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ABSTRACT 
Accurate yield estimation is one of the important yet challenging 
tasks for both pre-silicon verification and post-silicon validation. 
In this paper, we propose a novel method of Bayesian model 
fusion on Bernoulli distribution (BMF-BD) for efficient yield 
estimation at the late stage by borrowing the prior knowledge 
from an early stage. BMF-BD is particularly developed to handle 
the cases where the pre-silicon simulation and/or post-silicon 
measurement results are binary: either “pass” or “fail”. The key 
idea is to model the binary simulation/measurement outcome as a 
Bernoulli distribution and then encode the prior knowledge as a 
Beta distribution based on the theory of conjugate prior. As such, 
the late-stage yield can be accurately estimated through Bayesian 
inference with very few late-stage samples. Several circuit 
examples demonstrate that BMF-BD achieves up to 10× cost 
reduction over the conventional estimator without surrendering 
any accuracy. 
 
1. INTRODUCTION 

The aggressive scaling of integrated circuits (ICs) results in 
large-scale process uncertainties, including parametric variations 
and catastrophic defects [1]-[2]. Both of them may lead to 
substantial yield loss at an advanced technology node. Hence, 
accurate yield estimation has been identified as one of the top 
priorities for both pre-silicon verification [3]-[5] and post-silicon 
validation [6]-[7] in order to improve circuit performance and/or 
reduce manufacturing cost. 

Recently, a number of emerging design techniques (e.g., post-
silicon tuning [8]-[11]) have been proposed to combat the 
variability issue and, hence, maintain the continuous scaling of 
integrated circuits. While adopting these new techniques has been 
demonstrated with great success, the complexity of today’s 
integrated circuits enormously grows. It, in turn, creates numerous 
challenges for yield estimation which requires to collect a large 
number of random samples by either numerical simulation (i.e., 
for pre-silicon verification) or silicon measurement (i.e., for post-
silicon validation). 
• Pre-silicon verification: Simulating a complex integrated 
circuit is not trivial. Instead, it can be extremely time-consuming. 
Therefore, collecting a large number of random samples by Monte 

Carlo simulation can be challenging, if not impossible. 
• Post-silicon validation: Given the large complexity of the 
state-of-the-art integrated circuits, appropriately testing a silicon 
chip to make a “pass” or “fail” decision is not trivial either. For 
instance, it can take several minutes or even hours to thoroughly 
check hundreds of testing items over all environmental corners for 
a system on chip (SoC). For this reason, only a small number of 
chips can be affordably tested for post-silicon validation. 

To address this cost issue posed by data collection, Bayesian 
model fusion (BMF) has been proposed to accurately estimate the 
statistics (e.g., distribution, yield, etc.) of circuit performance for 
both pre-silicon verification [12]-[13] and post-silicon validation 
[14]-[15]. BMF attempts to borrow the simulation and/or 
measurement data from an early stage to accurately estimate the 
statistics at the late stage with very few late-stage samples. For 
instance, the schematic-level simulation results can be re-used to 
estimate the post-layout performance distributions [12], and the 
measurement data from an early tape-out can be borrowed to build 
the statistical models for the late tape-out [15]. By intelligently 
minimizing the amount of required simulation and/or 
measurement data, BMF substantially reduces the verification 
and/or validation cost at the late stage. A brief summary of BMF 
can be found in [16]. 

The conventional BMF technique, however, can efficiently 
handle continuous performance metrics (e.g., delay of a digital 
path, gain of an analog amplifier, etc.) only, as it assumes that the 
underlying performance distribution is continuous [12]-[16]. In 
many practical applications, the simulation and/or measurement 
results are often binary: either “pass” or “fail”. For instance, 
testing a silicon chip implemented for a digital system cannot tell 
the exact delay of its critical path; instead, we only know whether 
the chip passes or fails the specification. Hence, the conventional 
BMF method is no longer applicable here. 

In this paper, we propose a new method of Bayesian model 
fusion on Bernoulli distribution (BMF-BD) to accommodate the 
binary outcome of pre-silicon simulation and/or post-silicon 
measurement. Our key idea is to model the late-stage simulation 
and/or measurement result as a Bernoulli random variable that 
takes binary values. Meanwhile, the prior knowledge is extracted 
from the early-stage data and encoded as a Beta distribution, 
based on the theory of conjugate prior borrowed from the 
statistics community [17]. Finally, the prior knowledge is 
combined with very few late-stage data through Bayesian 
inference to accurately predict the late-stage yield. As will be 
demonstrated by our circuit examples in Section 4, the proposed 
BMF-BD method achieves up to 10× cost reduction over the 
conventional estimator without surrendering any accuracy. 

The remainder of this paper is organized as follows. In 
Section 2, we review the important background on BMF, and then 
derive our proposed BMF-BD formulation in Section 3. The 
efficacy of BMF-BD is demonstrated by several examples in 
Section 4. Finally, we conclude in Section 5. 
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2. BACKGROUND 
Several BMF methods have been developed in the literature to 

estimate the statistics of continuously distributed circuit 
performances [12]-[16]. In this section, we briefly review these 
conventional BMF methods. 
 
2.1 Bayesian Model Fusion for Moment Estimation 

An efficient BMF method has been proposed in [14] to 
improve the estimation accuracy of mean and variance with 
extremely small sample size. It relies on the assumption that the 
simulation and measurement data collected for different 
populations (i.e., different circuit configurations and/or corners) 
are strongly correlated. The correlation information can thus be 
exploited by a Bayesian framework to improve the estimation 
accuracy. Although the authors of [14] mainly focus on the 
moment estimation problem for multiple populations, the 
proposed BMF method can be generally applied to other cases 
where mean and variance are accurately estimated by combining 
the prior information from an early stage with very few random 
samples at the late stage. 

In practice, the variability of a performance of interest (say, x) 
can often be approximated as a Gaussian distribution [14]. As a 
result, the performance distribution is fully specified by its mean 
μ and variance σ2: 
1 ( )2~ ,x Gauss μ σ . (1) 

In this sub-section, we take the problem of mean estimation as an 
example to illustrate the BMF method proposed in [14]. 
Traditionally, the mean value μ in (1) is often estimated by the 
following estimator based on sample mean: 

2 ( )

1

1 N
n

n
x

N
μ

=

= ⋅∑ , (2) 

where {x(n); n = 1, 2, …, N} denotes a set of random samples, and 
N is the total number of these samples. 

The sample mean μ̃ in (2) may not accurately approximate the 
actual mean μ in (1), if the sample size N is extremely small. BMF 
attempts to exploit the correlation between the early-stage and 
late-stage data to further improve the estimation accuracy. 
Generally, we assume that the unknown mean value μ follows a 
prior distribution of the form: 
3 ( )~ pμ μ . (3) 
On the other hand, the likelihood function can be expressed as: 
4 ( )|p μx , (4) 
where x = [x(1) x(2) … x(N)]T denotes the observed samples. The 
likelihood function p(x | μ) measures the probability of observing 
the samples x with a given value of μ. 

Given the prior distribution p(μ) in (3) and the likelihood 
function p(x | μ) in (4), maximum-a-posteriori (MAP) estimation 
can be applied to search for the optimal mean value μ by 
maximizing the posterior distribution: 
5 ( ) ( ) ( )max | |p p p

μ
μ μ μ∝ ⋅x x . (5) 

The aforementioned MAP estimation aims to find the mean value 
μ that is most likely to occur for the prior distribution p(μ) and the 
observed data x. 
 
2.2 Bayesian Model Fusion for Distribution Estimation 

BMF has also been extended to estimate the probability 
density function (PDF) of a performance of interest (say, g) [12]. 
Due to process variations, the performance g can be modeled as a 

random variable that is described by its PDF p(g). Without loss of 
generality, the function p(g) can be approximated as a linear 
combination of a set of basis functions (e.g., trigonometric 
functions, orthogonal polynomials, etc.): 

6 ( ) ( )
1
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=

= ⋅∑ , (6) 

where {bk (g); k = 1, 2, ..., K} denotes a set of basis functions, {αk; 
k = 1, 2, ..., K} stands for the unknown model coefficients that 
should be solved, and K is the total number of basis functions. 

The key idea of BMF is to borrow the early-stage knowledge 
to accurately estimate the late-stage PDF p(g) in (6). It assumes 
that the late-stage PDF is similar, but not identical, to the early-
stage PDF. Based on the early-stage PDF, the model coefficients 
{αk; k = 1, 2, ..., K} associated with the late-stage PDF p(g) are 
statistically characterized by a prior distribution: 
7 ( )~ pα α , (7) 
where α = [α1 α2 … αK]T denotes the model coefficients. Next, we 
consider the likelihood function: 
8 ( )|p g α , (8) 
which represents the probability of observing a set of random 
samples g with a given value of α. BMF optimally estimates the 
unknown coefficient vector α by MAP: 
9 ( ) ( ) ( )max | |p p p∝ ⋅

α
α g α g α . (9) 

After the coefficient vector α is solved, the late-stage PDF of g 
can be easily determined by (6). 

The aforementioned BMF methods for both moment 
estimation and distribution estimation can be efficiently applied to 
continuously distributed performances only, as shown in (1) and 
(6). If pre-silicon simulation and/or post-silicon measurement 
yield a binary outcome (i.e., either “pass” or “fail”), the 
corresponding distribution is not Gaussian or even continuous. 
Hence, the conventional BMF method is no longer applicable. It, 
in turn, motivates us to develop a new BMF method based on 
Bernoulli distribution (BMF-BD) to handle these special cases. 
 
3. PROPOSED APPROACH 

In this section, we develop our proposed BMF-BD method 
and highlight its novelties. We will first briefly describe the basics 
of Bernoulli distribution, and then derive the corresponding 
Bayesian inference for yield estimation. 
 
3.1 Bernoulli Distribution 

In general, if the outcome of pre-silicon simulation and/or 
post-silicon measurement is binary, it can be modeled as a 
Bernoulli random variable: 

10 
1
0

If Pass
x

If Fail
⎧

= ⎨
⎩

. (10) 

The statistics of x can be fully specified by its probability mass 
function (PMF) [18]: 

11 ( ) 1
1 0

if x
p x

if x
β

β
=⎧

= ⎨ − =⎩
, (11) 

where β ∈ [0, 1] denotes the yield value that we want to estimate. 
The conventional approach to determine the yield β is based 

on maximum likelihood estimation (MLE) [17]. Given a set of 
random samples x = [x(1) x(2) … x(N)]T where N is the total number 
of these samples, MLE aims to find the optimal value of β so that 
the probability of observing these samples is maximized. 

Towards this goal, we first re-write the PMF p(x) in an 



 3

alternative form: 
12 ( ) ( )1| 1 xxp x β β β −= ⋅ − , (12) 

where x ∈ {0, 1}. Assuming that all random samples {x(n); n = 1, 
2, …, N} are generated independently, the likelihood of observing 
x = [x(1) x(2) … x(N)]T is equal to: 

13 ( ) ( )( )
1

| |
N

n

n

p p xβ β
=

= ∏x . (13) 

Substitute (12) into (13) and we have: 

14 ( ) ( ) ( )
( )1

1

| 1
nn

N
xx

n

p β β β −

=

= −∏x . (14) 

To find the optimal value of β that maximizes the likelihood 
function p(x | β) in (14), we further take the logarithm of (14), 
yielding: 

15 ( ) ( ) ( )( ) ( )
1

log | log 1 log 1
N

n n

n
p x xβ β β

=

⎡ ⎤⎡ ⎤ = ⋅ + − ⋅ −⎣ ⎦ ⎣ ⎦∑x . (15) 

Note that a logarithmic function is monotonically increasing. 
Hence, maximizing the log-likelihood function log[p(x | β)] in 
(15) is equivalent to maximizing the original likelihood function 
p(x | β) in (14). According to the first-order optimality condition 
[19], the gradient of log[p(x | β)] must equal zero at the optimal β: 

16 ( )log |p β∂
⎡ ⎤ =⎣ ⎦∂

x 0
x

. (16) 

Based on (16), it is straightforward to determine the MLE value of 
β: 

17 ( )
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N N
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where 

18 ( )

1

N
n

n
M x

=

= ∑  (18) 

is the total number of samples that pass the specification. 
The aforementioned MLE method results in an unbiased 

estimator for β without relying on any prior knowledge. In 
practice, however, since we can learn prior information from the 
early stage, MAP often offers superior accuracy over MLE, 
especially if the statistics at the late stage must be estimated with 
very few random samples [12]-[14]. For instance, consider a 
circuit example for which the yield is 99% (i.e., β = 0.99). In this 
case, MLE is likely to require hundreds of random samples in 
order to observe a sufficient number of “failed” samples to 
accurately estimate the yield. On the other hand, if prior 
knowledge can be appropriately learned from the early stage, 
MAP can accurately estimate the yield with less than 100 samples, 
as will be demonstrated by our circuit examples in Section 4. In 
what follows, we will derive the detailed formulation of our 
proposed BMF-BD method to estimate yield by MAP for 
Bernoulli distribution. 
 
3.2 Prior Knowledge Definition 

BMF-BD assumes that the yield values at early and late stages 
are similar but not identical. In order to encode our prior 
knowledge that can be learned from the early stage, we must 
appropriately define a prior distribution. However, unlike other 
conventional BMF methods where the prior distribution and the 
likelihood function are both modeled as Gaussian distributions 
[12]-[14], such a simple Gaussian prior is not applicable here, 
because our likelihood function for yield estimation is a Bernoulli 
distribution, as shown in (14). If a Gaussian prior is used in this 
case, the posterior distribution does not have a closed-form 

expression and, hence, MAP cannot be easily applied to solve the 
Bayesian interference [17]. 

To address this technical challenge, we borrow the theory of 
conjugate prior from the statistics community [17]. If a prior 
distribution and a posterior distribution are in the same family 
(e.g., both are Gaussian distributions), they are called conjugate 
distributions and the prior distribution is called a conjugate prior 
for the likelihood function. It has been shown by the statistics 
community that the conjugate prior of Bernoulli distribution is a 
Beta distribution [17]: 

19 ( ) ( )
( ) ( ) ( ) ( )11| , 1 0 1baa b

p a b
a b

β β β β−−Γ +
= ⋅ ⋅ − ≤ ≤

Γ ⋅ Γ
, (19) 

where Г(•) denotes the gamma function, and a ≥ 1 and b ≥ 1 are 
two hyper-parameters that control the shape of the distribution. 
Figure 1 shows several different Beta distributions with different 
values of a and b. 

 
Figure 1.  Several different Beta distributions are shown with 
different values of a and b. 

Studying Figure 1 reveals three important properties of a Beta 
distribution. First, a Beta distribution p(β | a, b) is defined over the 
interval β ∈ [0, 1] that covers all possible yield values. Second, 
p(β | a, b) is peaked at a particular value (say, βM) that is defined 
as the mode of the distribution [17]. It can be proven that βM is a 
simple function of a and b [17]: 

20 1
2M

a
a b

β −=
+ −

. (20) 

Third, as β moves away from βM, the PDF value decays quickly, 
meaning that it is unlikely to observe a β value that is substantially 
different from βM. 

Based on the aforementioned discussions, we propose to use 
the Beta distribution p(β | a, b) in (19) to encode our prior 
knowledge to estimate the late-stage yield β. In addition, we 
further set up the following constraint for the hyper-parameters a 
and b: 

21 1
2M E

a
a b

β β−= =
+ −

, (21) 

where βE denotes the yield value at the early stage. The prior 
distribution p(β | a, b) defined by (19) and (21) implies that the 
late-stage yield β is likely to be similar to βE, since p(β | a, b) is 
peaked at βM = βE. In other words, it is unlikely for β and βE to be 
extremely different and the beta distribution p(β | a, b) 
appropriately encodes our prior knowledge that the early-stage 
and late-stage data are strongly correlated. 

Eq. (21) can be re-written as: 
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Substituting (22) into (19) yields: 
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23 ( ) ( )( ) ( )( ) ( )

( ) ( ) ( )( )
1 111 2 1

|
1 1 1

E Eaa
E

E E

a
p a

a a

β ββ β β
β

β β

− ⋅ −−Γ − + ⋅ ⋅ −
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Γ ⋅ Γ − ⋅ − +
. (23) 

In (23), there is only one hyper-parameter a that should be 
determined. The optimal value of a can be estimated by an MLE 
method, as will be discussed in detail in Section 3.4. 
 
3.3 Maximum-A-Posteriori Estimation 

After defining the prior distribution p(β | a) in (23), we 
combine (23) with few late-stage samples to estimate the late-
stage yield β by MAP. MAP further reduces the uncertainty of the 
prior distribution by taking into account the samples that become 
available at the late stage. 

Given a set of late-stage samples {x(n); n = 1, 2, …, N}, the 
vector x follows a Bernoulli distribution, as shown in (14). Based 
on Bayes’ theorem, the posterior distribution p(β | x) is 
proportional to the prior distribution p(β | a) in (23) multiplied by 
the likelihood function p(x | β) in (14): 
24 ( ) ( ) ( ) ( )1 11| 1 E EN M aM ap β ββ β β − + − ⋅ −+ −∝ −x , (24) 
where the value of M is defined in (18). After appropriately 
normalizing the right-hand side of (24), we can write the posterior 
distribution p(β | x) as: 

25 ( ) ( )( ) ( ) ( )( )

( ) ( )( )( )
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E EN M aM a
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N a
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M a N M a

β ββ β β
β

β β

− + − −+ −Γ + − + −
=

Γ + Γ − + − − +
x . (25) 

The posterior distribution p(β | x) in (25) models the 
uncertainty of β after observing the late-stage data {x(n); n = 1, 
2, …, N}. Note that p(β | x) in (25) remains a Beta distribution. 
The key idea of MAP is to find the value of βMAP at which the 
posterior distribution p(β | x) reaches its maximum. Namely, we 
want to find the optimal value βMAP that is most likely to occur 
based on the posterior probability. Hence, βMAP is simply the 
mode of the Beta distribution p(β | x) in (25): 

26 ( )
1

1MAP
E

M a
N a

β
β

+ −=
+ −

. (26) 

Studying (26) reveals an important fact that the hyper-
parameter a plays an important role in determining βMAP. In one 
extreme case, if a is sufficiently large, we have: 
27 MAP Eβ β≈ . (27) 
In this case, βMAP is approximately equal to the early-stage yield 
βE, implying that the prior knowledge is sufficiently accurate and 
the late-stage samples are almost unused to determine the late-
stage yield. In the other extreme case, if a is sufficiently small, we 
have: 

28 MAP
M
N

β ≈ . (28) 

In this case, βMAP is approximately equal to the MLE estimation 
βMLE in (17), meaning that the prior knowledge is not correct and 
is almost neglected by the Bayesian inference. 

The aforementioned discussion demonstrates a strong need to 
appropriately set the value of a before performing the MAP 
estimation in (26). In the next sub-section, we will present a novel 
statistical method to fulfill this goal. 
 
3.4 Hyper-parameter Estimation 

The hyper-parameter a is an important variable in our 
Bayesian inference. It controls the shape of the prior distribution 
and, hence, the confidence of our prior knowledge. For instance, if 
a is large, the prior distribution p(β | a) in (23) is narrowly peaked 
around its mode βE. In this case, the prior knowledge is expected 

to be accurate and, hence, the MAP estimation βMAP is 
approximately equal to βE, as shown in (27). 

In practice, however, we do not know the “accuracy” of the 
prior knowledge that is expected to be case-dependent. Namely, 
the optimal value of a may substantially vary from case to case. It 
is impossible to set a to a constant value in advance. Instead, it 
must be adaptively “learned” from the given data at the late stage. 

To derive our statistical method for solving the hyper-
parameter a, we combine the prior distribution p(β | a) in (23) and 
the likelihood function p(x | β) in (14), resulting in the joint 
distribution: 

29 
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Γ − + −

=
Γ Γ − − +

x x
, (29) 

where M is a function of the late-stage data {x(n); n = 1, 2, …, N}, 
as shown in (18). Since β in (29) represents the yield, its value 
must be within the interval β ∈ [0, 1]. Integrating the joint 
distribution p(x, β | α) in (29) over β yields the marginal 
distribution: 
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∫x x
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Eq (30) is an important equation, since it tells us the 
probability of observing the late-stage data x for a given value of 
a. Based on (30), we propose to adopt a maximum likelihood 
strategy to estimate the value of a. Namely, we aim to find the 
optimal value of a that maximizes the likelihood function p(x | α) 
in (30): 

31
( )( ) ( ) ( )( )( )

( ) ( )( )( ) ( )( )
1 2 1 1 1

max
1 1 1 1 2

E E E

a
E E E

a M a N M a
a a N a

β β β
β β β

Γ − + Γ + Γ − + − − +
Γ Γ − − + Γ + − +

. (31) 

Even though the optimization problem in (31) may not be convex, 
it is one-dimensional and, hence, can be easily solved by a linear 
search algorithm [20]. In other words, we can evaluate the merit 
function in (31) for a list of possible values of a, and then select 
the optimal value that maximizes the merit function. 

Appropriately determining the optimal value of a by solving 
(31) allows us to quantitatively assess the accuracy of our prior 
knowledge. Most importantly, if the prior knowledge is not 
accurate, it should be ignored (i.e., by setting a small value for a) 
when estimating the late-stage yield. As such, the proposed BMF-
BD method is not biased by the “wrong” prior information and, 
hence, can be robustly applied to a broad range of practical 
applications, as will be demonstrated by the experimental results 
in Section 4. 
 
3.5 Summary 

Algorithm 1: BMF-BD for Yield Estimation 
1. Start from a given early-stage yield βE and a set of late-stage 

samples {x(n); n = 1, 2, …, N}. 
2. Calculate the value of M by using (18). 
3. Apply linear search to solve the optimization problem in (31) 

to find the optimal value of a based on MLE. 
4. Determine the late-stage yield βMAP in (26) based on MAP. 

Algorithm 1 summarizes the major steps of our proposed 
BMF-BD algorithm for yield estimation. Starting from a given 
early-stage yield βE as our prior knowledge and a set of late-stage 
samples {x(n); n = 1, 2, …, N}, we first count the number of late-
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stage samples that pass the specification, i.e., the value of M 
defined in (18). Next, we estimate the hyper-parameter a for our 
Beta prior p(β | a) in (23), where the optimal value of a is 
determined by solving the one-dimensional optimization problem 
in (31) based on MLE. Once the prior distribution p(β | a) in (23) 
is fully specified with the optimal a value, we combine the prior 
distribution p(β | a) with the late-stage samples {x(n); n = 1, 2, …, 
N} to estimate the late-stage yield βMAP in (26) based on MAP. As 
will be demonstrated by our circuit examples in Section 4, the 
proposed BMF-BD method achieves up to 10× cost reduction 
over the conventional approach without surrendering any 
accuracy. 
 
4. NUMERICAL EXAMPLES 

In this section, two circuit examples are used to demonstrate 
the efficiency of our proposed BMF-BD method. For testing and 
comparison purposes, two different yield estimation methods are 
implemented: (i) the conventional maximum likelihood estimation 
(MLE), and (ii) the proposed Bayesian model fusion (BMF-BD). 
All experiments are performed on a server with 2.66GHz dual-
core CPU and 4GB memory. 
 
4.1 SRAM Read Path 

 
                         (a)                                                  (b) 

 
                         (c)                                                  (d) 
Figure 2.  (a) A simplified schematic is shown for an SRAM read 
path designed in a 65nm CMOS process. (b) The log-likelihood 
log[p(x | α)] is plotted as a function of the hyper-parameter a with 
20 late-stage samples where the likelihood is maximized at aOPTI = 
16.07. (c) The estimated late-stage yield βMAP is plotted as a 
function of the hyper-parameter a with 20 late-stage samples 
where the optimal value of βMAP is 84.51% at aOPTI = 16.07. (d) 
The estimation error of late-stage yield is calculated from 200 
repeated runs and plotted as a function of the number of late-stage 
samples. 

Figure 2(a) shows the simplified schematic of an SRAM read 
path designed in a 65nm CMOS process. The read path consists of 
three major components: the SRAM cell array, the timing logic 
and the sense amplifier. Once the word-line (WL) is activated to 
turn on a particular SRAM cell, the two bit-lines BL and BL_ are 
discharged to develop a small voltage difference. The sense 
amplifier is then used to compare BL and BL_ and generate a 
binary decision at the output (i.e., either “0” or “1”). Due to 

process variations, the SRAM circuit may produce a wrong output 
and, hence, the read operation fails. In this example, we consider 
the schematic-level design as the early stage and the post-layout 
design as the late stage. Our objective is to accurately estimate the 
late-stage yield by borrowing the prior knowledge from the early 
stage. 

We first collect 5000 early-stage (i.e., schematic-level) Monte 
Carlo samples and estimate the early-stage yield βE = 89.88%, 
where the device-level variations of all transistors are considered. 
In practice, we assume that the early-stage data are already 
available when estimating the late-stage yield. Therefore, there is 
no additional cost to re-use the early-stage data. Next, we generate 
20 late-stage (i.e., post-layout) Monte Carlo samples. The SRAM 
circuit produces correct outputs at 16 out of these 20 late-stage 
samples. Hence, the late-stage yield estimated by the conventional 
MLE is simply βMLE = 16/20 = 80%. For testing purposes, we 
further collect 5000 late-stage Monte Carlo samples to calculate 
the “actual” late-stage yield βEXACT = 90.66%. 

On the other hand, we apply our proposed BMF-BD to 
estimate the late-stage yield from the same 20 late-stage samples. 
Figure 2(b) shows the log-likelihood log[p(x | α)] as a function of 
the hyper-parameter a. Note that log[p(x | α)] is peaked at a = 
16.07. As the value of a moves away from 16.07, the likelihood 
function decreases. Hence, the optimal value of the hyper-
parameter is aOPTI = 16.07 in this case. 

Figure 2(c) plots the late-stage yield βMAP estimated by BMF-
BD as a function of the hyper-parameter a. Studying Figure 2(b) 
reveals two important observations. First, as the value of a 
increases from a small value (e.g., 1) to a large value (e.g., 1000), 
the value of βMAP varies from βMLE (i.e., the MLE estimation) to βE 
(i.e., the early-stage yield). This observation is consistent with our 
intuition discussed in Section 3.3. Second, since the optimal 
hyper-parameter aOPTI equals 16.07 in this case, the late-stage 
yield estimated by BMF-BD is βMAP = 84.51%. Even though βMAP 
is not exactly identical to βEXACT = 90.66%, it is substantially more 
accurate than βMLE = 80% in this example. 

To further compare the accuracy between MLE and BMF-BD, 
we vary the number of late-stage (i.e., post-layout) samples from 
20 to 200 and calculate the estimation error of late-stage yield: 

32 ESTI EXACT

EXACT

Error β β
β

−= , (32) 

where βESTI denotes the estimated yield (i.e., βMLE by MLE or βMAP 
by BMF-BD). Figure 2(d) plots the error as a function of the 
number of late-stage samples. To average out random fluctuations, 
the error in Figure 2(d) is calculated from 200 repeated runs based 
on independent samples. Note that BMF-BD is able to offer high 
accuracy for yield estimation, even if the number of late-stage 
samples is as low as 20. To achieve the same accuracy, MLE 
requires 160 late-stage samples. Since the computational time of 
post-layout simulation dominates the yield estimation cost, BMF-
BD achieves 8× runtime speed-up over MLE in this example. 
 
4.2 Silicon Measurement Data 

In this example, we consider the silicon measurement data 
collected by a major semiconductor company from two different 
tape-outs. The total numbers of silicon dies measured from these 
two tape-outs are 2305 and 2010, respectively. Each die is tested 
and labeled as either “pass” or “fail”. The early-stage (i.e., from 
the first tape-out) and late-stage (i.e., from the second tape-out) 
yield values are βE = 90.63% and βEXACT = 90.25%, respectively. 
Our objective is to take the early-stage yield βE as the prior 
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knowledge to accurately estimate the late-stage yield with very 
few late-stage measurements. 

Figure 3(a) plots the estimation error of late-stage yield as a 
function of the number of late-stage samples. Similar to the 
previous example, BMF-BD offers superior accuracy for yield 
estimation over MLE. To achieve the same accuracy, BMF-BD 
only requires 20 late-stage samples, while MLE requires 200 
samples (10× more). In this example, BMF-BD is extremely 
accurate, since the early-stage yield βE is almost identical to the 
late-stage yield βEXACT and, hence, provides accurate prior 
knowledge for late-stage yield estimation. 

 
                         (a)                                                 (b) 
Figure 3.  The estimation error of late-stage yield is calculated 
from 200 repeated runs and plotted as a function of (a) the number 
of late-stage samples, and (b) the early-stage yield βE defining our 
prior knowledge. 

For testing purposes, we set the early-stage yield βE to 
different values and Figure 3(b) shows the resulting estimation 
error of late-stage yield as a function of βE. Note that the error 
increases, as βE deviates from the actual late-stage yield βEXACT. 
However, even if the absolute difference between βE and βEXACT 
reaches 5% (i.e., our prior knowledge is not highly accurate), 
BMF-BD still out-performs MLE. It, in turn, demonstrates the 
robustness of the proposed BMF-BD method for practical 
applications. 
 
5. CONCLUSIONS 

In this paper, a novel method of Bayesian model fusion on 
Bernoulli distribution (BMF-BD) is proposed for efficient yield 
estimation where the pre-silicon simulation and/or post-silicon 
measurement results are binary. BMF-BD models the binary 
simulation/measurement outcome as a Bernoulli distribution. In 
addition, it further encodes the prior knowledge from an early 
stage as a Beta distribution which is the conjugate prior of 
Bernoulli distribution. By combining the prior knowledge with 
very few late-stage data through Bayesian inference, BMF-BD 
can predict the late-stage yield with extremely high accuracy. Our 
circuit examples demonstrate that BMF-BD achieves up to 10× 
cost reduction over the conventional estimator without 
surrendering any accuracy. BMF-BD can be further incorporated 
into a yield monitoring flow for design optimization and/or 
process tuning. 
 
6. ACKNOWLEDGEMENTS 

This research is supported partly by the National Natural 
Science Foundation of China (NSFC) research project 91330201, 
61125401, 61376040 and 61228401, partly by the National Basic 
Research Program of China under the grant 2011CB309701, 
partly by the National Major Science and Technology Special 
Project 2014ZX02301001-005-002 of China during the 12-th five-
year plan period, partly by Shanghai Science and Technology 
Committee project 13XD1401100, partly by “Chen Guang” 

project supported by Shanghai Municipal Education Commission 
and Shanghai Education Development Foundation. 
 
7. REFERENCES 
[1] X. Li, et al., Statistical Performance Modeling and 

Optimization, Now Publishers, 2007. 
[2] Semiconductor Industry Associate, International 

Technology Roadmap for Semiconductors, 2011. 
[3] A. Srivastava, et al., “Accurate and efficient gate-level 

parametric yield estimation considering correlated variations 
in leakage power and performance,” IEEE DAC, pp. 535-
540. 

[4] X. Li, et al., “Asymptotic probability extraction for 
nonnormal performance distributions,” IEEE Trans. on 
CAD, vol. 26, no. 1, pp. 16-37, Jan. 2007. 

[5] P. Desrumaux, et al., “An efficient control variates method 
for yield estimation of analog circuits based on a local 
model,” IEEE ICCAD, pp. 415-421, 2012. 

[6] S. Mitra, et al., “Post-silicon validation opportunities, 
challenges and recent advances,” IEEE DAC, pp. 12-17, 
2010. 

[7] X. Li, “Post-silicon performance modeling and tuning of 
analog/mixed-signal circuits via Bayesian model fusion,” 
IEEE ICCAD, pp. 551-552, 2012. 

[8] J. Rivers, et al., “Error tolerance in server class processors,” 
IEEE Trans. on CAD, vol. 30, no. 7, pp. 945-959, Jul. 2011. 

[9] A. Tang, et al., “A low-overhead self-healing embedded 
system for ensuring high yield and long-term sustainability 
of 60GHz 4Gb/s radio-on-a-chip”, IEEE ISSCC, pp. 316-
318, 2012. 

[10] B. Sadhu, et al., “A linearized, low-phase-noise VCO-based 
25GHz PLL with autonomic biasing,” IEEE JSSC, vol. 48, 
no. 5, pp. 1138-1150, May. 2013. 

[11] P. Gupta, et al., “Underdesigned and opportunistic 
computing in presence of hardware variability,” IEEE 
Trans. on CAD, vol. 32, no. 1, pp. 8-23, Jan. 2013. 

[12] X. Li, et al., “Efficient parametric yield estimation of 
analog/mixed-signal circuits via Bayesian model fusion,” 
IEEE ICCAD, pp. 627-634, 2012. 

[13] F. Wang, et al., “Bayesian model fusion: large-scale 
performance modeling of analog and mixed-signal circuits 
by reusing early-stage data,” IEEE DAC, 2013. 

[14] C. Gu, et al., “Efficient moment estimation with extremely 
small sample size via Bayesian inference for analog/mixed-
signal validation,” IEEE DAC, 2013. 

[15] S. Sun, et al., “Indirect performance sensing for on-chip 
analog self-healing via Bayesian model fusion,” IEEE 
CICC, 2013. 

[16] X. Li, et al., “Bayesian model fusion: a statistical framework 
for efficient pre-silicon validation and post-silicon tuning of 
complex analog and mixed-signal circuits,” IEEE ICCAD, 
pp. 795-802, 2013. 

[17] C. Bishop, Pattern Recognition and Machine Learning, 
Prentice Hall, 2007. 

[18] A. Papoulis, et al., Probability, Random Variables and 
Stochastic Processes, McGraw-Hill, 2001. 

[19] S. Boyd, et al., Convex Optimization. Cambridge University 
Press, 2004. 

[20] D. Knuth, The Art of Computer Programming: Sorting and 
Searching, Addison-Wesley, 1998. 

0 50 100 150 200 250
0

2

4

6

Number
 
of Late-stage Samples

Re
la

tiv
e 

Er
ro

r (
%

)

 

 

MLE
BMF-BD

10×

85 90 95

0

2

4

6

βE
 (%)

Re
la

tiv
e 

Er
ro

r(
%

) 

 

 

MLE
BMF-BD

βEXACT = 90.25%



<<
  /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 /Error
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /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 false
  /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
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /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
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomDGR-Bold
    /NimbusRomDGR-BoldItal
    /NimbusRomDGR-Regu
    /NimbusRomDGR-ReguItal
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /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 <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  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 /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice



 
 
    
   HistoryItem_V1
   TrimAndShift
        
     Range: all pages
     Trim: fix size 8.500 x 11.000 inches / 215.9 x 279.4 mm
     Shift: none
     Normalise (advanced option): 'original'
      

        
     32
            
       D:20120516081844
       792.0000
       US Letter
       Blank
       612.0000
          

     Tall
     1
     0
     No
     675
     320
     None
     Up
     0.0000
     0.0000
            
                
         Both
         AllDoc
              

      
       PDDoc
          

     Uniform
     0.0000
     Top
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.9
     Quite Imposing Plus 2
     1
      

        
     6
     5
     6
      

   1
  

 HistoryList_V1
 qi2base



