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Simultaneous Perturbation Stochastic Approximation
Algorithm Combined with Neural Network
and Fuzzy Simulation”
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Abstract: In order to solve three kinds of fuzzy programming models, i.e. fuzzy expected value
model, fuzzy chance-constrained programming model, and fuzzy dependent-chance pro-
gramming model, a simultaneous perturbation stochastic approximation algorithm is proposed by
integrating neural network with fuzzy simulation. At first, fuzzy simulation is used to generate a set
of input-output data. Then a neural network is trained according to the set. Finally, the trained
neural network is embedded in simultaneous perturbation stochastic approximation algorithm.
Simultaneous perturbation stochastic approximation algorithm is used to search the optimal
solution. Two numerical examples are presented to illustrate the effectiveness of the proposed
algorithm.
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Many optimization problems contain fuzzy infor-
mation. Possibility theory!"! has been well developed and
applied to this kind of optimization problems®?. Fuzzy
programming is an important tool to handle the
optimization problems, which usually includes three
types of models: fuzzy expected value model®, fuzzy
chance-constrained programming model "%, and fuzzy
dependent-chance programming model . Fuzzy pro-
gramming models can be converted into crisp
equivalents in some special cases, and then solved by the
classical algorithms for crisp programming models.
However, it is difficult for complex fuzzy programming
models. To solve fuzzy programming models, hybrid
intelligent algorithms (HIAs) were designed® *!. The
HIAs first generate a set of training input-output data
the functions with fuzzy variables by fuzzy
(NN) to

approximate the functions according to the generated

for
simulation, then train a neural network

training data, and finally embed the trained NN in
genetic algorithm (GA). GA is used to search the optimal
solution in the entire space. The HIAs are feasible in
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simulation;

simultaneous perturbation stochastic

solving fuzzy programming models. However, GA is
the
especially in solving large-dimensional optimization

time-consuming in finding global optimum,
problems. Therefore, it is necessary to seek out other
optimization methods to solve fuzzy programming
models.

Usually, one would always need the global optimal
solution. However, in practice this solution is not often
available and one must be satisfied with obtaining a
local optimal solution. In a lot of practical optimization
problems, a local optimal solution is a fully acceptable
solution for the resources available (human time, money,
material, computer time, etc.) to be spent on the
optimization.

In fuzzy environments, it is difficult to directly
obtain the value of objective function, especially the
gradient of the function with respect to the decision
vector. Stochastic approximation (SA) algorithm uses
the (possibly noisy) measurements of objective function
to approximate the gradient, which was first applied to

finding extrema of functions!®". However, the SA
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algorithm has not been widely applied due to the fact
that 2p function measurements are needed in each
iteration (p represents the number of parameters being
optimized). Apparently, the time of run would increase
sharply with the rise of p. To overcome the disadvan-
tage, the simultaneous perturbation stochastic approxi-
mation (SPSA) algorithm was designed"” based on a
highly efficient and easily implemented simultaneous
perturbation approximation to the gradient: this gra-
dient approximation used only two objective function
measurements in each iteration independent of p. In
essence, the SPSA algorithm is a "hill-climbing" method,
so it is a local search algorithm. The SPSA algorithm has
been validated and developed™'¥. More specifically, it is
concluded™that SPSA is preferable to use by comparing
the algorithm with other SA algorithms such as the
standard finite-difference SA and the random-directions
SA. The theoretical and numerical global convergence
property of SPSA was examined, and two theorems on
the global convergence of SPSA were established!. The
numerical studies show obviously better performance of
SPSA as a global optimizer than the popular simulated
annealing algorithm and GA, see Ref. [15].

Inspired by the above-mentioned algorithms, this
paper proposes an efficient optimization algorithm to
solve fuzzy programming models.

1 Preliminaries

1.1 Fuzzy variables

A fuzzy variable is defined as a function from a
possibility space (©,P(®),Pos) to the
numbers, where @ is a universe, P(®) is the power set

set of real

of @, and Pos is a possibility measure defined on P(®).
The necessity measure of A is defined by
Nec{A} =1- Pos{A°}
@
Definition 1 (Ref. [6]) Let (®,P(®),Pos) be a
possibility space, and A a set in P(®) . Then the
credibility measure of A is defined by

Crid} = %(POS{A} + Nec{A})
)
Definition 2 (Ref. [6]) Let & be a fuzzy variable on

the possibility space (@, P(®),Pos). Then the expected
value E[£] is defined by

—44—

E[£]= [ Crig=nidr- [ Crg<riar
©)
provided that at least one of the two integrals is finite.
Definition 3 (Ref. [2]) Let £ be a fuzzy variable on
the possibility space (@, P(®),Pos), and a < (0,1], then
Sap(@)=sup{r|Cr{& =1} = o}

“)
is called the ¢ -optimistic value of &.
1.2 Fuzzy programming models

In fuzzy environments, there are usually three kinds
of fuzzy programming models. In order to obtain the
decision with the maximum expected return, the follow-
ing single-object fuzzy expected value model is provid-
ed®:

max E[ f(x,£)]
st E[g(x,6)]<0, j=l-p

®)
where x is a decision vector; £ is a fuzzy vector; f(x,¢)
is the objective function; g;(x,¢) are the constraint
functions for j=1,---,p.

When we want to maximize the optimistic return,
we have the following single-objective fuzzy chance-
constrained programming model?:

max f

s.t.
Crif(x,)<f}1=p
Crig;(x,$)<0,j=1L-,p} =«

(6)
where o and [ are predetermined confidence levels
with 0<a <1 and 0< f=<1.

A fuzzy dependent-chance programming theory is
provided based on selecting the decision with the maxi-
mum credibility to meet the event. A typical formulation
is given as follows™:

max Cri{h,(x,§)<0,k=1,---,q}
st. g(x,8)<0,j=1-,p

™
where &, (x,§)<<0,k=1,---,¢ are fuzzy events, and
g,(x,§)=<0,j=1,---,p are uncertain environments.

1.3 Fuzzy simulations

In solving the models mentioned above, the key is to
calculate the values of the functions E[f(x,§)] ,
max{f|Cr{f(x,6)= [} =} and Cr{f(x,§)<0} for
every fixed x . However, it is almost impossible to find
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an analytical method to obtain these values in most cases.

Therefore, it is necessary to employ fuzzy simulations to
estimate these values.

The fuzzy simulation method for estimating
E[f(x,£)] for every fixed x is described as follows®.

Stepl Set e=0.

Step 2 Determine the number of samples, written
as M.

Step 3 Generate uniformly 6, from @ such that
Pos{6,} =¢ for k=1,---,M, where ¢ is a sufficiently
small positive number.

Step 4 Set v, = Pos{6,} .

Step 5 Seta=f(x,6(6) A+ A f(x,6(6,)), b= f(x,
5(91)) V"'Vf(x5§(31{))-
Step 6 Generate uniformly r from [a,b].

Step7 If r=0,then e < e+Cr{f(x,€)=r} where

CHf(x,6)= 1} = %( max {0, | f(x,£(8,)) =1} +

I<ksM

min {1-2, | /(x,£(6,)<7})

1sksM
@®)
Step 8 If r<0, then e < ¢—Cr{f(x,§) < r} where

Or{f(x,€) <1} = %(max{v | .68, < 1)+

min {l-9, | f(x,§(6,)) > 1’})

1sk=sM
©)
Step 9 Repeat from Step 6 to Step 8 for M times.
Step 10 Compute

E[f(x,8)]=av0+bAO+e-(b—a)/ M
Step 11 Return E[f(x,£)].

For more details about fuzzy simulations, see Refs.
[2—9]. Three convergence theorems were proved!®
about the use of fuzzy simulation in computing the
credibility of a fuzzy event, the optimistic value of a
return function, and the expected value of a fuzzy
variable.

2 SPSA algorithm combined with NN and
fuzzy simulation

In this section, an SPSA algorithm combined with

NN and fuzzy simulation is proposed to solve fuzzy

programming models. The procedure for maximizing
the objective function is described as follows.
Step 1 Generation of training data by fuzzy simul
ation
Generate training input-output data for the
uncertain functions with fuzzy variables like

U : x> E[f(x,%)]

U,: x—max{f|Cr{f(x,§)=f}=f}
U,: x->Cr{f(x,§) <0}

by fuzzy simulation, where x is the decision vector with
n decision variables, ¢ is the fuzzy vector, and £ is the
predetermined confidence level.

Step 2 Training of NN

Train an NN to approximate the uncertain func-
tions by the generated training data.

Step 3 Parameters selection and initiation

Choose nonnegative parameters a,c, A, and y,
which will be used in the following steps. Then set k=1,
and choose initial evaluation X, of x such that x,
satisfies the constraints. In this step, the trained NN
may be used to check the feasibility of x;.

Step 4 Generation of simultaneous perturbation
vector

Generate an n-dimensional random perturbation
vector 4, by Monte Carlo simulation, and the ¢th
component of the 4, vector is written as 4, (i=1,---,n),

L with probability %

-1, with probability %

Step S Evaluations of objective values

Compute ¢, =c/k” . If x,+¢,4, and x, —cA4,
satisfy the constraints, then their objective values may be
obtained by the trained NN, written as 3(x, +c,4,) and

¥(x, —c,4,), respectively. Otherwise, return to Step 4.
Step 6 Gradient approximation

Calculate the following gradient approximation:

A4

&, —e )= I, +c,4,)| A

gk(xk)= k Rk k k Tk .kz
2c, :

A4

Step 7 Update of evaluation of x
Compute a, =a/(A+k)”, then set



Transactions of Tianjin University ~ Vol.14 No.1 2008

Xy =%, — ,8,(%,)

Step 8 Check of constraints

If x,,, satisfies the constraints, go to the next step.
Otherwise, return to Step 4. In this step, the trained NN
may be used to check the feasibility of %, .

Step 9 Iteration or termination

If the stopping criterion is met, go to the next step.
Otherwise, set k=k+1, and return to Step 4. Usually
the stopping criterion is that there is little change in a
few successive iterations or the maximum allowable
number of iterations has been reached.

Step 10 Display of result

Display #,,, as the optimal solution, and compute
its objective value by the trained NN.

The flow diagram of the proposed algorithm is

shown in Fig.1.

| Choice of parameters |

k=1
| Initialization of decision variables

Y

Generation of simultaneous
perturbation vector

I

Evaluations of objective value|

!

Gradient approximation |

| Fuzzy simulation |

Training of NN

Update of evaluations of
decision variables

k

k+1|

| Output results |

Fig.1 Flow diagram of the proposed algorithm

Remark 1 The purpose of training NN in the
proposed algorithm is to improve the efficiency of the
algorithm. During the iterations of SPSA, the values of
objective functions and constraint functions are used.
These values are obtained by NN rather than by fuzzy
simulations. The method can greatly reduce the time
spent on fuzzy simulations in the whole algorithm. For
example, there is an optimization problem with an
objective function and a constraint function with fuzzy
variables. The stopping criterion of the algorithm is that

1 000 iterations have been reached. If an NN is trained
with 2 000 training data, fuzzy simulation is called for
4 000 times. If an NN is not trained, the values of the
objective function and the constraint function are
obtained by calling fuzzy simulation for four times at
each iteration. When the iteration is terminated, fuzzy
simulation is called for 4 000 times. Apparently, the
times of fuzzy simulation are equal in the two situations.
However, the times for checking constraints are usually
more than two at each iteration, and the stopping
criterion of the algorithm is usually that more than 1 000
iterations have been reached. Therefore, if an NN is not
embedded in the algorithm, the time spent on fuzzy
simulation is much more.

Remark 2 The choice of the gain sequences (ga,
and ¢,) is crucial to the performance of the proposed
algorithm. Practically effective (and theoretically valid)
values for ez and y are 0.602 and 0.101, respectively. The
values of @ and A can be chosen together to ensure
effective practical performance of the algorithm. A
guideline is to choose A such that it is much less than
the maximum number of allowable iterations and choose
a such that a/(A+1)* times the magnitude of elements
in g,(x,) is approximately equal to the smallest of the
desired change magnitudes among the elements of x in
the early iterations. With & and y as specified above,
one typically finds that in a high-noise setting it is
necessary to pick a smaller @ and larger ¢ than in a low-
noise setting (see Ref. [15]).

3 Numerical examples

In this section, we employ the proposed algorithm
to solve two fuzzy programming models.

Example 1 Let us consider the following fuzzy
expected value model®:

min E[sin(x, + &)+ 2sin(x, +&,) +3sin(x, + &£,)]
s.t.

EW &+ &3, + &0, [1<5

2x, +3x, +4x, <12
1=1,2,3

x; >0,

(10)
where
& is a triangular fuzzy variable (1,2,3);



NING Yufu et al: Simultaneous Perturbation Stochastic Approximation Algorithm Combined with Neural Network and Fuzzy Simulation

&, is a fuzzy variable with membership function
te (N =exp (<(r—4)");
¢, is a trapezoidal fuzzy variable (2,3,4,8).

For convenience, we write

X :(x13x2>x3)
fx, &) =sin(x, + &)+ 2sin(x, + &)+ 3sin(x; +&,)

glx, &)= \/| &x +6x, + &, |

In order to solve the model, we first produce training
input-output data for the uncertain functions

U, : x— E[sin(x, +&)+2sin(x, + &) +3sin(x, + £,)]

Uyt x = E[JI&x +&x, +&x, 1]

by fuzzy simulation. Then we train an NN (3 input
neurons, 5 hidden neurons, 2 output neurons) to
approximate these uncertain functions. Then the trained
NN is embedded into SPSA. The initial values of
decision variables are set as follows: x, =1.0, x, =1.0,
x, =1.0 . The parameters in SPSA are determined as
follows: a=0.16 , ¢=0.20, A=100, o=0.602 , y=
0.101. After a run of the proposed algorithm, the optimal

solution is

X, =24851, x, =0.5332, x, =0.5388

with the objective value —3.382 1 (10 000 samples in
fuzzy simulation, 2 000 training data in NN, and 1 000
iterations in SPSA).

The variation of objective value by different num-
bers of iterations in solving Eq. (10) is shown in Fig. 2,
where N represents the number of iterations.

The variation of decision variables after different

numbers of iterations is shown in Fig.3—Fig.5.
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Fig. 2 Variation of objective value by different

numbers of iterations in Example 1
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Fig.5 Variation of x, in Example 1

Example 2 Let us consider the following fuzzy
chance-constrained programming model™:

max f
s.t.

CriJx, +& +x, +& +x, +& 2]7}20.90

{
cr{\/oc1 +EV +(x, +E) +(x, +E,) < 6} >0.80

x, =0, 1=123

(11
where &, & and & are the triangular fuzzy variables (0,
1,2), (1,2,3) and (2, 3, 4), respectively.
For convenience, we write
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X% = (%5 %,,%,)

=& 658)
[, = Jx +& + | 0sF
Jx, 4+ x4+ & 0.5

g(xaf)zx/(leré)er(xz +&) +(x,+&) -6 ‘ 100 200 300

N

1.1

In order to solve the model, we first produce training

input-output data for the uncertain functions, Fig.7 Variation of x, in Example 2

U x— max{f\(}r{,/xl +E +x, + &+
0.8}
Je+&=71=090 |
o 06F
U,: x> Cr{\/(xl+§1)2+(x2+§2)2+(x3+§3)2 <6} 04k
by fuzzy simulation. Then we train an NN (3 input 0.2 ! ! !
100 200 300
neurons, 6 hidden neurons, 2 output neurons) to N

approximate these uncertain functions. Then the trained
NN is embedded into SPSA. We set the initial values of
decision variables as follows: x, =0.2, x, =02, x, =0.2.

Fig.8 Variation of x, in Example 2

The parameters in SPSA are determined as follows:
a=0.16, ¢c=020, A=100, ¢=0.602, y=0.101. After

a run of the proposed algorithm, the optimal solution is

x, =1.0422, x, =0.7178, x, =0.506 3

Xy

0.4

with the objective value 4.247 4 (10 000 samples in fuzzy 0.2 00 300 200
simulation, 3 000 training data in NN, and 300 iterations N
in SPSA).

The wvariation of objective value by different

Fig.9 Variation of x, in Example 2

numbers of iterations in solving Eq. (11) is shown in 4 Conclusions

Fig.6.
The variation of decision variables after different In this paper, a new algorithm is proposed to solve
numbers of iterations is shown in Fig.7—Fig.9. fuzzy programming models. The results of numerical
examples show that the algorithm has good property of
convergence.
4.5+
References
1 42
g 1ol [1] Zadeh L A. Fuzzy sets as a basis for a theory of
possibility [J]. Fuzzy Sets and Systems, 1978, 8(1): 3-28.
3.6} [2] Liu B. Theory and Practice of Uncertain Programming [M].
13 ) ) ) Physica-Verlag, Heidelberg, 2002.
100 200 300 [3] Liu B. Toward fuzzy optimization without mathe-
N matical ambiguity [J]. Fuzzy Optimization and Decision
Making, 2002, 1(1): 43-63.
Fig. 6 Variation of objective value by different numbers (4] Liu B. Uncertainty Theory: An Introduction to Iis
of iterations in Example 2 Axiomatic Foundations [M)]. Springer-Verlag, Berlin,



NING Yufu et al: Simultaneous Perturbation Stochastic Approximation Algorithm Combined with Neural Network and Fuzzy Simulation

2004.

Liu B. A survey of credibility theory [J]. Fuszzy
Optimization and Decision Making, 2006, 5(4): 387-408.
Liu B, Liu Y K. Expected value of fuzzy variable and
fuzzy expected value models [J]. IEEE Transactions on
Fuzzy Systems, 2002, 10(4): 445-450.

Liu B, Iwamura K. Chance constrained programming
with fuzzy parameters [J]. Fuzzgy Sets and Systems, 1998,
94(2): 227-237.

Liu B, Iwamura K. A note on chance constrained
programming with fuzzy coefficients [J]. Fuzgy Sets and
Systems, 1998, 100(1-3): 229-233.

Liu B. Dependent-chance programming in fuzzy en-
vironments [J]. Fuzzy Sets and Systems, 2000, 109(1): 97-
106.
Kiefer ],
regression function [J]. Annals of Mathematical Statistics,
1952, 23: 462-466.

Blum ] R. Multidimensional stochastic approximation
methods [J]. Annals of Mathematical Statistics, 1954, 25:

Wofwitz J. Stochastic estimation of a

[12

[13

[ 14

[15

[16

]

]

]

[

[

737-744.

Spall J C. Multivariate stochastic approximation using
a simultaneous perturbation gradient approximation
[01. IEEE Transactions on Automatic Control, 1992, 37(3):
332-341.

Chin D C. Comparative study of stochastic algorithms
for system optimization based on gradient approxi-
mations [J]. IEEE Transactions on Systems, Man, and
Cybernetics-B, 1997, 27(2): 244-249.

Maryak J L, Chin D C. Global random optimization by
simultaneous perturbation stochastic approximation[C].
In: Proceedings of the American Control Conference.
Arlington, VA, 2001: 756-762.

Spall J C. Implementation of the simultaneous pertur-
bation algorithm for stochastic optimization [J]. I[EEE
Transactions on Aerospace and Electronic Systems, 1998,
34(3): 817-823.

Liu Y K. Convergent results about the use of fuzzy
simulation in fuzzy optimization problems [J]. IEEE
Transactions on Fuzzy Systems, 2006, 14(2): 295-304.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /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 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /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 600
  /MonoImageMinResolutionPolicy /Warning
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for journal articles and eBooks for online presentation. Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


