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ABSTRACT
Online reputation mechanisms need honest feedback to func-
tion effectively. Self interested agents report the truth only
when explicit rewards offset the cost of reporting and the po-
tential gains that can be obtained from lying. Side-payment
schemes (monetary rewards for submitted feedback) can make
truth-telling rational based on the correlation between the
reports of different buyers.
In this paper we use the idea of automated mechanism

design to construct the payments that minimize the budget
required by an incentive-compatible reputation mechanism.
Such payment schemes are defined by a linear optimization
problem that can be solved efficiently in realistic settings.
Furthermore, we investigate two directions for further low-
ering the cost of incentive-compatibility: using several ref-
erence reports to construct the side-payments, and filtering
out reports that are probably false.

Categories and Subject Descriptors
I.2.11 [Artificial Intelligence]: Distributed Artificial In-
telligence

General Terms
Algorithms, Design, Economics

Keywords
honest feedback, reputation mechanisms, mechanism design

1. INTRODUCTION
Online buyers increasingly resort to reputation forums for

obtaining information about the products or services they
intend to purchase. The testimonies of previous buyers
disclose hidden, experience-related [13], product attributes
(e.g., quality, reliability, ease of use, etc.) that can only be
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observed after the purchase. This previously unavailable in-
formation allows the buyers to take better, more efficient
decisions.
Quality-based differentiation of products is also beneficial

for the sellers. High quality, when recognizable by the buy-
ers, brings higher revenues. Manufacturers can therefore
optimally plan the investment in their products, such that
the difference between the higher revenues of a better prod-
uct, and the higher cost demanded by the improved quality,
is maximized. Honest reputation feedback is thus essential
for establishing an efficient market.
Human users exhibit high levels of honest behavior (and

truthful sharing of information) without explicit incentives.
However, in a future e-commerce environment dominated
by rational agents, reputation mechanism designers need to
make sure that sharing truthful information is in the best
interest of the reporter.
Two factors make this task difficult. First, feedback re-

porting is usually costly. Most forums still require a con-
scious effort to formulate and submit feedback: buyers need
to understand the rating scale (e.g., five star ratings – where
one star is the lowest score, five star is the highest score –
or “top five” preferences where one is the best score and
five is the lowest), they need to manually fill in forms, and
supervise the submission of the report. As feedback report-
ing does not bring direct benefits, many agents only report
when they have ulterior motives, thus leading to a biased
sample of reputation information.
Second, truth-telling is not always in the best interest of

the reporter. In some settings, for instance, false denigra-
tion decreases the reputation of a product and allows the
reporter to make a future purchase for a lower price. In
other contexts, providers can offer monetary compensations
in exchange for favorable feedback: e.g., doctors get gifts for
recommending new drugs, authors ask their friends to write
positive reviews about their latest book [6, 19]. One way or
another, external benefits can be obtained from lying and
selfish agents will exploit them.
Both problems can be addressed by a payment scheme

that explicitly rewards honest feedback by a sufficient amount
Δ to offset both the cost of reporting and the gains that
could be obtained through lying. Seminal work in the mech-
anism design literature [5, 4] shows that side payments can
be designed to create the incentive for agents to report their
private opinions truthfully, a property called incentive com-
patibility. The best such payment schemes have been con-
structed based on “proper scoring rules” [11, 8, 2], and ex-
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ploit the correlation between the observations of different
buyers about the same good.
Miller, Resnick and Zeckhauser (henceforth referred to as

MRZ) [12] present a payment mechanism based on proper
scoring rules that is particularly well suited for online feed-
back forums. In their mechanism, a central processing fa-
cility “scores” every submitted feedback by comparing it
with another report (called the reference report) about the
same good. The score does not reflect the agreement with
the reference report; instead it measures the quality of the
probability distribution for the reference report, induced by
the submitted feedback. Payments directly proportional to
these scores make honest reporting a Nash equilibrium. The
payments can then be scaled so that in equilibrium, the re-
turn when reporting honestly is better by at least a margin
Δ. However, this scaling can lead to arbitrarily high feed-
back payments. This can be a problem because the pay-
ments cause a loss to the reputation mechanism that must
be made up in some way, either by sponsorship or by charges
levied on the users of the reputation information.
In this paper, we use the idea of automated mechanism

design [3, 14] and compute optimal payments that minimize
the budget required to achieve a certain margin Δ. We thus
lose the simplicity of a closed-form scoring rule, but gain
in efficiency of the mechanism. Specifically, we derive the
optimal payment scheme such that:

• given a required margin Δ to offset reporting and hon-
esty costs, the expected budget required for feedback
payments is minimized; or, conversely,

• given certain budget constraints, the margin Δ is max-
imized.

Using the framework for computing optimal feedback pay-
ment schemes, we then investigate two complementary meth-
ods that can be used to further decrease the cost of incentive-
compatibility. The first requires the use of several reference
reports to score feedback. We formally prove that the ex-
pected budget required by the reputation mechanism de-
creases with the number of employed reference reports. The
second method adapts probabilistic filtering techniques to
eliminate the reports that are probably false. We experi-
mentally show that such filters are successful in decreasing
the lying incentives, without greatly distorting the informa-
tion provided by the reputation mechanism.
Section 2 formally introduces our setting. Section 3 de-

scribes the algorithm for computing the optimal payments,
followed by an analysis of the computational complexity. In
Section 4 we extend the mechanism by considering a) several
reference reports, and b) a probabilistic filter to eliminate
reports that are probably false. We conclude with a discus-
sion and future work.

2. THE SETTING
Similar to [12], we consider an online market where a num-

ber of rational buyers (or “agents”) experience the same
product or service. The quality of the product remains fixed,
and defines the product’s (unknown) type. Θ is the finite
set of possible types, and θ denotes a member of this set.
We assume that all buyers share a common belief regarding
the prior probability Pr[θ], that the product is of type θ.∑
θ∈Θ Pr[θ] = 1.

After purchasing the product, the buyer perceives a noisy
signal about the quality (i.e., true type) of the product. Oi

denotes the random signal observed by the buyer i, and S =
{s1, s2, . . . sM} is the set of possible values for Oi. The ob-
servations of different buyers are conditionally independent,
given the type of the product. Let f(sj |θ) = Pr[Oi = sj |θ]
be the probability that a buyer observes the signal sj when
the true type of the product is θ. f(·|·) is assumed common
knowledge, and

∑M
j=1 f(sj |θ) = 1 for all θ ∈ Θ.

A central reputation mechanism asks every buyer to sub-
mit feedback. Let ai = (ai1, . . . , a

i
M ) be the reporting strat-

egy of buyer i, such that the buyer announces aij ∈ S when-
ever she observes the signal sj . The honest reporting strat-
egy is ā = (s1, . . . , sM ), when the buyer always declares the
truth.
The reputation mechanism pays buyers for submitting

feedback. The amount received by buyer i is computed by
taking into account the signal announced by i, and the sig-
nal announced by another buyer, r(i), called the reference

reporter of i. Let τ (aij, a
r(i)
k ) be the payment received by

i when she announces the signal aij and the reference re-

porter announces the signal a
r(i)
k . The expected payment of

the buyer i depends on the prior belief, on her observation
Oi = sj , and on the reporting strategies a

i and ar(i):

V (ai, ar(i)|sj) = Esk∈S
[
τ(aij , a

r(i)
k )
]

=
M∑
k=1

Pr[Or(i) = sk|Oi = sj ]τ(aij , ar(i)k );
(1)

The conditional probability distribution for the signal ob-
served by the buyer r(i) can be computed as:

Pr[sk|sj ] =
∑
θ∈Θ
f(sk |θ)Pr[θ|sj];

where Pr[θ|sj ] is the posterior probability of the type θ
given the observation sj , computed from Bayes’ Law:

Pr[θ|sj] = f(sj |θ)Pr[θ]
Pr[sj]

; Pr[sj] =
∑
θ∈Θ
f(sj |θ)Pr[θ];

Reporting is costly, and buyers can obtain external ben-
efits from lying. Let C ≥ 0 be an upper bound for the
feedback reporting cost of one buyer, and let Δ(sj , a

i
j) be

an upper bound on the external benefit a buyer can obtain
from falsely reporting the signal aij instead of sj . The cost of
reporting C is assumed independent of the beliefs and obser-
vations of the buyer; moreover, for all signals sj �= sk ∈ S ,
Δ(sj , sj) = 0 and Δ(sj , sk) ≥ 0.

3. COMPUTING THE OPTIMAL PAYMENT
SCHEME

Let us consider the buyer i who purchases the product
and observes the quality signal Oi = sj . When asked by
the reputation mechanism to submit feedback, the buyer
can choose: (a) to honestly report sj , (b) to report another
signal aij �= sj ∈ S or (c) not to report at all. Figure 1
presents the buyer’s expected payoff for each of these cases,
given the payment scheme τ (·, ·) and the reporting strategy
ar(i) of the reference reporter.
Truthful reporting is a Nash equilibrium (NEQ) if the

buyer finds it optimal to announce the true signal, whenever
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Figure 1: Reporting feedback. Choices and Payoffs.

the reference reporter also reports the truth. Formally, the
honest reporting strategy ā is a NEQ if and only if for all
signals sj ∈ S , and all reporting strategies a∗ �= ā:

V (ā, ā|sj) ≥ V (a∗, ā|sj) + Δ(sj , a∗j );
V (ā, ā|sj) ≥ C;

When the inequalities are strict, honest reporting is a strict
NEQ.
For any observed signal Oi = sj ∈ S , there are M − 1

different dishonest reporting strategies a∗ �= ā the buyer
can use: i.e., report a∗j = sh ∈ S \ {sj} instead of sj . Using
(1) to expand the expected payment of a buyer, the NEQ
conditions become:

M∑
k=1

Pr[sk|sj ]
(
τ(sj , sk)− τ(sh, sk)

)
> Δ(sj , sh);

M∑
k=1

Pr[sk|sj ]τ(sj , sk) > C;
(2)

for all sj , sh ∈ S , sj �= sh.
Any payment scheme τ (·, ·) satisfying the conditions in (2)

is incentive-compatible. MRZ [12] prove that such schemes
exist.
Given the incentive-compatible payment scheme τ (·, ·),

the expected amount paid by the reputation mechanism to
one buyer is:

W = Esj∈S
[
V (ā, ā|sj)

]
=
M∑
j=1

Pr[sj]
( M∑
k=1

Pr[sk|sj ]τ(sj , sk)
)
;

The optimal payment scheme minimizes the budget re-
quired by the reputation mechanism, and therefore solves
the following linear program (i.e., linear optimization prob-
lem):

LP 1.

min W =
M∑
j=1

Pr[sj]
( M∑
k=1

Pr[sk|sj ]τ(sj , sk)
)

s.t.

M∑
k=1

Pr[sk|sj ]
(
τ(sj , sk)− τ(sh, sk)

)
> Δ(sj , sh);

∀sj , sh ∈ S, sj �= sh;
M∑
k=1

Pr[sk|sj ]τ(sj , sk) > C; ∀sj ∈ S

τ(sj , sk) ≥ 0; ∀sj , sk ∈ S

The payment scheme τ (·, ·) solving LP 1 depends on the
cost of reporting, on the external benefits from lying, and on
the prior belief about the type of the product. To illustrate
what these payments look like, the next subsection introduce
a very simple example.

3.1 Example
Let us consider one buyer that needs the services of a

plumber. The plumber can be either Good (G) or Bad (B):
i.e., Θ = {G,B}. Since the plumber is listed on the Yellow
Pages, the buyer believes that the plumber is probably good:
Pr[G] = 0.8, P r[B] = 0.2. However, even a good plumber
can sometimes make mistakes and provide low quality ser-
vice. Similarly, a bad plumber gets lucky from time to time
and provides satisfactory service. Our buyer does not have
the necessary expertise to judge the particular problem she
is facing; she therefore perceives the result of the plumber’s
work as a random signal conditioned to the plumber’s true
type. We assume that the probability of a successful ser-
vice (i.e., high quality) is 0.9 if the plumber is good, and
0.2 if the plumber is bad (the probabilities of a low quality
service are 0.1 and 0.8 respectively). Following the nota-
tion in Section 2, we have: f(h|G) = 1 − f(l|G) = 0.9 and
f(h|B) = 1− f(l|B) = 0.2.
Considering the prior belief, and the conditional distri-

bution of quality signals, the buyer expects to receive high
quality with probability: Pr[h] = 1−Pr[l] = f(h|G)Pr[G]+
f(h|B)Pr[B] = 0.76. After observing the plumber’s work,
the buyer updates her prior beliefs regarding the type of
the plumber and can estimate the probability that the next
buyer (i.e., the reference reporter) will get satisfactory ser-
vice: Pr[h|h] = 1−Pr[l|h] = 0.86 and Pr[h|l] = 1−Pr[l|l] =
0.43.
The buyer can submit one binary feedback (i.e., l or h)

to an online reputation mechanism. Let the price of the
plumber’s work be fixed and normalized to 1, and the cost
of formatting and submitting feedback be C = 0.01. The
buyer has clear incentives to misreport:

• by reporting low quality when she actually received
high quality, the buyer can hope to both decrease the
price and increase the future availability of this (good)
plumber. Assume that the external benefits of lying
can be approximated as Δ(h, l) = 0.06

• by reporting high quality when she actually received
low quality, the buyer can hope to decrease the relative
reputation of other plumbers and thus obtain a faster
(or cheaper) service from a better plumber in the fu-
ture. Assume the lying incentive can be approximated
as Δ(l, h) = 0.02

The optimal feedback payments solves the following prob-
lem:

τ(h, h) τ(h, l) τ(l, h) τ(l, l)
min 0.65 0.11 0.10 0.14
s.t. 0.86 0.14 -0.86 -0.14 > 0.06

0.86 0.14 > 0.01
-0.43 -0.57 0.43 0.57 > 0.02

0.43 0.57 > 0.01
≥ 0 ≥ 0 ≥ 0 ≥ 0

and are equal to: τ (h, h) = 0.086, τ (l, h) = 0.1, τ (h, l) =
τ (l, l) = 0. The expected payment to a truth-telling buyer
is 0.07 (i.e., 7% of the price of the service) for the reputation
mechanism.
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3.2 Unknown lying incentives
LP 1 reveals a strong correlation between the minimum

expected cost and the external benefits obtained from ly-
ing: low lying incentives generate lower expected payments.
When finding accurate approximations for the lying incen-
tives is difficult, the mechanism designer might want to com-
pute the payment scheme that satisfies certain budget con-
straints, and maximizes the tolerated misreporting incen-
tives. The algorithm for computing these payments follows
directly from LP 1: the objective function becomes a con-
straint (e.g., expected budget is bounded by some amount,
Γ) and the new objective is to maximize the worst case (i.e.,
minimum) expected payment loss caused by misreporting:

LP 2.

max Δ

s.t.

M∑
j=1

Pr[sj]
( M∑
k=1

Pr[sk|sj ]τ(sj , sk)
)
≤ Γ;

M∑
k=1

Pr[sk|sj]
(
τ(sj , sk)− τ(sh, sk)

)
> Δ;

∀sj , sh ∈ S, sj �= sh;
M∑
k=1

Pr[sk|sj]τ(sj , sk) > Δ; ∀sj ∈ S

τ(sj , sk) ≥ 0;∀sj , sk ∈ S

The resulting scheme guarantees that any buyer will report
honestly when the reporting costs and external lying benefits
are smaller than Δ.
Coming back to the example in Section 3.1, let us assume

that we cannot accurately approximate the benefits obtained
from lying. Given the same limit on the expected budget
(i.e., Γ = 0.07), we want to compute the payment scheme
that maximizes the tolerance to lying. Solving LP 2 gives:
τ (h, h) = 0.077, τ (l, l) = 0.14, τ (h, l) = τ (l, h) = 0 and
Δ = 0.047.

3.3 Computational Complexity and Possible
Approximations

The linear optimization problems LP 1 and LP 2 are sim-
ilar in terms of size and complexity: LP 1 has M2 variables
and M2 inequality constraints, LP 2 has M2 + 1 variables
and M2 + 1 inequality constraints. We will therefore ana-
lyze the complexity (and runtime) of LP 1, and extend the
conclusions to LP 2 as well.
The worst case complexity of linear optimization prob-

lems is O(n4L), where n = M2 is the number of variables,
and L is the size of the problem (approximatively equal to
the total number of bits required to represent the problem).
We experimentally evaluated the average time required to
solve LP 1 by using the standard linear solver in the Opti-
mization Toolbox of Matlab 7.0.4. For different sizes of the
feedback set (i.e., different values of M) we randomly gen-
erated 2000 settings, as described in Appendix A. Table 1
presents the average CPU time required to find the optimal
payment scheme on an average laptop: e.g., 1.6 GHz Cen-
trino processor, 1Gb RAM, WinXP operating system. Up
to M = 16 possible quality signals, general purpose hard-
ware and software can find the optimal payment scheme in
less than half a second.

M CPU time [ms] M CPU time [ms]
2 11.16 (σ = 3.5) 10 92.79 (σ = 7.5)
4 19.24 (σ = 3.7) 12 174.81 (σ = 11.1)
6 29.22 (σ = 4.4) 14 316.63 (σ = 18.4)
8 55.62 (σ = 6.7) 16 521.47 (σ = 25.4)

Table 1: Average CPU time (and standard devia-
tion) for computing the optimal payment scheme.

The optimal payment scheme depends on the prior be-
lief regarding the type of the product, and therefore, must
be recomputed after every submitted feedback. Although
linear optimization algorithms are generally fast, frequent
feedback reports could place unacceptable workloads on the
reputation mechanism. Two solutions can be envisaged to
ease the computational burden:

• publish batches of reports instead of individual ones.
The beliefs of the buyers thus change only once for
every batch, and new payments must be computed less
frequently. The right size for the batch should be de-
termined by considering the frequency of submitted
reports and the tradeoff between computational cost,
and the efficiency losses due to delayed information.

• approximate the optimal payments, either by closed
form functions (e.g., scoring rules) or by partial solu-
tions of the optimization problem. The rest of this
section develops on these latter techniques.

The first approximation for the optimal incentive compati-
ble payment scheme is provided by the MRZmechanism [12].
They suggest the payment scheme: τ (sj , sk) = R(sk|sj),
where R(·|·) is a proper scoring rule. The three best known
proper scoring rules are:

• the logarithmic scoring rule:
R(sk |sj) = ln

(
Pr[sk|sj ]

)
;

• spherical scoring rule:

R(sk |sj) = Pr[sk|sj ]√∑
sh∈S Pr[sh|sj ]2

;

• quadratic scoring rule:
R(sk |sj) = 2Pr[sk|sj ]−

∑
sh∈S

Pr[sh|sj ]2;

The constraints from LP 1 can be satisfied by: (a) adding
a constant to all payments such that they become positive:
i.e., τ (sj, sk) = τ (sj, sk)−minsh,sl∈S τ (sh, sl), and (b) mul-
tiplying all payments with a constant such that the expected
payment loss when lying outweighs external benefits: i.e.,
τ (sj , sk) = α · τ (sj, sk) where:

α = max
a∗j ,sj∈S
a∗j �=sj

Δ(sj , a
∗
j )(

V (ā, ā|sj)− V (a∗, ā|sj)
) ; (3)

For the example in Section 3.1, the payments computed
based on scoring rules (properly scaled according to (3)) are
the following:
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Figure 2: Incentive-compatible payments based on
proper scoring rules.

• τl(h, h) = 0.27, τl(h, l) = 0, τl(l, h) = 0.17, τl(l, l) =
0.21 and an expected cost of 0.22 for the logarithmic
scoring rule;

• τs(h, h) = 0.2, τs(h, l) = 0, τs(l, h) = 0.11, τs(l, l) =
0.15 and an expected cost of 0.17 for the spherical
scoring rule;

• τq(h, h) = 0.23, τq(h, l) = 0, τq(l, h) = 0.13, τq(l, l) =
0.18 and an expected cost of 0.19 for the quadratical
scoring rule;

The payments based on scoring rules are two to three times
more expensive than the optimal ones. The same ratio re-
mains valid for more general settings. We investigated 2000
randomly generated settings (see Appendix A) for different
number of quality signals. Figure 2 plots the average ex-
pected payment to one buyer when payments are computed
using scoring rules.
Computational methods can also be used to obtain faster

approximations of the optimal payment scheme. Most lin-
ear programming algorithms find the optimal solution by
iterating through a set of feasible points that monotonically
converge to the optimal one. Such algorithms are just in
time algorithms as they can be stopped at any time, and
provide a feasible solution (i.e., a payment scheme that is
incentive-compatible, but maybe not optimal). The more
time available, the better the feasible solution. The reputa-
tion mechanism can thus set a deadline for the optimization
algorithm, and the resulting payment scheme makes it opti-
mal for the buyers to report the truth.
Figure 3 plots the convergence of the Matlab linear pro-

gramming algorithm for large problems (i.e., large number of
signals) where approximations are likely to be needed. For
500 randomly generated settings, we plot (on a logarithmic
scale) the average relative cost (relative to the optimal one)
of the partial solution available after t iteration steps of the
algorithm. As it can be seen, most of the computation time
is spent making marginal improvements to the partial solu-
tion. ForM = 50 quality signals, the full optimization takes
20 steps on the average. However, the partial solution after
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Figure 3: Incentive-compatible payments based on
partial solutions.

6 steps generates expected costs that are only 40% higher
on the average than the optimal ones.
Finally, the two techniques can be combined to obtain

fast accurate approximations. As many linear programming
algorithms accept initial solutions, one could use the scor-
ing rules approximations to specify a starting point for an
iterative optimization algorithm.

4. FURTHER LOWERING THE FEEDBACK
PAYMENTS

The payment scheme computed in Section 3 generates,
by definition, the lowest expected budget required by an
incentive-compatible reputation mechanism, for a given set-
ting. In this section we investigate two modifications of the
mechanism itself, in order to lower the cost of reputation
management even further. The first, proposes the use of
several reference reporters for scoring one feedback. We for-
mally prove that the higher the number of reference raters,
the lower becomes the expected cost of reputation manage-
ment.
The second idea is to reduce the potential lying incentives

by filtering out false reports. Intuitively, the false feedback
reports that bring important external benefits must signif-
icantly differ from the average reports submitted by hon-
est reporters. Using a probabilistic filter that detects and
ignores “abnormal” reports, lying benefits can be substan-
tially reduced. The constraints on the optimal payments
thus become more relaxed, and the optimal expected cost
decreases.

4.1 Using several reference raters
The setting described in Section 2 is modified in the fol-

lowing way: we consider N (instead of only one) reference
reports when computing the feedback payment due to an
agent. By an abuse of notation we use the same r(i) to
denote the set of N reference reporters of agent i. Let
ar(i) = (aj)j∈r(i) denote the vector of reporting strategies
of the agents in r(i), and let a

r(i)
k be a set of submitted

reports. The set of possible values of a
r(i)
k is S(N).
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As the signals observed by the agents are independent,
the order in which the reference reports were submitted is
not relevant. We take S(N) to be the set of all unordered
sequences of reports of length N . a

r(i)
k can be represented by

a vector (n1, . . . , nM ), where nj is the number of reference
reporters announcing the signal sj . S(N) thus becomes:

S(N) =
{
(n1, . . . , nM ) ∈ NM |

M∑
j=1

nj = N
}
;

The expected payment of agent i is:

V (ai, ar(i)|sj) =
∑

a
r(i)
k

∈S(N)
Pr[a

r(i)
k |sj ]τ(aij , ar(i)k );

and the optimal payment scheme τ (·, ·) solves:
LP 3.

min

M∑
j=1

Pr[sj]
( ∑
ak∈S(N)

Pr[ak|sj ]τ(sj , ak)
)
;

s.t.
∑

ak∈S(N)
Pr[ak|sj]

(
τ(sj , ak)− τ(sh, ak)

)
> Δ(sj , sh);

∀sj , sh ∈ S, sj �= sh,∑
ak∈S(N)

Pr[ak|sj]τ(sj , ak) > C; ∀sj ∈ S

τ(sj , ak) ≥ 0; ∀sj ∈ S, ak ∈ S(N)

The optimization problem LP 3 has M2 constraints and
M · |S(N)| variables, where |S(N)| = �M−1N+M−1 is the cardi-
nality of S(N)
Proposition 1. The minimum budget required by an in-

centive compatible reputation mechanism decreases as the
number of reference reporters increases.

Proof. The proof is based on the observation that the
number of constraints in the optimization problem LP 3 does
not depend on the number N of reference reporters. There-
fore, the number of variables of the dual of LP 3 does not
depend on N . We define a sequence of primal and dual op-
timization problems, LP (N) and DP (N) respectively, char-
acterizing the setting where N reference reports are consid-
ered. We show that any feasible solution of DP (N + 1),
is also feasible in DP (N). DP (N) is therefore “less con-
strained” than DP (N + 1), and consequently will have a
higher maximal cost. From the Duality Theorem, it follows
that the expected cost of the payment scheme defined by
LP (N) is higher than the expected cost of the payments
defined by LP (N +1). Thus, the budget required by an in-
centive compatible reputation mechanism decreases as the
number of reference reporters increases.
Formally, we associate the dual variables yhj and y

j
j re-

spectively, to the constraints:
∑

ak∈S(N)
Pr[ak|sj ]

(
τ (sj , ak)− τ (sh, ak)

)
> Δ(sj , sh);

∑
ak∈S(N)

Pr[ak|sj ]τ (sj , ak) > C;

The dual problem DP (N) thus becomes:

max

M∑
j=1

(
C · yjj +

M∑
h=1

Δ(sj , sh) · yhj
)
;

s.t.

M∑
h=1

yhmPr[ak|sm]−
M∑
h=1
h�=m

ymh Pr[ak|sh] < Pr[sm]Pr[ak|sm];

∀sm ∈ S, ak ∈ S(N)
yhj ≥ 0; ∀j, h ∈ {1, . . . ,M}

Let y be a feasible solution of DP (N+1). For any sm ∈ S ,
let sj = argmins∈S Pr[s|sm]. For any ak = (n1, . . . , nM ) ∈
S(N), it is possible to find a∗k = (n1, . . . , nj + 1, . . . , nM ) ∈S(N +1) such that N reference reporters announce ak, and
the remaining one reports sj . For all sh ∈ S , we have:

Pr[ak|sh] = N !
M∏
k=1

Pr[sk|sh]nk
nk!

;

Pr[a∗k|sh] = Pr[sj|sh]Pr[ak|sh]
N + 1

nj + 1
;

y is a feasible solution of DP (N + 1), therefore:

Pr[sm]Pr[a
∗
k|sm] >

M∑
h=1

yhmPr[a
∗
k|sm]−

M∑
h=1
h�=m

ymh Pr[a
∗
k|sh];

Because:

Pr[a∗k|sm] =
N + 1

nj + 1
Pr[sj|sm]Pr[ak|sm];

Pr[a∗k|sh] =
N + 1

nj + 1
Pr[sj|sh]Pr[ak|sh]

≤ N + 1
nj + 1

Pr[sj|sm]Pr[ak|sh];

for all sh �= sm, y also satisfies:

Pr[sm]Pr[ak|sm] >
M∑
h=1

yhmPr[ak|sm]−
M∑
h=1
h�=m

ymh Pr[ak|sh];

and is feasible in DP (N). The “cost” of DP (N) is therefore
greater or equal to the cost of DP (N + 1); consequently,
the budget required by a reputation mechanism using N
reference reports is higher or equal to the budget required
by a mechanism using N + 1 reference reports. �

Using several reference reports decreases the cost of rep-
utation management, but also increases the complexity of
the algorithm defining the optimal payment scheme. We
experimentally studied the quantitative effect of several ref-
erence reports on the budget of the reputation mechanism.
For 2000 randomly generated settings (details available in
Appendix A) Figure 4 plots the average cost as the number
of reference reports is increased from 1 to 5. Significant sav-
ings (approx. 25% for a setting with M = 2 quality signals,
and 4% for a setting withM = 8 quality signals) are mainly
obtained from the second and third reference reports. As a
good tradeoff between cost and computational complexity,
practical systems can therefore use between 2 and 4 refer-
ence reports, depending on the number of quality signals in
the set S .
For the example in Section 3.1, using 2 reference reports

gives the payment scheme: τ2(l, ll) = 0.11, τ2(h, hh) =

195



2 4 6 8
0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

number of signals (M)

av
er

ag
e 

co
st

 

 

N = 1
N = 2
N = 3
N = 4
N = 5

Figure 4: Average expected payment to one agent
when several reference reports are used.

0.083, the rest of payments equal to 0, and an expected
cost of 0.055. Using 3 reference reports gives the payment
scheme: τ3(l, lll) = 0.15, τ3(h, hhh) = 0.094, the rest of
payments equal to 0, and an expected cost of 0.052.

4.2 Filtering out false reports
The feedback payments naturally decrease when the re-

porting and honesty costs become smaller. The cost of re-
porting can be decreased by software tools that help au-
tomate as much as possible the process of formatting and
submitting feedback. On the other hand, the external in-
centives for lying can be reduced by filtering out the reports
that are likely to be false.
“Truth filters” can be constructed based on statistical

analysis. When all agents report truthfully, their reports
follow a common distribution given by the product’s true
type. Reports that stand out from the common distribution
are either particularly unlikely, or dishonest. Either way,
by filtering them out with high probability, the reputation
information does not usually suffer significant degradation.
Probabilistic filters of false reports have been widely used

in decentralized and multi-agent systems. Vu, Hauswirth
and Aberer [16] use clustering techniques to isolate lying
agents in a market of web-services. Their mechanism is
based on a small number of “trusted” reports that provide
the baseline for truthful information. The technique shows
very good experimental results when lying agents use prob-
abilistic strategies and submit several reports. Buchegger
and Le Boudec [1] use Bayesian methods to detect free rid-
ers in a wireless ad-hoc network. Nodes consider both direct
and second-hand information, however, second-hand infor-
mation is taken into account only when it does not conflict
with direct observations (i.e., second hand reports do not
trigger significant deviations in the agent’s beliefs). In peer-
to-peer reputation mechanisms (e.g., TRAVOS [15], CRE-
DENCE [17] and [20, 7, 18]) agents weigh the evidence from
peers by the distance from the agent’s direct experience.
However, all of the above cited results rely on two im-

portant assumptions: a) every agent submits several re-
ports, b) according to some probabilistic lying strategy. Self-

interested agents can strategically manipulate their reports
to circumvent the filtering mechanisms and take profit from
dishonest reporting1. When all buyers are self-interested
and submit only one feedback report, filtering methods based
entirely on similarity metrics can never be accurate enough
to filter out effectively all lying strategies without important
losses of information.
In this section, we present an alternative filtering method

that also exploits the information available to the agents.
The intuition behind our method is simple: the probability
of filtering out the report aij submitted by agent i should

not only depend on how well aij fits the distribution of peer

reports, but also on the benefits that aij could bring to the

reporter if it were false. When Δ(sj , a
i
j) is big (i.e. the agent

has strong incentives to report aij whenever her true obser-
vation was sj), the filtering mechanism should be more strict
in accepting aij given that peer reports make the observation

of sj probable. On the other hand, when Δ(sj , a
i
j) is small,

filtering rules can be more relaxed, such that the mecha-
nism does not lose too much information. In this way, the
filter adapts to the particular context and allows an optimal
tradeoff between diminished costs and loss of information.
Concretely, let Pr(θ), θ ∈ Θ describe the current common

belief regarding the true type of the product, let sj , a
i
j ∈ S

be the signals observed, respectively announced by agent i,
and let ak ∈ S(N) describe the set of N reference reports.
The publishing of the report submitted by agent i is delayed
until the next N̂ reports (i.e., the filtering reports) are also
available. A filtering mechanism is formally defined by the
table of probabilities π(aij , âk) of accepting the report a

i
j ∈ S

when the filtering reports take the value âk ∈ S(N̂). With
probability 1− π(aij , âk) the report aij will not be published
by the reputation mechanism, and therefore not reflected in
the reputation information. Note, however, that all reports
(including dropped ones) are paid for as described in the
previous sections.
The payment scheme τ (·, ·) and the filtering mechanism

π(·, ·) are incentive compatible if and only if for all signals
sj , sh ∈ S , sj �= sh, the expected payment loss offsets the
expected gain obtained from lying:

∑
ak∈S(N)

Pr[ak|sj ]
(
τ(sj , ak)− τ(sh, ak)

)
> Δ̂(sj , sh)

Δ̂(sj , sh) =
∑

âk∈S(N̂)
Pr[âk|sj ]π(sj , âk)Δ(sj , sh);

(4)

where Δ̂(·, ·) is obtained by discounting Δ(·, ·) with the
expected probability that a false report is recorded by the
reputation mechanism.
Naturally, the feedback payments decrease with decreas-

ing probabilities of accepting reports. However, a useful rep-
utation mechanism must also limit the loss of information.
As a metric for information loss we chose the number (or
percentage) of useful reports that are dropped by the mech-
anism. A feedback report is useful, when given the true type
of the product and a prior belief on the set of possible types,
the posterior belief updated with the report is closer to the
true type than the prior belief.

1it is true, however, that some mechanisms exhibit high de-
grees of robustness towards such lying strategies: individual
agents can profit from lying, but as long as the big major-
ity of agents reports honestly, the liars do not break the
properties of the reputation mechanism
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For the example in Section 3.1, when the plumber is actu-
ally good, recording a high quality report is useful (because
the posterior belief is closer to reality than the prior belief),
while recording a low quality report is not. Conversely, when
the plumber is bad, recording a low quality report is use-
ful, while recording a high quality report is not. The notion
of usefulness captures the intuition that some reports can
be filtered out in some contexts without any loss of infor-
mation for the buyers (on the contrary, the community has
more accurate information without the report).
Formally, information loss can be quantified in the follow-

ing way. Given the true type θ∗ ∈ Θ and the prior belief
Pr(·) on the set of possible types, the report sj is useful if
and only if Pr(θ∗) < Pr(θ∗|sj): i.e. the posterior belief up-
dated with the signal sj is closer to the true type than the
prior belief. Given the filtering mechanism π(·, ·), and the
true type θ∗, the expected probability of dropping sj is:

Pr[drop sj |θ∗] = 1−
∑

âk∈S(N̂)
Pr[âk|θ∗]π(sj , âk); (5)

where Pr[âk|θ∗] is the probability that the filtering reports
take the value âk, when the true type of the product is θ

∗. To
limit the loss of information, the reputation mechanism must
insure that given the current belief, whatever the true type
of the product, no useful report is dropped with a probability
greater than a given threshold, γ:

∀sj ∈ S, θ ∈ Θ, P r[θ] < Pr[θ|sj]⇒ Pr[drop sj |θ] < γ; (6)

We can now define the incentive-compatible payment mech-
anism (using N reference reports) and filtering mechanism

(using N̂ filtering reports) that minimize the expected cost:

LP 4.

min

M∑
j=1

Pr[sj]
( ∑
ak∈S(N)

Pr[ak|sj ]τ(sj , ak)
)
;

s.t.
∑

ak∈S(N)
Pr[ak|sj]

(
τ(sj , ak)− τ(sh, ak)

)
> Δ̂(sj , sh);

∀sj , sh ∈ S, sj �= sh,
Δ̂(sj , sh) is defined in (4);∑
ak∈S(N)

Pr[ak|sj]τ(sj , ak) > C; ∀sj ∈ S

Pr[θ] < Pr[θ|sj]⇒ Pr[drop sj |θ] < γ; ∀θ, ∀sj
τ(sj , ak) ≥ 0, π(sj , âk) ∈ [0, 1] ∀sj ,∀ak , ∀âk;

The effect of using probabilistic filtering of reports was
experimentally studied on 500 randomly generated settings,
for different number of filtering reports (i.e., N̂), different
number of quality signals (i.e., M) and different values of
the parameter γ. Figure 5 plots the tradeoff between cost
reduction (i.e. the ratio between the optimal cost without
probabilistic filtering and the optimal cost with probabilis-
tic filtering) and information loss for M = 3 and M = 5
quality signals. When M = 3, and we accept to lose 2%
of the useful reports, the cost decreases 6 times by using
N̂ = 2 filtering reports, and 12 times by using N̂ = 8 fil-
tering reports. As intuitively expected, the cost decreases
when we can use more filtering reports, and accept higher
probabilities of losing useful feedback.
As a next experiment, we study the accuracy of the repu-

tation information published by a mechanism that filters out

0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
5

6

7

8

9

10

11

12

13

14

15

16

γ

(c
os

t w
ith

ou
t f

ilt
er

in
g)

/(
co

st
 w

ith
 fi

lte
rin

g)

N=2
N=4
N=6
N=8

(a) M = 3, using N filtering reports;
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(b) M = 5, using N filtering reports;

Figure 5: Tradeoff between cost decrease and infor-
mation loss.

reports. For each of the random settings generated above,
we also generate 200 random sequences of 20 feedback re-
ports corresponding to a randomly chosen type. For dif-
ferent parameters (i.e., number of signals, M , number of

filtering reports, N̂ , and threshold probability γ), Figure 6
plots the mean square error of the reputation information2

published by a mechanism that filters, respectively doesn’t
filter submitted reports. As expected, filtering out reports
does not significantly alter the convergence of beliefs; on the
contrary, filtering out reports may sometimes help to focus
the beliefs on the true type of the product.
Finally, we illustrate the use of filtering mechanisms on

the example from Section 3.1. Using one reference report,
3 filtering reports, and a threshold for dropping useful re-
ports of 2%, gives the following mechanism: the payments:
τ (h, h) = 0.028, τ (h, l) = τ (l, h) = 0, τ (l, l) = 0.04 and
the filtering probabilities: π(h, hhh) = 1 = π(h, hhl) =
π(l, hll) = π(l, lll), π(l, hhh) = π(h, lll) = 0, π(l, hhl) = 0.87
and π(h, llh) = 0.3. The expected payment to one agent is
0.02

2The mean square error after i submitted reports is defined
as: εi =

∑
θ∈Θ(Pr[θ|i] − I(θ))2, where Pr[·|i] describes the

belief of the agents regarding the type of the product after i
submitted reports, I(θ) = 1 for θ = θ∗ (the true type of the
product), and I(θ) = 0 for θ �= θ∗.
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Figure 6: Convergence of reputation information.

5. DISCUSSION
The framework described in this paper can be used to

address the collusion between clients and product manufac-
turers. The collusion can happen when the benefit obtained
by providers from a false report offsets the payment returned
to the client in exchange for lying. The feedback payments
presented in this paper make sure that no provider can af-
ford to buy false reports from rational clients.
Providers could, however, create fake buyer identities, (or

“bribe” real buyers that never purchased the product) in
order to bias reputation information. The problem can be
addressed by security mechanisms that connect feedback re-
ports to real transaction IDs. For example, a site like Expe-
dia.com can make sure that no client leaves feedback about
a hotel without actually paying for a room. Hotels could, of
course, create fake bookings, but the repeated payment of
Expedia commission fees makes the manipulation of infor-
mation very expensive. On the other hand, social norms and
legislation (i.e., providers that try to bribe clients risk being
excluded from the market) could further avoid provider side
manipulation.
One of the major assumptions behind the payment mech-

anism is that all buyers are risk-neutral. Honest reporting
is rational because, in expectation, brings higher revenues.
However, risk-averse buyers prefer the ”sure” benefit from
lying to the probabilistic feedback payment, and thus mis-
report. Fortunately, our mechanism can be adapted to any
risk-model of the buyers, by modifying (1) to reflect the
real expected payment. Of course, highly risk-averse buyers
require significantly higher payments.
The motivation to minimize feedback payments might not

be clear when the budget of the mechanism is covered by
buyer subscription fees. Higher fees will be matched (in
expectation) by higher feedback payments. However, this
holds only for risk-neutral buyers. Real users (probably
risk-averse) will regard the fixed fees as more expensive than
the revenue expected from honest reporting; and higher sub-
scription fees are increasingly more expensive. Moreover, no

real-world system that we know of, charges users for repu-
tation information. Introducing reputation information fees
could seriously deter participation.
An interesting question is what happens as more and more

reports are recorded by the reputation mechanism. When
the type of the product does not change, the beliefs of the
buyers rapidly converge towards the true type (Figure 6).
As more information becomes available to buyers, the pri-
vate quality signal they observe triggers smaller and smaller
changes of the prior belief. As a consequence, the probabil-
ity distributions for the reference reports conditional on the
private observation (i.e., Pr[ak|Oi]) become closer, and the
payments needed to guarantee a minimal expected loss from
lying increase. Fortunately, external benefits from lying also
decrease: the effect of a false report on reputation informa-
tion tends to 0. Depending on the particular context, lying
incentives decrease faster, respectively slower than the dis-
tance between the conditional probability distributions for
the reference reports, and thus, truth-telling becomes eas-
ier respectively harder to guarantee. Whatever the case, it
makes sense to stop collecting feedback when the beliefs of
the buyers are sufficiently precise
In real settings, however, the true type of a product or

service does actually change in time: e.g., initial bugs get
eliminated, the technology improves, etc. Existing incen-
tive compatible payment scheme rely on the fact that future
buyers obtain exactly the same thing as the present ones.
Depending on the time horizon, this assumption might not
hold. Designing payment schemes that take into account the
timely variations of the product’s type remains a challenge
for future work.
The honest reporting Nash Equilibrium is unfortunately

not unique. Other lying equilibria exist, and some of them
generate higher expected payoffs for reporters than the truth-
ful one. In a previous result, [9] we show that a small number
of trusted reports (i.e., feedback reports that are true with
high probability) can eliminate (or render unattractive) ly-
ing Nash equilibria. As future work, we intend to extend the
presented framework to also account for multiple equilibria.
Collusion between buyers remains a problem for this class

of incentive-compatible mechanisms. As explained by MRZ,
buyers can synchronize their possibly false reports in order
to increase their revenue. Choosing randomly the reference
report for every submitted feedback can help eliminate small
coalitions: only large coalitions are rational, when the prob-
ability of having a reference report from the same coalition
is high enough. Another safeguard against reporting coali-
tions is to use trusted reports. In some settings [10], a small
number of trusted reports can make collusion irrational.
Last, but not least, the mechanism we have presented

might not be incentive compatible when buyers possess pri-
vate information about the true type of the product. As
future work we plan to relax the common knowledge re-
quirement on the prior belief of the buyers, and extend the
current framework to work for a range of acceptable prior
beliefs.

6. CONCLUSION
Honest feedback is essential for the effectiveness of online

reputation mechanisms. When feedback reporters are self-
interested, explicit payments can make truthful reporting
rational. Most of the existing incentive-compatible payment
schemes are constructed based on proper scoring rules.
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In this paper we use the idea of automated mechanism
design to construct payment schemes that offset both the
cost of reporting and the external gains an agent could ob-
tain from lying. We show how a linear optimization prob-
lem can define the optimal payments that minimize the ex-
pected budget required by an incentive-compatible reputa-
tion mechanism. Experiments show that such payments can
efficiently be computed by existing optimization algorithms.
We also investigate two methods that can further decrease

incentive-compatible feedback payments. The first requires
the use of several reference reports. We prove that higher
numbers of reference reports lead to lower costs; however,
experiments show that little benefit can be obtained by using
more than 4 reference reports.
Finally, we show how probabilistic filtering mechanism

can be used to filter out some of the reports that are prob-
ably false. By considering both the information available
to the agents, and the similarity between peer reports, we
were able to derive the filtering mechanism that significantly
reduces the lying incentives while bounding the loss of infor-
mation. The cost of incentive-compatible mechanisms that
use such filters can thus be lowered by one order of magni-
tude.
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APPENDIX

A. GENERATING RANDOM SETTINGS
We consider settings where M possible product types are

each characterized by one quality signal: i.e., the sets S
and Θ have the same number of elements, and every type
θj ∈ Θ is characterized by one quality signal sj ∈ S . The
conditional probability distribution for the signals observed
by the buyers is computed as:

f(sk|θj) =
{
1− ε if k = j;
ε/(M − 1) if k �= j;

where ε is the probability that a buyer misinterprets the
true quality of the product (all mistakes are equally likely).
We take ε = 10%.
The prior belief is randomly generated in the following

way: for every θj ∈ Θ, p(θj) is a random number, uniformly
distributed between 0 and 1. The probability distribution
over types is then computed by normalizing these random
numbers:

Pr[θj] =
p(θj)∑
θ∈Θ p(θ)

;

The external benefits from lying are randomly uniformly
distributed between 0 and 1.

199



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Academy
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Alba
    /AlbaMatter
    /AlbaSuper
    /Algerian
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /BabyKruffy
    /BaskOldFace
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Castellar
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chick
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Croobie
    /CurlzMT
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /Fat
    /FelixTitlingMT
    /FootlightMTLight
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Freshbot
    /Frosty
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GlooGun
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /Jenkinsv20
    /Jenkinsv20Thik
    /Jokerman-Regular
    /Jokewood
    /JuiceITC-Regular
    /Karat
    /Kartika
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /MaturaMTScriptCapitals
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MSOutlook
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /OCRAExtended
    /OldEnglishTextMT
    /Onyx
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Parchment-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Playbill
    /Poornut
    /PoorRichard-Regular
    /Porkys
    /PorkysHeavy
    /Pristina-Regular
    /PussycatSassy
    /PussycatSnickers
    /Raavi
    /RageItalic
    /Ravie
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /ShowcardGothic-Reg
    /Shruti
    /SnapITC-Regular
    /Square721BT-Roman
    /Stencil
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Vrinda
    /Webdings
    /WeltronUrban
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


