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A memoryless BFGS neural network training
algorithm

M.S. Apostolopoulou, D.G. Sotiropoulos, I.E. Livieris and P. Pintelas

Abstract—We present a new curvilinear algorithmic
model for training neural networks which is based on a
modifications of the memoryless BFGS method that incor-
porates a curvilinear search. The proposed model exploits
the nonconvexity of the error surface based on information
provided by the eigensystem of memoryless BFGS matrices
using a pair of directions; a memoryless quasi-Newton direc-
tion and a direction of negative curvature. In addition, the
computation of the negative curvature direction is accom-
plished by avoiding any storage and matrix factorization.
Simulations results verify that the proposed modification
significantly improves the efficiency of the training process.

Index Terms—Neural networks, memoryless BFGS, neg-
ative curvature direction, curvilinear search.

I. INTRODUCTION

Mathematically, the standard “training” problem of a
neural network reduces to finding a set of weights w to
minimize the error function F(w), defined as the sum of
the squares of the errors in the outputs [21]. Traditional
gradient-based algorithms, update the weights using the
following iterative formula

Wk41 = Wk + NPk

where k is the current iteration usually called epoch, wq €
R™ is a given starting point, 7y is a stepsize (or learning
rate) with 7 > 0 and py, is a descent search direction, i.e.,
gFpr < 0. Moreover, the gradient can be easily obtained by
means of back propagation of errors through the network
layers. In the literature, there have been proposed many
suggestions [5], [9] to define the search direction pj and
most of them use second order information. The most elab-
orated directions are the limited memory quasi-Newton di-
rection [14], [18] where the search direction is defined by
building up a Hessian approximation using curvature in-
formation from the most recent iterations.

Recently, it has been proposed a method that exploits
the eigenstructure of the memoryless BEFGS matrices with-
out using storage and matrix factorization [2]. Consequ-
ently, a direction of negative curvature can be computed
analytically avoiding the storage of any matrix. There-
fore, the method is well-suited for large scale problems,
such as training neural networks. Motivated by [2], we
propose a curvilinear scheme which is based on a modifi-
cation of a memoryless quasi-Newton method for training
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neural networks. The proposed algorithm utilizes a pair
of directions; a memoryless quasi-Newton direction and a
direction of negative curvature, i.e., directions d such that
dTV?E(w)d < 0, and it is based on the following iterative
form

Wr+1 = {

where pj is a memoryless quasi-Newton direction, dj is
a direction of negative curvature and Bj is the memo-
ryless BFGS Hessian approximation. When By, is posi-
tive definite, the proposed iterative scheme is the stan-
dard linesearch procedure (see [3], [19]). In different
case, the iterative scheme searches along the curvilinear
path wg11 = wy +7],%pk + nidy, which was first proposed
by Moré and Sorensen [15]. The proposed method pre-
serves the strong convergence properties provided by the
quasi-Newton direction when By is positive definite. Ad-
ditionally, it exploits the nonconvexity of the error surface
through the computation of the negative curvature direc-
tion without using any storage and matrix factorization.
Notations. Throughout the paper || - || denotes the Eu-
clidean norm and n the dimension of the error function. We
indicate that a matrix A is positive definite by A > 0. The
gradient of the error function is denoted by g = VE(w*).

W + NPk if By, is positive definite;
wy, +n2px +nrdy, otherwise

II. PROPERTIES OF THE MEMORYLESS BFGS MATRICES

The memoryless BFGS matrices are computed based on
the L-BFGS philosophy [14], [18] using information from
the most recent iteration. Given an initial matrix By =
(1/0)I, 6 € R\{0}, and the BFGS formula

T
Bksksk Bk

Yr¥i 1)
sszsk

Bk+1 = Bk - T 9
Sk Yk

where s = xp11 — 2 and yr = gr4+1 — gk, the resulting
minimal memory BFGS update scheme takes the form

Sksz

Yk @)

1
Bk+1 = 1 S{yk .

Ort1 Or15E sp

Additionally, it is known that the inverse of By is given
by the following expression [18]

T T T
-1 YrSy, + Sky SkS
Bit1 = Orird = O kSTyk : STy]jc )
k k

In our approach we consider the case where the scalar pa-
rameter 0 is defined as 011 = (sfsk) / (s{yk) which is the
spectral parameter of Barzilai and Borwein [4].

Lemma 1 ([2]) Let the symmetric memoryless BFGS

matrix defined in (2). Then, the characteristic polynomial
of Bj41 € R™ ™ has the general form
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. Moreover, if ap > 2, then A\; <

p(A) =
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Yi Uk
Szyk
1/0k4+1 < Ap, where Ay and A, are the smallest and largest

eigenvalues of By, respectively.

where ap =1+ 011

The parameter ay is bounded from below by 2, since

T 2 2
Yi Yk l[skelI* 1 1

ap =140k 15— =1+ =14+ >2
sgyk (sgyk)Q cos?¢ ’

where ¢ is the angle between s, and y,. If ap > 2,

the extreme eigenvalues can be computed by solving the
quadratic equation A* — (ax/0r41)A+1/67 ; = 0. In con-
trast, if ax = 2, then the characteristic polynomial is re-
duced to p(A) = (A —1/0k41)"; thus By = (1/6k41)1.

Proposition 1 ([2]) Let A be the set of eigenvalues of
By.41 with opposite signs. Then, for any A € R\ A, the
matrix (Bj41 + Al) is invertible and its inverse can be ex-
pressed by the following closed-form

2
(Bipr + AD) " = %Z (1'% (Bis)' (5)
i=0
where the quantities v = (1/0k+1 + A) (A2 + ax)/Oky1 +
1/62,1), 72 =1, 7% = A (ar+1)/0k+1 and 7o = A2 + (ar +

D)A/O11 + (ar +1)/67 | are functions of A.

For determining the eigenvector corresponding to the
smallest eigenvalue of Byyi, we consider the following
cases.

Case 1: If the smallest eigenvalue of By is distinct, then
the corresponding eigenvector is computed by applying a
single step of the inverse iteration. Given a non-zero start-
ing vector ug, inverse iteration generates a sequence of vec-
tors u;, generated recursively by the formula

w = (B-AI) b i

flwiall’

i=12,...

where \ = A+e, \is a distinct eigenvalue of B and € — 07,
The sequence of iterates u; converges to an eigenvector as-
sociated with an eigenvalue closest to A\. Moreover, if this
particular eigenvalue A is known exactly, this method con-
verges in a single iteration [12]. Hence, using Lemma 1
and Proposition 1 and after some simple algebraic com-
putations, the expression for the eigenvector is defined by
uy = Uy /|Gy, where
2

v ;U
a1 =)  (=1)"(A) (Bit1)' —=
;0 (N
- _'Vu(;\) u—+ '71Ls(;\) Sk — Yuy (5\) Yk, (6)
with A= —\; +e€, u=ug/|lug|| and the coefficients are

) = [1=71(3) g1 +90() 64] / 1) 03]
Yus) = {1 =13 O | sFut banfuf / [v3) 6T 0]

Yuy(X) = { [1 =) Opg1 + ak] Or1y u— S;‘f“} / [7(5\) 9i+1559k] .

Case 2: If the smallest eigenvalue of By is multiple, then
from Lemma 1 we have that ap =2 and Bjy1 = (1/0k41)1.
Thus, using the eigendecomposition of B it follows that
B=UAUT, where U = I and A = diag (A1, \1,.--,A1). It
is easy to verify that an eigenvector corresponding to \; is
Uy =e€1 = (1,0,...,0)T.

ITI. CURVILINEAR MEMORYLESS BFGS ALGORITHM

A. Computation of the descent pair of directions

At this point, we recall that our new proposed curvi-
linear scheme uses a pair of directions; a quasi-Newton
direction [19] which is defined as

Pk+1 = {

where B, il is defined in equation (3) and a direction of
negative curvature [15] which is calculated by

d 10
ko *Sgﬂ(uf9k+1)ula

—1
=B 19k+1, Biri1>0;
—Gk+1, otherwise.

(7

B1 > 0;
otherwise,

(8)

where u; is a normalized eigenvector corresponding to the
most negative eigenvalue of By,i. We note that both di-
rections must be descent directions. In a given iterate wy,
the pair (p, di) is assumed to be a sufficient descent pair
of directions if {py } =, and {di};—, are bounded and sat-
isfy the following conditions [8]:

Condition 1: g}'py = 0 implies g, =0 and py =0.

Condition 2: gf'py — 0 implies g, — 0 and py — 0.

Condition 3: df Brdy — 0 implies min(\;,0) — 0 and
dr, — 0, where \; is the smallest eigenvalue of By.

Conditions 1 and 2 are the standard ones for quasi-Newton
directions. They ensure that pi # 0 and g # 0 are not or-
thogonal and do not become nearly so too rapidly. Condi-
tion 3 ensures that dj, contains information related to the
smallest eigenvalue of the approximate Hessian.

When the vectors s, and y; are linearly independent,
i.e. ar > 2, then, the quasi-Newton direction is computed
using relation (7). Additionally, the negative curvature
direction is computed by means of relations (6) and (8).

In case where the vectors s, and yj are collinear, i.e.,
aj = 2, then the quasi-Newton direction is reduced to

k41
Pk+1 = {

Or+1
B. Model training algorithm CM-BFGS

s Brg1>0;
9)

—0k+1, otherwise.

At this point, we present a high level description of our
proposed algorithm based on the Armijo procedure.

Step 1: Initiate wp, 0 <c¢; < co <1, Err and € — 0;
set k=0.

Step 2: If (E(wg) < Err) or (||[VE(wg)|l2 < €) termi-
nate; else compute the eigenvalues \; of Bj.

Step 3: If A\; >0 then

(a) Compute p; set di =0 and 7y, = 1.

(b) Find 7 > 0 such that

E(wy, + mepr) < E(wk) + cinegl pi
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Step 4: Else if A\; <0 then

(a) Set pr = —g and compute the normalized eigen-
vector uy; set di = —sgn (ungk) uy and n, = 1.

(b) Find 7y > 0 such that

1
E(wy+nips-+nndy) < B(wk)+cans (9;{0% + 5)\1)

Step 5: Update the weights

W41 = {

Step 6: Compute gri1, Sk = Wr1 — Wy and Y1 =
Gk+1— gk if [sFyr| > 1076 sk]|||lyk ||, update the vector
pair {sk, Yy }-

Step 7: Set k=k+1 and goto Step 2.

Remarks: In Step 2, the computation of the eigenvalues is
based on Lemma 1. In Step 3(a), py is computed either
by relation (7) or by relation (9) (that is, in case ay > 2
or ay = 2, respectively). In Step 4(a), if ax > 2, then dj
is computed using relation (6), in contrast we set dj =
fsgn(g,il_gl)(l,o,...,O)T. Finally, in Step 6 we skip the
update in case |sTyx| < 107%|sy||[|yx|| to ensure that By, is
well defined.

W + Nk Pk if A > 0;
wy, +0ipk + rdy, otherwise

IV. EXPERIMENTAL RESULTS

In the following section we will evaluate the perfor-
mance of our proposed method in six famous benchmarks
acquired by the UCI Repository of Machine Learning
Databases [16]. In the following subsections we briefly de-
scribe each problem and present the performance compar-
ison between our proposed curvilinear memoryless BFGS
(CM-BFGS) with the linesearch memoryless BFGS (L-BFGS)
(18], [14] the conjugate gradient methods of Polak-Ribiére
(CG-PR) and Fletcher-Reeves (CG-FR) and with the scaled
conjugate gradient (SCG).

The parameters in CM-BFGS were set as o1 = oy = 1074
and for the rest algorithms we have used the standard pa-
rameters as in [18] for all experiments. All networks have
received the same sequence of input patterns and the initial
weights were initiated using the Nguyen-Widrow method
[17]. For evaluating classification accuracy we have used
the standard procedure called k-fold cross-validation [13].
We have also used the Libopt environment [7] to create
the performance profiles proposed by Dolan and Moré [6]
to present perhaps the most complete information in terms
of functions and gradient evaluations. All simulations have
been carried out on a processor Pentium-I1V dual core com-
puter (2.0MHz, 1Gbyte RAM) running Linux operating

system.

A. Breast cancer problem

The first benchmark concerns the diagnosis of breast
cancer malignancy. The data have been collected from 683
patients from the University of Wisconsin each having 9
attributes and a class label (malignant or benign tumor).
We have used neural networks with 2 hidden layers of 4
and 2 neurons respectively, as suggested in the PROBEN1
benchmark collection [20]. The termination criterion is set
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to E <0.02 within the limit of 2000 epochs and all net-
works were tested using 10-fold cross validation.
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(b) Performance based on gradient evaluations

Fig. 1. Logio scaled performance profile for number of function and
gradient evaluations for the breast cancer problem.

In Figure 1 are presented the performance profiles for the
breast cancer problem, investigating the efficiency and ro-
bustness of each training method. As regards the function
evaluations metric, CM-BFGS and L-BFGS are the top per-
formers with CM-BFGS exhibiting slightly better efficiency.
Furthermore, the performance profile relative to the gradi-
ent evaluation metric reports that CM-BFGS is much more
robust and more efficient than all other training methods.

B. Diabetes problem

The aim of this real-world classification task is to decide
when a Pima Indian female is diabetes positive or not.
We have used neural networks with 2 hidden layers of 4
neurons each and an output layer of 2 neurons [20]. The
termination criterion is set to E < 0.14 within the limit
of 2000 epochs and all networks were tested using 10-fold
cross validation.

nce on Industrial Informatics (INDIN 2009)



problem constitute of 1 hidden layer with 6 neurons and
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an output layer of 1 neuron [22]. The termination criterion

Fig. 2. Logio scaled performance profile for number of function and

is set to ' < 0.1 within the limit of 1000 epochs.
- e
s
- -
S i |
i 7
S
iy | |
¥
iy h
i | : |
B = = = L-BFGS K
¥ —— CM-BFGS H
7 - = CG-PR 0.4 |
o, CG-FR !
- osca oak |
h
10' i -
L ! - 4
(a) Performance based on function evaluations 021§ E - = = L-BFGS
g : ——— CM-BFGS
_ _ 04fs B = =1 CG-PR
] B CG-FR
sca
0 1
10
(a) Performance based on function evaluations
1ﬁ — T
S st
L S g B
09 ) .
N
14
osr  f Sy g
' o
1 !
071 [ L b
: S
06F 1 ! 4
I} . i}
2 ] B
ol : | o5 o R
¥ rd = = = |-BFGS : ;!
Fi e CM-BFGS ;1
g 04r ! 1 1
R - = CG-PR . ;
& CG-FR i - :
- ©sCG ' :
0 031 ! N
10' 1) - .I
. . L |
(b) Performance based on gradient evaluations 02rp e - = = L_BFGS
yo ——— CM-BFGS
0.1h i' = =1/CG-PR
b CG-FR
B L osca
8 1
10"

gradient evaluations for the diabetes problem.

Figure 2 presents the performance profiles for both per-
formance metrics for the diabetes problem. In Figure 2(a)
we demonstrate that CM-BFGS slightly outperforms L-BFGS
and exhibits much better performance comparatively to
the conjugate gradient methods, in terms of function eval-
uations. Additionally, Figure 2(b) reports that relative
to the gradient evaluations metric, our proposed method

is the most efficient and robust method outperforming all

other methods.

C. SPECT Heart Problem

This dataset contains data instances derived from
cardiac Single Proton Emission Computed Tomography
(SPECT) images from the University of Colorado [16].
This is also a binary classification task, where patients

heart images are classified as normal or abnormal. The
class distribution has 55 instances of the abnormal class
(20.6%) and 212 instances of the normal class (79.4%).

(b) Performance based on gradient evaluations

Fig. 3. Logio scaled performance profile for number of function and
gradient evaluations for the spect heart problem.

Figure 3 presents the performance profiles for the
SPECT heart problem. Regarding the function evalua-
tions metric, we can observe that CM-BFGS is slightly more
robust than L-BFGS and significantly outperforms all con-
jugate gradient methods. However, the performance pro-
file relative to the gradient evaluation metric reports that
CM-BFGS is much more robust and efficient comparatively

to all training methods.

D. Australian credit approval problem
Australian Credit Approval dataset contains all the de-
tails about credit card applications. This dataset is inter-
esting because the data varies and has mixture of attributes
which is continuous, nominal with small numbers of values,

and nominal with larger numbers of values. We have used

The network architectures for this medical classification
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neural networks with 2 hidden layers consist of 16 and 8
neurons and an output layer of 2 neurons [20] which pro-
vide us the best generalization results. The termination
criterion is set to £ < 0.1 within the limit of 1000 epochs
and all networks were tested using 10-fold cross validation.

the E. coli protein localization patterns into eight localiza-
tion sites. The network architectures constitute of 1 hid-
den layer with 16 neurons and an output layer of 8 neurons
[1]. The termination criterion is set to £ < 0.02 within the
limit of 2000 epochs and all networks were tested using

4-fold cross-validation [11].
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Fig. 4. Logio scaled performance profile for number of function and
gradient evaluations for the Australian credit approval problem.

Figure 4 illustrates the performance profiles for the Aus-
tralian credit approval problem investigating the efficiency
and robustness of each training method. Figure 4(a) re-
ports that CM-BFGS is most robust and efficient method
relative to the function evaluations metric since its curve
lies above the curves of all other methods. Additionally
in Figure 4(b), it is interesting to observe that CM-BFGS
is the top performer, significantly outperforming all other

training methods.

E. Escherichia coli problem

This problem is based on a drastically imbalanced
dataset of 336 patterns and concerns the classification of

10

(b) Performance based on gradient evaluations

Fig. 5. Logio scaled performance profile for number of function and
gradient evaluations the escherichia coli problem.

In Figure 5 are presented the performance profiles for
both performance metrics for the escherichia coli problem.
In general, the best overall performance relative to both
performance metrics was obtained by CM-BFGS which sig-
nificantly outperforms all other training methods, espe-

cially in terms of gradient evaluations.

F. Yeast problem

This problem is similar with the Escherichia coli prob-
lem, namely the determination of the cellular localization
of the yeast proteins. Saccharomyces cerevisiae (yeast) is
the simplest Eukaryotic organism. We have used neural
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networks with 1 hidden layer of 16 neurons and an output
layer of 10 neurons [1]. The termination criterion is set to
F < 0.05 within the limit of 2000 epochs and all networks
were tested using 10-fold cross validation [10].
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Fig. 6. Logio scaled performance profile for number of function and
gradient evaluations the yeast problem.

Figure 6 illustrates the performance profiles of each
training method for the yeast problem. Similar observa-
tions can be made with the previous problem. More specifi-
cally, CM-BFGS is the most robust and efficient method since
it exhibits the top performance outperforming all other
training methods relative to both performance metrics.

V. CONCLUSIONS

In this work, we have proposed a new curvilinear method
for training neural networks which is based on the anal-
ysis of the eigenstructure of the memoryless BFGS ma-
trices. The proposed method preserves the strong con-
vergence properties provided by the quasi-Newton direc-
tion while simultaneously it exploits the nonconvexity of

the error surface through the computation of the negative
curvature direction without using any storage and matrix
factorization. Based on the fact that the algorithm uses
only inner products and vector summations, the proposed
method is suitable for training large scale neural networks.
Our numerical experiments have shown that the proposed
method outperforms other popular training methods on
famous benchmarks.

REFERENCES

[1] A.D. Anastasiadis, G.D. Magoulas, and M.N. Vrahatis. New
globally convergent training scheme based on the resilient prop-
agation algorithm. Neurocomputing, 64:253-270, 2005.

[2] M.S. Apostolopoulou, D.G. Sotiropoulos, and P. Pintelas. Solv-
ing the quadratic trust-region subproblem in a low-memory
BFGS framework. Optimization Methods and Software,
23(5):651-674, 2008.

[3] L. Armijo. Minimization of functions having Lipschitz continu-
ous partial derivatives. Pacific Journal of Mathematics, 16:1-3,
1966.

[4] J. Barzilai and J.M. Borwein. Two point step size gradient
methods. IMA Journal of Numerical Analysis, 8:141-148, 1988.

[5] R. Battiti. First and second order methods for learning: between
steepest descent and Newton’s method. Neural Computation,
4:141-166, 1992.

[6] E. Dolan and J.J. Moré. Benchmarking optimization software
with performance profiles. Mathematical Programming, 91:201—
213, 2002.

[7] J.Ch. Gilbert and X. Jonsson. LIBOPT-An enviroment for test-
ing solvers on heterogeneous collections of problems - version 1.
CoRR, abs/cs/0703025, 2007.

[8] D. Goldfarb. Curvilinear path steplength algorithms for mini-
mization which use directions of negative curvature. Mathemat-
ical Programming, 18:31-40, 1980.

[9] J. Hertz, A. Krogh, and R. Palmer. Introduction to the Theory

of Neural Computation. Addison-Wesley, Reading, MA, 1991.

P. Horton and K. Nakai. A probabilistic classification system

for predicting the cellular localization sites of proteins. In 4"

International Conference on Intelligent Systems for Molecular

Biology, pages 109-115, 1996.

P. Horton and K. Nakai. Better prediction of protein cellular

localization sites with the k Nearest Neighbors classifier. In

Intelligent Systems in Molecular Biology, pages 368-383, 1997.

I. Ipsen. Computing an eigenvector with inverse iteration. STAM

Review, 39:254-291, 1997.

R. Kohavi. A study of cross-validation and bootstrap for ac-

curacy estimation and model selection. In International Joint

Conference on Artificial Intelligence, pages 223-228. AAAI

Press and MIT Press, 1995.

D.C. Liu and J. Nocedal. On the limited memory BFGS method

for large scale optimization methods. Mathematical Program-

ming, 45:503-528, 1989.

J.J. Moré and D. Sorensen. On the use of directions of neg-

ative curvature in a modified Newton method. Mathematical

Programming, 16:1-20, 1979.

P.M. Murphy and D.W. Aha. UCI repository of machine learn-

ing databases. Irvine, CA: University of California, Department

of Information and Computer Science, 1994.

D. Nguyen and B. Widrow. Improving the learning speed of

2-layer neural network by choosing initial values of adaptive

weights. Biological Cybernetics, 59:71-113, 1990.

J. Nocedal. Updating quasi-Newton matrices with limited stor-

age. Mathematical Computing, 35(151):773-782, 1980.

J. Nocedal and S. J. Wright. Numerical Optimization. Springer-

Verlag, New York, 1999.

L. Prechelt. PROBENI1-A set of benchmarks and benchmarking

rules for neural network training algorithms. Technical Report

21/94, Fakultt fr Informatik, University of Karlsruhe, 1994.

D.E. Rumelhart, G.E. Hinton, and R.J. Williams. Learning

internal representations by error propagation. In Parallel Dis-

tributed Processing: Explorations in the Microstructure of Cog-

nition, pages 318-362, Cambridge, Massachusetts, 1986.

M. Zhang and P. Wong. Genetic programming for medical clas-

sification: a program simplification approach. Genetic Program-

ming and Evolvable Machines, 9:229-255, 2008.

(11]

(12]

(13]

(14]

(15]

[16]

(17]

(18]
(19]

(20]

(21]

(22]

2009 7th IEEE International Conference on Industrial Informatics (INDIN 2009)

221




<<
  /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 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /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
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages 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 150
  /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 1200
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


