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Abstract—Approximate computing (AC) is a nascent energy-
efficient computing paradigm for error-resilient applications.
However, the quality control of AC is quite challenging due to its
input-dependent nature. Existing solutions fail to address fine-
grained input-dependent controlled approximation. In this paper,
we propose an input-aware machine learning based approach for
the quality control of AC. For illustration purposes, we use 20
configurations of 8-bit approximate multipliers. We evaluate these
designs for all combinations of possible input data. Then, we
use machine learning algorithms to efficiently make predictive
decisions for the quality control of the target approximate
application, based on experimentally collected training data. The
key benefits of the proposed approach include: (1) fine-grained
input-dependent approximation, (2) no missed approximation
opportunities, (3) no rollback recovery overhead, (4) applicable
to any approximate computation with error-tolerant components,
and (5) flexibility in adapting various error metrics.

I. INTRODUCTION

The pervasive, portable, embedded and mobile nature of the
present age computing systems, has led to an ever increasing
demand for ultra low power consumption, small footprint, and
high performance systems [1]. Such battery-powered systems

are one of the most essential componenets of IoT, near-
sensor processing and edge computing. Approximate Com-
puting (AC), is a nascent computing paradigm that allows us
to achieve these objectives by compromising the arithmetic
accuracy. Thus, its popularity is rising among the error resilient
applications, such as multimedia, and visualization.

Approximation techniques necessitate a quality management
system to control the degree of approximation and monitor
the individual output quality. However, this important area has

attained less attention from the scientific community compared
to the design of AC. Setting design knobs of approximate
circuits, can be realized with two strategies: i) forward problem
design, which focuses on the effect of setting design knobs
on the output of a tunable approximate design, ii) inverse
problem of finding the optimal design knobs setting for a given

bound of output quality. The inverse strategy is less explored

compared to the forward problem because it has a huge input-

dependent design space. In this paper, we tackle the inverse
problem to find the optimal knob settings of the approximate
design that meet the target output quality (TOQ) constraints for

an application, given input data and specified user preferences.

There exist a few techniques for quality managenent of
AC, e.g., Green [2] and SAGE [3] check the quality through

sampling, where for every N invocations, the exact result is
compared with the approximate. If the difference is greater

than a pre-specified threshold, i.e., TOQ, then a calibration is

done. However, the quality of unchecked invocations cannot be

ensured, and the previous quality violations cannot be compen-

sated. Lightweight quality checkers [4] [5] with high-efficiency
are used in order to decide about the usage of rollback
approximation. However, the quality checker proposed in [4] is
application-specific, and [5] shows a low prediction accuracy

for large applications where less than 20% of the inputs in the
data space still exhibit unavoidable large approximate errors.
Wang et al. [6] proposed using multiple lightweight predictors
to get a high accurate prediction. Xu et al. [7] proposed an
optimization framework, which supports an iteratively train-
ing process, to coordinate the training of the classifier and
the accelerator with an intelligent selection of training data.
However, the work [2]-[7], mainly target controlling software
approximation, ignore input dependencies, and do not consider
choosing an adequate design from a set of design choices.

Dynamic quality management of approximate hardware de-
sign is challenging. Raha et al. [8] designed a dual-mode,
reconfigurable adder block. The authors of [9] proposed four
designs of 4-to-2 compressors. Moreover, the deployment of
a self-adaptive image filter, which is able to choose among
different degrees of binary adder approximations at run time
is also demonstrated in [10]. However, this approach changes
the degree of approximation for a single design only. Likewise,
the approaches reported in [8], [9] and [10], either have very
limited configuration options (e.g., [8]), area overhead (e.g.,
[9]) or latency overhead (e.g., [10]).

In this paper, we propose an approach based on machine
learning (ML) for controlling the quality of input-aware AC.
We propose to change the approximate design dynamically
for different input data to meet a user-defined TOQ, rather
than having a static design. However, there is no clear rela-
tionship between the inputs of approximate designs and their
errors, therefore we propose to build ML-based models to
pick the proper configuration. In order to demonstrate the
practical effectiveness of the proposed approach, we designed
8-bit approximate multipliers, which are intensively used in
image processing applications, with 20 different configurations
[1]. Then, we experimented with various ML algorithms to
efficiently make predictive decisions for the quality control of
approximate applications, based on experimentally collected
training data. We were able to model the approximation error
based on the input data and design settings. Moreover, for a
specific input data and TOQ, we dynamically select the design
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with matched output quality and minimal cost. We applied the

proposed methodology on image blending operations, where

we processed each frame using three approximate designs,

based on the value of its red, green and blue components,

and matched the required TOQ.

The rest of the paper is organized as follows: Sections II

and III describe the proposed methodology and the ML-based

models we built, respectively. Section IV provides an image

blending application. Finally, Section V concludes the paper.

II. PROPOSED METHODOLOGY

The proposed methodology for the quality control of AC

is based on ML techniques to build input-aware quality

and cost models. Such models are suitable for config-

uring the knobs of input-dependent approximate designs.

Consider a to-be-controlled approximate design with two

knobs/settings, i.e., S1 and S2, that take values from finite

sets s1 and s2, respectively, where s1 represents the type

of the approximate block used to build the approximate

design, and s2 is the approximation degree of the design.

For example, in the case of approximate 8-bit multipli-

ers, s1= {AMA1, AMA2, AMA3, AMA4, AMA5}, i.e., se-

lected from the low power approximate full adders [11] and

s2={D1, D2, D3, D4}, where D1 has 7 bits approximated out

of 16, while D2, D3, and D4 have 8, 9, and 16 approximate

bits, respectively. Thus, for the case of approximate multi-

pliers, we obtain 20 different approximate designs. Now, we

define two functions to characterize the quality of the con-

sidered approximate design: (1) Error Function fe(i, S1, S2)
that defines the output error for a specific input data and knob

settings; (2) Cost Function fc(i, S1, S2) that defines the cost

of computing the output for a specific input data and knob

settings. This cost may be based on power consumption, area,

delay or power-delay-product (PDP).

We define the feasibility constraint as follows: Given an

approximate design with two knob settings S1 and S2, and

a set of possible inputs I. For a given input value i ∈ I , and

TOQ, find s1 ∈ s1, and s2 ∈ s2, such that the objective cost

function fc(i, S1, S2) is minimized, and the error function is

within the error bound limit, i.e., fe(i, S1, S2) � TOQ. The

solution is a point, or a set of points, which minimizes the

cost function. Changing the knob settings for every possible

input is power-inefficient. For example, for an 8-bit binary

multiplier based on 20 different settings, the design space

includes 20x216=1, 310, 720 different settings. Therefore, we

propose to cluster the input data based on its magnitude

into C=16 different clusters. As depicted in Figure 1, the

proposed methodology for quality control of AC encompasses

the following steps:

(1) Training Inputs: For an approximate design with m
inputs, i.e., i1, i2, ..., im, of n-bit width, and value ranges from

0 to 2n-1, we apply j inputs of k-bit width to the approximate

design in order to generate the training data, where j ≤ m and

k ≤ n. For example, for an 8-bit binary approximate multiplier

with m = 2 and n = 8, we choose to use the whole range of

inputs for training, i.e., j = m = 2 and k = n = 8.

Figure 1: Proposed ML-based methodology for quality configurable AC

(2) Input Clustering: Rather than having j inputs, each with

2k possible values, applied to an approximate design with

|S1|x|S2| different settings, we cluster such inputs into C
different clusters. The clustering is indispensable to evaluate

design accuracy over a range of ( 2
k

C )j inputs, where evaluating

the design accuracy for a single input is inapplicable. For the

example of an 8-bit approximate multiplier, each design has a

(2k)j = 65536 possible input combinations. For that, we use a

cluster size of 16, thus the total number of input combinations

is reduced to ( 2
k

C )j = ( 2
8

16 )
2 = 256 combinations.

(3) Library of Approximate Designs: An approximate design

with two knobs, i.e., S1 and S2 will have |S1|x|S2| different

design settings that constitute our library of approximate

designs. For the example of the 8-bit approximate multiplier

[1], we have |S1|x|S2|=5x4=20 different settings with 13% to

65.9% power saving compared to the exact design.
(4) Training Data: Based on |S1|x|S2| different design

settings, and ( 2
k

C )j different clustered inputs, we generate

a training data of |S1|x|S2|x( 2kC )j instances. Each instance

includes the clusters of the applied inputs, design settings,

and various accuracy metrics derived from the approximate

results, such as error rate, accuracy, error distance, relative

error distance, mean square error, peak-signal-to-noise ratio

and normalized error distance. Moreover, each approximate

design has its area, power, delay and PDP reduction compared

to the exact design. For the example of the 8-bit approximate

multiplier, we have 5x4x162=5120 training instances. To build

ML-based models, we randomly partitioned the training data

into 80% for training and 20% for testing purposes.
(5) Error and Cost Models: Error and cost functions of

an approximate design for specific input data, do not have

a closed-form analytic expression, therefore we built and

evaluated various ML-based models using the training and

testing data, respectively, as will be described in Section III-A.
(6) Design Selector: A distinctive characteristic of our pro-

posed methodology is its input-data dependency. Therefore, for

each set of specific inputs and given TOQ, we first identify the

most appropriate approximate designs and then select the ones

with the lowest cost function, e.g., area, power and delay as

will be described in Section III-B. For the example of the 8-bit

approximate multiplier, the selected design is used within an

error-resilient multiplication-intensive application.

III. MACHINE LEARNING BASED MODELS

ML-based algorithms find solutions by learning through a

training data. We built various ML-based models, based on

the analysed data and several regression and classification
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Table I: ML-based models for error prediction
Algorithm Category Accuracy

Simple Linear Model
(Independent variable is Approximation Degree)

Regression R2=6.8%

Simple Linear Model
(Independent variable is FA Type)

Regression R2=0.3%

Simple Linear Model
(Independent variable is Input 1)

Regression R2=1.3%

Simple Linear Model
(Independent variable is Input 2)

Regression R2=2.1%

Multiple Linear Model Regression R2=10.2%

C5.0 based Decision Tree Classification
Accuracy=66.8% (Train)
Accuracy=56.2% (Test)

rpart based Decision Tree Classification
Accuracy=54.0% (Train)
Accuracy=50.6% (Test)

rpart based Decision Tree Regression R2=63.65

Random Forest Regression R2=67.7%

algorithms, given in R, which is a programming and statistical

computing language. The predicted result for such models falls

into two categories, classification and regression. Classifica-
tion is the problem of identifying to which set of specific

categories does a new observation belong. The accuracy of

a classifier is defined as the fraction of correct classifications

made on the test data set. Regression estimates a continuous
dependent variable, through explaining how such dependent

variable changes in response to changes in independent vari-

able. R2 is used as a measure of regression model accuracy,

which is the proportion of the variance in the dependent

variable that is predictable from the independent variables.

Next, we build models utilizing different algorithms, where

we evaluate their accuracy for selection.

A. Error Models

Several metrics have been proposed for quantifying errors

of approximate designs. We chose the normalized mean error

distance (NED) as our error metric as its results are almost

independent of the size of an approximate design and can

be used for comparing designs of different sizes. We built

various ML-based models to predict the design error based

on the input data and design settings, i.e., full adder (FA)

type and approximation degree for the case of an approximate

multiplier. Table I summarizes these models including its

settings, category, i.e., regression or classification and the

obtained accuracy.

Linear regression models are simple to build, however,

they are unable to identify a clear relationship between the

approximation error and the associated design settings and

input data. On the other hand, decision tree models exhibit

a better accuracy for both training and testing data, including

classification and regression. The lowest obtained accuracy is

56.2% and 50.6% for testing data based on C5.0 and rpart
algorithms, respectively. The random forest based model has

a slightly improved accuracy compared to the decision tree

models with the overhead of constructing 300 trees instead

of one. We have chosen the decision tree regression models,

based on rpart, due to their good accuracy, small training time,

and ease to understand. Neural network models are expected

to have a high accuracy with high training time, therefore, due

to space limitation we kept it for future work. The previously

built models consider the whole range of the input data to build

a single model. However, as approximation is data dependent,

we built a decision tree model for each input cluster, where we

clustered the first input data into 16 clusters as explained in

Figure 2: C ML-based error models for clustered input

Section II. Figure 2 depicts the general overview for training

C error models. These models, compared to a single model,

are smaller, faster to construct and more accurate.

B. Design Selector

Approximate design selector uses the input data and the

allowed error to select the most suitable design, i.e., FA Type
and Approximation Degree. When the model is unable to

simultaneously predict the two variables, then we join them

into one variable, and call it Full Design.

Table II: Various ML-based models for design selector
Algorithm Category Accuracy

Multivariate Multiple Regression Model
(Dependent variable is Approximation Degree)

Regression R2=6.09%

Multivariate Multiple Regression Model
(Dependent variable is FA Type)

Regression R2=0.324%

Multivariate Multiple Regression Model
(Dependent variable is Full Design)

Regression R2=0.033%

C5.0 based Decision Tree for Approximation Degree Classification
Accuracy=73.05% (Train)
Accuracy=63.5% (Test)

C5.0 based Decision Tree for FA Type Classification
Accuracy=45.1% (Train)
Accuracy=31.5% (Test)

C5.0 based Decision Tree for Full Design Classification
Accuracy=45.1% (Train)

Accuracy=26% (Test)

rpart based Decision Tree for Approximation Degree Classification
Accuracy=69.1% (Train)
Accuracy=60.2% (Test)

rpart based Decision Tree for FA Type Classification
Accuracy=43.2% (Train)
Accuracy=31.2% (Test)

rpart based Decision Tree for Full Design Classification
Accuracy=40% (Train)
Accuracy=24.6% (Test)

Table II summarizes various models for the design selector

based on multivariate regression models, decision trees and

random forest. Regression models with low prediction accu-

racy are unsuitable. The decision tree classification model,

based on the C5.0 algorithm, is the most accurate for pre-

dicting the Full Design. The exhaustive search over the entire

design space of knob settings is applicable, to find the optimal

design settings. The first input (Input1) is clustered based on

its magnitude into C different clusters. Then, based on the

matched cluster, a reduced search space from the training data

is selected with size of 1
C of the original search space. Con-

sequently, an exhaustive search is performed on the matched

cluster, and the best settings are identified. Theoretically, we

may get up to |S1|x|S2| different settings. Among these can-

didate designs, we select the one with the maximum matched

TOQ, which is quite likely to have the greatest approximation

degree with a reduced cost.

IV. VIDEO/IMAGE BLENDING APPLICATION

Image blending allows us to blend multiple images together

to look like a single image. Video blending consists of

blending multiple consecutive frames. For example, blending

two videos, each with Nf frames of size Nr rows by Nc

columns per frame, where each pixel in the frame has 3

components, i.e., red, green and blue, involves 3NfxNrxNc

pixels. The static configuration uses a single approximate

design to perform all multiplications. Whereas, in the dynamic

reconfiguration, we have the choice to decide the task granular-

ity and the suitable design to be used. To control output quality,
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Figure 3: Video blending using reconfigurable multipliers for RGB com-
ponents of each frame

Figure 4: Example of image blending

we select the most suitable design for all RGB components of

a frame, e.g., R, G and B, as shown in Figure 3. We propose to

change the design 3Nf times, where each frame is processed

using three designs, with task granularity of NrxNc pixels.

The approximate design is selected based on the average of

RGB components of the two frames. Due to space limitation,

we discuss an image-based example here, rather than a full-

movie example having Nf images.

An example of pixel-by-pixel image multiplication is shown

in Figure 4. The results of using the 20 approximate designs

and their peak signal to noise ration (PSNR), are evaluated,

where each static approximate design is used for R, G and B

components of the images. The results of designs with D1,

D2 and D3 approximation degree, have a good quality with

acceptable PSNR between 39 and 62.

Table III: Dynamic approximate designs selected based on magnitude of
RGB components and TOQ

Average value of the frame Selected Designs
NED R G B R G B

Image1 120 149 117
NED ≤ 0.03

Image2 160 156 147
AMA4 9, AMA5 9 AMA4 9, AMA5 9 AMA4 9, AMA5 9

Image1 120 149 117
NED ≤ 0.60

Image2 160 156 147
AMA2 16, AMA4 16

AMA5 16
AMA4 16
AMA2 16

AMA4 16, AMA2 16
AMA5 16

Table III summarizes the obtained results, for two examples

with different TOQ, by applying the proposed methodology

based on the average value of R, G and B image components.

For example, the selected design AMA4 9 means that the

design is based on AMA4 FA with 9 approximate bits of the

result. We notice that, as the TOQ decreases (NED increases),

the degree of approximation of the selected designs increases.

Now, we compare the proposed approach with the state-of-

the-art [2]-[10] in terms of several requirements: (1) Hard-
ware/Software: The work [2]-[7] exhibit a limited applicability

for software approaches only. The approaches, presented in

[8]-[10], are applicable to hardware with limited configura-

tion options. The proposed approach is applicable to both

HW and SW approximate applications with approximable

components; (2) Input Data Dependency: To the best of our

knowledge, none of the previous works, targeted fine-grained

input-dependency of approximate designs to control the out-

put quality. Instead, the average of all inputs is considered

to meet an average output quality. Our approach uniquely

clusters the input data, then uses these clusters with a set

of approximate designs to generate training data. Thereafter,

we build ML-based models for each input data cluster; (3)

Quality Assurance & overhead: The quality of the output is

assured through rollback and program reexecution in [2]-[7].

These methods require extra time and out-of-order-execution.

The approaches [8]-[10] rely on having a few designs in order

to meet the required quality, which also leads to additional

area and the requirement to have complex controllers for

multiple designs. On the other hand, the proposed approach

needs a one-time data generation, training and model building.

Then, the most suitable design is identified, and used through

reconfiguration, without the overhead of quality checkers and

rollback recovery.

V. CONCLUSION

In this paper, we proposed a novel fine-grained input-based

quality control approach for AC based on ML models. The

proposed solution considers the input data in generating the

training data, building ML-based models and selecting the

approximate design that satisfies the TOQ with minimal cost.

This approach is applicable to both hardware and software

designs. However, it has the overhead of one-time generating

the training data, building and evaluating various models, and

then selecting the most suitable models. As future work, we

plan to implement a fully automated version of quality control

of AC using ML-models built based on the input data, for both

hardware and software approximate designs.

REFERENCES

[1] M. Masadeh, O. Hasan, and S. Tahar, “Comparative study of approxi-
mate multipliers,” in Great Lakes Symposium on VLSI. ACM, 2018,
pp. 415–418.

[2] W. Baek and T. Chilimbi, “Green: A framework for supporting energy-
conscious programming using controlled approximation,” SIGPLAN
Notices, vol. 45, no. 6, pp. 198–209, Jun. 2010.

[3] M. Samadi, J. Lee, D. Jamshidi, A. Hormati, and S. Mahlke, “SAGE:
Self-tuning approximation for graphics engines,” in International Sym-
posium on Microarchitecture, 2013, pp. 13–24.

[4] B. Grigorian, N. Farahpour, and G. Reinman, “BRAINIAC: Bringing
reliable accuracy into neurally-implemented approximate computing,”
in International Symposium on HPC Architecture, 2015, pp. 615–626.

[5] D. S. Khudia, B. Zamirai, M. Samadi, and S. Mahlke, “Rumba: An
online quality management system for approximate computing,” in
International Symposium on Computer Architecture, 2015, pp. 554–566.

[6] T. Wang, Q. Zhang, N. Kim, and Q. Xu, “On effective and efficient
quality management for approximate computing,” in International Sym-
posium on Low Power Electronics and Design, 2016, pp. 156–161.

[7] X. Chengwen, W. Xiangyu, Y. Wenqi, X. Qiang, J. Naifeng, L. Xiaoyao,
and J. Li, “On quality trade-off control for approximate computing using
iterative training,” in Design Automation Conference, 2017, pp. 1–6.

[8] A. Raha, H. Jayakumar, and V. Raghunathan, “Input-based dynamic
reconfiguration of approximate arithmetic units for video encoding,”
IEEE Transactions on Very Large Scale Integration Systems, vol. 24,
no. 3, pp. 846–857, 2016.

[9] O. Akbari, M. Kamal, A. Afzali-Kusha, and M. Pedram, “Dual-quality
4:2 compressors for utilizing in dynamic accuracy configurable mul-
tipliers,” IEEE Transactions on Very Large Scale Integration Systems,
vol. 25, no. 4, pp. 1352–1361, 2017.

[10] J. Pirkl, A. Becher, J. Echavarria, J. Teich, and S. Wildermann, “Self-
adaptive FPGA-based image processing filters using approximate arith-
metics,” in International Workshop on Software and Compilers for
Embedded Systems, ser. SCOPES. ACM, 2017, pp. 89–92.

[11] V. Gupta, D. Mohapatra, A. Raghunathan, and K. Roy, “Low-power
digital signal processing using approximate adders,” IEEE Transactions
on Computer-Aided Design of Integrated Circuits and Systems, vol. 32,
no. 1, pp. 124–137, 2013.

Design, Automation And Test in Europe (DATE 2019) 1557



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /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 false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /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 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


