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Abstract

A novel training algorithm for nonlinear discrimi-
nants for classification and regression in Reproduc-
ing Kernel Hilbert Spaces (RKHSs) is presented.
It is shown how the overdetermined linear least-
squares-problem in the corresponding RKHS may
be solved within a greedy forward selection scheme
by updating the pseudoinverse in an order-recursive
way. The described construction of the pseudoin-
verse gives rise to an update of the orthogonal de-
composition of the reduced Gram matrix in linear
time. Regularization in the spirit of Ridge regres-
sion may then easily be applied in the orthogonal
space. Various experiments for both classification
and regression are performed to show the competi-
tiveness of the proposed method.

1

Models for regression and classification that enforce square
loss functions are closely related to Fisher discriminants
[Duda and Hart, 1973]. Fisher discriminants are Bayes-
optimal in case of classification with normally distributed
classes and equally structured covariance matrices [Duda and
Hart, 1973][Mika, 2002]. However, in contrast to SVMs,
Least Squares Models (LSMs) are not sparse in general and
hence may cause overfitting in a supervised learning scenario.
One way to circumvent this problem is to incorporate regular-
ization controlled by a continuous parameter into the model.
For instance, Ridge regression [Rifkin e al., 2003] penalizes
the norm of the solution yielding flat directions in the RKHS,
which are robust against outliers caused by e. g. noise. In
[Suykens and Vandewalle, 1999] Least-Squares SVMs (LS-
SVMs) are introduced which are closely related to Gaussian
processes and Fisher discriminants. A linear set of equa-
tions in the dual space is solved using e. g. the conjugate
gradient methods for large data sets or a direct method for
a small number of data. The solution is pruned [De Kruif
and De Vries, 2003][Hoegaerts et al., 2004] in a second
stage. The close relation between the LS-SVM and the Ker-
nel Fisher Discriminant (KFD) was shown in [Van Gestel et
al., 2002]. Tt follows from the equivalence between the KFD
and a least squares regression onto the labels [Duda and Hart,
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1973][Mika, 2002] that the proposed method is closely re-
lated to the KFD and the LS-SVM. However, the proposed
method imposes sparsity on the solution in a greedy fashion
using subset selection like in [Billings and Lee, 2002][Nair er
al., 2002]. For the SVM case similar greedy approaches exist
[G. Cauwenberghs, 20001[Ma et al., 2003].

Especially in case of large data sets subset selection is a
practical method. It aims to eliminate the most irrelevant or
redundant samples. However, finding the best subset of fixed
size is an NP-hard combinatorial search problem. Hence, one
is restricted to suboptimal search strategies. Forward selec-
tion starts with an empty training set and adds sequentially
one sample that is most relevant according to a certain cri-
terion (e. g. the mean square error). In [Nair er al., 2002]
an external algorithm which is based on elementary Givens
rotations is used to update the QR-decomposition of the re-
duced Gram matrix in order to construct sparse models. The
Gram Schmidt orthogonalization is used in [Billings and Lee,
2002] and [Chen et al., 1991] for the orthogonal decomposi-
tion of the Gram matrix. They also apply forward selection in
a second step to obtain sparse models. This method is known
as Orthogonal Least Squares (OLS). However, the OLS al-
gorithm requires the computation and the storage of the full
Gram matrix which is prohibitive for large datasets.

In this paper a very simple and efficient way for construct-
ing LSMs in a RKHS within a forward selection rule with
much lower memory requirements is presented. The pro-
posed method exploits the positive definiteness of the Gram
matrix for an order-recursive thin update of the pseudoin-
verse, which reveals to the best of our knowledge a novel kind
of update rule for the orthogonal decomposition. The solution
is regularized in a second stage using the Generalized Cross
Validation to re-estimate the regularization parameter.

The remainder of this paper is organized as follows. In
section 2, computationally efficient update rules for the pseu-
doinverse and the orthogonal decomposition are derived. In
section 3, it is shown how the solution may be regularized. In
section 4 some experimental results on regression and classi-
fication datasets are presented. Finally, a conclusion is given
in section 5.

2 Update of the Orthogonal Decomposition

In a supervised learning problem one is faced with a training
data set D = {x;,y;},i¢ = 1...M. Here, x; denotes an
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input vector of fixed size and y; is the corresponding target

value which is contained in R for regression orin {1, —1} for

binary classification. It is assumed that x; # x;, for ¢ # j.
We focus on sparse approximations of models of the form

ey

The use of Mercer kernels k(-, x) [Mercer, 1909] gives rise
to a symmetric positive definite Gram Matrix K with ele-
ments K;; = k(x;,x;) defining the subspace of the RKHS
in which learning takes place. The weight vector «
{b,a1,...,ap} contains a bias term b with a corresponding
column 1 ={1,...,1} in the Gram matrix.

Consider the overdetermined least-squares-problem

y = Ka.

@)

Gy = argmin||K,, o, — y||?
Om

in the m-th forward selection iteration with the reduced Gram
matrix K, = [1 k;...k,] € RM*(m+1) where k;
(k(-,x1),---,k(,xm))T, i € {1,...,m} denotes one pre-
viously unselected column of the full Gram matrix. We de-
note the reduced weight vector as a,,, = {b, a1,...,n} €
R™+1 and the target vector asy = (y1,...,ya)’. Among
all generalized inverses of K, the pseudoinverse

K], = (K, Kn)'K], (3)

is the one that has the lowest Frobenius norm [Ben-Israel and
Greville, 1977]. Thus, the corresponding solution

Qny = Kiny 4
has the lowest Euclidean norm.
Partitioning K,,, and ¢, in the form
K, = [Ku_1kn] (%)
am = (apm_1am)’ (6)

and setting o, = auno = const, the square loss becomes
L(am—laamO) = ”Km—lam—l - (y - kmamO)H2- (7)

The minimum of (7) in the least-squares-sense is given by

Q-1 =K}, 1 (y — Knamo). )
Inserting (8) into (7) yields

Lamo) = [[I-Kpm 1 K kpamo—(I-K,, Ky

m—1
©))
with I denoting the identity matrix of appropriate size.
Note that the vector
am = (I - K K, )k (10)

is the residual corresponding to the least-squares regression
onto k,,. Hence, q,, is a nullvector if and only if k,,, is a
nullvector unless K is not strictly positive definite. To ensure
strictly positive definiteness of K, it is mandatory to add a
small positive constant € to the main diagonal of the full Gram
matrix in the form K — K + €I. Forward selection may then
be performed using this strictly positive definite Gram matrix.
In the following k,,, # 0 is assumed.
The minimum of (9) is met at

OA‘mO = an(]: - I<7nflI<-r

m-1)Y (1)

I?

Noting that the pseudoinverse of a vector is given by

T
T Am
An = 72 112 (12)
2

equation (11) may be written as

TI-Kp K
dm() _ qm( 12 m—l)y (13)

[[am|
KL Ky KD ) (- K 1K)y
[l [[?
The matrix

P,=1-K, K, (14)

is an orthogonal projection matrix which implies being sym-
metric and idempotent and thus equation (13) simplifies to

Gimo = al,y. (15)

Combining (15) with (8) the current weight vector &, may
be updated as

A A K|, — K| _ kuqf
Q,y, = [a(56m01:| = [ m—1 qu—l A y (16)
revealing the update
T _ Kl i
Ki = {Kml gmlkmqm} (17)

for the current pseudoinverse.

Since every projection q,, = P, k;, lies in a subspace
which is orthogonal to K,,,_; it follows immediately that
al’q; = 0, for i # j. Hence, an orthogonal decomposi-
tion

K, =Q,U, (18)
of the reduced Gram matrix is given by the orthogonal matrix
and the upper triangular matrix

U,— _
Unm = KOT j) (QLQm) "' QLkn|.  (20)

In the m-th iteration O(Mm) operations are required for all
these updates. Note that the inversion of the matrix Q% Q,,
is trivial since this matrix is diagonal. However, the condition
number of the matrix Q,, increases as the number of selected
columns m grows. Thus, to ensure numerical stability it is
important to monitor the condition number of this matrix and
to terminate the iteration if the condition number exceeds a
predefined value unless another stopping criterion is reached
earlier.

3 Regularization and Selection of Basis
Centers

The goal of every forward selection scheme is to select the
columns of the Gram matrix that provide the greatest re-
duction of the residual. Methods like basis matching pur-
suit [Mallat and Zhang, 19931, order-recursive matching pur-
suit [Natarajan, 1995] or probabilistic approaches [Smola and
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Schélkopf, 2000] are several contributions to this issue. In
[Nair et al., 2002], forward selection is performed by simply
choosing the column that corresponds to the entry with the
highest absolute value in the current residual. The reasoning
is that the residual provides the direction of the maximum
decrease in the cost function 0.5a” Ka — aTy, since the
Gram matrix is strictly positive definite. The latter method
is used in the following experiments. But note that the de-
rived algorithm may be applied within any of the above for-
ward selection rules. In the following we will refer to the pro-
posed method as Order-Recursive Orthogonal Least Squares
(OROLS).
Consider the residual
ém:y_ym:y_dem (21)
in the m-th iteration. The vector &, contains the orthogonal
weights.
The regularized square residual is given by
E,, (22)

= &le,, +rala,
y Py

where A denotes a regularization paramter. The minimum of
(22) is given by

P, = I- Qm(qum + )‘Im)_le (23)
_ T
A+ qQQm

Thus, the current residual corresponding to the regularized
least squares problem may be updated as

T
- = aAmQq
m me - ~
€ (P = 5 o o )y
T
~ Y dm
= €n_1 —Qgm—————. 24
i e o (24)
The orthogonal weights
T
~ Y 9 .
Q)i = 7, 1< <m. 25
A T 2

can be computed when the forward selection is stopped. The
original weights can then be recovered by

am =U e, (26)
which is an easy inversion since U,, is upper triangular.

In each iteration one chooses the q; which corresponds to
the highest absolute value in the current residual and adds it to
Q. —1. Itis possible to determine the number of basis func-
tions using crossvalidation or one may use for instance the
Bayesian Information Criterion or the Minimum Description
Length as alternative stopping criteria. Following [Gu and
Wahba, 1991] and [Orr, 1995] it is possible to use the Gen-
eralized Cross Validation (GC'V) as a stopping criterion. We
will now summarize the results. For details see [Orr, 1995].

The GCV is given by

Minimizing the GCV with respect to A\ gives rise to a re-
estimation formula for A. An alternative way to obtain a
re-estimation of A\ is to maximize the Bayesian evidence
[MacKay, 1992].

Differentiating (27) with respect to A and setting the result
to zero gives a minimum when

. oP,, . . Otrace(P,,
yTPma ytrace(Pm) = yTanyarL)(\)- (28)
Noting that
_ 9P,
yTP,, my =A&L(QL Qu + ML) Lam  (29)

equation (28) can be rearranged to obtain the re-estimation
formula

a [Otrace(P,,)/ONyT P2y (30)
o trace(f’m)dﬁ(QﬁQm + ALy) " ta,
where B
otrace(P,,) <= alai
p— a . 31
P\ 2 A+ o] qi)? ey

i=1

The forward selection is stopped when A stops changing sig-
nificantly.

The computational cost for this update is O(m). The ORO-

LOS algortihm is summarized in pseudocode in Algorithm 1.

4 Experiments

To show the usefulness of the proposed method empirically,
some experiments for regression and classification are per-
formed. In all experiments the Gaussian kernel

()

is used. The kernel parameter o is optimized using a 5-fold
crossvalidation in all experiments. For the classification ex-
periments the one-vs-rest approach is used to obtain a multi-
class classification hypothesis.

’

_x 12
h(x,x ) = eap | X=X 17

552 (32)

4.1 Classification

For classification, 5 well-known benchmark datasets were
chosen. The USPS dataset contains 256 pixel values of hand-
written digits as training and testing instances.

The letter dataset contains 20000 labeled samples. The
character images were based on 20 different fonts and each
letter within these fonts was randomly distorted to produce
a dataset of unique stimuli. For this dataset no predefined
split for training and testing exist. We used the first 16000
instances for training and the remaining 4000 instances for
testing.

Optdigits is a database of digits handwritten by Turkish
writers. It contains digits written by 44 writers. The train-
ing set is generated from the first 30 writers and digits writ-
ten by the remaining independent writers serve as testing in-

1 Pyl stances. The database was generated by scanning and pro-
GOV, = M - 3 (27)  cessing forms to obtain 32 x 32 matrices which were then
((1/M) traCG(Pm)) reduced to 8 x 8.
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Algorithm 1 Order-Recursive Orthogonal Least Squares
(OROLS)

Require: Training data X, labels y, kernel

Initializations: A — 0, m — 1, K; = 1, K| =
Q=10 =[].I={1,...,M}, L,y = {}

1

T
]Wl ’

while A changes significantly and Q,, is not illconditioned
do
Update e,

find the index i,,; of the entry of e,, with the highest
absolute value

Iopt — {Iopta Z.opt}
I I\ {iopt}
Compute k;,, ,

Compute q;,,,,
K, «— K

m—1Kopt]

Qm — [Qm-190pt]

Update K|, and U, using k,,; and qop:
Update A

m«—m-—+1

end while
return &, Iy

Pendigits contains pen-based handwritten digits. The digits
were written down on a touch-sensitive tablet and were then
resampled and normalized to a temporal sequence of eight
pairs of (z,y) coordinates. The predefined test set is formed
entirely from written digits produced by independent writers.

The satimage dataset was generated from Landsat Multi-
Spectral Scanner image data. Each pattern contains 36 pixel
values and a number indicating one of the six classes of the
central pixel.

The caracteristics of the datasets are summarized in table 1.
The results can be seen in table 2. Especially for the optdig-
its and pendigits datasets OROLS appears to be significantly
superior compared with SVMs. The performance on the re-
maining 3 datasets is comparable with SVMs.

DATA SET # CLASSES # TRAINING # TESTING
USPS 10 7291 2007
LETTER 26 16000 4000
OPTDIGITS 10 3823 1797
PENDIGITS 10 7494 3498
SATIMAGE 6 4435 2000

Table 1: Datasets used for the classification experiments.

DATA SET SVM OROLS
USPS 4.3 4.4(10)
LETTER 2.75 2.61(4.3)
OPTDIGITS  2.73 1.11(10.2)
PENDIGITS 2.5 1.66(1.9)
SATIMAGE 7.8 8.2(7.5)

Table 2: Test errors in % on 5 benchmark datasets. The one-
vs-rest approach is used. Average fraction of selected basis
centers in % within parantheses.

4.2 Regression

For regression, we first perform experiments on a synthetic
dataset based on the function sinc(z) sin(z)/xz, = €
(—10, 10) which is corrupted by Gaussian noise. All training
and testing instances are chosen randomly using a uniform
distribution on the same interval. The results are illustrated in
figures 1-3 and table 3.

Additionally, the two real world datasets Boston and
Abalone, which are available from the UCI machine learning
repository, are chosen. The hyperparameters are optimized in
a 5-fold crossvalidation procedure. For both datasets, ran-
dom partitions of the mother data for training and testing
are generated (100 (10) partitions with 481 (3000) instances
for training and 25 (1177) for testing for the Boston and
Abalone dataset, respectively). All continuous features are
rescaled to zero mean and unit variance for both Abalone and
Boston. The gender encoding (male / female /infant) for the
Abalone dataset is mapped into {(1,0,0), (0,1, 0), (0,0, 1)}.
The Mean Squared Error (MSE) of OROLS is compared with
a forward selection algorithm based on a QR-decomposition
of the Gram matrix [Nair et al., 2002]. The results in table
4 show that the MSE is improved significantly by OROLS.
In contrast to OROLS the QR method uses an external algo-
rithm with reorthogonalization for the update of the orthog-
onal decomposition. We observed that our update scheme
which is to the best of our knowledge a novel update needs
not to be reorthogonalized as long as the Gram matrix has
full rank. This improvement of accuracy could be one rea-
son for the good performance of OROLS. Furthermore, it
should be noted that the best performance of OROLS for the
Boston dataset is quite favourable compared with the best per-
formance of SVMs (MSE 8.7 + 6.8) [Scholkopf and Smola,
2002].

METHOD RMSE
SVM 0.0519
RVM 0.0494

OROLS 0.0431

Table 3: Average RMSE for the sinc experiment. 50 / 1000
randomly generated points are used for training / testing. The
standard deviation of the Gaussian noise is 0.1 in all runs.
The results are avereged over 100 runs.
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Figure 1: Example fit to a noisy sinc function using 50/ 1000
randomly generated points for training / testing. The standard
deviation of the Gaussian noise is 0.1. The Root Mean Square
Error (RMSE) is 0.0269 in this case. 9 points are selected as
basis centers.
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Figure 2: RMSE of fits to a noisy sinc function w. r. t. dif-
ferent training set sizes. 1000 randomly generated points are
used for testing. The standard deviation of the Gaussian noise
is 0.1 in all runs. The results are avereged over 100 runs for
each size.

DATASET QR OROLS
BoOSTON 8.35+£5.67 7.943.28(26)
ABALONE 4.53+0.29 4.3240.17(10.8)

Table 4: Mean Square Error (MSE) with standard deviations
for the Boston and Abalone dataset using different methods.
Average fraction of selected basis centers in % within paran-
theses.

5 Conclusion

A computationally efficient training algorithm for orthogo-
nal least squares models using Mercer kernels is presented.
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0 I I

. .
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Figure 3: RMSE of fits to a noisy sinc function w. r. t. dif-
ferent noise levels. 100/ 1000 randomly generated points are
used for training / testing. The results are avereged over 100
runs for each noise level.

The pseudoinverse is updated order-recursively and reveals
the current orthogonal decomposition of the reduced Gram
matrix within a forward selection scheme. The Generalized
Cross Validation serves as an effective stopping criterion and
allows to adapt the regularization parameter in each iteration.
Extensive empirical studies using synthetic and real-world
benchmark datasets for classification and regression suggest
that the proposed method is able to construct models with a
very competitive generalization ability. The advantage of the
proposed method compared with e. g. SVMs is its simplic-
ity. Sparsity is achieved in a computationally efficient way
by constuction and can hence better be controlled than in the
SVM case where a optimization problem is to be solved. Fur-
thermore, in contrast to SVMs OROLS allows an easy incor-
poration of multiple kernels, i e. the kernel parameters may be
varied for different training instances in order to obtain more
flexible learning machines. This possibility is not examined
here and may be an interesting direction for future work. A
further step for future work could be the development of the
proposed algorithm for tasks like dimensionality reduction or
online-learning.

References

[Ben-Israel and Greville, 1977] A. Ben-Israel and T. N. E.
Greville. Generalized Inverses: Theory and Applications.
Wiley, 1977.

[Billings and Lee, 2002] S. A. Billings and K. L. Lee. Non-
linear fisher discriminant analysis using a minimum
squared error cost function and the orthogonal least
squares algorithm. Neural Networks, 15:263-270, 2002.

[Chen etal., 1991] S. Chen, C. F. N. Cowan, and P. M.
Grant. Orthogonal least squares learning for radial ba-
sis function networks. IEEE Transactions on Neural Net-
works, 2(2):302-309, 1991.

I[JCAI-07

664



[De Kruif and De Vries, 2003] B.J. De Kruif and T. J. A. De
Vries. Pruning error minimization in least squares support
vector machines. IEEE Transactions on Neural Networks,
14(3):696-702, 2003.

[Duda and Hart, 1973] R. O. Duda and P. E. Hart. Pattern
classification and scene analysis. John Wiley and Sons,
1973.

[G. Cauwenberghs, 2000] T. Poggio G. Cauwenberghs. In-
cremental and decremental support vector machine learn-
ing. In Advance in Neural Information Processing Systems
(NIPS 2000), 2000.

[Gu and Wahba, 1991] C. Gu and G. Wahba. Minimizing
gcv/gml scores with multiple smoothing parameters via
the newton method. SIAM Journal on Scientific and Sta-
tistical Computing, 12(2):383-398, 1991.

[Hoegaerts er al., 2004] L. Hoegaerts, J. A. K. Suykens,
J. Vanderwalle, and B. De Moor. A comparison of prun-
ing algorithms for sparse least squares support vector ma-
chines. In Proceedings of the 11th International Confer-
ence on Neural Information Processing (ICONIP 2004),
Calcutta, India, Nov 2004.

[Ma et al., 2003] J. Ma, J. Theiler, and S. Perkins. Accurate
on-line support vector regression. Neural Computation,
15:2683-2703,2003.

[MacKay, 1992] D. J. C. MacKay. Bayesian interpolation.
Neural Computation, 4(3):415-447, 1992.

[Mallat and Zhang, 1993] S. Mallat and Z. Zhang. Matching
pursuit in a time-frequency dictionary. IEEE Transactions
on Signal Processing, 41:3397-3415, 1993.

[Mercer, 1909] J. Mercer. Functions of positive and negative
type and their connections to the theory of integral equa-
tions. In Philos. Trans. Roy. Soc., pages A 209:415-446,
London, 1909.

[Mika, 2002] S. Mika. Kernel Fisher Discriminants. PhD
thesis, Technical University Berlin, 2002.

[Nair et al., 2002] P. Nair, A. Choudhury, and A. J. Keane.
Some greedy learning algorithms for sparse regression and
classification with mercer kernels. Journal of Machine
Learning Research, 3:781-801, 12 2002.

[Natarajan, 1995] B. K. Natarajan. Sparse approximate so-
lutions to linear systems. SIAM Journal of Computing,
25:227-234, 1995.

[Orr, 1995] M. Orr. Regularisation in the selection of radial
basis function centres. Neural Computation, 7:606—-623,
1995.

[Rifkin er al., 2003] R. Rifkin, G. Yeo, and T. Poggio. Regu-
larized least squares classification. In J. A. K. Suykens,
G. Horvath, S. Basu, C. Micchelli, and J. Vandewalle,
editors, Advances in Learning Theory: Methods, Models
and Applications, volume 190 of NATO Science Series I11:
Computer and Systems Sciences, chapter 7, pages 131—
154. I0S Press, Amsterdam, 2003.

[Scholkopf and Smola, 2002] B. Scholkopf and A. J. Smola.
Learning with Kernels. MIT Press, 2002.

[Smola and Schélkopf, 2000] A.J. Smola and B. Schélkopf.
Sparse greedy matrix approximation for machine learn-
ing. In Proceedings of the 17th International Conference
on Machine Learning, pages 911-918. Morgan Kaufmann,
2000.

[Suykens and Vandewalle, 1999] J. A. K. Suykens and
J. Vandewalle. Least squares support vector machine clas-
sifiers. Neural Processing Letters, 9:293-300, 1999.

[Van Gestel et al., 2002] T. Van Gestel, J. A. K. Suykens,
G. Lanckriet, A. Lambrechts, B. De Moor, and J. Van-
dewalle. A bayesian framework for least squares sup-
port vector machine classifiers, gaussian processes and
kernel fisher discriminant analysis. Neural Computation,
14(5):1115-1147, May 2002.

I[JCAI-07

665




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 2
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. 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 best suited for high-quality prepress printing.  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 /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


