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Abstract. Distance metric learning has been successfully incorporated
in many machine learning applications. The main challenge arises from
the positive semidefiniteness constraint on the Mahalanobis matrix, which
results in a high computational cost. In this paper, we develop a novel
approach to reduce this computational burden. We first map each training
example into a new space by an orthonormal transformation. Then, in
the transformed space, we simply learn a diagonal matrix. This two-
phase approach is thus much easier and less costly than learning a full
Mahalanobis matrix in one phase as is commonly done.

1 Introduction

Learning a good distance metric has become an established topic in machine
learning during the past decade. The performance of many fundamental metric-
based algorithms, such as k-nearest-neighbor (k-NN) classification and k-mean
clustering, can be significantly improved when using an appropriate distance
metric to measure the closeness between examples [1, 2]. For this reason, a
number of distance metric learning approaches have been proposed (see [3] for
a recent survey). Essentially, distance metric learning consists in adjusting a
distance metric using the information contained in the input data. The resulting
distance metric should satisfy some constraints of the application in question.
These constraints are often specified in the form of pairwise constraints (x;, x;),
which means that x; and x; should be similar (i.e., must-link constraints) or
dissimilar (i.e., cannot-link constraints), or in the form of triplet constraints
(xi,Xj,x%;), which means that x; should be more similar to x; than to x;.

We focus on learning a Mahalanobis distance metric, where the squared dis-
tance between two examples x; and x; in RP is computed as di;(x;,x;) =
(x; — xj) "M(x; — x;) where M = 0 is a positive semidefinite (PSD) ma-
trix. By factorizing M = LLT, the Mahalanobis distance can be viewed as
the Euclidean distance after applying a linear transformation x’ = L'x, i.e.
d? (xi,%;) = (x; —x;)'LL" (x; — x;) = [[L"(x; — x;)[|>. This implies that
learning a Mahalanobis distance metric corresponds to learning a linear trans-
formation. Methods that learn a linear transformation, including Linear Dis-
criminant Analysis (LDA) [4], Neighborhood Component Analysis (NCA) [5]
and Distance Metric Learning through Maximization of the Jeffrey divergence
(DMLMJ) [6], are mostly formulated as nonconvex optimization problems, which
can be solved by gradient descent or eigenvalue optimization techniques. Tak-
ing the positive semidefiniteness constraint into account, methods that learn
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the Mahalanobis matrix, including Large Margin Nearest neighbor (LMNN) [1],
Information-Theoretic Metric Learning (ITML) [2], and Maximally Collapsing
Metric Learning (MCML) [7], are mostly formulated as convex semidefinite pro-
grams, which can be solved by standard semidefinite programming, boosting, or
Frank-Wolfe algorithms.

Learning a Mahalanobis distance metric becomes a very challenging prob-
lem for machines, especially in high-dimensional settings. This limitation arises
from the positive semidefiniteness constraint on the Mahalanobis matrix, which
requires for most approaches a computational complexity of O(D3) to make a
projection onto the PSD cone. To reduce this computational burden, we propose
a novel distance metric learning approach consisting of two phases: (1) we first
find an orthonormal transformation to diagonalize the Mahalanobis matrix in
the new coordinate system, (2) based on the preceding results, learning a full
Mahalanobis matrix turns into learning a nonnegative diagonal matrix. Next, we
introduce in more detail the problem formulation and its optimization algorithm.

2 Proposed approach

In this section, we will show how to learn a distance metric for k-NN classifica-
tion. Our approach aims at finding a distance metric such that for each training
example, its nearest neighbors of the same class are pulled as close as possible,
while its nearest neighbors of different classes are pushed away as far as possi-
ble. Given a set of n labeled training examples {(x;, y;)}7, the learned distance
metric should guarantee that the distance of x; to any example of its positive
neighborhood N’ (x;), which is a set of its nearest neighbors of the same class,
should be smaller than the distance to any example of its negative neighborhood
N~ (x;), which is a set of its nearest neighbors of different classes. The above
statement is translated into the following set of triplet constraints

T ={(xi,xj,x) | x; € NT(x;) and x; € N7 (x;) } .

By keeping a safety margin between the positive and negative neighborhoods of
each training example, we ensure that the performance of k-NN will be improved.

We start by introducing some notations that are necessary for developing our
proposal. Let m denote the rank of M. Since M = 0, it can be represented by
a nonnegative weighted sum of m rank-one matrices’ as M = 37" w;a;a; =
AWA'T, where A is a real matrix, whose columns are the m orthonormal vectors
a;, and W is a diagonal matrix, whose diagonal elements are the m nonnegative
values w;. In other words, A can be seen as an orthonormal transformation
that performs a rotation and a reduction of dimensionality of the input space,
while W' can be seen as a matrix of scaling factors, which are given by /w;,
along the direction of each axis in the transformed space induced by A. In
this paper, we cast the problem of learning a Mahalanobis distance metric as
learning an orthonormal transformation A and a diagonal matrix W. If we can
find an appropriate orthonormal transformation that eliminates the correlation

1This factorization can be performed using, for instance, eigen-decomposition.
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between features, then learning a full Mahalanobis matrix becomes learning a
simple diagonal matrix. In short, our proposed method consists of two phases
that are described next.

In the first phase, we learn an orthonormal transformation A that satisfies as
many triplet constraints (x;,x;,%;) € T as possible. For this purpose, we define
the following loss function that penalizes the large distances between examples
(x4,%;) of the same class and the small distances between examples (x;,x;) of
different classes,

FIA) =" di (xi, %) — da (x4, %)

(xi,%x5,%x1)€ET

= tr(z (AT(XZ' - x]-))T(AT(xi — X)) — (AT(XZ' - Xl))T(AT(xi - Xl))>

(xi,%x5,%x1)€ET

= tr(z (AT(Xi - x;)) (AT(xi - xj))T — (AT(xi - x7)) (AT(xi - xl))T)

(xix;,x1)€T

= tr(AT Z ((xi —x5)(x; — xj)T — (% —xp)(x; — xl)T>A) .

(xi,x5,x1)€ET

Hence, learning an orthonormal transformation A amounts to solving the fol-
lowing optimization problem

max tr (AT ZA) ,
ATA=I

where 3 =37 er(xi—xi)(x; —x;) " — (xi —x;)(x; —x;) . Following [8],

the aforementioned problem can be solved using standard eigen-decomposition.
That is, the optimal solution is the matrix whose columns are the m linearly
independent eigenvectors corresponding to the m largest positive eigenvalues
of 32. The parameter m corresponds to the number of features in the transformed
space induced by A.

In the second phase, we learn a diagonal matrix W in the transformed space
induced by A. After applying the orthonormal transformation, the training
examples become {(A Tx;,y;)}™ ;. In order to satisfy as many triplet constraints
(xi,xj,%x;) € T as possible, we formulate the problem of learning W as follows

win SIWIE+C 3 [+ @ (ATx ATx) — diy (ATx, AT (1)
(xi,x;,%)ET

where C' > 0 is the regularization hyper-parameter, and [.] is the function that
returns the positive part of its argument. The first term in (1) is the squared
Frobenius norm regularization of W and the second term in (1) is the hinge loss
function with margin one that penalizes the violations of triplet constraints in 7.
Since W is diagonal, the squared Mahalanobis distance metric can be rewritten
as

d%V(ATXi, ATXj) = W—r [(ATXZ' — ATXj) [¢] (ATXZ' — ATXj)] = <W, ai]‘> 5
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where w is the vector containing all diagonal elements of W, the operator o de-
notes the element-wise product, and a;; = (ATx;,— A Tx;)o(ATx;—ATx;). Let
&ij1 > 0 be slack variables corresponding to each triplet constraint (x;,x;,x;) €
T, then problem (1) can be rewritten as

. 1 +

min §W w+ C Z &ij
(xi,%5,%x1)ET

st V(xi,xj,x) €T (w,ay—aj;) >1—&j, &u>0,

Vie{l,....,m}: w; >0.

(2)

Problem (2) is a convex quadratic program. Hence, it can be solved by a standard
quadratic programming solver. However, general-purpose solvers tend to scale
poorly in a large number of triplet constraints. Since our optimization problem
is very close to that introduced in [9], we employ the Lagrangian dual method
via coordinate descent as proposed by Nguyen et al. [9] to solve (2). The idea
is to adopt a coordinate descent method to solve the dual problem. In each
iteration, it requires to solve only one-variable subproblem while keeping track
of the primal variables during the optimization procedure.
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Fig. 1: A synthetic data set illustrating the idea behind TPDML. Examples of
the same class are shown in the same color and style: (a) Data set in the original
space, (b) data set in the rotated space after the first phase, and (c) data set in
the transformed space after the second phase.

We refer to the proposed method as two-phase distance metric learning
(TPDML). Figure 1 illustrates the main idea behind TPDML. In the origi-
nal space, it is clear that the classification accuracy of k-NN is very poor since
examples of different classes are very close (see Figure 1(a)). After learning
the orthonormal transformation A, all examples are rotated along two axes (see
Figure 1(b)). Finally, they are properly separated by “shrinking” along the
horizontal axis and “stretching” along the vertical axis (see Figure 1(c)) after
learning the weights w.

126



ESANN 2017 proceedings, European Symposium on Atrtificial Neural Networks, Computational Intelligence
and Machine Learning. Bruges (Belgium), 26-28 April 2017, i6doc.com publ., ISBN 978-287587039-1.
Available from http://www.i6doc.com/en/.

3 Experiments

In this section, we compare the performance of TPDML with that of state-
of-the-art distance metric learning methods, including ITML [2], LMNN [1],
DML-eig [10], SCML [11] and the Euclidean distance metric. Thus, to make
the comparison of these methods as fair as possible, all experiments are carried
out in the context of 5-NN. The hyper-parameters of the competing methods
are tuned using cross-validation to get the best results. For TPDML, we tune
the hyper-parameter C' considering as set of values {0.001,0.01,...,1000}. The
source codes implemented in Matlab of all methods have been supplied by the
respective authors.

We evaluate the performance of the competing methods on twelve standard
benchmark data sets with different sizes. Except isolet? and usps®, all data
sets are downloaded from the KEEL repository*. Table 1 presents a summary
description of these data sets. All features are normalized into the interval [0, 1].
In the experiments, we use 10-fold cross-validation to estimate the test accuracy
of k-NN classification.

Data set #features #examples Data set #features #examples
appendicitis 7 106 monk-2 6 432
balance 4 625 movement 90 360
banana 2 5300 optdigits 64 5620
isolet 617 7797 sonar 60 208
letter 16 20000 usps 256 9298
magic 10 19020 wine 13 178

Table 1: Description of data sets used in our experiments.

Table 2 shows the classification accuracy of the competing methods on the
selected data sets. The last two rows of this table are the average ranks and
the training time (in seconds) of each method. On each data set, we assign
rank 1 to the method with the highest accuracy, rank 2 to the method with the
second highest accuracy, and so on. From the results, we observe that all dis-
tance metric learning methods improve the performance of the standard k-NN
classification using the Euclidean distance metric. Moreover, our method per-
forms competitively with other competing methods with regard to classification
accuracy, while it is an order of magnitude faster in training time.

4 Conclusion

In this paper, we have proposed a novel distance metric learning approach
(TPDML) consisting of learning an orthonormal transformation and a diago-
nal matrix. The learned distance metric aims at reducing the number of local
triplet constraints in order to improve the performance of k-NN classification.

2https://archive.ics.uci.edu/ml/datasets/ISOLET
3http://www-i6.informatik.rwth-aachen.de/ keysers/usps.html
4http://sci2s.ugr.es/keel /datasets.php
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Data set Euclidean ITML LMNN DML-eig SCML TPDML
appendicitis 85.00 86.00 88.82 87.00 86.91 88.82
balance 86.24 91.84 84.64 87.52 94.25 95.35
banana 89.28 89.34 89.34 89.17 89.36 89.49
isolet 91.28 93.07 95.89 89.20 91.70 94.23
letter 95.55 95.37 96.72 84.42 96.54 96.91
magic 83.60 83.73 83.74 83.15 84.79 83.83
monk-2 94.75 89.43 97.04 100.00 99.55 98.86
movement 75.28 74.72 82.50 67.22 63.33 79.17
optdigits 98.75 98.70 99.04 97.44 97.21 98.83
sonar 84.52 81.69 84.05 85.05 80.19 83.62
usps 94.47 94.37 94.57 88.00 85.70 94.67
wine 95.49 96.67 97.78 96.63 98.86 96.60
Rank 4.33 4.13 2.50 4.33 3.58 2.13
Time 7866.82  3398.98 8396.48 2259.24  567.52

Table 2: Classification accuracy of the competing methods in our experiments.

Experimental results on real data sets confirmed the efficiency and efficacy of our
method. Future work will concentrate on extending this approach into a kernel-
ized version which can be more applicable to non-linear classification problems.

References
[1] K. Q. Weinberger and L. K. Saul. Distance metric learning for large margin nearest
neighbor classification. The Journal of Machine Learning Research, 10:207-244, 2009.

[2] J. V. Davis, B. Kulis, P. Jain, S. Sra, and I. S. Dhillon. Information-theoretic metric
learning. In Proceedings of the Twenty-Fourth International Conference on Machine
Learning, pages 209-216, 2007.

[3] A. Bellet, A. Habrard, and M. Sebban. Metric Learning. Morgan & Claypool Publishers,
2015.

[4] R. A. Fisher. The use of multiple measurements in taxonomic problems. Annals of
Eugenics, 7(2):179-188, 1936.

[5] J. Goldberger, S. Roweis, G. Hinton, and R. Salakhutdinov. Neighbourhood components
analysis. In Advances in Neural Information Processing Systems 17, pages 513520, 2005.

[6] B. Nguyen, C. Morell, and B. De Baets. Supervised distance metric learning through
maximization of the Jeffrey divergence. Pattern Recognition, 64:215-225, 2017.

[7] A. Globerson and S. T. Roweis. Metric learning by collapsing classes. In Advances in
Neural Information Processing Systems 18, pages 451-458, 2006.

[8] I. Jolliffe. Principal Component Analysis. Wiley Online Library, 2005.

[9] B. Nguyen, C. Morell, and B. De Baets. Large-scale distance metric learning for k-nearest
neighbors regression. Neurocomputing, 214:805-814, 2016.

[10] Y. Ying and P. Li. Distance metric learning with eigenvalue optimization. The Journal
of Machine Learning Research, 13(1):1-26, 2012.

[11] Y. Shi, A. Bellet, and F. Sha. Sparse compositional metric learning. In Proceedings of
the 28th AAAI Conference on Artificial Intelligence, pages 2078-2084, 2014.

128



	WednesdayAll
	ESANN2017-5_3
	ESANN2017-108_3
	ESANN2017-97_2
	ESANN2017-120_2
	ESANN2017-63_2
	ESANN2017-37_2
	ESANN2017-135_3
	ESANN2017-96_4
	ESANN2017-50_2
	ESANN2017-130_2
	ESANN2017-112_4
	ESANN2017-38_3
	ESANN2017-4_2
	ESANN2017-69_3
	ESANN2017-53_2
	ESANN2017-27_2
	ESANN2017-92_4
	ESANN2017-43_3
	ESANN2017-34_4
	Introduction
	Learning Framework
	LSTM
	CRF
	LSTM-CRF

	Experiments
	Event Capture and Annotation
	Classification Results

	Conclusion and Future Directions

	ESANN2017-8_2
	ESANN2017-57_3
	ESANN2017-54_2
	ESANN2017-70_3
	ESANN2017-11_4
	ESANN2017-71_2
	ESANN2017-117_2
	ESANN2017-42_3
	ESANN2017-123_2
	ESANN2017-2_1
	ESANN2017-67_4
	Introduction
	Relevance bounds for feature selection
	Efficient Realization by Linear Programming
	Experiments
	Conclusion

	ESANN2017-86_3
	ESANN2017-94_4

	ThursdayAll
	ESANN2017-1_3
	ESANN2017-103_4
	ESANN2017-83_6
	ESANN2017-74_2
	ESANN2017-136_4
	ESANN2017-131_6
	ESANN2017-149_6
	ESANN2017-116_4
	Introduction
	A sparse representation model for diffusive graph signals
	The dictionary learning algorithm
	Experiments
	Synthetic data
	Real-world data

	Conclusion

	ESANN2017-127_8
	ESANN2017-66_2
	ESANN2017-41_2
	ESANN2017-49_2
	ESANN2017-134_5
	ESANN2017-140_2
	ESANN2017-24_4
	ESANN2017-17_3
	Introduction
	Methodology
	Data collection
	Key phrase extraction

	Results
	Discussion

	Conclusions

	ESANN2017-77_2
	ESANN2017-95_3
	ESANN2017-47_3
	ESANN2017-89_2
	ESANN2017-65_2
	ESANN2017-80_3
	ESANN2017-141_3
	ESANN2017-12_7
	ESANN2017-10_4
	ESANN2017-98_7
	ESANN2017-113_2
	ESANN2017-32_2
	Confidence-weighted Learning of Linear Classifiers
	Spikes as Regularizers
	Neurophysiological motivation
	The algorithm

	Experiments
	Main experiments
	Practical Rademacher complexity

	Conclusion

	ESANN2017-55_3
	ESANN2017-44_4
	ESANN2017-3_1
	ESANN2017-93_2
	ESANN2017-25_3
	ESANN2017-138_2
	ESANN2017-22_3
	ESANN2017-31_2
	ESANN2017-72_4
	ESANN2017-73_3
	Introduction to the identification of non-recurrent events
	Threshold based incident detection
	Machine learning based incident detection
	Objectives of our approach

	A detection method based on clustering indicator
	The LDA-perplexity as state indicator
	Application of a threshold based incident filter

	Baseline incident detection methods
	Experiments on the french road network of Nantes
	Conclusion and perspectives


	FridayAll
	ESANN2017-23_2
	ESANN2017-45_2
	ESANN2017-133_2
	ESANN2017-152_2
	Introduction
	Latent Dirichlet allocation
	Extending LDA to capture temporal relations
	Methodology
	Conclusions

	ESANN2017-104_4
	ESANN2017-29_3
	ESANN2017-16_4
	Myoelectrical signal classification based on S transform and two-directional 2DPCA
	1 Introduction
	2 Methods
	2.1 S transform
	2.2 2D2PCA
	2.3 ST2D2PCA and performance evaluation

	3 Results
	3.1 Multi-Scale Muscle Activity Patterns
	3.2 Effect of total energy conserved
	3.3 Recognition of intended motions

	4 Conclusion


	ESANN2017-40_7
	ESANN2017-36_2
	ESANN2017-39_3
	ESANN2017-139_3
	ESANN2017-60_3
	ESANN2017-91_2
	ESANN2017-6_1
	ESANN2017-18_14
	ESANN2017-35_4
	ESANN2017-110_9
	ESANN2017-82_3
	ESANN2017-87_3
	ESANN2017-48_2
	ESANN2017-61_7
	ESANN2017-102_3
	ESANN2017-109_7
	ESANN2017-30_5
	ESANN2017-33_18
	ESANN2017-122_2
	ESANN2017-115_4
	ESANN2017-100_7
	ESANN2017-56_2
	ESANN2017-90_3

	proceedings2017Back


<<
  /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
  /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 false
  /MaxSubsetPct 100
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /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




