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Abstract—In this paper, we utilize the pre-trained embedding,
sub-word embedding and closely related languages of languages
in the code mixed corpus to create a meta-embedding. We then
use the Transformer to encode the code mixed sentence and use
Conditional Random Field to predict the Named Entities in the
code-mixed text. In contrast to classical Named Entity recognition
where the text is monolingual, our approach can predict the
Named Entities in code-mixed corpus written both in the native
script as well as Roman script. Our method is a novel method to
combine the embeddings of closely related languages to identify
Named Entity from Code-Mixed Indian text written using native
script and Roman script in social media.

Index Terms—code-mixing, code-switching, Indian code mix-
ing, embedding, meta embedding, named entity recognition,
conditional random field

I. INTRODUCTION

Named Entity Recognition (NER) helps to locate the single

word or multi-word nouns that could uniquely represent an

entity, which belongs to a specific category with distinct

representation but might have different mentions in the text.

NER is one of the most essential tasks in multiple applications

that include Natural Language Processing (NLP), Information

Extraction (IR) and Machine Translation, to name a few. For

carrying out NER task with desired results, large amount

annotated data is mandatory, however for code mixed data,

the availability of annotated data is limited or nil. Hence

generalization using word embedding and meta-embedding the

multiple languages will be beneficial to tackle this problem.

Code mixing is a natural means of communication in the

Indian urban societies or multilingual communities across the

world [1]. This is a concept where the lexical units and

grammar of more than one language is used interchangeably

as if they are monolingual syntactic elements. Code mixing

frequently happens between languages possessing different

scripts, for reusability of the research work, in this work we

*Authors are supported by a research grant from Science Foundation
Ireland, co-funded by the European Regional Development Fund, for the
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use Romanized scripts for Non-Roman script language also to

analyze the text.

Word Embedding is used to project the learned word at

a high dimensional vector space for generalization of the

meaning [2]. The words having related meaning are projected

closely in the same vector space using Word Embedding

and enables vector computation to derive relations [3]. The

advantage of Word Embedding is a number of dimensions

required to model them are much lesser than the original

vocabulary and they capture syntactic and semantic details in

a simpler way [4]. These characteristics motivate the use of

the pre-trained word embedding for this work.

Closely related languages are the group of languages, those

share similarities at the lexical, syntactic and structural level.

In closely related languages, often it is possible for speakers to

carry out interaction with ease using their respective languages

without the need for switching to another language [5]. The

quantum of similarity will vary between the languages based

on the level of relatedness and mostly they share the roots for

lexical units and shared vocabulary [5], [6]. This allows code-

mix in these languages more naturally. We will also exploit

the relatedness to combine the embedding of this group of

languages for NER task.

In NLP, building or choosing the suitable Word Embedding

for the current task is a primary step. Meta-Embedding is a

technique where different embedding is combined together to

make use of best out of each them and the augmentation of

capabilities leads to better results than left individual [7]. In

the advent of the availability of pre-trained embedding, code-

mix in the text and close-relatedness between languages, meta-

embedding of pre-trained word embedding provides better

results than monolingual word embedding [8]. This technique

can be viewed as an ensemble, while the most important aspect

is neural networks are used to build this model by taking

individual embedding as input and the learned representation

is projected as output [9].

Byte Pair Encoding (BPE) can be used as an efficient
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method for reducing the representation length in the word

segmentation, which is found beneficial to find sub-word

information to take advantage of resources from closely related

languages. Studies showed that the model’s performance is

improved when BPE is used in the training of neural networks

for Machine Translation and other NLP tasks [10]. While

performing the word representation for Closely related lan-

guages, the use of BPE improves the level of encoding. The

reason is BPE compresses the word using most commonly

used character sequences and closely related languages share

the common root for the lexical units [11].

We propose NER for Code-Mixed Indian languages, which

learns how to combine different pre-trained monolingual em-

bedding in word and sub-word level into a single language

lexical representation without word-level language tags of the

corpus. To develop the hierarchical meta-embedding we use

Transformer [12] for encoding the data combined with Con-

ditional Random Field (CRF) for predicting the Named Entity

tags. Our experiment results show better results compared to

the baseline on monolingual embeddings.

II. RELATED WORK

Named Entity Recognition for monolingual corpus has

achieved much attention from natural language processing

experts and produced state-of-results from CoNLL-2003 NER

shared task [13], systems based on hand featured engineer-

ing machine learning approaches [14]–[17] to recent deep

learning-based approaches [18]–[21]. However, all these ap-

proaches only consider the monolingual corpus and were

costly for new languages and domains. Our work studies the

Named Entity Recognition in code mixed corpus.

Several researchers have investigated the code-mixing from

the linguistic motivations [22] expressed that while commu-

nications multilingual speakers often blend their languages

frequently. Recently methods have been developed to auto-

matically identify the language of code-mixed text at word

level [23], [24] and Part of Speech tagging at word level

[25]–[27] but building corpus for the language identification

for new languages was expensive. If the code mixed text of

the corpus was not written in native scripts that make even

more challenging. Previous work addresses the code-mixing

phenomenon for recognising the language and word form to

select the suitable tagging or classification tool.

Previous works have extensively studied the word represen-

tation [28], [29], sub-word level [30]–[33] and showed that

pre-trained word embedding improves the text classification

results [34]. Creating meta embedding from pre-trained em-

bedding has received much attention recently. Several methods

proposed to create meta-embedding monolingual embedding

[9], [35]. Our proposed method is similar to the recent work on

Named Entity recognition for English-Spanish [36], [37] but

their method does not work for the languages which use the

native script as well as Roman scripts. They only considered

the European languages.

III. METHODOLOGY

Commonly, Named Entity Recognition systems to use a

single type of word embeddings. We propose a method to

combine word, sub-word form embeddings written in the

native script as well as written in Roman (transliteration) script

to create a meta-embeddings.

A. Embedding

Let us consider n number of pre-trained word embeddings,

denoted by E1,....En. We denote the dimensionality of Ek

embedding by dk. The set of words in vocabulary is denoted

by V1,...Vn. Let the set union of V1,...Vn be W = w1, ....wn

containing n words. Each word can be tokenized into a

list of subwords S = [s1, ...., sn]. We generate a meta-

representation by taking vector representation of multiple pre-

trained monolingual embeddings in words and sub-words. We

do an experiment in four settings as we follow the paper

[36], [37]. First, we concatenate the word embeddings of all

the languages by merging the dimension of each language

word representation. This is not an efficient way of doing

meta-embeddings. Second, weights of each embedding Ek is

calculated using attention mechanism, where each embedding

Ek is vector of d−dimension constructed by a nonlinear

function by projection on a layer that is fully connected.

B. Named Entity Recognition

NER can be seen as a problem at word-level, given a corpus

of tokens and tags associated with the tokens, the program has

to train on the corpus and predict the tags given the tokens. A

NE may span to multiple words since (B-) and (I-) tags specify

the start and inner of the NE for position indication. (PER,

ORG, LOC) tags are used to specify the Person, Organisation

and Location correspondingly NE type tags. In addition, an O

tag indicates it is not a Named Entity.

The transformer has recently achieved superior performance

in NLP using the CRF, the undirected graphical model that

for the chosen output node’s value based on the input node’s

value computes the conditional probability. It calculates the

dependencies across tag labels such (B-) tag and (I-) tag

and learns correlations between the current label and previous

labels. It calculates P (S|O) where S = < s1, s2, ..., sT > is a

set containing sequence of states and O = < o1, o2, ..., oT >
is a set containing sequence of observations [38] as

P∧(s|o) = 1

Z0
exp

(
T∑

t=1

∑
k

λk × fk (st−1, st, o, t)

)
(1)

Training facilitates the learning of weight λk from feature

fk (st−1, st, o, t). Normalization factor is calculated to ensure

the constraint that sum of conditional probabilities are always

at max one.

Z0 =
∑
s

exp

(
T∑

t=1

∑
k

λk × fk (st−1, st, o, t)

)
(2)
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To train the CRF, penalized log-likelihood is the objective

function to be maximized for the selected S (state sequence)

and O (observation sequence)

L∧ =
N∑
i=1

log
(
P∧
(
s(i)|o(i)

))
−
∑
k

λ2
k

2σ2
(3)

To predict the named entities we use Transformer-CRF a

transformer-based encoder and Conditional Random Forest

predicter. We take the meta-embedding use this in the Trans-

former to encode the sentence and CRF takes the encoded

information from the Transformer to predict the tags of Named

Entity.

IV. EXPERIMENT

We use FastText word embedding trained from Common

Crawl and Wikipedia [30] for English and Hindi-Devanagari

script (native script for Hindi). We also add the English

Twitter GloVe word embeddings since the NER data is from

Twitter. To create a word embedding for Hindi, Bengali,

Marathi, and Panjabi in the Roman script we downloaded the

latest Wikipedia dump from Wiki-dump website 1. The dump

files are extracted to get only text part of the website using

Wikipedia Extractor 2. Then the text file is transliterated using

indic-trans library 3. The transliterated corpora are then trained

using fastText to create a pre-trained word embeddings. We

used skip-gram model to produce vectors, where dimensions

are 300 and parameters are default.

We used Hindi-English code mixed texts from the Twitter

corpus released by Singh et. al [39]. The corpus was created

using select domains namely politics, sports and social belongs

to a subcontinent (India) for a duration of 8 years. Mining

of these tweets was done by using specific hash-tags. The

corpus contains 3,638 code-mixed tweets and annotated using

CONLL standard tags (Loc) Location, (Org) Organisation,

(Per) Person, (O) Other to tag while in annotation stage.

Tweets are pre-processed and annotated as per the 6 Named

Entity tags and 7th Other tag described in the Table I.

This data is split into 3000, 338 and 300 entries for the

TABLE I
NER-TAGS FOR THE DATASET USED

Tag Explanation
B-Per Indicates the Beginning of a Person’s name.
I-Per Indicates the intermediate of a Person’s name.
B-Org Indicates the Beginning of a Organization’s name.
I-Org Indicates the intermediate of a Organization’s name.
B-Loc Indicates the Beginning of a Location’s name.
I-Loc Indicates the intermediate of a Location’s name.
Other Indicates all the word not falling in any of the above 6.

train, development, and test set respectively. A model trained

with parameters, Optimizer set as Noam, multilingual dropout

setting set to 0.1, and transformer constructed using block of

1https://dumps.wikimedia.org/
2https://github.com/attardi/wikiextractor
3https://github.com/libindic/indic-trans

four layers, 200 as hidden size, and number of heads set to 4.

The starting value of the learning rate is 0.1.

V. RESULTS AND DISCUSSION

Precision, Recall, and F-Score are the scores used for

the evaluation of the Named Entity Recognizer. Precision

is the ratio between extracted items that are relevant with

reference to the total items extracted, whereas Recall is the

ratio between extracted items that are relevant with reference

to the total items that are relevant in the given text [40], [41].

For calculation, we used Precision as the ratio of TP over the

sum of TP and FP, and recall as the ratio of TP over the sum

of TP and FN. To compare the results using a single measure

as a performance indicator, we will use F-Score calculated as

harmonic mean using Precision and Recall [42].

Precision =
TP

TP + FP
(4)

Recall =
TP

TP + FN
(5)

F-Score = 2 ∗ Precision ∗Recall

Precision+Recall
(6)

where, TP is True Positive, FP is False Positive, and FN is

False Negative.

TABLE II
F-SCORE FOR NAMED ENTITY RECOGNITION USING HIERARCHICAL

META-EMDINGINGS FOR ENGLISH-HINDI CODE-MIXED CORPUS. E

Model En+Hi +Pa+Mr+Bn
Concat 2.90 2.85
Linear 2.18 2.16
Meta-Emb-Word 2.24 2.18
Meta-Emb-Word-BPE 47.51 49.79

Table II show the result for the English-Hindi Code-Mixed

dataset. From the Table II, it is clear that adding pre-trained

embedding along with the BPE embedding outperforms the

baseline. Our baseline results were very poor compared with

state of art results of NER. However, our approach does not

require word-level annotation or hand-crafted feature selection

to perform the task of Named Entity Recognition. We observed

that the word vectors from FastText alone is not enough to

improve the results of the task.

There is an increase in F1-score between English-Hindi and

English-Hindi+Punjabi+Marathi+Bengali. This improvement

is not possible in the baseline or word only model because

the closely related language information cannot be captured by

the word only model. The BPE takes advantage from closely

related languages from the fact that they share cognates.

VI. CONCLUSION

In this paper, proposal is made to use NER in code-

mixed Indian languages to combine pre-trianed emebedding.

We analyzed the closely related language hierarchical meta-

embedding for Named Entity Recognition. We did it for

English-Hindi code mixed corpus. The Hindi was written in
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Roman Script(native script is Devenagri) so we transliterated

the corpus and did the experiments. We found that hierarchical

meta-embedding with sub-word information (BPE) produced

a better F1-Score. We also found that adding embedding of

closely related languages also improves the F1-Score.
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[23] Z. Yirmibeşoğlu and G. Eryiğit, “Detecting code-switching between
Turkish-English language pair,” in Proceedings of the 2018 EMNLP
Workshop W-NUT: The 4th Workshop on Noisy User-generated Text,
Nov. 2018, pp. 110–115.

[24] D. Mave, S. Maharjan, and T. Solorio, “Language identification and
analysis of code-switched social media text,” in Proceedings of the Third
Workshop on Computational Approaches to Linguistic Code-Switching,
Jul. 2018, pp. 51–61.

[25] K. Ball and D. Garrette, “Part-of-speech tagging for code-switched,
transliterated texts without explicit language identification,” in Proceed-
ings of the 2018 Conference on Empirical Methods in Natural Language
Processing, Oct.-Nov. 2018, pp. 3084–3089.

[26] V. Soto and J. Hirschberg, “Joint part-of-speech and language id tagging
for code-switched data,” in Proceedings of the Third Workshop on
Computational Approaches to Linguistic Code-Switching, 2018, pp. 1–
10.

[27] V. Soto, N. Cestero, and J. Hirschberg, “The role of cognate words,
pos tags and entrainment in code-switching.” in Interspeech, 2018, pp.
1938–1942.

[28] T. Mikolov, K. Chen, G. S. Corrado, and J. Dean, “Efficient estimation
of word representations in vector space,” 2013. [Online]. Available:
http://arxiv.org/abs/1301.3781

[29] J. Pennington, R. Socher, and C. Manning, “Glove: Global vectors
for word representation,” in Proceedings of the 2014 Conference on
Empirical Methods in Natural Language Processing (EMNLP), Oct.
2014, pp. 1532–1543.

[30] P. Bojanowski, E. Grave, A. Joulin, and T. Mikolov, “Enriching word
vectors with subword information,” Transactions of the Association for
Computational Linguistics, vol. 5, pp. 135–146, 2017.

[31] D. Torregrosa, N. Pasricha, M. Masoud, B. R. Chakravarthi, J. Alonso,
N. Casas, and M. Arcan, “Leveraging rule-based machine translation
knowledge for under-resourced neural machine translation models,” in
Proceedings of Machine Translation Summit XVII Volume 2: Translator,
Project and User Tracks, 19–23 Aug. 2019, pp. 125–133.

[32] B. R. Chakravarthi, R. Priyadharshini, B. Stearns, A. Jayapal, S. S,
M. Arcan, M. Zarrouk, and J. P. McCrae, “Multilingual multimodal
machine translation for Dravidian languages utilizing phonetic transcrip-
tion,” in Proceedings of the 2nd Workshop on Technologies for MT of
Low Resource Languages, 20 Aug. 2019, pp. 56–63.

[33] B. R. Chakravarthi, M. Arcan, and J. P. McCrae, “WordNet gloss trans-
lation for under-resourced languages using multilingual neural machine
translation,” in Proceedings of the Second Workshop on Multilingualism
at the Intersection of Knowledge Bases and Machine Translation, 19
Aug. 2019, pp. 1–7.

[34] A. Joulin, E. Grave, P. Bojanowski, and T. Mikolov, “Bag of tricks for
efficient text classification,” in Proceedings of the 15th Conference of
the European Chapter of the Association for Computational Linguistics:
Volume 2, Short Papers, Apr. 2017, pp. 427–431.

[35] D. Bollegala, K. Hayashi, and K. Kawarabayashi, “Think globally,
embed locally - locally linear meta-embedding of words,” in Proceed-
ings of the Twenty-Seventh International Joint Conference on Artificial
Intelligence, IJCAI 2018, July 13-19, 2018, Stockholm, Sweden, 2018,
pp. 3970–3976.

[36] G. I. Winata, Z. Lin, and P. Fung, “Learning multilingual meta-
embeddings for code-switching named entity recognition,” in Pro-
ceedings of the 4th Workshop on Representation Learning for NLP
(RepL4NLP-2019), Aug. 2019, pp. 181–186.

978-1-7281-5197-7/20/$31.00 ©2020 IEEE 71

Authorized licensed use limited to: NATIONAL UNIVERSITY OF IRELAND GALWAY. Downloaded on May 11,2020 at 10:30:52 UTC from IEEE Xplore.  Restrictions apply. 



[37] G. I. Winata, Z. Lin, J. Shin, Z. Liu, and P. Fung, “Hierarchical
meta-embeddings for code-switching named entity recognition,” in Pro-
ceedings of the 2019 Conference on Empirical Methods in Natural
Language Processing and the 9th International Joint Conference on
Natural Language Processing (EMNLP-IJCNLP), Nov. 2019, pp. 3539–
3545.

[38] A. Ekbal, R. Haque, and S. Bandyopadhyay, “Named entity recognition
in Bengali: A conditional random field approach,” in Proceedings of the
Third International Joint Conference on Natural Language Processing:
Volume-II, 2008.

[39] V. Singh, D. Vijay, S. S. Akhtar, and M. Shrivastava, “Named entity
recognition for Hindi-English code-mixed social media text,” in Pro-
ceedings of the Seventh Named Entities Workshop, Jul. 2018, pp. 27–35.

[40] E. F. Tjong Kim Sang and F. De Meulder, “Introduction to the CoNLL-
2003 shared task: Language-independent named entity recognition,” in
Proceedings of the Seventh Conference on Natural Language Learning
at HLT-NAACL 2003, 2003, pp. 142–147.

[41] A. Esuli and F. Sebastiani, “Evaluating information extraction,” in
International Conference of the Cross-Language Evaluation Forum for
European Languages. Springer, 2010, pp. 100–111.

[42] H. Schütze, C. D. Manning, and P. Raghavan, “Introduction to infor-
mation retrieval,” in Proceedings of the international communication of
association for computing machinery conference, 2008, p. 260.

978-1-7281-5197-7/20/$31.00 ©2020 IEEE 72

Authorized licensed use limited to: NATIONAL UNIVERSITY OF IRELAND GALWAY. Downloaded on May 11,2020 at 10:30:52 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


