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KALIMAT ANCASTER )\\

e KALIMAT (Arabic transliteration of “WORDS”).

* Resources, such as corpora, are important for researchers
working on Arabic Natural Language Processing (NLP)




Motivation LANGASTER )K\

e Shortage of Arabic resources.

* Lack of Arab participants to create such resources.
e Cost (time) of manual corpus creation.

e Lack of standardisation.

e Benefit from current Arabic NLP tools.

 Use the annotated and summarised corpus as baseline.




KALIMAT Statistics )\

# ARTICLES KALIMAT

20,291 Arabic articles (Abbas et al. 2011)

20,291 Extractive single-document system summaries
2,057 Multi-document system summaries

20,291 Named Entity Recognised articles

20,291 Part of speech tagged articles

20,291 Morphologically analysed articles




Collection Categories LANCASTER /\

Number-of-Articles Number-of-Words

Culture 2,782 1,359,210
Economy 3,468 3,122,565
International News 2,035 855,945

Local news 3,596 1,460,462
Religion 3,860 1,555,635

Sports 4,550 9,813,366




KALIMAT Creation Process LANCASTER A

* The process of creating KALIMAT was applied to the entire
data collection (20,291 articles).

e We used Arabic NLP tools from the literature.

 The reason behind selecting these tools:
— trained and tested on actual Arabic datasets.

— tuned to provide high quality results.
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1- Arabic Automatic Summarisation

Single and Multi




a- Single-document Summarisation mNVCEARzT%%)\\

 Gen-Summ (El-Haj et al. 2010) is a single document
summariser based on VSM model (Salton et al. 1975)

e Takes an Arabic document and its first sentence and returns
an extractive summary.

* A number of 20,291 system summaries have been generated.




b- Multi-document Summrisation mgwa)&

* Cluster-based (El-Haj et al. 2011) is a multi-document
summariser that treats all documents to be summarised as a
single bag of sentences.

 The sentences of all the documents are clustered using
different number of clusters.

 Asummary is created by selecting sentences from the biggest
cluster only (if there are two we select the first biggest
cluster).

 We generated 2,057 multi-document summaries.

e With a summary for each 10, 100 and 500 articles in each
category, in addition to a summary for all the articles in each
category.




Multi-document Summaries %NF%SJE%/\

Topic 10 100 500 all Total
Culture 250 25 5 1 281
Economy 327 33 7 1 368
International News 169 17 4 1 191
Local news 324 33 7 1 365
Religion 348 35 7 1 391
Sports 410 41 9 1 461

2,057
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2- Named Entity Recognition (NER)




Arabic Named Entity Recognition mmsgaa%

 We used an Arabic Named Entity Recognition system (ANER)
(Koulali and Meziane 2012) to annotate the data collection.

 ANER was developed using dependent and independent
binary features and SVM implementation for sequence
tagging based on HMM.




NER Annotation Process LANCASTER A

e To annotate the data collection we followed the
Computational Natural Language Learning (CoNLL) 2002
and 2003 shared tasks

 formed by tags falling into any of the following four
categories:

— Person Names: ;s s~ (Mahmoud Darwish).
— Location Names: _ +li (Morocco).
— Organisation Names: s.~:l ¢ (United Nations).

— Miscellaneous Names: NEs not belonging to any of
the previous classes(date, time, number,
measurement, percentages).




Training ANER System LANCASTER A

 ANER was trained using ANERCorpus (Benajiba et al. 2007), a
manually annotated corpus following the CoNLL shared task.
* The reason behind choosing ANERCorpus to train the system:

— corpus articles were chosen from Arabic newswires and
Wikipedia Arabic, which is quite close to Alwatan’s data
collection




IBO2 Annotation LANCASTER )K&

ANERCorpus contains more than 150,000 tokens tagged according to the
IBO2 annotation:

B-PERS: the beginning of a person name.

I-PERS: the continuation (inside) of a person name.
B-LOC: the beginning of a location name.

I-LOC: the inside of a location name.

B-ORG: the beginning of an organisation name.
I-ORG: the inside of an organisation name.

B-MISC: the beginning of the name of an entity which does not belong to
any of the previous classes (Miscellaneous).

I-MISC: the inside of the name of an entity which does not belong to any
of the previous classes.

O: The word is not a named entity (Other).

A percentage of 90% of the ANERCorpus was used for training and the
remaining 10% was used for testing.




ANER Output LANCASTER )\\

* We used the ANER system to generate 20,291 NER annotated
documents following IBO2 annotation.

e The annotated data collection could benefit researchers

working on the Information Extraction, Question Answering
and Machine Translation.
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3- Part of Speech Tagging




Stanford POSTagger LANCASTER A

 We used Stanford POSTagger (Toutanova et al. 2003) to
annotate the 20,291 document collection.

* The strength of the Stanford POSTagger relies on the
following points:

— Explicit use of both preceding and following tag contexts via a
dependency network representation.

— Broad use of lexical features, including jointly conditioning on
multiple consecutive words.

— Effective use of priors in conditional log-linear models.
— Fine-grained modelling of unknown word features.




Stanford POSTagger LANCASTER A

* A supervised system depending on different trained models.

* Arabic model was trained using the Arabic Tree-bank p1-3
corpus.

 The POStagger identifies 33 part of speeches, using the Penn
Treebank project codification such as: Noun (NN), Plural Noun
(NNS), Proper Noun (NNP), Verb (VB), Adjective (JJ).

 The tagger reached an accuracy of 96.50%.

 The POST annotated 20,291 documents could help
researchers working on Arabic IR, Word Sense
Disambiguation and supervised learning systems.
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4- Morphological Analysis




Alkhalil Morphological Analyser bﬁNﬁAR%TE%A

e Used Alkhalil morphological analyser (Mazroui et al. 2011).

e Alkhalil was written in Java, the lexical resources consist of
several classes, each representing a type of the same nature
and morphological features.

 The Analysis was carried out in the following steps:

— pre-processing (removal of diacritics)

— segmentation (each word is considered as [proclitic + stem +
enclitic]).




Alkhalil Morphological Analyser meEARSJ%A

* Alkhalil identifies possible solutions of the segmented words
using their morphosyntactic features (i.e. vowelisation,
nature of the-word, vowelled patterns, stems, roots, suffixes,
prefixes and syntactic-forms).

* Applying Alkhalil analyser on the data collection we reached
an accuracy of 96%.

 The morphological analysis of 20,291 documents could help
in improving the performance of many tools such as:
automatic vocalization, spell checking, automatic
summarization.
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KALIMAT Output Samples




Text Sample LANCASTER A
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Figure 1: Data Collection Text Sample
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Figure 2: Single-document Summary Text Sample
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Figure 3: Multi-document Summary Text Sample
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Figure 5: Named Entity Recognition Text Sample




Part of Speech Tagged Text e &
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Figure 6: Part of Speech Tagger Text Sample




Morphologically Analysed Text )

Word Vowels Prefix Stem Type Pattern Root Suffix
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Figure 4: Morphological Analyser Sample
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KALIMAT URL:
https://sourceforge.net/projects/kalimat/

Contact:
Mahmoud El-Haj: m.el-haj@lancaster.ac.uk
Rim Koulali: rim.koulali@gmail.com




