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ABSTRACT 
In this paper, we propose a system to deal with the Chinese 
textual entailment problem for NTCIR-9 RITE task. The RITE 
task consists of four subtasks, simplified Chinese binary 
classification (CS_BC), simplified Chinese multi-way 
classification (CS_MC), traditional Chinese binary classification 
(CT_BC), and traditional Chinese multi-way classification 
(CT_MC). According to the definitions of these subtasks, a 
machine learning based classification framework is proposed and 
tested under various setups. The performance of our system in the 
formal run achieves accuracies of 73.5%, 57.5%, 60.8%, and 
48.3% for CS_BC, CS_MC, CT_BC, and CT_MC respectively.   

Categories and Subject Descriptors 
I.2.7 [Natural Language Processing]: Language Parsing and 
Understanding 

General Terms 
Algorithms, Experimentation, Human Factors, Languages 

Keywords 
Textual Entailment, Chinese Language Processing 

1. INTRODUCTION 
Recognizing Inference in Text (RITE), which is also known as 
Textual Entailment (TE), is an important task in Natural Language 
Processing. The task has been investigated in English for several 
years in PASCAL RTE challenges.  Comparatively, there are still 
few researches in Chinese TE (neither traditional Chinese nor 
simplified Chinese) because of the lack of datasets and 
benchmarks. The RITE task in NTCIR-9 workshop provides a 
benchmark for researchers to evaluate the methods on this topic 
[1]. 

First we briefly explain what RITE is. Given a text pair, Text and 
Hypothesis denoted by t1 and t2, if one can consider t2 (Hypothesis) 
is right by using the information of t1 (or Text), we can infer t2 
from t1 and say t1 entails t2 (t1 t2). Given two pairs of samples as 
follows: 
 
(S1)  “ ” ‘America Online 
acquired Netscape Communications.’ 
 
(S2)  “ ” ‘Netscape is acquired by 
America Online.’ 
 
(S3)  “ ” ‘Yasunari Kawabata is 
the writer of "Snow Country".’ 
 

(S4)  “ ” 
‘Yasunari Kawabata won the Nobel Prize in Literature for his 
novel "Snow Country".’ 
 
The text in S1 can be inferred from the information of S2, and the 
text in S2 can be also inferred from S1. The text in S3 can be 
inferred from the information of S4, but S4 cannot be inferred 
from S3 because the information about “ ” 
(‘won the Nobel Prize in Literature’) is unavailable in S3. 
In RITE task, there are three subtasks including binary-class (BC), 
multi-class (MC), and RITE4QA in three languages, Japanese, 
traditional Chinese, and simplified Chinese. We participate in the 
former two subtasks, i.e., MC and BC, in traditional Chinese and 
simplified Chinese. In binary-class subtask, each pair is labeled 
with (Y/N), where Y means t1 entails t2 and N means t1 does not 
entails t2. In multi-class subtask, each pair is labeled with one of 
relations including Bidirection, Forward, Reverse, Contradiction, 
and Independent. Forward (F) means t1 entails t2 (t1  t2), Reverse 
(R) means t2 entails t1 (t2  t1), Bidirection (B) means t1 entails t2 
and vice versa, Contradiction (C) means we would consider t2 is 
wrong when assume t1 is right, and Independent (I) means we 
cannot tell whether t1 entails t2 nor do they exclude each other.  
For example, the pair of (S1) and (S2) is a case of Bidirection 
because (S1) and (S2) entail each other. The pair of (S3) and (S4) 
is a case of Reverse because (S4) entails (S3) in one direction. 
The pair of (S5) and (S6) is Independent because the location 
information in (S5) “ ” (‘sited in China’) is excluded 
from (S6), and the period information in (S6) “ 184 ” 
(‘held for 184 days’) is excluded from (S5) as well. The pair of 
(S7) and (S8) is Contradiction because the state “ ” 
(‘competitor’) and the state “ ” (‘friend’) cannot be 
simultaneously true. 
 
(S5)  “ ” ‘Kunming 
International Horticultural Exposition is sited in China.’ 
 
(S6)  “ 184 ”  ‘Kunming 
International Horticultural Exposition is held for 184 days.’ 
 
(S7)  “ ” ‘Pakistan's competitor India.’ 
 
(S8)  “ ” ‘Pakistan's friend India.’ 

 
The released development dataset in traditional Chinese is 421 
pairs in MC and 407 pairs in simplified Chinese. Because there 
are duplicate pairs in the two language datasets, we mainly used 
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the traditional Chinese dataset to develop our system. The system 
is composed of two parts. We first extract features from t1 and t2 
of all the pairs in the development dataset to train a SVM 
classifier after some lexical transformations like numerical 
normalization, and then introduce a rule-based post-classifier to 
improve the performance of the classifier. 
In the development, we achieve an accuracy of 55.34% in 
traditional Chinese multi-class subtask and an accuracy of 74.35% 
in traditional Chinese binary-class subtask. In the formal run, our 
system has an accuracy of 48.3% in traditional Chinese multi-
class subtask, 60.8% in traditional Chinese binary-class subtask, 
57.5% in simplified Chinese multi-class subtask, and 73.5% in 
simplified Chinese binary-class subtask. 

The rest of this paper is organized as follows. First, we review the 
related work in Section 2. In Section 3, our model along with the 
feature sets is introduced. The dataset used for the evaluation is 
illustrated in Section 4. In Section 5, the experimental results are 
discussed. Finally, we conclude this paper in Section 6. 

2. RELATED WORK 
There is little prior work related to Chinese textual entailment. In 
the following, we considered papers which deal with previous 
RTE challenges and English.  
Androutsopoulos and Malakasiotis [2] review a variety of prior 
techniques for paraphrasing and recognizing textual entailment 
used on the MSR (Microsoft Research Paraphrase Corpus). The 
best results were achieved with surface string similarity. Besides, 
they describe all other techniques including logic-based approach, 
vector space models (VSM), syntactic similarity, symbolic 
meaning representation similarity, machine learning, and 
decoding. This provides a starting point when considering 
different techniques to apply as we can compare their efficacy.  
Clark and Harrison [3] created a system composed of WordNet, 
DIRT and inference using a bag-of-words similarity model. Their 
results in RTE were 61.5% accuracy for two-way and 54.7% for 
three-way classification. By analyzing each step separately, they 
found the biggest gain was with WordNet and the least with 
parsing and DIRT.  
Wang et al. [4] use a syntactic tree method comparison method to 
find similar questions within Yahoo! Answers. This particular 
method performs well within this area of research, so we decided 
to borrow the idea and apply it to textual entailment. Prior 
methods simply compared structural and syntactic similarities, but 
one also has to consider the role of semantics and production rules, 
so if two trees are similar but have different semantics or 
production rules there should still be some similarity.  
Zhang and Zhang [5] use rule-based logic form transformation to 
solve question answering in Chinese and make experiments on 
Chinese TREC data. The main goals in the transformation are to 
find predicates, argument assignments, complex nominals, 
complex verbals, temporal representation, location representation, 
and propositional phrases, some of which are unique to Chinese. 
Snow et al. [6] try to recognize false entailments through a 
combination of logical forms and syntactic heuristics. First they 
produce logical forms with NLPWin, which gives the syntactic 
dependencies. Then, they align the content nodes between the text 
and the hypothesis.  The alignment is analyzed with the syntactic 
heuristics for false entailment. If none of them are true, then they 
compare them with a lexical similarity model. On RTE-1 they 
achieved 62.5% accuracy with this system. 

3. THE MODEL 
Our textual entailment system is based on the support vector 
machine (SVM) model. For each pair of texts, t1 and t2, we first 
construct the feature vector by finding the differences between t1 
and t2 on several linguistic levels. The linguistic levels we 
considered include the word, the parsing tree, the dependency, the 
sentiment polarity, the referred name entity, and so on. In the 
training stage, all the pairs in the training set are transformed to 
the feature vectors and then sent to the SVM classifier. In the 
testing stage, each testing sample is also transformed to the 
feature vector in the same format and sent to the trained SVM 
model to determine the class of this sample. The resulting classes 
of a testing sample include Yes (Y, that is t1 entails t2) and No (N) 
in the binary classification and Bidirection (B), Forward (F), 
Reverse (R), Independent (I), and Contraction (C) in the multi-
way classification. 
In addition to the SVM classifier, a rule-based post-classifier is 
integrated into our system. The post-classifier performs a set of 
rules sequentially to make a final decision about the given sample. 
The rules are human-encoded with world knowledge that are hard 
to be captured by the machine.  

3.1 Features 
The features on various linguistic levels are utilized in our system.  
Word (W): Both the texts in t1 and t2 are segmented into Chinese 
words by performing the Stanford Chinese Word Segmenteri. And 
then, three values are generated for each pair of t1 and t2. The first 
value is the number of the words appearing in t1 only, the second 
value is the number of the words appearing in t2 only, and the last 
value is the number of the words appearing in both t1 and t2. 
Syntactic (S): Both the texts in t1 and t2 are also parsed to 
corresponding syntactic trees with the Stanford Parser ii . The 
fundamental structures of the syntactic tree are extracted as the 
features. The structure information includes the top three levels of 
the syntactic tree, the leftmost path of the syntactic tree, and the 
rightmost path of the syntactic tree. In addition, the subject, the 
major verb, and the object in a sentence are also considered as 
features. 
Dependency (D): The dependency information between the 
elements on a sentence is also resulted from the Stanford Parser. 
All the pairs of the depended elements are treated as the elements 
in the bags. In this way, three bags of depended elements are 
constructed. The first bag includes the depended elements 
appearing on in t1 only, the second bag includes the depended 
elements appearing on t2 only, and the last bag includes the 
depended elements appearing on both t1 and t2. In addition, the 
numbers of each bag are also included.  
Sentiment Polarity (SP): The sentiment polarity of each text (t1 
or t2) is computed and included in the feature vector. The 
sentiment polarity detection is a hot issue in natural language 
processing itself. In this work, we implement a simple model that 
measures the sentiment polarity for a given text. In this model, the 
sentiment score of a text is computed by summarizing the 
individual sentiment score of each word in the text. The sentiment 
score is a positive value if the polarity of the text is positive, the 
score is a negative value if the polarity is negative, and the value 
denotes how strength the sentiment is. In this way, the sentiment 
polarity features include the polarity and the sentiment score of t1, 
the polarity and the sentiment score of t2, and whether the 
polarities of t1 and t2 are the same. 
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4. THE DATASET 
The development data of the traditional Chinese tasks provided by 
the organizer are used as our training data and test data throughout 
this work. In this development data, there are 421 pairs of t1 and t2 
that are labeled in 5-way for the multi-class subtask. We 
automatically build a 2-way dataset for the binary-class subtask 
by labeling all the Forward/Bidirection samples in 5-way as Yes 
and labeling all the Reverse/Contradiction/Independent samples in 
5-way as No.  
After the formal run, the organizer published four sets of the 
testing data used in the formal run. The four sets include CS_BC, 
CS_MC, CT_BC, and CT_MC corresponding to four Chinese 
subtasks, simplified Chinese in binary-class, simplified Chinese in 
multi-class, traditional Chinese in binary-class, and traditional 
Chinese in multi-class. We also test our model with these four 
datasets.  
The statistics of experimental datasets are shown in Table 1 and 
Table 2. The labeling in the development dataset is sometimes 
confusing. For instance, the pair of (S9) and (S10) from the 
sample 10035 is labeled as Reverse by the annotator. However, 
the information about “ ” (‘brought Zhang Xue-Liang to 
Taiwan’) in (S9) is completely unavailable in (S10). Thus, the pair 
of (S9) and (S10) is actually a case of Independent.   
 
(S9)  “ ” ‘Chiang Kai-Shek 
brought Zhang Xue-Liang to Taiwan and house-arrested him’ 
 
(S10)  “

” ‘Zhang Xue-Liang, Sun Li-Jen, and Peng Ming-Min 
are the notorious examples that they were under house arrest by 
Chiang Kai-shek.’ 
 
We still keep the original labels because the testing data used in 
the formal run are also annotated by the organizer.  
 

Table 1. Statistics of the dataset for binary-class subtask 

Dataset Y N Total 

Development 169 252 421 

CS_BC 263 144 407 

CT_MC 450 450 900 
 
 

Table 2. Statistics of the dataset for multi-class subtask 

Dataset B F R C I Total 

Development 82 87 97 74 81 421 

CS_MC 71 101 91 74 70 407 

CT_MC 180 180 180 180 180 900 
 
 

5. EXPERIMENTS  
The experiments are set up as two parts. In the first part, we 
evaluate our model with different feature sets used in the 
development dataset. In this stage, the performance of each 

feature set and the performance of the combination of feature sets 
are revealed. Ten-fold cross-validation is applied in this stage. In 
the second part, the best model trained from the first part is 
chosen to be tested under the four testing datasets from the formal 
run.  

5.1 Evaluation Metrics 
All the evaluation performances are reported in terms of accuracy, 
precision, recall, and F-score.  
Accuracy measures how many samples are correctly predicted. 
For each class, we define precision as the ratio of the correctly 
predicted samples to all the samples predicted as the class, recall 
as the ratio of the correctly predicted samples to all the samples 
that actually belong to the class, and F-score as the harmonic 
mean of precision and recall.  

5.2 Feature Performance 
The performance of each feature set in binary classification is 
shown in Table 3, and the performance of each feature set in multi 
classification is shown in Table 4. In both subtasks, the word level 
features are the best performed feature set. With the combination 
of all the features, the performances slightly improve to 74.58% 
and 55.58% in the subtasks binary-class and multi-class 
respectively.  
The confusion matrices of the best models for both subtasks are 
given in Table 5 and Table 6. Each row in the matrices is the 
distribution of the classification result for a class. For instance, 
there are 148 samples that are correctly classified as Yes and 21 
samples that are wrongly classified as No in Table 5. In binary-
class subtask, the model tends to estimate input samples as Yes. In 
multi-class subtask, the performance is relatively poor for the 
classes Contradiction and Independent. The cases of Contradiction 
tend to be misclassified as Bidirection, Forward, and Reverse. The 
cases of Independent tend to be misclassified as Forward and 
Reverse.  
 

Table 3. Feature Performance in Binary-Class 

Features Accuracy Precision Recall F-Score 

Word 74.11% 76.71% 76.91% 74.11% 

Syntactic 57.72% 56.62% 56.79% 56.62% 

Dependency 71.50% 72.41% 73.17% 71.40% 

Sentiment 39.90% 36.64% 49.61% 28.84% 

All 74.58% 76.01% 76.72% 74.54% 
 
 

Table 4. Feature Performance in Multi-Class 

Features Accuracy Precision Recall F-Score 

Word 52.02% 44.64% 49.50% 44.15% 

Syntactic 27.79% 29.62% 27.69% 27.73% 

Dependency 51.07% 40.08% 48.16% 39.32% 

Sentiment 19.24% 3.89% 19.76% 6.51% 

All 55.58% 53.37% 53.74% 51.56% 
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Table 5. Confusion Matrix of Binary-Classification 

Class Y N Precision Recall F-Score

Y 148 21 63.25% 87.57% 73.45%

N 86 166 88.77% 65.87% 75.63%

Overall 234 187 76.01% 76.72% 74.54%

Table 6. Confusion Matrix of Multi-Classification 

Class B F R C I Precision Recall F-Score

B 48 9 11 11 3 51.61% 58.54% 54.86%

F 7 70 1 3 6 58.33% 80.46% 67.63%

R 9 2 75 2 9 60.48% 77.32% 67.87%

C 20 17 15 15 7 45.45% 20.27% 28.04%

I 9 22 22 2 26 50.98% 32.10% 39.39%

Overall 93 120 124 33 51 53.37% 53.738% 51.558%

5.3 Formal Run Performance 
We train our models with all features and all development data for 
the formal run. For each subtasks, three results are submitted. The 
first result is estimated with the SVM classifier and the post-
classifier. The second result is estimated with the SVM classifier 
and the post-classifier under a different parameter setting. The 
third result is estimated with the SVM classifier only. The best 
results of the formal run are given in Table 7. We train the model 
based on the development data for traditional Chinese subtask. 
However, our model achieves better performances in simplified 
Chinese subtasks.  

Table 7. Formal Run Performance 

Subtask Accuracy Precision Recall F-Score

CS_BC 73.46% 70.96% 70.83% 70.89%

CS_MC 57.49% 56.07% 54.42% 53.08%

CT_BC 60.78% 62.86% 60.78% 59.12%

CT_MC 48.33% 47.08% 48.33% 46.07%

6. CONCLUSION 
In NTCIR-9 RITE task, we explore Chinese textual entailment in 
both binary-class and multi-class subtasks. We proposed a hybrid 
approach that combines a learning-based SVM classifier and a 
rule-based post classifier to deal with this problem. In the 
development stage, our model achieves an accuracy of 55.34% in 
traditional Chinese multi-class subtask and an accuracy of 74.35% 
in traditional Chinese binary-class subtask. In the formal run, our
model achieves accuracies of 73.5%, 57.5%, 60.8%, and 48.3% in 
the subtasks simplified Chinese binary-class, simplified Chinese 
multi-class, traditional Chinese binary-class, and traditional 
Chinese multi-class respectively. 

7. REFERENCES 
[1] H. Shima, H. Kanayama, C.-W. Lee, C.-J. Lin, T. Mitamura, 

Y. Miyao, S. Shi,  and K. Takeda. 2011. Overview of 
NTCIR-9 RITE: Recognizing Inference in TExt. In NTCIR-9
Proceedings, to appear. 

[2] Androutsopoulos, Ion and Malakasiotis, Prodromos. 2010. A
Survey of Paraphrasing and Textual Entailment Methods. 
Journal of Artificial Intelligence Research 38 (2010),  135-
187.  

[3] Clark, Peter and Harrison, Phil. 2009. An Inference-based 
Approach to Recognizing Entailment. In Proceedings of TAC.  

[4] Wang, Kai, Ming, Zhaoyan, Chua, Tat-Seng. 2009. A 
Syntactic Tree Matching Approach to Finding Similar 
Questions in Community-based QA Services. In Proceedings 
of SIGIR. 

[5] Zhang, Yi and Zhang, Dongmo. 2003. Enabling Answer 
Validation by Logic Form Reasoning in Chinese Question 
Answering. In Proceedings of 2003 International Conference 
on Natural Language Processing and Knowledge 
Engineering (NLP-KE 2003), Beijing, China. 

[6] Snow, Rion, Vanderwende, Lucy, and Menezes, Arul. 2006. 
Effectively Using Syntax for Recognizing False Entailment. 
In Proceedings of the North American Association of 
Computational Linguistics, New York City, New York, 
United States of America. 

                                                                
i http://nlp.stanford.edu/software/segmenter.shtml
ii http://nlp.stanford.edu/software/lex-parser.shtml

― 352 ―

Proceedings of NTCIR-9 Workshop Meeting, December 6-9, 2011, Tokyo, Japan



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (Japan Color 2001 Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType true
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /None
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages false
  /ColorImageFilter /FlateEncode
  /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 false
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /None
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages false
  /GrayImageFilter /FlateEncode
  /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 false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /None
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /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 (Japan Color 2001 Coated)
  /PDFXOutputConditionIdentifier (JC200103)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /JPN <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName (Japan Color 2001 Coated)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 0
      /MarksWeight 0.283460
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /JapaneseWithCircle
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [1200 1200]
  /PageSize [612.000 792.000]
>> setpagedevice




