute
some (low) amount of files with no explicit
external incentives.

Peer i seeks to maximise its payoff: maxy, u;(f),
taking as given the files shared by all other peers. A
Nash equilibrium is comprised of a vector of files
shared such that all peers are simultaneously
maximising their payoffs. The first-order condition
for peer i’s maximisation problem is

0 (<

where ¢/(-) denotes the derivative of the benefit
function. Let the equilibrium choice of peer i be
denoted f;. In equilibrium, only peers with high
enough values of 0; will make strictly positive
contributions. Let the payoff parameter of the
marginal peer, i.e., the peer with the lowest value
of 6; out of those that make positive contributions,
be denoted 0,, where ee€ {l,...,N}; and let
E ={e,...,N}. For those peers who make positive
contributions, i.e., with i € E, the equilibrium
contribution is

SeE)

Hence

S (5) .

where 0, = Zj:e 0;. Eq. (4) is an implicit equation
for the variable 7 = 3} \/f;; with the concavity
assumption on v(-), there is a unique solution for £
(which, it should be noted, depends on the value of
©,—we return to this point below), and hence a
unique value f for the N-vector of equilibrium
contributions.

Finally, the identity of the marginal peer is
determined by the indifference condition

Oct(F) = fo = 0. (5)
Due to integer constraints, this indifference con-
dition may not hold exactly; if it does not, the
marginal consumer is identified as the ‘last’ peer
with a non-negative payoff.

In summary, in the Nash equilibrium, N — e out
of the N peers—those with the highest payoff
parameters—make strictly positive contributions,
given by Eq. (3); the others share no files. The total
number of files shared in equilibrium is given by
the solution to Eq. (4).

Contrast this characterisation of the Nash
equilibrium with the solution that arises when the
network is run by a benevolent and fully-informed
manager who chooses the contributions of peers to
maximise the total payoff of all peers:

s 32 (00(37) -5)

The first-order condition for peer i is
N
v’ ( Z \/f7> -1
j=1
Zﬁﬁl ],<Z\/7)<0 ,'20- (6)

Denote the resulting number of shared files f;* for
i€{l,...,N}. Note that in this solution, if it is
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optimal for any peer to contribute files, then it is
optimal for all peers to share files (since the mar-
ginal costs and benefits of file sharing are the same
for all peers).

An important difference between Egs. (2) and
(6) is the presence in the latter of externalities,
which can be measured by

Z/’igf / 4
(%)

for peer i. In the next section, we analyse ap-
proaches to ensure that peers consider these
externalities when deciding how many files to
share.

The contribution of each peer is

7= (Sve). )

where © = 37 | 0; and F* = N+/f*. This gives the
implicit equation for the total number of shared
files in this case:

="y, (8)

2

(There is a unique solution to this equation, due to
the strict concavity of v(-).) Comparison of Eq. (8)
with Eq. (4) shows that F* > F, since © > ©, and
N=1.

In summary, in the ‘social optimum’, in which
every peer is concerned about the payoffs of all
peers in the network, each peer shares f* files,
where /* > max; f;; consequently the total number
of files shared in the social optimum is greater than
in equilibrium. This means that the total payoff
attained in the social optimum, denoted Sso:

is greater than the total payoff attained in equi-
librium, denoted Sng:

i.e., Sso = Sne. In short, equilibrium is inefficient.

3. Incentive schemes

In this section, we derive analytical expressions
for a number of incentive schemes that might be
used to correct the externalities and resulting
inefficiencies identified in the previous section. We
start by considering the ‘first-best’, when the
scheme designer * has complete and perfect infor-
mation about the payoff parameters of all peers
and is able to set personalised incentives for each
peer. We then move on to less ideal situations, in
which participation incentives must be given; per-
sonalisation is not possible and information is
incomplete.

3.1. The first-best

The simplest method of ensuring full efficiency
of the peer-to-peer network is to require each peer
to share f* files. In summary

Scheme 1 (First-best rule). Each peer shares f*
files, where f* is given by Eq. (7).

An equivalent approach uses prices to give
peers the correct incentives. In the simple case of
file sharing that we are considering, the prices are
subsidies paid > to peers to encourage them to
share files. If negative externalities (e.g., conges-
tion) were present, then payments might occur in
the opposite direction: The peers would be charged
to discourage the activity generating negative
externalities. By comparing Eqgs. (2) and (6), it is
apparent that the appropriate price for peer i is

“9/'/ *
pf:%j}_% V(F);

“In our view, the scheme designer coincides with the
designer of the software of a p2p application and does not
need to be implemented by a physical entity participating in the
actual operation of the system.

5 Such subsidies may be paid by a third party who indirectly
benefits from the efficient operation of the system. Although
this is a standard procedure in the provision of public goods, it
may be impractical in many realistic p2p contexts where such a
payment system is hard to implement. In any case we use it for
comparison purposes.
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substituting in the expressions for f* and F*, this
reduces to the very simple form

O_;
bi = 2} ) (9)

where ©_; =3, 0;. This leads to

Scheme 2 (First-best prices). Peer i is paid a price
p; per file shared, where p; is given by Eq. (9).

There are three facts to note about the first-best
schemes: First, both use complete information—
the rule and prices depend on the vector 6 of
payoff parameters. ¢ Secondly, the rule may in-
volve some peers (those with low values of 0)
receiving a negative payoff from being part of the
network. This raises the issue of whether those
peers can be forced to be part of the network, or
whether they must be given incentives to join.
Thirdly, the first-best prices are personalised—
each peer faces a different subsidy for each file that
it shares. (Such prices are often referred to as
Lindahl prices in economics—see for example [10].)
The first-best rule, on the other hand, is not per-
sonalised—each peer shares the same number of
files.

3.2. Complete information rules with participation
incentives

In this section, we consider rules that use
information about peers’ payoffs and provide
incentives for peers to join the network. The
problem facing the manager is to choose contri-
bution levels to maximise total payoffs,

e l, <HU<;\/E> —ﬁ>;

® It is an interesting feature of the solution that information
about the benefit function is not always required. The first-best
prices do not depend on the form of the benefit function v(-).
This feature arises because of the way in which peer heteroge-
neity appears in the problem: The payoff parameter multiplies a
function which is the same for all peers. The first-best rule does,
however, depend on the form of v(-).

f- {Hil](ii), i <k,

subject to the constraints that each peer must re-
ceive a non-negative payoff:

Hiv(,z \/fj> > fi Vi (10)

The Lagrangian for this constrained maximisation
problem is

LEZG,—(I +/1,-)U<Z\/7j> —Z(l + ) f
(11)

The first-order conditions are

\/— _ Ej gjpjv,(zjlvzl \/]TI)
' 2p;
where p, =1+ 4. In these equations the /; are
non-negative. They are also decreasing for the
following reason. For the i’s where the participa-
tion constraint (10) binds, we have that 4, > 0 and
also that f; = 6,0(-). Combining this with Eq. (12),
we obtain that 0,(1 + /1,«)2 must be constant. Since
we assumed that 0, <0, < -+ <0y, we must also
have that the A;’s are decreasing in i.
The above suggests that rules take the following
form: for some threshold &,

; (12)

i

1
OkU(F), l?k, ( 3)
where F = Zj.vzl \/7, Given these levels of con-
tributions, the threshold & can then be chosen to
maximise total payoffs.

Hence we have the following incentive scheme:

Scheme 3 (Rules with participation incentives).
Peer i shares f; files, where f; is given by Eq. (13).

3.3. Non-personalised, complete information prices

Now suppose that we have complete informa-
tion about the payoff parameters of the peers, but
we are unable to establish their identities—so that
personalisation of an incentive scheme is not pos-
sible. Another reason is that implementing a per-
sonalised incentive scheme may be too costly or
infeasible. This raises no problems for first-best
rules—the first-best rule is not personalised in the
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case of our model. The matter is more complicated
for prices. Clearly, there are several ways to cal-
culate a uniform price. We shall assess the fol-
lowing:
max{0y,...,0y}
@ )
i.e., the personalised, complete information (first-
best) price received by the peer with the highest
payoff parameter. The numerical analysis in Sec-

tion 4 confirms that all peers wish to participate
given this price. ’

p=1-— (14)

Scheme 4 (Non-personalised price). Each peer is
paid a price p per file shared, where p is given by
Eq. (14).

3.4. Incomplete information schemes

We now turn to the case in which there is
incomplete information about the peers’ payoff
parameters. To be specific, the number of peers N
is known, as is the distribution from which the N
peers’ payoff parameters are drawn (they are i.i.d.
random variables with distribution F) and the
form of the benefit function v(-). But only peer i
knows the realisation of its payoff parameter 6;;
peer i does not know the payoff parameter of peer
J, and we assume that the agent who designs the
incentive scheme observes none of the payoff
parameters.

This information structure rules out immedi-
ately all of the schemes considered above. To start
the analysis, we consider adaptations of these
schemes that, in Section 4, will be compared to a
scheme that is derived from full consideration of
the incomplete information problem.

The first-best rule ‘share /™ files’ depends on the
realised 0, since f* depends on @ (see Eq. (7)).
Making this dependence explicit by writing /*(©),
an average rule can be computed as

7= [ [ rearo. (15)

7 The choice of another definition for a uniform price, e.g.,
using instead of the maximum, the average of the 6;’s, or their
minimum, does not affect the qualitative results presented.

where FV is the probability distribution of the
random vector 0. An example helps to make this
clear. Suppose that the benefit function v(+) is iso-
elastic, v(x) = x*, where o € (0,1). Then

2/(2-a)
ro=(Fx)

and

e, N\
r=[ () e

and can be calculated explicitly by making an
assumption about the distribution of payoff
parameters (e.g., independently drawn from the
uniform distribution on [0, 1]), or by using simu-
lation.

Scheme 5 (Average rule). Each peer shares f files,
where f is given by Eq. (15).

Of course, it may be that some peers would
receive a negative payoff if they contributed f files;
hence under this rule, they will not take part in the
network. This will affect any calculation of effi-
ciency (see Section 4).

A similar procedure can be applied to prices, to
give an average price

1—,5/.../@@*" dFY (0). (16)

Scheme 6 (Average price). Each peer is paid a
price p per file shared, where p is given by Eq. (16).

Notice that the average rule depends on both
the functional form of v(-) and the distribution
from which peers’ payoff parameters are drawn.
The average price depends only on the latter.

These adaptations of the previous schemes do
not take into account explicitly additional factors
that arise in the presence of incomplete informa-
tion. In this case, it is likely that the scheme can be
improved (in terms of the network efficiency
achieved) by eliciting information from peers. To
do this, each peer must be given the appropriate
incentive to reveal its private information truth-
fully. The task, then, is to design a mechanism. In a

mechanism, peers report their payoff parameter: 6;
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denotes the report of peer i, 0 the vector of peers’
reports. The mechanism specifies a rule for pro-
viding shared files that has three components:

1. ¢,() is the contribution rule that specifies the
number of files that peer i must share, for
ie{l,...,N};

2. 11,(8) € {0,1} is the inclusion rule that specifies
whether peer i is included in the network, for
ie{l,...,N}

Note that we continue to assume that the files
shared by each peer can be verified by the mech-
anism designer. While verifying the number of files
shared may be relatively easy, it is likely to be
more difficult to verify relevant characteristics
(such as quality or popularity) of files. We do not
consider the issue of files of variable quality (and
so the problem of peers sharing low quality or
unpopular files to minimise their contribution to
the network). We return to this issue in the con-
clusion.

Let E denote the expectations operator with
respect to 0; and E_; denote the expectations
operator with respect to 0_; = (0y,...,0;_1,
011, ... ,0y). In order for the mechanism to induce
truthful reporting by peer i, it must be that

E_; le,«ul.(e)u ( >

J=1

=Lk [Qiﬂi(éh 0_)v ( Z \/ d)j(éi? 0!’))

=1

<i>.,-(0)) - ¢>I-(0)]

— qb,-(é,-,e_,-)] (17)

for all i and 0,, 0; € [0, 1]. In words, all peers must
gain an expected payoff from reporting their type
honestly that is at least as large as the expected
payoff received when they are dishonest. In order
for peer i to be willing to participate in the network
and mechanism, it must be that

E_; l@iui(())v ( Z 1/ <i5j(0)> - ¢i(0)‘| =0 (18)

for all i and 6; € [0,1]. In words, all peers must
gain an expected payoff from reporting their type
honestly that is at least as large as their outside
option, which is assumed to yield zero payoff.
The objective is to maximise the expected total
payoff subject to these constraints. That is, the
problem facing the mechanism designer is to
choose the functions {¢,(0), 14;(0)},_, y to

N N
[E[Z (01'#:'(0)”(2\/(15,'(0)) _¢1(0)>1 (19)
i=1 Jj=1

subject to Egs. (17) and (18).

Denote the expected total payoff from this
program Sy;.

We shall not solve the full problem (19) here
[10]. There are two features of the mechanism that
solves the problem that we wish to comment on,
before developing an approximate solution: First,
note that any mechanism for this problem must be
‘budget-balanced’, in the sense that it is not pos-
sible for more files to be shared than have been
contributed by the peers. © Myerson and Satt-
erthwaite [12] demonstrate that no mechanism can
be efficient, individual rational and budget bal-
anced. Hence we know that the solution to prob-
lem (19) yields less total surplus than the social
optimum (analysed in Section 2): Sy <Sso. Sec-
ondly, the mechanism that solves problem (19) will
be, in general, very complex. In most cases, a large
amount of information has to be passed from the
peers to the mechanism designer; and the sub-
sequent calculation is complicated.

Nevertheless, recent analysis by Hellwig [7] and
Norman [13] (who build on the earlier work of
Mailath and Postlewaite [9]) shows that in public
good provisioning models which include our peer-
to-peer file sharing model that allows peers to be
excluded, both factors are reduced in importance
when the number of participants is large. To be
precise, as N increases, the second-best policy
obtained by solving Sy converges to a fixed pro-
portion of the social benefit Sso obtained by the

8 In more general public good provision problems, budget
balance requires that the total financial payments made by
agents cover the cost of providing the required level of the
public good.
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first-best policy. ° Hellwig and Norman show that
a necessary feature of the mechanism that achieves
this degree of efficiency is that some peers are ex-
cluded from the network. In fact, Norman’s results
suggest that the following mechanism suffices in
our case when N is large: Each peer must con-
tribute a uniform minimum number of files to join
the network, where this number depends on the
declarations 6 of all the peers. This scheme has two
advantages: Its simplicity in terms of the form of
the policy, being a simple contribution rule; and
the fact that prices are not involved. The latter is
attractive in a large, decentralised system in which
implementing a currency can be difficult.

There is still a considerable computational
burden to calculating the minimum contribution
required by Norman’s mechanism. Rather than
undertaking that task, we use the result of Cour-
coubetis and Weber [4], where it is shown that for
a large class of models including the one in this
paper, a simple fixed fee policy which is indepen-
dent of the declarations of the peers, is enough to
get us within o(N) of Sy;. In many interesting cases,
this fixed fee can be easily computed by solving a
simple optimisation problem. In our case, assum-
ing for simplicity that the distribution F of the 0’s
is uniform on [0, 1], we need to solve the following
mathematical program:

° This is not the case when peers cannot be excluded from the
network. In this case, as N increases, the power of incentives
decreases (each peer feels that his contribution will have an
insignificant effect to the overall provisioning), and hence is
ready to contribute very little (in the order of 1/y/N, hence a
total of /N for the N peers) in any incentive compatible
scheme. Since a relatively small part of the cost can be covered
by such contributions (the cost of the optimal size system
increases in most cases faster than v/N), the system evolves into
a much smaller size than the optimal one. Actually, Sy /Sso — 0
as N increases. In contrast to that, if exclusions are allowed and
mechanisms with a minimum participation fee are possible to
implement, then an O(1) revenue can be obtained from each
peer. This is because a positive percentage of peers will
participate and each participant will contribute at least the
minimum fixed amount (in addition to some incentive payment
which will depend on his declaration @)i, and which becomes
negligible when N gets large). In this case a significantly larger
total contribution of files can be achieved which allows for
Su/Sso — b, for some 0 < b < 1.

max Nv((D)/D xdF — ¢(D) (20)

st. N(1—F(0))0u(®) = c(d),

where ¢(Q) is the total number of files that must be
provided for achieving an effective number of
shared files @. We come back to how to express
this cost as a function of @ after we provide some
intuition for (20).

This program has a very simple interpretation.
It sets two variables: the total effective number of
shared files @ (i.e., the argument of the benefit
function v(-)); and the identity of the marginal peer
who is just indifferent between joining the network
and not. All peers who join the network are re-
quired to contribute Ov(®) files (i.e., the benefit of
the marginal peer). Peers with a payoff parameter
greater than 0 are willing to join; peers with 0 < 0
are not. The total contribution is covered by the
contributions of the peers which will participate,
which are N(1 — F(0)) on the average. The aver-
age value of file sharing per peer is v(P) f(—“ xdF.
Hence (20) maximises the expected social welfare
over the choice of fixed fee policies. The optimal
policy will correspond to the optimal values of the
two variables @ and 0.

We can reduce 20 into a simpler form. First
observe that since all participating peers contribute
equally some amount f, & = m+/f, where m is the
number of final participants. But also ¢(®) = mf,
and hence ¢(®) = ®*/m. By doing integration by
parts and using the cost constraint we obtain the
equivalent program

n;)%x v(d))/ (1= F(x))dx
, 2 i (21)
st N(L=FO)0u(?) = 5y

where we substituted m by its average N (1 — F(0)).

Denote the expected total payoff from this
program a Scw. According to Courcoubetis and
Weber [4], the difference between Scw and Sy is
o(N), and so becomes negligible as N becomes very
large. This result motivates us to consider the
following, ‘fixed fee’ scheme.
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Scheme 7 (Fixed fee). All peers who join the net-
work are required to share Hv(®P) files, where 6
and @ are given by the solution to the program

Q1).

4. Simulation assessment of incentive schemes

In previous sections, we have defined seven
incentive schemes:

. first-best rule,

. first-best prices,

. rules with participation incentives,
non-personalised price,

. average rule,

. average price,

. fixed fee.

In this section, we first calculate these schemes for
a specific functional form for the benefit function:
v(x) = x*, where o = 0.5; and a specific distribution
function for the peers’ payoff parameters (uniform
on the unit interval, with i.i.d draws). The objec-
tive is to assess the performance of the different
schemes, in terms of the total payoff that they
yield, as the number of peers increases. Then, in
order to show the robustness of our results, we use
a lognormal distribution, and we vary its variance
to investigate how peer heterogeneity may affect
the results.
The procedure we use is as follows:

. Fix the number of peers at N.
. Calculate the average rule and price in Schemes
5and 6. '°

3. Draw N values 0 = (0y,6,,...
from the specified distribution.

4. For this realisation of peers’ valuations, calcu-
late rules/prices in Schemes 1-4.

5. For this realisation of peers’ valuations, calcu-
late total payoffs for all schemes.

6. Return to step and repeat 100 times.

DN —

,0y) randomly

19 Since these do not depend on the realisation of the
particular 0’s.

7. Average the total payoffs achieved over the
draws of 6.

8. Increase the number of peers by 1 and return to
step 2.

The outcome of the simulations is summarised
in Figs. 1 and 2. In these figures, the total payoff
achieved by each scheme, averaged over realisa-
tions of peers’ payoff parameters, is expressed as a
proportion of the first-best total payoff, as the
number of peers varies. So, the first-best rule or
price would be represented by a flat line at 1 for all
network sizes. As expected, all other schemes re-
turn a total payoff strictly less than the first-best

% (of first-best)
1

0.8
0.6
04 \\‘\‘\.\W‘

20 40 60 80 100 N

Fig. 1. Total payoffs in the Nash equilibrium.

% (of first-best)
1

0.98

0.96

0.92

0.9

0.88

20 40 60 80 100 N

—A— | rules with participation incentives 4 | average price
—®— | non-personalized price —&—| fixed fee

—#— | average rule

Fig. 2. Comparison of incentive schemes.
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level; hence the lines for these schemes lie strictly
below 1. Fig. 1 confirms the observation of Section
2: without an incentive scheme, the externalities
that exist between peers leads to inefficiency. The
figure shows the total payoff in the Nash equilib-
rium, as a proportion of the first-best level. In a
small network (10 peers), the degree of inefficiency
is marked: the Nash equilibrium achieves only 60%
of the first-best total payoff. As the network grows,
the inefficiency becomes worse and worse; by the
time the network includes 100 peers, the Nash
equilibrium total payoff is just 30% of the first-
best. This illustrates the intuitive property that
free-riding is worse when there are many agents.
Each peer anticipates that it has little effect on the
total number of files shared when the network is
large. Consequently the incentive to contribute
nothing and rely only on the contributions of
others grows with network size.

There are several features that should be noted
from Fig. 2: First, the rules with participation
incentives achieve close to full efficiency even for
moderate network sizes (20 peers or more). This
indicates that (within this set of calculations, at
least) there is little efficiency loss arising from the
need to give participation incentives to peers. The
intuition for this result is that as the system gets
larger, the participation constraint becomes easier
to satisfy. This is because the value of the shared
content to peers increases and peers with the same
0 are willing to contribute more in order to par-
ticipate. For very large N, a very small fraction
of peers will be reluctant to pay the fixed fee
contributed by the rest of the peers as defined by
the optimal policy. Hence the participation con-
straint of the optimisation problem becomes
irrelevant, and the solution converges to the first-
best.

The fixed fee scheme yields a strictly lower
level of utility. This demonstrates the Myerson—
Satterthwaite result: incomplete information leads
to efficiency loss. (A major difference between
Schemes 3 and 7 is, of course, that the former uses
full information about peers’ payoff parameters,
which is not available for the latter.) The efficiency
loss is relatively small, however, around 6-7%. An
intuition for this can be gained by considering the
sources of efficiency loss. One is that participating

peers do not contribute the efficient amount of files
(f*); another is that some peers are excluded. The
size of the second inefficiency is limited, however,
by the fact that it is peers with low payoff
parameters that are excluded; and they make little
difference to the overall level of efficiency. Further,
from the results of Hellwig [7] and Norman [13], as
the number of peers becomes large, the fixed fee
schemes approaches the full second-best mecha-
nism. A major reason for this is that calculations
based on averages or expectations—Ilike the cal-
culation of the fixed fee—become more and more
accurate as the number of peers becomes large, for
standard statistical reasons. There is a second,
more subtle argument as we discussed in the
previous section, which explains why, although
in the full second-best problem, incentive com-
patibility constraints must be included—see Eq.
(17), these incentive constraints are effectively
ignored in the calculation of the fixed fee. Hence
the numerical results indicate that these con-
straints become less important (in efficiency terms)
as the number of peers grows. Since our fixed fee
policy becomes asymptotically second-best opti-
mal, it is also optimal among the set of all fixed fee
policies.

Thirdly, the average rule scheme (number 5)
does well for efficiency, but appears systematically
to yield a strictly lower total payoff than Schemes
3 and 7. This indicates that the approximation
used in this scheme (taking a straight expectation
of the first-best rule) is inferior to the fixed fee
approximation. This is to be expected: The fixed
fee method derives an instrument to maximise
average payoff; the approximation in Scheme 5
averages over an instrument that maximises total
payoff under complete information. The former is
better suited to the situation in which there is
incomplete information—a fact reflected in the
figure.

Finally, prices of any flavour (other than first-
best) yield lower levels of efficiency than the other
schemes. The degree to which they under-perform
appears to be driven by the specification of our
model: in particular, the linear ‘cost’ term in Eq.
(1). With this specification, small errors between
the first-best price and an approximate price are
translated into very large differences in the number
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Fig. 3. Comparison of incentive schemes using the lognormal distribution: (a) (g, o) = (0.5,0.6) and (b) (¢, o) = (0.5,0.8).

of files contributed by peers. Hence the resulting
efficiency level of approximate (non-personalised
or average) prices are low. With alternative cost
specifications (especially cost functions that are
strictly convex), the performance of approximate
price schemes improves. ' In fact, in a variety of
such models with convex cost functions, as N in-
creases, uniform prices perform close to the first-
best.

In the next results we use a lognormal distri-
bution of the peer payoffs. The reason is to
investigate the effects of the variance of the 0’s to
the performance of the various schemes. The re-
sults are in Fig. 3, for two different values of the
variance of the distribution. These results can be
easily explained. Smaller variance makes uniform
rules more effective since information loss is less
important. This suggests that if peers in terms of
their payoffs can be better classified (by using some
objective characteristic like the access speed of
their modem) in groups having a higher degree of
homogeneity, then simple fixed fee schemes will
perform better than having all peers in a single

group.

! This observations raises the question: why choose a quasi-
linear payoff function? The reason is that this allows us to
match the model directly to the public good provision models
used by Hellwig [7] and Norman [13], and hence to apply their
results in our context.

5. Conclusions

In this paper, we have identified that partici-
pants in a peer-to-peer network have too little
incentive to contribute to the network. The result-
ing inefficiency motivates our analysis of a variety
of incentive schemes. The different schemes are
distinguished by the constraints that are considered,
relative to the first-best situation in which the net-
work manager has full information, can coerce
participation in the network, and is able to per-
sonalise incentives. Numerical evaluation of the
various schemes shows that there can be significant
differences in the efficiency levels that they achieve.
A major finding is that a simple fixed fee scheme can
achieve a high level of efficiency in large networks.
This suggests that a complicated mechanism that
relies on information reporting and complicated
payments to peers is not necessary to run an effi-
cient peer-to-peer network. Instead, peers need only
contribute a standard number of files to the net-
work on joining. A similar fixed contribution ap-
proach has been studied in the context of building a
p2p system from wireless LANs in [5]. Another
interesting finding is that reducing the variance of
the peers’ preferences is beneficial in the perfor-
mance of such simple schemes and may be worth
the implementation cost.

In order to investigate the gains of differenti-
ating peers into subgroups we can easily extend
(21) and calculate the different participation fees
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that should be used in the various subgroups.
Content should be shared among all participants
independently of the subgroup to which they
belong.

There are many more avenues for further work.
This paper should be seen as the early stages of a
wider project to assess and evaluate incentive
schemes in peer-to-peer systems. With the current
model, we intend to continue the numerical eval-
uation of schemes, using alternative functional
forms for the benefit and cost function and dif-
ferent distributions for peers’ payoff parameters.
These extensions will allow us, among other
things, to assess how important peer heterogeneity
is for the design of incentive schemes. We intend
also to extend the model, in three directions
especially: First, to applications other than file
sharing in order to examine how details of incen-
tive schemes might vary across different situa-
tions—an initial model for a novel p2p WLAN
application is in [2]. Secondly, we intend to model
activities that incur congestion (e.g., requests for
files, within the file sharing application). Finally,
the most difficult challenge is to implement the
ideas in this paper in a fully decentralised p2p
network, in which it can be difficult to verify the
number, and especially the characteristics (e.g.,
quality or popularity), of the files shared by peers.
Our goal in this paper has been to demonstrate the
general difficulty of setting incentives in p2p net-
works, especially when there is limited information
about peers’ payoffs; and to show how some of the
complications are reduced in large networks. In
future work, we plan to analyse mechanisms when
there is incomplete information about the charac-
teristics of files shared.
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