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Abstract. The objective of our experiments in the monolingual robust
word sense disambiguation (WSD) track at CLEF 2009 is twofold. On the
one hand, we intend to increase the precision of WSD by a heuristic-based
combination of the annotations of the two WSD systems. For this, we
provide an extrinsic evaluation on different levels of word sense accuracy.
On the other hand, we aim at combining an often used probabilistic
model, namely the Divergence From Randomness BM25 model, with a
monolingual translation-based model. Our best performing system with
and without utilizing word senses ranked 1st overall in the monolingual
task. However, we could not observe any improvement by applying the
sense annotations compared to the retrieval settings based on tokens or
lemmas only.

1 Introduction

The CLEF robust WSD track 2009 follows the same design as in 2008, when runs
by different systems were submitted varying in the pre-processing steps, indexing
procedures, ranking functions, the application of query expansion methods, and
the integration of word senses. In 2008, the best performance could be achieved
by a combination of different probabilistic models (PMs) [7], namely the BM25
model, a Divergence From Randomness version of the BM25 model, and a sta-
tistical language model introduced by Hiemstra. In our experiments, we combine
an often used PM with a monolingual translation-based model (TM), which was
trained on definitions and glosses provided by different lexical semantic resources,
namely WordNet, Wiktionary, Wikipedia, and Simple Wikipedia. This TM was
successfully used for the task of answer finding by Bernhard and Gurevych [4].
Further, as all participants in 2008 took only one of the two systems for WSD
into account when selecting the word sense annotations, we intend to increase
the precision of WSD by an heuristic-based combination of the annotations of
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the two WSD systems. We provide an extrinsic evaluation on different levels of
word sense accuracy. The task description and detailed information about the
data collection can be found in the track overview paper [I].

2 Indexing and Retrieval Models

2.1 Indexing

We used Terrier (TERabyte RetrIEveR) [9], version 2.1 for indexing the docu-
ments. Each of the 169,000 documents is represented by its tokens. Each token
is assigned a lemma and multiple word senses. Two different word sense dis-
ambiguation systems were applied, namely the UBC-ALM [2] and NUS-PT [5]
system (abbreviated as UBC and NUS, respectively, in the remainder of the
paper). In total, the document collection consists of approximately 100 million
tokens including stop words. The NUS annotated corpus comes with around 199
million sense annotations including the sense probability scores, i.e. on average
2 senses per token. The UBC annotated corpus even consists of around 275
million sense annotations and probability scores, i.e. on average 2.75 senses per
token. The accuracy of word sense annotations can highly influence the retrieval
performance when utilizing word senses (see e.g. Sanderson [I0]). Preliminary
experiments on the training topics have shown that restricting the incorporated
senses to the highest scored sense for each token increases the MAP of retrieval.

Further, we hypothesize that combining the NUS and UBC sense assignments
increases the precision of annotated word senses. Therefore, we created several
indices for our experiments. Each index consists of three fields, namely token,
lemma, and sense. The indexed senses vary in the way they are selected. Four
different indices were created: (i) an index with the highest scored UBC sense
for each token (UBCBest), (ii) an index with the highest scored NUS sense for
each token (NUSBest), (iii) an index with senses that were assigned by both
systems and have the greatest sum of scores (CombBest), and finally (iv) an
index with senses as in (iii), but where we chose the sense with the highest score
from the UBC or NUS corpus when the intersection of the set of senses that
were assigned by both systems is empty (CombBest™). The construction of
CombBest can be formally described by:

sense(t) = argmax  scoreV P (s) + scoreNUS (s) (1)

sES(t)

with S(t) = SUBC(t) n SNUS(t), where SUBC(t) is the set of senses of token
t obtained from the UBC system and SNVU9(t) is the sense set accordingly ob-
tained from the NUS system. Thus, S(¢) is the intersection of the senses of
token ¢ annotated from the UBC and NUS systems. Further, scoreV2¢(s) and
scoreNUS5(s) is the probability score assigned to sense s from the UBC and NUS
system. If no probability score is assigned scoreVB¢ (s) and score’NU9(s) returns
0, respectively. Accordingly, CombBest™ is defined as:

sense(t) = {

argmax,e g () scoreVBC (s) + scoreNUS(s)  if S(t) # 0
argmax,e g+ (4) scoreVBC (s) + scoreNU5(s)  otherwise

2)
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where St (t) = SYBC () U SNUS(t) is the union of the sense sets of token ¢ from
the UBC and NUS systems.

Prior to indexing, we applied standard stopword removal. Without stopwords,
all indices consists of approximately 40.7 million tokens. As shown in the third
column of Table [[] the UBCBest index contains around 34.1 million senses, the
NUSBest index contains around 34.5 million senses, i.e. 6.6 million and 6.2 mil-
lion tokens are not annotated with any sense in the UBCBest and NUSBest in-
dex, respectively. The CombBest index contains only 31.7 million senses, while
the CombBest™ index consists of 35.1 million senses.

2.2 Retrieval Models

We carried out several retrieval experiments using the Divergence From Ran-
domness BM25 model (DFR_BM25). Often, such PMs have problems dealing
with synonymy. This problem, also called lexical gap, arises from alternative
ways of expressing a concept using different terms. Query expansion models try
to overcome the lexical gap problem by reformulating the original query to in-
crease the retrieval performance. We chose the the Kullback-Leibler (KL) query
expansion model [6], since it performed best on the training data. In our ex-
periments the original query is expanded by up to 10 most informative (highest
weighted) terms from the 3 top ranked documents.

A further solution to the lexical gap problem is the integration of monolingual
TMs first introduced by Berger and Lafferty [3]. These models encode statistical
word associations which are trained on parallel monolingual document collections
such as question-answer pairs. Recently, Bernhard and Gurevych [4] successfully
applied TMs for the task of answer finding. In order to automatically train the
TMs, they used the definitions and glosses provided for the same term by dif-
ferent lexical semantic resources, namely WordNet, Wiktionary, Wikipedia, and
Simple Wikipedia yielding domain-independent TMs. The authors have shown
that their models significantly perform better than baseline approaches for an-
swer finding. In our experiments we employed the model defined by Xue et al. [11]
and used by Bernhard and Gurevych [4]:

P(q|D) = [] P(wld), 3)

where
P(w|d) = (1 = A) Pz (w|d) + AP(w|D), (4)
Ppz(wld) = (1 = B)Pry(wld) + 8 P(wlt) Pu(tld) , (5)

ted

q is the query, d the document, A the smoothing parameter for the document
collection D and P(w|t) is the probability of translating a document term ¢ to
the query term w. The parameter 3 was set to 0.8 and A to 0.5.

We applied the TM trained for the answer finding task, though it was not
particularly trained for our task. As the TM was trained on tokens, we apply it
on the indexed token field exclusively.
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Table 1. Number of indexed word senses and MAP on retrieval (model: DFR_BM25
+ KL) for different index types

index type # senses MAP
UBCBest 34.1 million 0.2636
NUSBest 34.5 million 0.3473
CombBest 31.7 million 0.3313
CombBest™ 35.1 million  0.3551

2.3 Combination of Retrieval Models

Our hypothesis is that TMs retrieve different documents for some queries than
PMs. Therefore, we compute a combined relevance score to improve the retrieval
performance. First, we normalize the scores resulting from each model applying
standard normalization:

Tnorm(i) _ Torzg(z) Tmin 7 (6)

Tmaz — Tmin

where rorig(4) is the original score, 7y, is the minimum, and 7,4, is the maxi-
mum occurring score for a query. Second, we combine the normalized relevance
scores computed for individual models into a final score using the CombSUM
method introduced by Fox and Shaw [§]. This method ranks the documents
based on the sum of the (normalized) similarity scores of individual runs. Each
run can be assigned a different weight.

3 Retrieval Results

3.1 Preliminary Experiments on Word Senses

As stated in Section 2] we created four indices which differ in the way word
senses assigned by the UBC and NUS systems are selected. Table [Il shows the
number of indexed word senses for the total number of 40.7 million tokens and the
MAP values of different retrieval experiments applying the DFR_ BM25 ranking
model with KL query expansion. Retrieval on the UBCBest index shows a MAP
value of 0.2636. For retrieval based on the NUSBest index the MAP value in-
creases by 24.1%. According to this extrinsic evaluation, the NUS system clearly
outperforms the UBC system. While CombBest does not increase the retrieval
performance measured by MAP (0.3313), we were able to signiﬁcantl increase
the MAP value using the CombBest™ index up to 0.3551. In the remainder of
this paper, we use the indices CombBest and CombBest™ as our intention was
to analyze the performance of the heuristic-based combination approach. The
runs that we officially submitted are based on the CombBest index only.

! We used a two-tailed paired t-test (o < 0.05) to determine the statistical significance.
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Table 2. MAP values of the different retrieval models and index fields

. sense sense
retrieval model token lemma CombBest CombBest+
™ 0.3616 - - -

DFR_BM25 0.3741 0.4054 0.2867 0.3096

DFR_BM25 + KL 0.4223 0.4451 0.3313 0.3551

3.2 Stand-Alone Retrieval Models

Table [2] shows the MAP of the different models. The TM is always restricted
to the indexed tokens; the PM can use all different fields. We did not perform
any fine-tuning on the parameters. The TM and the DFR__BM25 model without
any query expansion show similar MAP values. However, when applying query
expansion the DFR__BM25 approach outperforms the TM. The DFR_BM25
model with query expansion on tokens yields a MAP value of 0.4223 while we
get a MAP value of 0.4451 on lemmas, which is an improvement of 5.1%. Ex-
periments on senses achieve the lowest performance ranging from 0.2867 up
to 0.3551. Applying query expansion on the CombBest and CombBest™ index
outperforms the runs without query expansion. In the following, we focus on
experiments applying the DFR_BM25 model with query expansion (hereafter
referred to as PM) and the TM.

3.3 Combination of Retrieval Models

We extensively experimented on the training data with different combination
weights for the PM and TM using the CombSUM method described in Sec-
tion Z3l The combination achieves best performance when the PMs based on
tokens and lemmas were assigned a higher weight (due to their higher MAP
values) than the model based on senses or the TM. Table Bl illustrates the re-
sults obtained on the test topics by different combinations, with and without
the integration of word senses. The presented weight combinations yielded best
performance on the training data.

Two combinational aspects are of particular interest. The combination of the
PMs based on tokens and lemmas yields no improvement (as no sense annota-
tions are used CombBest and CombBest™ yield equal performance). In contrast,
the combinations of the PM with the TM always leads to an improvement. Even
if the impact of the TM, i.e. its weight, is low (here: 0.2), the MAP values sig-
nificantly increase when compared to the results obtained by the PM alone, on
the token and lemma index fields. This fact corroborates our hypothesis that the
PM and the TM retrieve different sets of relevant documents for some queries
and that those different sets are effectively combined applying the CombSUM
approach.

The second interesting aspect concerns the integration of word sense infor-
mation. As listed in Table [l retrieval based on senses from the CombBest index
yields a MAP of 0.3313, while retrieval based on senses of the CombBest™ index
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Table 3. MAP values and weights for the combination of different models, using the
CombBest and CombBest™ indices. The settings marked with a “*’ were submitted.

model:field weights for combinations weights for combinations
without word sense annotations with word sense annotations
TM:token - 0.2 0.2 0.2 - - 0.1 0.1 0.1
PM:token 0.5 0.8 - 0.4 0.8 - 0.8 - 0.4
PM:lemma 0.5 - 0.8 0.4 - 0.8 - 0.8 0.4
PM:sense - - - - 0.2 0.2 0.1 0.1 0.1
index type MAP values MAP values
CombBest 0.4303 0.4461* 0.4330* 0.4500* 0.4481"

CombBest™ 0-4409 0.4316" 045097 0.4500 0.4327 0.4473 0.4331 0.4507 0.4480

shows a MAP of 0.3551. We attribute the difference to the fact that CombBest
loses information about the documents due to the smaller amount of indexed
senses. However, all combinations either with the CombBest or the CombBest™
senses end up with a very similar performance. The reason could be that the
loss of information when using the CombBest index is compensated by querying
the tokens or lemmas as well.

In some combinational variations, the integration of word senses could achieve
a higher MAP value than retrieval settings without word senses. For example,
the MAP value corresponding to the retrieval based on tokens alone is 0.4223
(see Table[I)), while the combination with senses obtains a MAP value of 0.4303
for the CombBest index and even 0.4327 for the CombBest™ index. However, for
the combination based on lemmas and senses, the difference is not significant.
Overall, the best performance is obtained by the combination of the TM and
the PM based on lemmas and senses, applying weights of 0.1, 0.8, and 0.1,
respectively.

3.4 Discussion

In the previous section, we described all our experiments carried out on the docu-
ment collection disambiguated with word senses. We submitted five runs without
the integration of word senses and five further runs utilizing the annotated word
senses. According to the MAP values our runs without word senses ended up in
the 1st place out of 10 participants. Our highest MAP value could be achieved
with the combination of the TM and the PM based on lemmas and the assigned
weights of 0.2 and 0.8, respectively. When utilizing word senses, the combination
of the TM and the PM based on both lemmas and senses obtains the 1st place
according to the MAP as well. We mistakingly submitted runs on the CombBest
index, even though we planned to focus on the CombBest™ index. However, we
have shown that the differences between the combinational approaches are min-
imal. Our best performing submitted retrieval setting achieved a MAP value of
0.4500, whereas the second top scoring system in the official challenge obtains a
MAP value of 0.4346.
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We increased the precision of WSD annotations through a heuristic-based
combination of the UBC and NUS annotated senses, which we evaluated extrin-
sically. This evaluation has shown that the accuracy of annotated word senses
highly influences the outcome of retrieval systems. However, we could not observe
any improvement by applying the sense annotations compared to the retrieval
settings based on tokens or lemmas only. This observation is consistent with the
conclusion of last years’ challenge.

Regarding the performance of the TM, the results on the combination are
promising given that we merely applied a TM built for a previous application
in the field of answer finding. The main drawback of the straightforward use is
the discrepancy in the tokenization scheme. The tokenization of the document
collection is not always compatible with the tokenization of the parallel corpora
used for training the TM. In addition, the TM we used contains only tokens and
thus cannot deal with indexed multiword expressions. For instance, the phrase
“public transport" is indexed as “public_ transport". In the TM the two terms
“public" and “transport" appear, but not the phrase “public_transport". We
quickly analyzed the amount of multiword expressions in the test topic collection.
In fact, 61 queries out of the 160 test queries contain at least one multiword
expression. This analysis shows that the TM was not particularly trained for
this task and motivates further improvements. In addition, the TM could be
trained on lemmas and senses. The latter option, however, requires a word sense
disambiguated monolingual parallel corpus.

4 Conclusions

We have described a combinational approach to information retrieval on word
sense disambiguated data, which combines a PM and a monolingual TM. For
the PM we have used the DFR_BM25 model with the KL query expansion
method. For the TM we have applied a model which was already trained for an
answer finding task. Our aim was to assess the benefits of the combination of
both models. We have shown that the combinational approach always achieves
better performance than the stand-alone models.

Our second goal was to analyse different methods for selecting word senses
from annotated corpora in order to increase their accuracy. We have discovered
that our heuristic-based approach CombBestt increases the retrieval perfor-
mance based on word senses by 2.2% when compared to NUSBest and even
25.8% when compared to UBCBest. The huge difference between NUSBest and
UBCBest demonstrates that WSD accuracy is essential for utilizing word sense
information. However, the experiments on the CombBest™ index have shown that
we could only increase the retrieval performance in one specific case: by combin-
ing the PM based on tokens with the same model based on senses. Nevertheless,
other combinations without word senses outperformed this setting easily.



Combining Probabilistic and Translation-Based Models 127

Acknowledgements

This work has been supported by the Emmy Noether Program of the German
Research Foundation (DFG) under the grant No. GU 798/3-1, and by the Volk-
swagen Foundation as part of the Lichtenberg-Professorship Program under the
grant No. 1/82806.

References

10.

11.

. Agirre, E.,; Di Nunzio, G.M., Mandl, T., Otegi, A.: CLEF 2009 Ad Hoc Track

Overview: Robust-WSD Task. In: Multilingual Information Access Evaluation Text
Retrieval Experiments. LNCS, vol. 1, Springer, Heidelberg (2010)

. Agirre, E., Lopez de Lacalle, O.: UBC-ALM: Combining k-NN with SVD for WSD.

In: Proceedings of the Fourth International Workshop on Semantic Evaluations
(SemEval-2007), Prague, Czech Republic, pp. 342-345 (2007)

. Berger, A., Lafferty, J.: Information Retrieval as Statistical Translation. In: Pro-

ceedings of the ACM SIGIR Conference on Research and Development in Informa-
tion Retrieval, pp. 222-229 (1999)

. Bernhard, D., Gurevych, I.: Combining Lexical Semantic Resources with Question

& Answer Archives for Translation-Based Answer Finding. In: Proceedings of the
Joint Conference of the 47th Annual Meeting of the ACL and the 4th Interna-
tional Joint Conference on Natural Language Processing of the AFNLP, Suntec,
Singapore, pp. 728-736 (2009)

. Chan, Y.S., Ng, H.T., Zhong, Z.: NUS-PT: Exploiting Parallel Texts for Word Sense

Disambiguation in the English All-Words Tasks. In: Proceedings of the Fourth
International Workshop on Semantic Evaluations (Sem Eval-2007), Prague, Czech
Republic, pp. 253-256 (2007)

. Cover, T.M., Thomas, J.A.: Elements of Information Theory. Wiley-Interscience,

New York (1991)

. Dolamic, L., Fautsch, C., Savoy, J.: UniNE at CLEF 2008: TEL, and Persian IR.

In: Peters, C., et al. (eds.) CLEF 2008. LNCS, vol. 5706, pp. 178-185. Springer,
Heidelberg (2009)

. Fox, E.A., Shaw, J.A.: Combination of Multiple Searches. In: Proceedings of the

2nd Text REtrieval Conference (TREC-2), pp. 243-252 (1994)

. Ounis, I., Amati, G., Plachouras, V., He, B., Macdonald, C., Lioma, C.: Terrier:

A High Performance and Scalable Information Retrieval Platform. In: Proceedings
of the ACM SIGIR Workshop on Open Source Information Retrieval (2006)
Sanderson, M.: Word Sense Disambiguation and Information Retrieval. In: Pro-
ceedings of the ACM SIGIR Conference on Research and Development in Informa-
tion Retrieval, New York, NY, USA, pp. 142-151 (1994)

Xue, X., Jeon, J., Croft, W.B.: Retrieval Models for Question and Answer Archives.
In: Proceedings of the ACM SIGIR Conference on Research and Development in
Information Retrieval, New York, NY, USA, pp. 475-482 (2008)



	Combining Probabilistic and Translation-Based Models for Information Retrieval Based on Word Sense Annotations
	Introduction
	Indexing and Retrieval Models
	Indexing
	Retrieval Models
	Combination of Retrieval Models

	Retrieval Results
	Preliminary Experiments on Word Senses
	Stand-Alone Retrieval Models
	Combination of Retrieval Models
	Discussion

	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 149
  /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 0.40
    /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 149
  /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 0.40
    /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 599
  /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

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /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.)
    /DEU <>
  >>
  /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 [595.276 841.890]
>> setpagedevice




