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A General Framework for Accurate and
Private Mean Estimation

Zhouhao Yang , Xingyu Xu , Graduate Student Member, IEEE, and Yuantao Gu , Senior Member, IEEE

Abstract—In this letter, we present a differentially private al-
gorithm which accurately estimates the mean of an underlying
population with given cumulative distribution function. Our algo-
rithm outperforms the former algorithms in two aspects. First, our
algorithm is capably of handling more general types of probability
distributions, possibly with a very heavy tail. Second, for light-tailed
distributions, our algorithm achieves a better level of accuracy with
fewer samples.

Index Terms—Differential privacy, mean estimation, heavy-
tailed distribution.

I. INTRODUCTION

E STIMATING the mean of a distribution given some in-
dependently and identically distributed (i.i.d.) samples is

definitely a classical and fundamental problem in statistics, sig-
nal processing, and many other fields in science and engineering.
There have been a sea of research in this vein striving for better
accuracy of mean estimation. However, in modern days some
more concerns other than accuracy are also found to be crucial.
In particular, under many circumstances, the samples contain
sensitive personal information susceptible to privacy attacks,
making the preservation of privacy crucial and indispensable.
Therefore, there is an ascending demand for learning algorithms
that can ensure the privacy of individuals.

There are several different ways to formalize the notion of
privacy in a scientific field like signal processing. Among these
different ways, the concept of differential privacy (DP), pro-
posed in [1], is arguably the most popular way by now [2], [3],
[4]. Well-designed differentially private algorithms is ought to
assemble a combination of utility and privacy. On one hand, they
provide a useful estimation of statistics. On the other hand, they
make it computationally impossible to speculate about sensitive
information of individuals from data [5].

Informally, we call a statistical analysis differentially private
if the likelihood of the (randomized) outcome does not differ
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much when a single datapoint in the dataset is altered [6]. More
precisely, we consider any algorithm that takes n samples from
some space X and outputs the result of it analyzing the samples,
e.g. an estimate of the mean of the samples, taking value in some
output space Y . The formal definition of differential privacy is
as follows.

Definition 1 (Differential Privacy (DP) [1], [7]): A random-
ized algorithm M : Xn → Y satisfies (ε, δ)-differential privacy
((ε, δ)-DP) if for every pair of neighboring datasetsX,X ′ ∈ Xn

(i.e., datasets that differ in exactly one entry), ∀S ⊂ Y ,

P [M(X) ∈ S] ≤ eεP [M(X ′) ∈ S] + δ. (1)

When δ = 0, we say that M satisfies ε-differential privacy or
pure differential privacy.

As mentioned above, an important scenario where differential
privacy is frequently involved is statistical inference. Statistical
inference is a classical statistical problem, which can be de-
scribed as follows:

Given some samplesX1, X2, . . . , Xn from an unknown prob-
abilistic model, how can we estimate certain properties, in-
cluding mean, variance, moments and other statistics, of the
underlying population [8]?

Furthermore, a rule depending on observed data to compute an
estimate of a given quantity is called an estimator. Specifically,
for some statistical property θ, we call θ̂(X1, X2, . . . , Xn) an
estimator of θ, if θ̂ estimates the quantity of θ after taking in
the samples. For the sake of convenience, we specify that an
estimator θ̂ is claimed to satisfy α-accuracy if |θ − θ̂| ≤ α.

It is noteworthy that there are various reasons a classical
estimator fails to attain accuracy and privacy [9]. On one hand,
classical estimator can be non-optimal in accuracy in case that
the probability distribution is heavy-tailed. For example, in the
seemingly simple task of mean estimation, the most commonly
used estimator, the empirical mean (X1 + · · ·+Xn)/n, does
not achieve optimal accuracy when the distribution of Xi are
heavy-tailed [10]. On the other hand, such estimators also grant
no guarantee of privacy [11]. It is therefore a nontrivial task
to design private statistical inference algorithms. Much effort
has been put in this direction in recent years, including private
mean estimation [11], [12], [13], [14], [15], private covariance
estimation [16], [17], [18], private hypothesis selection [19], etc.

In this work, we focus on univariate private mean estimation.
That is, estimating the mean of a distribution D on R given a
few i.i.d. samples X1, . . . , Xn from D. This topic has attracted
a lot of interest recently and private mean estimation algorithms
have been designed for various distributions. Unsurprisingly,
the overall trend is to design algorithms that work for more and
more general classes of distributions, while guaranteeing a rea-
sonable sample complexity, i.e. the number of samples required
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TABLE I
FORMER RESULTS (SORTED IN ASCENDING ORDER OF GENERALITY OF

ASSUMPTION)

to achieve α-accuracy. In Table I, we summarize the former
results, namely the sample complexity for different classes of
distributions.

There is however a significant gap between the sample com-
plexity results for sub-Gaussian distributions and the results for
distributions with a bounded k-th moment. Although the algo-
rithm designed for distributions with a boundedk-th moment can
also be applied to Gaussian distributions, which means it can be
considered as a more general algorithm, it actually falls short
in sample efficiency in that case. In fact, for standard Gaussian
distribution, we have Mk � √

k, thus the corresponding sample
complexity will be

n = Õ

(
1

α2
+

√
k

εαk/(k−1)

)
. (2)

The second term is much larger than the corresponding term
1/εα compared to the Gaussian case asα → 0, for most choices
of k (for small k the exponent of α is far from optimal, while
for large k the factor

√
k grows too large).

Now, based on the above reasoning, the following question
arises naturally: is it possible to establish a more unified private
mean estimation framework which enjoys both generality and
sample efficiency (i.e. accuracy) for different distributions?

II. INFORMAL STATEMENT OF RESULTS

In our work, we answer this question affirmatively by propos-
ing an ε-differentially private histogram-based algorithm that
estimates the mean of a population with α-accuracy. We focus
on the univariate case and leave the multivariate case for future
discussion.

A more detailed formulation is as follows. Denote by D
the underlying centered distribution. Now we have some i.i.d.
samples from the translated distribution μ+D and would like
to estimate μ. Instead of restricting D to be sub-Gaussian or
to be of bounded k-th moments a priori, we take a different
perspective and assume we have access to a function T (α) such
that

EX∼D(|X| − T (α))1|X|>T (α) ≤ α (3)

for everyα ∈ (0, 1). Note that there always exists some function
T satisfying (3) (as long as X is integrable, which is of course
always assumed since we are concerned with estimating the
mean of X). What we assume here is a practical way to compute
T which should be interpreted as a form of prior knowledge
on D. For example, if we know that D is sub-Gaussian with
sub-Gaussian norm≤ K, we may use T (α) = CK

√
log(C/α)

for some sufficiently large constant C > 0. If we know that the
k-th moment of D is upper bounded by 1 and know nothing
otherwise, we may use T (α) = Cα−1/(k−1). If we have a rather
comprehensive knowledge on D that we even know its c.d.f.,
we may simply compute G(x) = EX∼D(|X| − x)1|X|>x and
set T = G−1 to be an inverse of G (which exists since G is
monotone).

We also need to assume the existence of a low order moment of
the underlying population D, since otherwise even non-private
estimation is not possible. For simplicity we assume E|X|2 ≤
M , though (1 + δ)-th moment (δ > 0) would suffice.

With the above assumptions, we propose an ε-differentially
private algorithm that takes

n ≥ O

(
log

(
1

β

)(
1

α2
+

T (α)

εα
+

log(R)

ε

))
(4)

samples and guarantees that with probability at least 1− β, the
output statistical mean μ̂ is close to the original mean within
α-accuracy. Here R denotes a pre-specfied upper bound of μ,
which can usually be set as a sufficiently large constant.

III. PRIVATE MEAN ESTIMATION OF GENERAL DISTRIBUTIONS

In this section, we present our algorithm as well as its guar-
antee on privacy and accuracy. The proofs are in supplementary
material.

A. Technical Lemma

To begin with, we present a vital technical lemma necessary
for our ultimate algorithm.

In Lemma 1, we claim that there exists an ε-DP algorithm that
privately returns an interval containing a large portion of sample
points as well as the mean of the underlying population with high
probability. We name the algorithm as DP Range Estimation
Algorithm. This lemma is inspired from Algorithm 1 in [12]
and Algorithm 1 in [11].

Lemma 1 (DP Range Estimation): Let D be a mean-zero
distribution over R. Assume thatEX∼D[X] = μ ∈ [−R,R]with
some sufficiently large number R. Set

G(x) = EX∼D[(|X| − x)1|X|>x],

and T = G−1. Then for every 0 < α < 0.1, ε, R, there exists an
ε-DP Range Estimation Algorithm that requires

n ≥ O

(
1

α
+

log(Rα)

ε

)
(5)

samples, and outputs I = [a, b], such that with probability at
least 0.9, we have:

1) b− a ∈ Θ(T (α)),
2) At most αn samples lie outside I ,
3) μ ∈ I and μ− a, b− μ > 2T (α).
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Algorithm 1: DP Mean Estimation PMEα,ε,R(X).

Input: Samples X1, X2, . . . , Xn, X1,
′ X2,

′ . . . , X ′
n ∈ R.

Parameters ε, α,R
Output: μ̂ ∈ R: An ε-DP estimation of the mean of the
underlying population
Set iteration parameter m = 10 log( 2β )

for i = 1, 2, . . . ,m do
Let Yi = {Xi :

(i−1)n
m ≤ i ≤ in

m + 1}
Let Y ′

i = {X ′
i :

(i−1)n
m ≤ i ≤ in

m + 1}
Run DP Range Estimation Algorithm for Y ′

i and
outputs an interval Ii, ri = |Ii|

for x ∈ Yi do
y = argminy∈Ii |y − x|
x = y

end for
end for
μ̂i =

1
n

∑
y∈Yi

y + Lap(mri
εn )

μ̂ = Median(μ̂1, . . . , μ̂m)
return μ̂

B. Our Algorithm

In this subsection, we present our main contribution: an ε-DP
Private Mean Estimation Algorithm for general distributions.
The algorithm is divided into two parts. First, we limit the data
into a designated range for the purpose of (1) preserving privacy
(2) achieving optimal accuracy, which requires constraining the
amount of noise added. Second, we estimate the mean of a given
dataset in a differentially private way.

In the following, we concentrate on private mean estimation.
Essentially, the algorithm is based on the trade-off between
privacy and accuracy. On one hand, the range of our previously
constructed interval should be large enough so that if we truncate
the distribution within it, then the mean of the truncated distri-
bution will be close to the mean of the original distribution. On
the other hand, the range ought to be small enough so that the
noise added guarantees the privacy of the algorithm. Based on
those considerations, we assert that our algorithm is not only
differentially private, but is accurate enough without bringing a
large overhead to the sample complexity.

Theorem 1: Let D be a distribution over R with its (1 + k)-th
central moment bounded byM for some k ∈ (0, 1]. Assume that
EX∼D[X] = μ ∈ [−R,R] with some sufficiently large number
R. Let

G(x) = EX∼D[(|X| − x)1|X|>x],

and T = G−1. Then for all ε, α,R > 0, there exists an ε-DP
algorithm that takes

n ≥ O

(
log

(
1

β

)(
1

α2
+

T (α)

εα
+

log(R)

ε

))
. (6)

samples from D and outputs μ̂ ∈ R, such that with probability
at least 1− β, we have

|μ− μ̂| ≤ α.

IV. EXPERIMENTS

In this section, we justify our conclusion both theoretically
and experimentally. For the theoretical part, we will compare

our algorithm with the former ones in the cases of Gaussian
distributions and of distributions with bounded k-th moment.
For the experimental part, we compare our algorithm with the
one proposed by Kamath et al. in [11]. For distributions with
a very heavy tail, Kamath et al.’s algorithm may fail, whereas
our algorithm can still be applied. We design an experiment for
Gaussian distributions and Levy-stable distributions.

We shall begin with theoretical verification, contrasting our
results, which is based onG(x) = E[(|X| − x)1|X|>x] andT =

G−1, with the results proved in the literature before.

A. Theoretical Verification

1) Gaussian Distributions: Since α is close to 0, by pure
computation, we have

T (α) = O
(√

log(1/α)
)

(7)

under the assumption that D is a standard Gaussian distribution.
Then the sample complexity becomes

n ≥ O

⎛⎝log

(
1

β

)⎛⎝ 1

α2
+

√
log( 1

α )

εα
+

log(R)

ε

⎞⎠⎞⎠ , (8)

which matches the result of [12].
2) Distributions With Bounded K-th Moment: Let X be a

distribution over R with mean μ = 0 and k-th moment bounded
by M . By Chebyshev’s inequality,

P (|X| > tM
1
k ) ≤ M

tk
(∀t > 0). (9)

Subsequently, since α is small,

T (α) = O

(
M

1
k

α
1

k−1

)
. (10)

And the sample complexity turns into

n ≥ O

(
log

(
1

β

)(
1

α2
+

1

εα
k

k−1

+
log(R)

ε

))
, (11)

which matches the result in [11] fork ≥ 2. However, note that we
never assume k ≥ 2 in our algorithm, thus our algorithm works
for more general distributions, in particular, the important class
of Levy distributions (c.f. the section on Experiments).

B. Numerical Experiments

We compare our algorithm with the one proposed in [11].
We demonstrate that our algorithm enjoys a better sample
efficiency: we entail fewer samples to achieve a similarly
accurate mean estimation. We focus on two classes of mean-zero
underlying populations. For each distribution, we will repeat
the experiments for 30 times and utilize the mean square root of
the outputs as the final estimated mean of our algorithm. Since
we set the mean of underlying populations to be 0, the output
of the algorithms is regarded as the final accuracy.

Furthermore, note that there is a constant factor in the length
r of buckets in histogram algorithm as well as the sample
complexity n, we should pre-run the algorithms and find appro-
priate constants in advance. Then, when we run the algorithms
as in the above procedure, the constants are fixed for changing
α, ε and R.
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Fig. 1. Log-log plot ofα ∼ n dependence for Standard Gaussian Distribution.

Fig. 2. Log-log plot of α ∼ n dependence for Levy-stable distribution with
α∗ = 1.5.

Gaussian Distributions (light tail, better accuracy): Assume
that the underlying population D is a standard normal distri-
bution N (0, 1). Using our algorithm, the theoretical relation
between sample complexity and input parameters ought to be

n = O

⎛⎝log

(
1

β

)⎛⎝ 1

α2
+

√
log( 1

α )

εα
+

log(R)

ε

⎞⎠⎞⎠ . (12)

For Kamath et al.’s algorithm, we use the k-th moment of D and
set e.g. k = 3, 4 in experiments. Thus we have

n = O

(
log

(
1

β

)(
1

α2
+

1

εα
k

k−1

+
log(R)

ε

))
. (13)

The superiority of our algorithm is that we require less number of
samples n to achieve a pre-specified accuracyα. To demonstrate
this phenomenon, we consider the case where ε  1, corre-
sponding to a strict-privacy scenario, such that the second term
in the above equations are dominant.

See Fig. 1 for an illustration of theα ∼ n dependence. We can
conclude that for our algorithm, α ∝ n−1. For Kamath et al.’s

Fig. 3. Log-log plot of α ∼ n dependence for Levy-stable distribution with
α∗ = 1.8.

algorithm, k = 3, 4 corresponds resp. to α ∝ n−2/3 and α ∝
n−3/4, matching our previous analysis.

Levy-stable distributions (heavier tail, better applicability):
Levy-stable distributions are an important class of heavy-tailed
distributions that are often used in practice [21], [22], [23], [24],
[25]. They are controlled by four parameters (α∗, β∗, γ∗, μ∗),
which respectively stand for stability, skewness, scale and loca-
tion. Assume f(x;α∗, β∗, γ∗, μ∗) to be the probability density
function of a Levy-stable distributionL(α∗, β∗, γ∗, μ∗), then the
asymptotic behavior of an Levy-stable distribution suggests that

lim
x→±∞ f(x;α∗, 0, 1, 0) =

α∗Γ(α∗) sin(πα
∗

2 )

π|x|1+α∗ . (14)

Therefore, G(x) ∈ Θ(x1−α∗
) (x → +∞) and T (α) ∈

Θ(α
1

1−α∗ ) (α → 0+). Using our algorithm, the sample
complexity shall be

n = O

(
log

(
1

β

)(
1

α
1+α∗
α∗

+
1

εα
α∗

α∗−1

+
log(R)

ε

))
. (15)

Meanwhile, since the order of finite moment of a Levy-stable
distribution L(α∗, β∗, γ∗, μ∗) can not exceed α∗, it’s inappropri-
ate to use Kamath et al.’s algorithm in this case.

In the experiments, we consider L(α∗, β∗, γ∗, μ∗) =
(α∗, 0, 1, 0)withα∗ = 1.5, 1.8 respectively. See Fig. 2 and Fig. 3
for the α ∼ n dependence. We can conclude that using our
algorithm, α ∝ n−(α∗−1)/α∗

, which is in accordance with our
former analysis.

V. CONCLUSION

In this letter, a differentially private mean estimation algo-
rithm for general distributions is proposed. Our algorithm has
an edge in both generality and sample efficiency. We provide
an upper bound for the sample complexity of our algorithm.
In addition, experiments regarding Gaussian distributions and
Levy-stable distributions are also included to justify the practical
utility of our result.

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on December 12,2022 at 08:19:32 UTC from IEEE Xplore.  Restrictions apply. 



YANG et al.: GENERAL FRAMEWORK FOR ACCURATE AND PRIVATE MEAN ESTIMATION 2297

REFERENCES

[1] C. Dwork, F. McSherry, K. Nissim, and A. Smith, “Calibrating noise
to sensitivity in private data analysis,” in Proc. Theory Cryptogr. Conf.,
Springer, 2006, pp. 265–284.

[2] A. D. Sarwate and K. Chaudhuri, “Signal processing and machine learning
with differential privacy: Algorithms and challenges for continuous data,”
IEEE Signal Process. Mag., vol. 30, no. 5, pp. 86–94, Sep. 2013.

[3] M. Kim, O. Günlü, and R. F. Schaefer, “Federated learning with local
differential privacy: Trade-offs between privacy, utility, and communica-
tion,” in Proc. IEEE Int. Conf. Acoust., Speech Signal Process., 2021,
pp. 2650–2654.

[4] X. Shen and Y. Liu, “Distributed differential utility/cost analysis
for privacy protection,” IEEE Signal Process. Lett., vol. 26, no. 10,
pp. 1436–1440, Oct. 2019.

[5] C. Tzamos, E.-V. Vlatakis-Gkaragkounis, and I. Zadik, “Optimal private
median estimation under minimal distributional assumptions,” in Proc.
Adv. Neural Inf. Process. Syst., 2020, vol. 33, pp. 3301–3311.

[6] X. Liu, W. Kong, S. Kakade, and S. Oh, “Robust and differentially private
mean estimation,” Adv. Neural Inf. Process. Syst., vol. 34, pp. 3887–3901,
2021.

[7] C. Dwork et al., “The algorithmic foundations of differential privacy,”
Found. Trends Theor. Comput. Sci., vol. 9, no. 3-4, pp. 211–407, 2014.

[8] H. Zhang, “Statistical inference in the differential privacy model,” Ph.D.
dissertation, Dept. Elect. Comput. Eng., Cornell Univ., Ithaca, NY, USA,
2021.

[9] G. Kamath and J. Ullman, “A primer on private statistics,” 2020,
arXiv:2005.00010.

[10] G. Lugosi and S. Mendelson, “Mean estimation and regression under
heavy-tailed distributions: A survey,” Found. Comput. Math., vol. 19, no. 5,
pp. 1145–1190, 2019.

[11] G. Kamath, V. Singhal, and J. Ullman, “Private mean estimation of
heavy-tailed distributions,” in Proc. Conf. Learn. Theory (PMLR), 2020,
pp. 2204–2235.

[12] V. Karwa and S. Vadhan, “Finite sample differentially private confidence
intervals,” in Proc. 9th Innov. Theor. Comput. Sci. Conf., (ser. Leibniz In-
ternational Proceedings in Informatics (LIPIcs)), A. R. Karlin, Ed., vol. 94,
Dagstuhl, Germany: Schloss Dagstuhl–Leibniz-Zentrum fuer Informatik,
2018, pp. 44:1–44:9. [Online]. Available: http://drops.dagstuhl.de/opus/
volltexte/2018/8344

[13] V. Balcer and S. Vadhan, “Differential privacy on finite computers,” J.
Privacy Confidentiality, vol. 9, no. 2, Sep. 2019. [Online]. Available: https:
//journalprivacyconfidentiality.org/index.php/jpc/article/view/679

[14] G. Kamath, J. Li, V. Singhal, and J. Ullman, “Privately learning
high-dimensional distributions,” in Proc. Conf. Learn. Theory, 2019,
pp. 1853–1902.

[15] G. Kamath, O. Sheffet, V. Singhal, and J. Ullman, “Differentially private
algorithms for learning mixtures of separated Gaussians,” in Proc. 33rd
Int. Conf. Adv. Neural Inf. Process. Syst., 2019, pp. 168–180.

[16] S. Biswas, Y. Dong, G. Kamath, and J. Ullman, “Coinpress: Practical
private mean and covariance estimation,” in Proc. Adv. Neural Inf. Process.
Syst., 2020, vol. 33, pp. 14475–14485.

[17] K. Amin, T. Dick, A. Kulesza, A. Munoz, and S. Vassilvitskii, “Differen-
tially private covariance estimation,” in Proc. 33rd Int. Conf. Adv. Neural
Inf. Process. Syst., 2019, pp. 14213–14222.

[18] M. Avella-Medina and V.-E. Brunel, “Differentially private sub-Gaussian
location estimators,” 2019, arXiv:1906.11923.

[19] M. Bun, G. Kamath, T. Steinke, and S. Z. Wu, “Private hypothesis se-
lection,” in Proc. 33rd Int. Conf. Adv. Neural Inf. Process. Syst., 2019,
pp. 156–167.

[20] M. Bun and T. Steinke, “Average-case averages: Private algorithms for
smooth sensitivity and mean estimation,” in Proc. 33rd Int. Conf. Adv.
Neural Inf. Process. Syst., 2019, pp. 181–191.

[21] J. H. McCulloch, “Simple consistent estimators of stable distribution
parameters,” Commun. Statist.- Simul. Computation, vol. 15, no. 4,
pp. 1109–1136, 1986.

[22] C. L. Nikias and M. Shao, Signal Processing With Alpha-Stable Distribu-
tions and Applications, Hoboken, NJ, USA: Wiley, 1995.

[23] E. E. Kuruoglu, W. J. Fitzgerald, and P. J. Rayner, “Near optimal detection
of signals in impulsive noise modeled with a symmetric/spl alpha/-stable
distribution,” IEEE Commun. Lett., vol. 2, no. 10, pp. 282–284, Oct. 1998.

[24] H. Bergström, “On some expansions of stable distribution functions,” Arkiv
Matematik, vol. 2, no. 4, pp. 375–378, 1952.

[25] J. H. McCulloch, “13 financial applications of stable distributions,” Hand-
book Statist., vol. 14, pp. 393–425, 1996.

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on December 12,2022 at 08:19:32 UTC from IEEE Xplore.  Restrictions apply. 

http://drops.dagstuhl.de/opus/volltexte/2018/8344
http://drops.dagstuhl.de/opus/volltexte/2018/8344
https://journalprivacyconfidentiality.org/index.php/jpc/article/view/679
https://journalprivacyconfidentiality.org/index.php/jpc/article/view/679


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /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 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /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
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /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

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. 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 PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


