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Abstract

Increasing availability of on-line and off-line multilingl resources along with
the developments in the related automatic tools that cacegsothis information,
such as GIZA++|(Och & Ney 2003), has made it possible to bugla multilin-
gual resources that can be used for NLP/IR tasks.

Lexicon generation is one such task, which if done by handiie g@xpensive
with human and capital costs involved. Generation of maotiial lexicons can
now be automated, as is done in this research work. Wikipedia on-line
multilingual resource was gainfully employed to autometicbuild multilingual
lexicons using simple search strategies.

Europarl parallel corpus (Koehn 2002) was used to creatélimgual sets of
synonyms, that were later used to carry out the task of Wond&Bisambigua-
tion (WSD) on the original corpus from which they were dediv&he theoretical

analysis of the methodology validated our approach.

The multilingual sets of synonyms were then used to learopswised mod-

http://www.wikipedia.org/



Abstract iii

els of word morphology in the individual languages. The $etxperiments we
carried out, along with another unsupervised techniqueg wealuated against
the gold standard. Our results compared very favorably thighother approach.

The combination of the two approaches gave even betteitsesul
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CHAPTER 1

Introduction and Motivation

1.1 Initial Motivation

Over the past two decades the web has been transformed fiontediresource
available to the lucky few, who could afford it or were worgion the technol-
ogy behind it, to an immense resource rich in all kinds of infation. But its
size causes its own problems, one of which is the inabiligxtoact useful infor-
mation from this plethora of written material. The incremgy more advanced
hardware is making it possible to process all this inforpratielatively faster.
That is where Natural Language Processing (NLP) comes ims dttechnol-
ogy for automated processing of natural languages, whies aemputational

devices to extract useful relevant information.

That makes NLP an important task and with increasing infoionait is be-

coming increasingly important. Without useful automatechniques, this vast

2
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pool of information would remain exactly that and its sizeultblose its mean-
ing.

A lot of work has already gone into NLP but still there are a bemof tasks
which may take a number of years before they could be coresides resolved,
such as Machine Translation (MT), and Word Sense Disamb@u@/N'SD) to
name a few.

Despite the fact that a lot of work has already been done on teRmulti-
lingual aspect has still not been fully explored and no treljable commercial
tools have been developed that could replace the human edtprired for such
tasks with machines.

The motivation behind this research is to see how a multil@gorpus can

be used to:

* extract new lexical resources;

» see how these lexical resources can assist in NLP or IntosmRetrieval
(IR), where documents are retrieved based on a query, taske priginal

multilingual corpus from which they were derived.

1.2 NLP and Information Retrieval (IR)

Though IR is considered to be a different task than the skbi@isNLP, it relies

on some of the NLP methods and approaches, such as stemming.

1.2.1 NLP

NLP has a long history with a number of people spending yearbulding
useful real world applications. It has some success stepesially where NLP

has been employed in daily tasks, such as spell checker anthgar checker.
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NLP is a fairly complex problem and needs background knogéeid lin-
guistics, machine learning and statistics. That requirésng learning curve
which makes the talent pool working in it relatively scarééso, one important
ingredient is missing from most NLP tasks, its interfacehvgpeech. Ignoring
how humans express themselves and only focussing on laegunadysis breaks
a crucial link in the evolution of NLP technologies, makirigaivery difficult
task to develop machines passing the famous Turing Testthad communi-
cate with humans on equal footing (Turing 1950). Till thaaehieved a lot of
effort needs to be put into designing and implementing systthat can incre-
mentally increase the performance of NLP tasks.

NLP covers a wide range of subtasks, such as WSD, MT, morghuaanal-
ysis Question Answering (QA), Sentiment Analysis, and -B&$peech (POS)
tagging, to name but a few. A number of techniques and modeis been used
to achieve the above mentioned tasks, such as statisti¢hbdseand graphical
models.

NLP tasks require rich text resources. Over the years, aibeovith the
advent of the internet, such resources are available imuasbers and are often
free. Corpus based approaches can help in gathering isgtisiated to use of

language constructs in a real world environment.

1.2.2 Corpora based Approaches

Over the years a number of mono- and multi-lingual corponzehemerged.
Starting from the Brown Corpus (Francis 1964), an Americaglish corpus
that covered 1 million words. Subsequent efforts include Bhitish National
Corpus (BNC)l(Burnard & Aston 1998), a 100 million word cosp$uch mono-
lingual corpora can obviously help in mono-lingual task®atBthe mentioned

corpora were not annotated with lexical semantic infororatAn example of an
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annotated mono-lingual corpus is Wall Street Journal (W$d&bank (Marcus
et al.l1998) which is annotated with syntactic tree strieddor all sentences in
the corpus.

The annotations provide auxiliary information that is Helpvhen super-
vised learning approaches are used for training and tegtingpses. It can also
act as a gold standard for evaluation purposes. The undedatarpora lack in
auxiliary information and supervised approaches are ritgdtor such corpora.
Unsupervised approaches on the other hand can take intaradte statistical
information hidden within the corpus and thus need no infdram provided by
experts.

Un-annotated corpora can also be developed more chealy s expert
knowledge is required to provide annotations. Annotatepa@@ on the other
hand do not come cheap. A certain level of consensus is egamong experts
before the annotated corpus could be used as a gold stafddeatiputs an extra
cost on the development of such corpora.

Apart from the above mentioned mono-lingual corpora soméifmgual
corpora are also freely available. Normally speeches nmadwuiti-lingual fora
are a good source of such corpora. One example isldresardwhich are the
parliamentary proceedings in the Westminster style of gowents. The Cana-
dian Hansartlis bilingual in English and French. Another example from enor
recent history is the Europall (Koehn 2002) which is a vemnprehensive ac-
count of European Parliamentary proceedings updatedaegudnd is freely
available in a refined form ready to be used for NLP tadskg4 1 European lan-
guages, or a subset of them.

Europarl is immensely useful as an un-annotated corpussaneli suited

to unsupervised learning. Statistical approaches areswi##d to process it and

http:/iwvww.parl.gc.ca/housechamberbusiness/charittiegs.aspx
2http://www.statmt.org/europarl/
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extract useful information, for instance, as to how the wak aligned between
any two languages (Brown etlal. 1993). Since such corporéaakéng in any
annotated information, the algorithms have to themseluéd btatistical tables
based on the frequency of words. GIZA++ (Och & Ney 2003) is cowsidered
to be a standard tool in bilingual word alignment. It has based in for the
purposes of this research work as well.

Supervised or un-supervised, corpora based approachdseaased to au-
tomatically create resources such as WordNet, rather thangdt manually as
for the original Princeton WordNet (PWN)_(Fellbaum 1998),EuroWordNet
(Vosseh 1998), which took years to be built.

Though, hand-crafted resources are generally more comapsele and fine
grained, such as WordNet, the automatically generated takedess time and
fewer number of human resources. But such processes are farerrors, since
normally statistical approaches are employed and theyaarigdm perfect, in-
ducing their own errors that may be multiplied over multidaguages. They
also normally still require pre-processing to be done keeéary useful tool could

be employed to extract any useful information.

1.2.3 Information Retrieval (IR)

Lancaster (1968) defines IR as:

An information retrieval system does not inform (i.e. chatige knowledge
of) the user on the subject of his inquiry. It merely infornmstbe existence (or
non-existence) and whereabouts of documents relatingtequest.

van Rijsbergen( (1979) gives a detailed account of autontitia his book
which is freely available on the interfet

IR pertains to searching documents of interest. The brutefapproach

3http://www.dcs.gla.ac.uk/Keith/Preface.html
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would be to look at each available document and see if it intefest to the user
by comparing it with the query given by the user. A more refiapgroach would
be toclusterdocuments which are closer to each other based on a cert#iic me
such as the Euclidean distance in the Vector Space Mboddb(Seat al! 1975).
The closer the documents, the greater the chances that ¢éhayghto the same
cluster. Thus clusters of documents are formed with a clssigi@ed to each one
of them. When a query is given by the user the whole set of deotsnn the
cluster closest to the query is returned.

In this work we have treated each speech delivered in thedearo Parlia-
ment as a document and performed clustering on them with ghdwt the sense
tags in order to evaluate the multilingual synsets that wereerated. This step

essentially is IR.

1.2.4 Multilingual NLP and IR

While monolingual NLP is generally concerned with using NEBhniques from
the perspective of one language at a time, for instancenfirgnglish synonyms
using the Distributional Similarity measure (van der Plagi&demann 2006),
where there is no need to compare the context in one langodage tontext in
another. For such tasks a corpus in one language suffices.

Yet, the full potential of NLP techniques can not be realinetess they are
setin the environment where multiple languages are coresidé&Jsing more than
one language may increase the overhead of dealing with ranedne language
at a time but could be very useful for certain tasks, for ins¢g trying to reduce
polysemous ambiguity in the language of interest. A polys@snword may
be translated into different word forms in another languaggicating different
senses in which it might be used. That helps in narrowing dihv@mumber of

senses in one of the languages, in which that word could lzkingleat particular
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context. It is essentially the WSD task, but rather thanimglyn one language
we take cues from other languages.

Multilingual corpora are also useful in some other taskshsas Machine
Translation, where models can be trained to learn wordgehpairs in the lan-
guages of interest. The larger the size of the corpora theteréhe accuracy of
such alignment. They can also be useful for creating muodfilal lexicons, a task
hitherto done by teams of human experts which is quite tirmseming and is
also costly. Automating such tasks can save a lot humant efifal can also be
less costly.

IR can also be done in the multilingual context. One of thdiesrex-
periments were conducted by Salton (Salton 1970) for Emglisd German.
Other methods that have been used include similarity thie¢&chauble 1997)
(Sheridan & Ballerinl 1996) and Latent Semantic Indexin@IljL(Landauer &
Littman|1990) have also been used for the said purpose. QainipaCorpora
have also been used for Multilingual IR (Talvensaari €t@072, and (Braschler
& Schauble 1998). McEnery (2003) defines comparable caxptise one that is
collected using “thesame proportionsf the texts of thesame genrem thesame

domainsn a range oflifferent languages the same sampling pericd

1.3 Multilingual Resources

The need of international organizations, such as the UN#ibns (UNY or the

European Union (EU)together with the advancements in Computer technology

made it relatively easier to exploit them.
Different resources vary widely on what they offer in ternfstlee topics

and languages. The UN defines six languages viz. Arabic,eSki(Mandarin),

“http://www.un.org/en/
Shttp://europa.eu/
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English, French, Russian and Spanish (Castilian) as dffamguages. EU on
the other hand defines 23 different languages as officialn@efficial grants
a special status to that language and all publications ame a@oall the official
languages. These provide an immense resource of multdingarallel corpora,
where the translations of the documents are available h8ast European Times
(SETimes) is the manifestation of parallel corpora available onliaesisting of
the news items.

Apart from the above mentioned corpora Wikip€daa rich resource avail-
able freely online in 282 languages. It makes it easy for gersuto edit it and
contribute articles on any conceivable topic under the Jure articles may or
may not be translated in different languages depending @nititerest and are
not translations of each other. Thus, they are not paraliehture, yet expanding

on the same topic but in different context and perspective.

1.4 Problem Statements

The thesis has three main aims, two of which (building miatiial lexicons and
generating multilingual proto-synsets) are independédnliexthe third (morpho-

logical analysis of the proto-synsets) is dependent onghersd.

1.4.1 Building Multilingual Lexicons

Premise A: Wikipedia is a freely available online resource which carséen as
a multilingual comparable corpus.
Premise B: The title(s) of each Wikipedia article across languagedaitbful

translations of the same concept.

Shttp://www.setimes.com/cocoon/setimes/xhtmi@®/homepage/
"http://www.wikipedia.org/
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Premise C:A crawler can be used to mine Wikipedia and extract the tdfdbe
articles on the same topic in languages of interest.
Conjecture A: The fact that article titles are translations of each otloeoss
languages, can be used to generate multilingual lexicons.
Conjecture B: The Wikipedia categories can be used to select terms from a
particular domain.

Our first aim is expressed in the following research question

Is it possible to use an online freely available multilingtessource, such as
Wikipedia, to create a multilingual lexicon? Can it be dopnecteate a general

as well as domain-specific dictionaries?

1.4.2 Creating and using Multilingual Synsets

Premise A:Monolingual, PWN, |(Miller et al. 1990) and Multilingual, EoMord-
Net, (Vossen 1998) WordNets already exits. Where a Word§latlexical se-
mantic resource in which the semantics of a word is definechbylist of all
words sharing that meaning. Such lists are referred to asetynThe original
PWN is for English, while EuroWordNet is for various langeagf the Euro-
pean Union, which are linked to the PWN through Inter-Lindudexes.
Premise B:Standard word alignment tools, such as GIZA++ (Och & Ney 3003
exist that take in a bilingual parallel corpus, and wordradi¢, mapping a word
in one language onto one or more words representing its plelr@anslations in
the other, using the contexts of the two words in their resypetexts.
Conjecture 1: Word-aligning a multilingual parallel corpus would produz set
of words/phrases containing synonymous expressions lftaragjuages. These
can be used as a kind of multilingual synsets annotating trdsxand phrases in
the corpus from which they have been derived with a lexicalesdic tag. The

result can be used in unsupervised approaches to NLP/IRadditonal human
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annotation of the parallel corpus is required.

Conjecture 2: The notion of multilingual synsets can be employed with the u
timate aim of being able to disambiguate between the mearohgvords and
phrases in any given language represented in the corpus.

That raises the following research questions:

Can the existing word alignment tools, such as GIZAi++ (Och &/X2003)
be used to word align parallel corpora across different laages? Can the
word alignments, thus created, be used to merge the aligmedswand create
phrases? Can the sum of multilingual phrases be used aslimgltal synsets
to disambiguate the word meanings in the corpus from whiely trave been
derived? Can we use them in general purpose tools beyondaitadigd corpus
from which they have been derived? Can meaningful evaludttodone in the

absence of any gold standard?

1.4.3 Morphological Analysis of Multilingual Synsets

Premise A: There are a number of approaches for the unsupervisednegaohi
word morphology that can be used to map word forms onto theseldorms
(i.e., lexical entries).(Snyder & Barzilay 2008), (Kazak&Manandhzar 2001),
and [Goldsmith 2001).

Premise B: Any approach using multilingual synsets would benefit frotoa
mapping word forms onto lexical entries in order to avoidrgpus variations
among these synsets.

Premise C: The multilingual synsets provide additional context to therd
forms for any given language that could be used with benefgnapplying
unsupervised learning of word morphology.

Conjecture 1: We can use this data to produce a word morphology model in an

unsupervised way.
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Conjecture 2: The result can be used to improve the quality of the multiiadg
synsets.

That raises the following research questions:

Can we test Conjecture 1 and evaluate it by comparing againgild stan-

dard (van den Bosch et ial. 1996) or with other unsupervisekigues?

1.4.4 Evaluation and its Challenges

Creating the multilingual lexicons and a WordNet like remeuposed their own
challenges but their evaluation proved to be a really hatdamgrack. In the
absence of multilingual gold standard corpora, evaluabgown algorithms
was tricky.

The way the multilingual lexicons could be evaluated wereulgh building
the languages’ family tree structure and comparing it winrieal world family
tree structures for the languages considered. The spafsig lexicon provided
clues to which languages shared common set of articles aredtiues considered
to be closer since the people who had written in those larggiagemed to be
interested in similar topics probably due to the fact thaythelonged to the same
geographical region or shared cultural, political or neligs leanings.

Evaluation of multilingual synsets proved to be even hamlére absence of
any gold standard. Thus we assumed the original Englishusaigp be disam-
biguated, as the gold standard and the results of disantimguaere evaluated

against it after clustering both the original and the disguéted corpus.

1.5 Thesis Outline

The thesis is structured as follows. Chapter 2 gives a titeeareview on using

Wikipedia to create multilingual resources, aligning platacorpora, morphol-
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ogy, WSD, evaluation, and IR. Chapter 3 gives a detailedamgilon of how

the multilingual lexicons were generated from Wikipedi&after 4 expands on
the extraction of multilingual proto-synsets from the akg corpora, and their
evaluation. Chapter 5 explains how the multilingual preymsets were used to
do morphological analysis of the languages at hand. Ch&pthscusses the

conclusions and future work.

1.6 Note on Terminology

One aim of the thesis is to create multilingual proto-syssleait could become
the basis of an automatically created fully-fledged muigitial WordNet with all
the nuances of semantic relationships as defined in the PWiN,as hyponymy,
herpnymy, synonymy, and meronymy. But before we embark @och an en-
deavor it would be appropriate to define what a multilinguakg-synset really
Is.

A multilingual proto-synset, as the name implies, would hdtilingual in
nature. The term synset, as originally used for the PWN ig afsgynonyms.
But in our case we are putting together words and phraseffaneht languages,
their alignments put together constitute the synset. Fsiairce (resumption of,
wiederaufnahme, reprise desavanyn ) is one such multilingual synset.
We add the notion oproto to convey the message that these synsets are still in
their raw form and will need a lot of processing to make theta nefined set of
synsets, for instance, merging synsets that are syntaéiéctions of each other.
The synset describing the concejuig and thedogsare basically the same and

are just inflectional variation of each other.



CHAPTER 2

Literature Review

This work falls under the larger umbrella of Artificial Intiglence (Al) and cov-
ers a variety of sub-domains, such as Natural Language $sioce(NLP) and
Information Retrieval (IR), Machine Learning (ML), Comptibnal Lexicogra-
phy, and using search to build lexicons and using statistiedhods combined

with a deterministic algorithm to build a multilingual rasce.

Since, it covers all these sub-domains of Al, it would be appate to shed
light on what they are and what contributions have been madsther people

relevant to our research.

The rest of the chapter is organized as follows: Section Bdudses vari-
ous mono- and multilingual resources available that coeldi®ed to carry out
NLP/IR tasks; Section 2.2 discusses various tasks thatfaler the category
of NLP/IR, such as Word Sense Disambiguation (WSD), Morpbg| and IR

itself; Section 2.3 expands upon ML approaches relevanutomrk; and fi-

14
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nally, Section 2.4 discusses various approaches adoptaditbresources from

corpora.

2.1 Resources

Over the years many online and offline resources have betHatican be used
by applying Al or ML techniques to either build new resouroego carry out
other useful tasks, such as WSD and morphological analysis.

A lot of human effort has gone into building these resouregih or without
the modern technology available in the form of micro-preces. The available
resources are both mono- and multi-lingual in nature, aedegther machine
readable or can be converted into one.

We have used a few of these resources in our research. Tiué tieistsection

covers a few of the available resources.

2.1.1 Wikipedia

Beginning in 2001, Wikipediahas emerged as one of the largest online sources
of multilingual information, “attracting 400 million unige visitors monthly as of
March 2011 according to ComScofe®There are more than 91,000 active con-
tributors working on more than 17,000,000 articles in mbent270 languages.”
(September 20, 2012)With a very high flexibility for editing, virtually anyone
can add pages in Wikipedia.

It is a freely available multilingual encyclopaedia whicancbe edited by

anyone with access to the internet. To ensure the veracityfmimation avail-

http://www.wikipedia.org/
2http://stats.wikimedia.org/reportcard/
3http://en.wikipedia.org/wiki/Wikipedia:About
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able there, administratdrare promoted through consensus among the Wikipedia
community. One of their tasks is to ensure that articles ewpgrly referenced.
It caters to multitude of writing systems and covers evenmyceivable topic in
the world that attracts enough attention that people waniriie about it. The
objectivity and quality of articles on Wikipedia may be bght to scrutiny but
Giles (2005) showed that their quality is comparable to Efapedia Brittanica.

Itis based onviki which is a collaborative tool that allows users to edit oalin
Ward Cunninghamthe first prototype in 1995. Wikipedia is based on it and the

word “Wikipedia” is a portmanteau of the wordski andencyclopedi&

2.1.2 Parallel Corpora

Parallel corpora are translations of a text in differenglzeges. The languages
covered in any particular corpus is dependent on the purfjeosehich it is cre-
ated. For instance, the Canadian parliamentary procegdingwn as the Cana-
dian Hansarfl covers English and French.

The quality of parallel corpora is dependent on the qualftyranslators.
They may or may not be tagged. Tags can be syntactic or semarrature.
An example of a lexical semantic resource is Princeton WetdRWN) (Miller
et al.1990), which is discussed later in section 2.1.3. &dggrpora can be used
both for supervised and unsupervised learning approadhiege the untagged
corpora can only be used for unsupervised learning appesachless they are
tagged first.

Parallel corpora can be used to carry out certain NLP/IRsteskch as Word

Alignment (Och & Ney 2000), and Word Sense DisambiguatiorsQy (Tufis

“http://en.wikipedia.org/wiki/Wikipedia:Administrate
Shttp://en.wikipedia.org/wiki/WardCunningham
Shttp://en.wikipedia.org/wiki/Wikipedia:About
"http://www.parl.gc.ca/ParlBusiness.aspx?Language=E
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et al. (2004), Ng et all (2007)).

There are a number of parallel corpora available for NLPA$ks. Examples
include Europarll(Koehn 2002) and Canadian Han8atd.

Europarl

Europarl (Koehn 2002) provides the translated proceedfi¢jse the Euro-
pean parliament freely available for carrying out NLP/IRKs It is currently
available in 11 different languagesovering a variety of language families and
writing styles. The aim of the project is to create sentetigmed corpora. Ear-
lier versions were less refined and hence needed a lot ofrpoegsing. Later
versions are relatively easier to process with less pregasing required and are

already sentence aligned.
OPUS: the open parallel corpus

OPUS (Tiedemann 2004) is a project that aims to provide a vadge of
parallel corpora to the research community. The corporaaden from several
online resources, sentence aligned and converted intd@omXML format. It
covers more than a 100 languages and is thus rich in lingudsatersity. It uses
a number of sources to build these parallel lexical res@rsech as Europarl
(Koehn 2002), European Central Bank (ECB) coffuasnd Southeast European
Times,

Canadian Hansard

Canadian Hansard is the record of Canadian Parliamentage®@ding¥.
They are available in both English and French and is tagg#d imformation

related to the speakers and the language used by them.

8http://www.parl.gc.ca/housechamberbusiness/charittiegs. aspx
Shttp://www.statmt.org/europarl/
Pnttp:/www.ech.int/pub/html/index.en.html
Uhttp:/lwww.setimes.com/
Pnttp:/lwww.parl.gc.ca/ParlBusiness.aspx?Language=E
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2.1.3 WordNet: A Lexical Semantic Resource

The notion of synset, or set of synonyms, comes from a prajeétrinceton,
guided by George Miller.(Miller et al.l (1990), Fellbaum (E)® He started
work on a lexical database, as opposed to an alphabetidadrdacy, known as
PWN.

Conventional dictionaries put everything in alphabetaraler, which seems
to be the most natural way of storing such information. Ydtas proved to
be highly in-efficient in terms of finding synonyms, antonyarsl other such
semantic information, which might be of great use to the.user

PWN divided the lexicon into three different categoriesum®, verbs, ad-
jectives, and adverbs. It provides a mapping between wamisSand word
meanings by building a lexical matrix, with word forms beithg headings of
the columns and word meanings being the headings of the rAwg.entry in
this matrix builds a relationship between the form and thammey. If there are
two entries in a row, the words are synonymous, and if thezdvao entries in
the same column, the words are polysemous. Where synonymwgoads with
the same meaning and polysemous are the words with multipéaimgs. PWN
defines other semantic relationships as well, such as amtgriyyponymy, and
meronymy.

Synonymy

Synonymy defines a relation between any two word forms whidres a
common meaning. Thus, two words are synonymous if subsigfaine for the
other in a sentence, does not change its truth value. Thigdsyastrict definition
of synonym, and such synonyms are rare, if they exist at athote weaker ver-
sion of the definition relates to the context in which the wiangins are used. So
two word forms are synonymous if substituting one for thesoih a linguistic

context does not change its truth value. For instance, icdingentarycontext,
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substitutingplank for wood will not change its truth value, hence they are syn-
onyms. Such words can be combined in the form of sets, knowineasy/nsets
Thus the synset in this case will kplank, board.

Antonymy

Antonymy is a relation between words that carry meaning sjgpdo each
other. It also has to do with word forms and not just the megnitwould be a
mistake to assume thabt-xwould be an antonym of the word For instance,
rich andpoorare antonyms but to assume that-richis antonym forich would
be a folly, since not being rich does not necessarily meamgogoor.

Similarly rise andfall are antonyms, and so ascendanddescendButrise
anddescendare not. Thus, word form is also important, and not just megrnn
deciding whether two words are antonyms of each other or not.

Hyponymy/Hypernymy

It defines thelS_A relation between word meanings. In other words it de-
fines the subordinate/superordinate relationships, winggenymy corresponds
to subordination and hypernymy corresponds to superdrdimaFor instance a
tiger IS A cat or the hypernym for tiger is a cat and the hyponym of a €at i
tiger. It helps building the inheritance systems, which rhaysed for IR.

Meronymy/Holonymy

It defines the HASA relation between word meanings. For instance a car
hasa tyre, which is holonymy relation. Meronymy is the opposéfation, e.g.,
that tyre is a part of a car.

Synset is the basic unit of information that PWN deals witiguFe 2.1 gives
a snapshot of the synset in Word\fetWords at the same level form a synset,
which in this case is for the concepar. In the WordNet version 3.0, there are

atotal of 117,659 synsets. Every synset in WordNet has aueriig and is also

Bhttp://lwordnetweb.princeton.edu/perl/webwn?s=catfsSearch+WordNet
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assigned a POS tag. For instance, for the wactifed the ID is 02680086 and

the POS tag is, which means that it is a noun.

Noun

* 5. (n) car, auto, automobile, machine, motorcar (a motor vehicle with four wheels;
usually propelled by an internal combustion engine) "he needs a car to get to work'

Figure 2.1: A snapshot of PWN showing a synset.

2.2 NLP and IR

NLP and IR are by now established areas of research in the @aComputer
Science. NLP is the branch of Computer Science (CS) whicls dgth interac-
tion between computers and natural languages used by huihtails under the
broader category of Artificial Intelligence (Al). NLP hasthdhe computational
and the linguistics aspects, since the knowledge of bothdgsired in order to
build effective NLP systems.

IR is the science of searching relevant documents, thenrdton within
documents, or meta data related to documents based on h seary given the
by the user.

NLP has a number of subtasks, of which Word Sense Disamhigu@yvSD)

and Morphological Analysis are discussed here.

2.2.1 Word Sense Disambiguation

Ambiguity is natural in any natural language. The task o&dibiguation refers
to the process by which the software narrows down the meafiagarget word.
It can be performed in the mono-lingual or multi-lingual text, based on the

availability of resources.
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A common example of ambiguity is the wobdinkhas two common inter-
pretations: the bank of a river and the financial institutidimne task of disam-
biguation is to estimate in which sense it is used in a giveried. It is known
aspolysemyn linguistics.

Chomsky [(1965) gives many examples of ambiguities that @xiEnglish.
For instance the sentence “flying planes can be dangerondjemterpreted in
two different ways: “flying planes are dangerous”; or “flyiptanes is danger-
ous”.

Another example quoted by Chomsky is “I had a book stolen’cai be
interpreted in three different ways: “someone stole my Bptkhad someone
steal a book”; or “I had almost succeeded in stealing a book”.

Polysemy occurs quite often in any natural language. FoliEinghe Prince-
ton WordNet (PWN) (Miller et gl. 1990) gives an average peiyny of 2.79 for
nouns, 3.57 for verbs, 2.71 for adjectives, and 2.50 for dubre

Polysemy is just one kind of ambiguity inherent in a natuaabuage. Prepo-
sitional phrase (PP) attachment ambiguity and ambiguitg@gging are also ex-
amples of ambiguities in a language.

PP attachment ambiguity refers to the problem of decidingtivdr the PP
attaches with a noun or a verb. More light is shed on it in sec2.2.1.3.

Ambiguity in taggingrefers to what part of speech (POS) tag should be as-
signed to a word. For instance the wdmdtter could either be a noun or a verb.
Using a word as a verb rather than as a noun might totally ahémgmeaning
of the word and thus could be viewed as a WSD problem. In omelisam-
biguate such ambiguities, nearby structural cues migit igth as the use of a

determiner before the word.

Both supervised and unsupervised learning approached beulsed for re-

nttp://wordnet.princeton.edu/wordnet/man/wnstats\zktm|
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solving ambiguity in the text. The difference between the ta/that inSuper-
vised Learningve know the classification of each example butmsupervised
Learningthe classification of training data is unknown in advanceusTansu-
pervised learning can be seen as clustering while supeérigaening can be seen

as a classification task, or as a curve-fitting task.

2.2.1.1 Supervised Disambiguation

In supervised disambiguation the task is to train the allgoribased on labeled
examples and then to generalize it in order to classify tfieehio unseen ex-
amples. It can not work without the availability of annothigata, which is
expensive to create. An example of this approach is the Balsessifier.

Bayes Classifier

The Bayesian approach looks at words surrounding the tanettin the text,
making its context. Words in a context carry useful inforim@tbout the target
word and help in narrowing down its sense. The Bayes classsies théBayes
decision ruleto decide the class of the target word. Its aim is to minimizere
in classificationl(Duda & Hzit 19¥3). The rule can be desditmathematically

as in equation 2.1.

Decide s if P(s'|c) > P(si|c) for sy # & (2.2)

Heres’ ands, are two different senses of the target word, ansithe set of
words in its immediate context.
The probabilityP(sx|c) is usually not known but can be estimated using the

Bayes rule as given in equation 2.2.

P(sk) (2.2)
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In equation 2.2P(sy,) is the prior probability of senses;, without any in-
formation about the context in which the word has occurréds Wipdated with
a factor that incorporates the context into its calculegiaf(s,|c) is the poste-
rior probability. However, P(c) is independent of the sense and does not help
in disambiguating the word sense and hence can be removedfimequation
to give: P(si|c) o P(c|sk)P(sk). The classification process is then reduced to

maximizing the posterior probability (Equation 2.3).

s’ oc argmax P(sy|c)
Sk

P(c|sk)
X arg max

X gy Tlk)

(2.3)
o argmax P(c|sg)P(sk)
Sk

o argmax [log P(c|sy) + log P(sy)]
Sk

Gale et al.|(1992) describe a particular kind of Bayes di@ssknown as the

Naive Bayes Classifier
Naive Bayes Classifier

Naive Bayes Classifier essentially sees the words in a tegbaditionally
independent. It removes the structure from the text, an@feyned to as the
bag of wordsmodel. In the bag of words model, words are not dependent on
each other so that their order does not matter any more. Btarioe, the word
professoris more likely to occur in the context of @niversityand not a trade
union. But that relationship is lost in the bag of words modéhthematically

the Naive Bayes assumption can be expressed as in equation 2.

P(clse) =[] P(vjlse) (2.4)

vjEC
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Equation 2.5 redefines the decision rule in equation 2.1ardigit of bag of

words model.

Decides’ if s/ = argmaz,, [log P(sy) ZlogP vj|sk)] (2.5)

vj€c

Dictionary-Based Disambiguation

In order to disambiguate a word in one language we can tales ¢iom its
translation in another_(Dagan et al. (1991), Dagan & [taQé)9. The reason
being that two different translations may be used in anotdieguage for two
different senses of a word in the original language.

Manning & Schiitzel (1999) gives an example of the Englishdwoterest
which has two different meanings and are translated as tffereint word forms
in German. One i8eteiligung meaning thdegal share and the other ignter-
essemeaning attention or concern. The first meaning can be ss&bmebody
has more than 50% interest in the company”. The second ngaaimbe used
as “she has shown interest in Computer Science”.

We look for occurrences of the wonaterestin the English text and see ifitis
used in a particular sense in the translated contexts in @erifhthat is always
the case, then our job is done and we assign that particutgede the target
word.

If that is not the case then the context of the target word sigethe looked
more carefully for other clues. For instance, let's suppbgewordinterestis
used in the sense @b show interest The translation of show in German is
zeigen and it will occur in the context onteresse since legal shares are not
shown. Thus, we can conclude that in the phrimsshow interestthe word
interest is used in the second sense.

The goal is to disambiguate the target word in a particulatexd. Let us de-

fine a relationship?(w, v) as the ‘object-of’ relationship, or we can say word
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w is an object of wordv. For the case oifnterest one such relationship is
R(interest, show). Given the two translations of the wondterestin German,
and one translation of the wosthow we count the number of timéxeteiligung
occurs as the object akigen and also the number of timésteresseoccurs as
the object ofzeigen Or in other words we take counts of R(beteiligung, zeigen)
and R(Interesse, zeigen). The count of R(Interesse, 2evgamd be higher so
we can conclude that it is used in the second sense of the word.

Let R(w, v) be the ‘is-object-of’ relationS be the second-language corpus,
T'(si) be the set of possible translations of seageand7'(v) be the set of
possible translations ef Then,

comment Given: a context in whichw occurs in relation? (w, v)

for all senses; of w do

scoreé,) = |{c' € S|Fw/ € T(s}),v/ € T(v): R(w/,v/) € ¢/}

end

chooses/ = argmax, scores;)

In some cases using dictionaries for disambiguation maymaie sense,
specially for closely related languages. For instancewtbrel interestin English
and its French equivalemttéretare ambiguous in both languages in more or less
the same ways. In such cases bilingual dictionaries mighb@of much help in
resolving ambiguity. It makes sense to make use of dictiesavhen they make
sense and to make use of other alternatives when it doeis ate éBall 1992).

Information Retrieval (IR) Approach to Sense Disambiguaton

Gale et al.|(1992) treated contexts just as documents atetién a prob-
abilistic information retrieval (IR) model (Salton 198%an Rijsbergen 1979).
Let the tokens be representedibyhe relevant and irrelevant documentstgnd
r’ respectively, and the two sensesdyand s, respectively, then the IR model

sorts documents by:
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scordd) = [] 5((:”:,)) (2.6)

ted

for WSD contexts: would be sorted by:

scordc) = [] ig:z:; (2.7)

tec

where P(t|s;) denotes the estimate of the probability that whether thertok

appears in the context ef or s;.

They defined the context as a window of 50 words to the left dswlta the
right of the ambiguous word. Other studies have chosen tp #e®context to
the words that are quite nearby. An approach that finds its lms Kaplan’s
(Kaplan!1950) observation “a context consisting of one av tmords has an
effectiveness not markedly different from that of the whedmtence.” Yet they
figured that in the Hansards (official records of the CanaBeiament), context
was found to be relevant to noun disambiguation up to tenséedi words away.
Yet information at some remote distance from the ambiguoogivimay just
duplicate the information available at some nearer poiheylalso showed that
not many examples were needed for training to achieve goagracy. In their
experiments three examples gave 75% accuracy and ten géte BAus the
marginal utility of extra examples was not very high. Thusfuksystems could

be built for senses not occurring too many times in the carpus

2.2.1.2 Unsupervised Disambiguation

Unsupervised methods, as opposed to supervised methods degaire anno-
tated corpus to carry out any useful tasks. They use corgextiormation to

describe the properties of the target words, phrase, sssgeand documents.
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Sentence Level Translation

Brown et al.(1990) chose as the translation of the Frendeseer’ that sen-
tence in English¥ for which P(E|F) is greatest. It is defined by the Bayes'rule

as:

P(E)P(F|E)

P(BIF) = =55

(2.8)

Since the denominator is independentihthe equation reduces to maximiz-
ing P(E)P(F|E). The first factor corresponds to the statistical charazaéon
of the English language, and the latter corresponds to #tiststal characteriza-
tion of the process of translation from English to Frenchifddént models can

be employed to estimate the values of the probabilities.
Translation Model

The approach used the conceptatijnmentin which each English word,
independent of other words, produced 0 or more words in Freificl denotes a
typical alignment then the probability of translation frénglish to French can

be expressed as a sum over all possible alignments.

P(F|E)= ) P(F,AE) (2.9)

The number of possible alignments increase rapidly wittsthe of the sen-
tences in the two languages. Yet not all of them contributeaty to the sum.
The one that contributes the most is calledVterbi Alignmentbetween the two
languages. The words thus aligned are known as connectiimsy obtained
over 12 million connections from the Canadian Hansard (Bretval. 1990).

They defined ag(e, f) as the probability that the connection chosen at ran-
dom from the set of connections would connect the Englistdwado the French

word f. It could be used to compute the mutual information betweEreach
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word and its English mate in a connection. Mutual informatstimates give us
the relationship between the two variables and gives usitbemnation that each
one of them shares. It gives us a measure of how much undgrisiremoved

about one if we have information about the other.

Brown, Pietra, Pietra & Mercer (Brown etlal.) described ahodtfor label-
ing a word with the sense depending on the context in whicppears, so as
to increase the mutual information between the words in aecton. In the
French sentencge vais prendre ma propreedision the wordprendreshould be
translated asakesince its object islecision If décisionis replaced byoiture
meaning car in English, it should be translatedsketo yield | will take my own
car. Thus the sense assignedpi@ndredepends on the first noun to the right,

which they called thenformantfor prendre

They defined seven informants for French: the word to the tleé word to
the right; the first noun to the left; the first noun to the righe first verb to the
left; the first verb to the right; and the tense of either therenut word, if it is a
verb, or of the first verb to the left of the current word. Forgksh they only

considered the previous two words.

For the French worgrendre the noun to the right yielded the most infor-
mation, 0.381 bits, about the English translation of thedvdrhe nouns which
appear most frequently on the right pfendrewere identified, with the proba-
bility of occurrence greater than one part in fifty. They wdregded into two
groups depending on the sense they translate the Frenchpnesrdreinto. The
word is assigned the sense depending on the group to whietattteon its right
belongs to. They discovered that if the noun on the rigiprehdrewasdécision
the probability of its translation ae makewas 3 times higher than its translation

asto take

Yarowsky (1992) used Roget’s Categories to disambiguatdsia English.
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Roget’s categories tend to correspond to sense distirsctidmus finding the
Roget category for a word is akin to discriminating betwe#feient senses of
the word. The most probable category given the context wasteel. There are a
total of 1,043 such categories. Each word may belong to ongoe categories,

identifying different senses in which it could be used.

For each category in the Roget Categories, they first celbabntexts repre-
sentative of the category. The goal of this step is to colleszt of words that are
typically found in the context of category. In order to ackeet they collected
contexts of 100 surrounding words for each occurrence di esember of the

category in the corpus (June 1991 electronic version ofi@tslEncyclopedia).

Then in each collective context, they extracted the worads wWould give
significantly more information about the meaning of the¢akgord. They called
them the salient words. In order to find the salient words tesd a mutual
information like estimate: }j&‘f;)
that it appears in the context of the category, &ad) is its overall probability

, Where P(w/C) is the probability of a word

in the whole of the text. The higher the estimate, the highemrobability that

the word is a salient word. Log of salience gives the weiglihefword.

Occurrence of a salient word in the context of the target vildéicates that
the target word belongs to the category for which the sakleord is related.

Presence of several such words provides further evidenite of

In order to determine the category of the target word theyrsadthe weights
of the salient words in a context and chose the category Wwéilnighest sum, us-

ing equation 2.10.

arg max Z log (P(w\gz;()P(C) ) (2.10)

w N context

The algorithm was applied to 12 words: star, mole, gallepecdrass, bow,
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taste, interest, issue, duty, sentence and slug. Accueayed from 100% for
some, such as th8ecuritiessense of the wordtockto a low of 25% for the
ornamentatiorsense ofibbon. For most of the words accuracy remained fairly
high.

Properties of a Word in a Document and in its Context

Yarowsky (1995) used the notions of “one sense per discoarse “one
sense per collocation” to do unsupervised learning forrdisguation. Their
corpus contained 460 million words containing news arsickeientific abstracts,

spoken transcripts, and novels. The notions stated abewtedined below as:
One sense per discourse:

The sense of a target word is highly consistent within angmgigdocument
(Yarowsky 1995).

One sense per collocation:

Nearby words provide strong and consistent clues to theeseha target
word, conditional on relative distance, order and syntaefiationshipi(Yarowsky
1995).

They first extracted all examples of a given target waoldr(t in this case)
from the corpus. They then put together these extracted geanto form the
untagged training set. For each sense of the target word idlkeatified a few
seed collocationsFor instance, they chose the wolide andmanufacturingas
seed collocations for the senses of the wplaht relating to trees and indus-
trial plants. They then collected all the training exampiestaining the seed
collocations and tagged them with the appropriate senskat yielded 82 ex-
amples (1%) of the sense of plant being life form, and 106 gesn(1%) of the
sense of plant being an industrial unit. The rest of the 98%ewnasidual training

examples, making a total of 7,350 examples.

The seed collocations were used to identify other collocatior each sense
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using the decision list algorithm_(Yarowsky 1994). Deaislist gives a list of

collocations with the corresponding sense ordered by thdikelihood ratio

P(Senseg|Collocation;)

Log (P (SG"SEA‘C(’”““”O"Z')>. A new instance would be compared against the de-
cision list and the first collocate would be identified matghit, from the top

of the list. The corresponding sense would be assigned tondvainstance. A
collocate, such alife might appear in different collocations, for instancdifes
(within +2-10 words)or plant life.

After applying the “one sense per collocation” principlegy used the “one
sense per discourse” principle to tag the training exampi@sany instances of
the target word were tagged with a particular sense in a disepthe rest of the
instances were also assigned the same sense. The priraipéso be used to
correct certain misclassifications. If a training instaisoglassified as something
else originally, its sense tag can be changed if the resteoéxtamples, or most
of them, in a discourse share a particular sense.

By applying both the constraints, the original seed setp kes@anding with
new examples being added while the residual keeps shrirtiinige algorithm
converges to a stable residual set.

They showed that their algorithm gave similar performarstha supervised
algorithm (decision list algorithm applied to the same daithout using any

discourse information) given identical training contef@5.5% vs. 96.1%).

2.2.1.3 PP Attachment Ambiguity

Prepositional Phrase (PP) attachment is an attachmengaitybproblem that
has intrigued both linguists and computational linguistsdecades. It basically
pertains to deciding whether the PP attaches to the nourm eetib. An example
could be “He saw a man with the telescope.” It is difficult taide in this case

whether the telescope was carried by the person watchingtkiez one, or by
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the one being watched.

Collins & Brooks (1995) used the backed-off model to asaettae probabil-
ities of pp attachment to the noun or to the verb. It uses thekes comprising
the four head words, denoted kyerb,head of noun phrasel,preposition,head
of noun phrase2 An attachment decision value was defined, with 1 for noun
attachment and O for verb attachment, and was denotel] by create the quin-
tuples. Since the attachment value/bfvas dependent on the four head words,
conditional probabilities were used. It was assumed thaidgfault was noun
attachment 4 = 1), thus the actual probability o given the four head words

was estimated using:

p(1v,nl, p,n2) (2.11)

whereuw is the verb head;1 is the head of the noun phraseplis the prepo-
sitional phrase, ang?2 is the head of the noun phrase 2. The decision could be

made based on the test:

p(1|v,nl, p,n2) > 0.5 (2.12)

Thus if the above test is true then attachment is assumedioure otherwise
verb. The probability estimates were based on frequencgtsoThe maximum
likelihood estimated (MLE) method was used for estimatihjch gives the

following:

f(1,v,nl,p,n2)
f(v,nl,p,n2)

Wheref denotes the frequency with which a tuple occurs in the tngidiata.

(2.13)

p(1jv,nl, p,n2) =

Thus,f(1,v,nl1, p,n2) is the frequency with which the tup{é,v,n1,p,n2pccurs

with a noun attachment. The denominator does not containréosmation re-
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garding noun or verb attachment, and thus is just the countwiber of times
that tuple occurs with any attachment in the training datauslif the above ra-
tio between the two frequencies is greater than or equal3otBen it is noun

attachment, else it is verb attachment.

The backed-off model (Kaiz 1987) is based on predicting tiodability of
the wordn, given then — 1 preceding words. But since these estimates are
based on frequencies efgrams, the higher the order of thesgrams, lower
the frequency. Thus it is quite possible that for any ordethe frequency might
be less than a certain threshold, which would give inaceugatimates. Due to
this problem in the backed-off model the orderefjrams is reduced in each
iteration, which increases the chances of frequency of sugrams be greater
than the threshold. It is backed off till sufficiently accerastimates can be

made.

Using the backed-off model for PP attachment prediclionl{i@o& Brooks
1995), the tuples are reduced in size first from four head svtodthree, and
then to two, given that those tuples would have a prepositidhem. It yields
frequency counts of three different 4-tupleg(1, v, nl1,p), f(1,v,p,n2), and
f(1,n1,p,n2). Further reduction would yield three different frequenoycts
of 3-tuples:f(1,v,p), f(1,nl,p),andf(1, p,n2). Thus first it would try to esti-
mate the probability of PP-attachment for the case when wé&ad&ing frequency
counts of all the four head words. If it is not greater thanh@ntit backs off,
reducing the order af-grams to three, and tries to estimate the probability if the
combined frequency of all the 4-tuples are greater than Oase it fails, it backs
off to the last case where the ordermfjrams is reduced to 2, and the estimates
are made based on the combined frequencies of the 3-tugledl. the above

cases fail then it gives the default pp-attachment of nouhdghrase.

The study proved more successful than other studies luotlieme on the
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Wall Street Journal corpus, yielding an accuracy of 84.5%clwwas very near
to the human performance of 88%, using four head words al@mwe of the
important discovery of this study was that “ignoring evewtsich occur less

than 5 times in training data reduces performance to 81.6%”.

Kazakov et al..(2006) used Inductive Logic Programming fltddearn rules
that would help in resolving PP attachment ambiguity. Thegduthe ILP tools
Progol and CLOG. They used WordNet to assign all possibleasémtags to
label the (Verb, Noun, Prep, Noun4d-tuples. The 4-tuples were also labeled

with the attachment class, ‘N’ for noun attachment, and &' Y¥erb attachment.

Both the tools learned attachment rules. The rules weratisaparately by
Progol while CLOG learned them together. Progol learneé pulog programs
with no ordering between them while CLOG learned the rulgs an ordering
from the most specific to the most general. Only the most §peaplicable
rule would apply. CLOG rules are intended to learn the mdstyirules that
explained an attachment given a particular context. CLOG@GIevonly learn one

rule per example, but Progol might learn many rules for exeimgple.

They adopted both greedy and non-greedy approaches fairgawith pro-
gol. In the greedy approach once a clause was learnt, allabitiyie examples
covered by it were removed. That speeded up the process loyirgra few pos-
itive examples at each step but that made evaluation mdreudtisince knowing
how many positive examples are covered by a clause is imorba the non-
greedy approach Progol takes one positive example at a tiwoh&rads the best
clause that covers it. The process of inducing a clause epedent for differ-
ent examples and hence it can be parallelized. It does naveny positive

examples once a clause has been covered.

Both Progol and CLOG learned a number of rules. For the needyr ap-

proach Progol learned 1,542 rules for noun-attachment @fbXules for verb
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attachment. For the greedy approach it learned 257 rulesdion attachment
and 541 rules for verb attachment. CLOG on the other handdels338 rules in
total.

It could not improve on the Naive Bayesian approach sincetiggnal data
had a lot of ambiguity.

PP Attachment and WSD

The context in which the word appears plays a great role iandisguating
any ambiguous words. That is where PP Attachment disamtiigueomes into
the picture. By changing th@ounor verbattachment, the whole meaning of the
sentence might change and it might also change the sensech aiparticular
ambiguous word has been used.

Consider an example of a sentence:

| saw a star in the park with a telescope.

It has different semantic interpretations:

1) I saw [a star [in the park]] [with a telescope.]

2) | saw [a star [in the park [with a telescope]]].

3) | saw [a star] [in the park [with a telescope]].

Depending on whetheawvith a telescopattaches with thetar, in which case
it might mean a tv or film star having a telescope, or it was me wad the
telescope, in which case star could mean any celestial biddys resolving PP

attachment ambiguity can help in WSD.

2.2.1.4 WordNet and WSD

The richness of PWN_(Miller et al. 1990) as a lexical semarggource, makes
it a good choice for carrying out WSD _(Baneriee & Pedersei®220Mihalcea
& Moldovan (1999)| Li et al.|(1995), Agirre & Rigau (1995)).
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Banerjee & Pedersen (2002) made changes to the basic higatéfined by
Lesk {(Lesk 1986) but rather than using Oxford Advanced LessrDictionary
they used WordNet.

The original Lesk algorithm takes a small context aroundttrget word
in the text and looks up into the dictionary for the definisonFor a phrase,
such ascoal ash they will look for the definitions of both the words, and see
if the word ashwas used in the sense of a color, a tree or the natural resource
which started the Industrial Revolution. They will see howny words were
in common between different sense of the two words, and thsesefor each
word that shared the maximum number of words in definitionsld/be used to
sense tag the original words. They discovered that the wbedghe definitions
of coalandashshared the most for any of their senses, wammbustibleburn,
andsolid. That coincided with the definition @oalthat when burnt lefash and

that is the abundant natural resource.

Banerjee’s use of WordNet rather than a dictionary imprdfiegerformance
up to 32% accurate as compared to 16-23% for different vanatof the Lesk

algorithm.

Lietall (1995) used semantic networks that exist in WordNeteate word/word
relationships and later used them for WSD. The semanticar&tdefined by the
WordNet has nodes where each node carries a synset. At oeghmsynset de-
fines the strict synonymy relationships between words. Eaadlse of a word, as
we get as a result of querying the WordNet search engine, $iysaaate node for
itin the semantic network. One level up is the parent synissparticular synset
and one level down is the child synset. Similarly siblingssts are defined that
share a common parent synset. The synonymy relationshypgo@s one way
from the child to the parent, where the parent synset carkea tas the extended

synonym of its child synset. They used the notion of semalisiiance which is
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proportional to the shortest distance between any two $ymnséhe network.
They only looked for noun objects of verbs in the given teke(Canadian
Income Tax Guide) but they reckon it could be extended ta ¢at@oun subjects
as well. They used verbs as the context of the noun objedsntally creating
verb-noun word pairs and looked for semantic similaritynssn different nouns
and verbs using the WordNet semantic network. They usedrdift heuristic
rules that were based on the idea that noun objects thatdskanee or similar
verbs were similar. They found their method to be 72% aceuaat only 4%
of the results were wrong for noun object sense disambigoafihe rest were

judged to be partially correct.

2.2.1.5 Multilingual Disambiguation

Multilingual resources come in handy when it comes to wortssalisambigua-
tion since a polysemous word in one language may be tradsiate distinct
words in another. Distinct words in the other language mightlue to the bias
of the translator or the context of that word. Such clues amgortant if one
wants to ascertain the true sense in which the original weotded.

Diab (2000)/ Diab & Resnik (2002) reported some initial istigation into
using word alignment and creating sets in the target languggglish in this
case, for each worH in the source language, French in this case.

They identified a few words in French to be disambiguated,iristance
catastrophe After word alignment they took all the words in the Englisirc
pus aligned with the target word in French to form the targes$.sFor the word
catastrophethe target set wadisaster tragedyandsituation

Then within the target set they considered all possible essbsf pairs of
words and looked at their senses in WordNet and estimatedhwdgnse of a

word got support from which sense of another word in the seReeinstance,
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the wordtragedymight mean a kind of drama, as opposed to say comedy. But
that would get little support from senses of the wdrshaster Thecalamitysense

of tragedygets more support from senses of other words in the set. Efjad n
narrowing down the senses of the words in the target set.

Since we know the instances in English that correspond ttatiget setlis-
aster, tragedyandsituation we assign them the sense tgamity. This sense
tag is later propagated to instances in French, and thencessavhereatastro-
pheare aligned with the target seéisaster tragedyandsituation are all assigned
the sense tagalamity. That is how WSD is performed.

Another example is that of the wotzhnk which can be used either in the
sense ofshore or in the sense of &inancial institution Using PWN_(Miller
et al..1990) taxonomies, distances were measured betwieredt senses of all
the words in the target set. The French waxe would translate intdbankand
shorein the parallel English corpus. Bank has 10 different sedséiged in the
WordNet 1.6, with only the second sense corresponding tavtbebank. Shore
has two senses defined with the first one a more approprizigldten ofrive.
Thus distance between the senselarfkandshorerelated to bank of a body of
water would be expected to be lower than say the distanceskeshoreand the
financial institution sense dfank Propagating the assigned sense to the tokens
in the original corpora essentially formed the WSD step. yTéealuated their
algorithm on an artificially created corpora and found theuaacy to be up to

79%.

2.2.1.6 Disambiguation in Wikipedia

Wikipedia, owing to its vastness of information, diversifiytopics covered, and
the number of languages represented, is a useful resowteai be put to the

task of WSD. It already has some ways of dealing with disacmdign.
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The disambiguation process in Wikipedia deals with the j@mobin page
titles. For instance, there are two cities by the name Hymstaone in Pak-
istan and one in India, and there are scores of other thiragsstart with the
word Hyderabad, which interest people enough to have wrdgparate pages

on Wikipedia. Resolving such plurality of meanings is alyi¢ssue.
Disambiguation Links

If a user searches for a term on Wikipedia that has ambiguitiie sense that
more than one page are associated with that term descrilffagedt concepts,

then Wikipedia helps the user in reaching the correct page.

Topics that are ambiguous havéatnoteon the top of their webpage indi-
cating to the user that the word is ambiguous and guides thasther uses of
the term. If there is only one other webpage then a link topravided. If there
are more than one, then it provides a link to disambiguatayeplisting all the

senses of that term for which webpages exist in Wikipedia.

If the majority of the people agree on one particular meawhthe word,
then the Wikipedid® takes us to a webpage related to that particular meaning.
On that page it also has a link that directs us to a page wikis lio all different

meanings of the word.

When there is a general disagreement on the meanings of aguouab word,
then Wikipedia does not lead us to the page of any particuéamimg but directs

us to a page with links to all different meanings of the word.

Bhttp://en.wikipedia.org/wiki/Wikipedia:Linkso_disambiguatingpages
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Types of ambiguities

Name place ambiguity, as explained above, is one type ofgunitpj where
many places share the same name. For instance, there asehyitthe name
London in both the UK and Canada. The same could be true for the nafmes
people. Two or more different people with same names cowe katries on
Wikipedia. Similarly, certain classes of concepts mightdhambiguity as well.

For instance, the worgdlant, might mean a living thing, or an industrial unit.

2.2.1.7 Using Wikipedia for WSD

Mihalcea (2007) used Wikipedia as a source of sense anoiasatiHyperlinks
within Wikipedia are created using unique identifiers, whoonsist of one or
more words separated by spaces or underscores, and oahsparenthetical
explanations. These identifiers are also reflected in the dJREor instance,
http://en.wikipedia.org/wiki/Spacklusic %28album%29 is the URL for Space
Music (album), which incorporates all the three words inAhchor textrepre-
sents the surface form of the hyperlinks. Another exampfélenry Barnard,
[[United States—American]] [[educationalist]], was boim [[Hartford, Con-
necticut]]”. It contains links to the Wikipedia pages timited Stateseduca-
tionalist, and Hartford, Connecticut The double brackets surrounding words
convert surface forms into hyperlinkgUnited States—American]is a special
kind of link known as thepiped link which links the surface forrAmericanto
the Wikipedia articldJnited StatesThese links can be usedssnse annotations
for WSD.

They used hyperlinks as sense annotations for the corrdsmgpooncepts.
Since the hyperlinks are created by the users, they areyvaustlirate and lead to
the correct pages. They used the links for all the hypertirdezurrences for the

given word, thus for the worbar, five annotations were extractdshr(counter)
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bar(establishmentpar(landform) bar(law), andbar(music)

For aword to be disambiguated they extracted all the papagria Wikipedia,
where that word was part of a link, or a piped link. Then theyaet the left most
part of the link. Thus, from the linfmusical_notation—bar]} musicalnotation
is extracted what they call a label. Then the labels are nthppéheir PWN
senses by two human annotators. That mapping is the WSD stethas a
sense tagged corpus is created. This sense tagged corptisewassed to train
a classifier, Naive Bayes in this case.

The ambiguous words used were a part of the words used in tNEESYAL -
2 and SENSEval-3. 30 words were chosen that had at least tveesén the
WordNet. Two baseline cases were used: Most Frequent SeH<®) (using an
informed sense tagged corpus; and the corpus based vefsiba besk algo-
rithm (Kilgarriff & Rosenzweig 1999). Wikipedia based WSDCasvfound reli-
able with average accuracy of 84.65% using Wikipedia as evetpto 72.58%
for the baseline case of MFS, and 78.02% for the baselineafdsesk-corpus.

The study also showed that with increased size of data theaocincreased.

2.2.2 Morphology

Morphology is the branch of linguistics that deals witlorphemeswvheremor-
phemesre the smallest meaning bearing units of words. For instahe word
houseis a morpheme. Another example is the wardreasingly which can be
analyzed into three morphemes: increase, ing, and ly. Hemeaseis the base
form or the stemjng indicates that after concatenating it witiicreaseit be-
comesincreasingwhich is an adjective, anlg indicates that after concatenating
it with increasingit becomes an adverb.

Lately, computers have been increasingly used for carrgirtgnorphologi-

cal analysis of wordforms, giving rise to the areacofnputational morphology
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Chapter 5 in this thesis deals with the related experimewak done as one of

the aims of this research work.

2.2.2.1 Analogy

de Saussure (1959) described a phenomenon in natural egudnere in the

long term word forms tend to follow a certain pattern as gibelow:

Pref; + Sufy : Pref; + Sufs =
Prefy + Sufi : Prefy+ Sufs (2.14)

Thus, four wordsvalks walking, talks, andtalking could be segmented as:

walk s

(2.15)
talk mg

That is the correct segmentation of the words into prefixes @affixes as
any person with even rudimentary knowledge of English wdigidre out. But

erroneous segmentations could also be created, as below:

wal ks
(2.16)

tal king

Still the original words can be produced by combining thdipes and the
suffixes but the segmentation point chosen is incorrecesstemsvyal andtal
do not exist in English and ald@ andking are not valid endings either.

In order to only create the valid segmentations a heuristit lse used so
that a segmentation is only valid if there is support for itle corpus. So a

segmentation would only be considered valid if within thepes at least 3 words
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are found which form the same proportion in Equation 2.3&f1993), [Yvon
1996).

2.2.2.2 Harris’s Approach

Harris (1955) describes an unsupervised approach whezeanties are seg-
mented into phonemes. It counts the number of phonemesvialipa Prefix
of phonemes, denoted Wy (n), wheren is the prefix length. The utterance is
segmented whenevbr(Prefix)reaches a local maximum.

Harris’s approach can be adapted to segment words rathreattesiances and
letters could be used instead of phonemes. To graphicadhgsent it arie can
be generated with labeled edges, corresponding to indiVidtters. There is a

unique root and leaves correspond to end of word markers.

Figure 2.2: Trie structure for a list of words. (reprintediwthe author’s permis-
sion.)

Figure 2.2|(Kazakov & Manandhar 2001) gives a pictorial vigva trie for
words but, cut, cuts, bread, spot, spots, and spotted. é&-B38r(KazakaVv 2000)
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but -3, b-2, uw-1, t-1i, &-0

cut -3, -1, uv-1, -2, @-0

cut-s =3, e=1, uvw=1, t=2, s-1, &=0

bread 1 =3, b=2, r-1, e-1, a-1, d-1, &0

spot : "-3, =s-1, p-1, o-1, t-3, 8-0

spot-s  : "-3, s-1, p-1, o-1, t-3, =-1, &-0

spot-ted : ~-3, s-1, p-1, o-1, t-3, t-1, e-1, d-1, @0

Figure 2.3: Segmentation points amgPrefix) (shown after the last letter of each
prefix). (reprinted with the author’s permission.)

gives thebr(Prefix) values for the words, as can be computed fromttlee It
gives segmentation points as cut-, cut-s, spot-, spoté,spnt-ted, while but
and bread are not segmented. The segmentation points alectienaxima
occurring forbr(Prefix), as can be verified from the figure.

Figure 2.4 |(Kazakov & Manandhar 2001) gives different scesawhere
different shapes have different segmentation points,chasehe occurrences of
local maxima as depicted by the charastelf a plateau is reached as in 2.4(c),
then all points on the plateau are the segmentation poiotsded it is followed

by a downward slope.

2.2.2.3 Unsupervised Approach

Unsupervised morphological segmentation is a well rebeararea (Schone &
Jurafsky 2000),l (Goldsmith 2001), (Adler & Elhadad 2008rgutz & Lagus
2007), and(Dasgupta & INg 2007).

Can & Manandhar (2009) induced morphology using unsupetvJisarning
methodology by using POS tags as syntactic classes to seplaeasuffixes for
pairs of words from any two clusters. They used Clark’s digtional clustering

approachi(Clark 2000) to learn syntactic categories in @aup@rvised manner.
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Figure 2.4: Segmentation points for various shapds @f). (reprinted with the
author’s permission.)

These pairs of words form the paradigms, with their stemsemaihgs. They re-
peated the process for English, German and Turkish. For &@ethe compound
words were taken into account and such consideration inggrpvecision by a
significant margin though at the cost of recall. For Turkigiven its tendency
for long words, a validity check was defined which would splitvord into a
morpheme and the rest of the word and checked if the rest ofvtind was a

valid Turkish word. Validity checks improved precision byig margin.

Snyder & Barzilay (2008) used non-parametric Bayesian mtdiglentify
segmentation boundaries in words in the three Semitic lagest Arabic, He-

brew and Aramaic as well as English. They showed that mudgilal learning of
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morphology reduced errors by 24% as compared to monolifngaating. The
statistical model they used prefered more frequent morpsem

Goldsmith{(2001) used HMMs to learn morphology for moderivig¢g/ which
is morphologically rich as compared to English. There ecaéstain morphologi-
cal ambiguity in the analysis which needs to be removed iera@increase the
proficiency of morphological analysis. They used rules foradvformation for
disambiguation.

Creutz & Lagus|(2007) described a set of models, jointly nhuasMorfes-
sor that created a lexicon of morpheme like structures cafiedphs which are
extracted from the corpora. Morphs do not need to carry argning and could
just represent syllables. The use of shom@rphsthan more strictemorphemes
made it possible to analyze morphologically rich languagédsere words are
composed of multiple prefixes, stems and suffixes.

Schone & Jurafsky (2000) described a method of using thedeéhed tech-
nique of Latent Semantic Analysis (LSA) (Deerwester et 8B, (Landauer
et al. 1998) which uses Singular Value Decomposition (S\éDake a term-term
matrix and decompose it into three matrices U, D, and VT, wliecontains the
singular values (squared eigenvalues). These values camked so only a few
of them are chosen, the rest are truncated, by ensuringriiddss of informa-
tion would be minimal. They showed that semantics helped anpimology at

least as much as frequency based approach.

2.2.3 Information Retrieval

Information Retrieval (IR) is the task of retrieving documeon the basis of a
guery given by the user. The documents are indexed accotalithgeir content,
and that helps in quick retrieval since rather than lookih¢gha whole set of

documents, the retrieval system only looks at the indexé® ifidexes can be
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used to cluster documents based on some similarity metier/d person gives
a query, then the query is matched with index terms and tretasiwvith index

terms closest to the query is retrieved.

2.2.3.1 \Vector Space Model

Salton et al.[(1975) defined the vector space model for imgexiAccording
to them each document could be taken as a point in a multivtBioeal space
where each dimension corresponds to a teingex elementin the index. A
vector can be drawn from the origin to each point, what co@ddsmed as an
index vector If all the index vectors are normalized to one, the docusian¢
nothing more than points on the envelope of a sphere with aradius. How
close or how far the points are defines how similar or diffeteay are.

In case there aredifferent terms (dimensions) and; different documents
in the document space, each document could be representeddignensional
vector D; = (d;,ds, ..., dir), Whered,; represents the weight of thih term.
Assigning different weights to different terms affectsstlring, which might
ultimately affect retrieval.

Since points in the near neighborhood of each other correspm broadly
similar documents, any retrieval effort might not just i@te the one best doc-
ument, but might also fetch many documents in its neighbmth&@uch an ap-
proach would broaden the horizon and relevance of searcivewts if the doc-
uments are far apart in the document space, chances arenthain@ particular
document would be retrieved given a particular query. Thatildr mean high
precision output, since the only document retrieved woldd he the most rel-
evant. But in case there are also other documents in itsityidimat are also
relevant to the query, and they are also retrieved along tvéghbest document,

recall would also be high along with precision.
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The optimal approach would be one that tries to incorporath the above
mentioned characteristics: it does not only have docunfanegpart that are low
on relevance, but also has documents in the neighborhoodrinalso high on
relevance. It results into a clustered document space,engigrilar documents
are found in clusters while the irrelevant documents ar@daun other clusters.
Clusters may also overlap with a document belonging to twmore classes.
Each cluster is defined by its centroid, which is basicallyaoted by taking

averages of each index element in all the documents in thsterl

Thus for a clusteé with m documents, each element of centrgidnay be
defined as the average weight of the same elements in thesporéing docu-

ment vectors, that is,

1 m
=1

Similar to the cluster centroids, a main centroid may be @efiior the entire
document space. It could be obtained from the individuadtelucentroids, in

the same way the cluster centroids were calculated basedler vectors.

A good model is where the intra-cluster distances are smalihber-cluster
distances are big, which increases the chances of incgelsth recall and pre-
cision. It would thus make sense to increase similarity leetwdocuments in
the same cluster, while decreasing similarity betweemhfit clusters or cluster
centroids. That could be achieved by giving more weight tm$awhose occur-
rence is highly skewed, they occur with high frequency in sarusters while
they occur with very low frequencies in others, and by assmfesser weights
to terms that occur in a large number of clusters. For theqmephe standard

tf —idf, term frequency - inverse document frequency, could be.used
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2.2.3.2 TFIDF

TF stands for Term Frequency and IDF stands for Inverse Deatiffrequency.
Combined it is the best way of weighting terms for indexingei though it is
considered to be a heuristic, much has been written on its¢kieal foundations.

Taking just TF does not take the length of documents into@ai@Gparck Jones
1972). Larger documents are more likely to contain the sama more fre-
guently than the smaller documents. Thus the documentHengtist be nor-
malized. A straightforward way is to divide the TF with lehgif the document.
It essentially normalizes each document vector to lengthdlisicalled as rela-
tive term frequency.

Sparck Jones (19172) in her pioneering work defined the teusrse Doc-
ument Frequency (IDF), which later became the cornerstémesearch in the
field of IR. It gives how common is the term in the entire docatspace. It is
defined as below:

V]

whereN denotes the total number of documents in the corpus

(Anénotes
the number of documents in which the tetmccurs.

The aim is to increase the weights of those terms, which ane finequent
in individual documents, or small sets of documents, bug nathe entire docu-
ment space. They are more useful in discriminating like duents from dislike
documents. The reverse is true if the term is found very ®etly in the en-
tire corpus but rarely in individual documents. Such ternay mot be useful in

discriminating documents and are thus assigned lower wgeigh

2.2.3.2.1 Zipf's Law This is an empirical law outlining an interesting rela-

tionship between the frequency of a word and its rank, asnaatlbelow:
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Figure 2.5: Hyperbolic curve relating the frequency of acence, f and the rank
order, r

“The product of the frequency of use of words and the rank rofdefre-
quency) is approximately constant (van Rijsbergen 1979).”

Luhn (1959) described two cut-off points: the upper and tiveer cut-off
points, see Figure 2.5. The words that exceeded the uppes ware too com-
mon and those below the lower cut-off were too rare. Both efithvere not con-
sidered to be good discriminators and were thus relegatéteason-significant

words. It could also be applied to phrases rather than justisvo

2.2.3.3 Performance Measures

In order to evaluate the performance of IR systems, somenmeaince measures
have been defined.

Precision and Recall'Precision is the proportion of retrieved documents that
are relevant, and recall is the proportion of relevant doenisithat are retrieved”
(Buckley & Voorhees 2000).

Average Precision“The mean of the precision scores obtained after each
relevant document is retrieved, using zero as the precisiaelevant documents

that are not retrieved! (Buckley & Voorhees 2000).
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The mathematical formula for Average PrecisiorLis (Roloer2006):

1
AveragePrecision = @ Z par (2.19)

reR

whereR s the set of relevant documentss a single relevant document, and
P@r is the precision at the rank position of

Its computation involves successively taking larger séteretrieved doc-
uments, with evenly spaced values of recall and by computieg precision.
Normally five (0.1,0.3,0.5,0.7,0.9), nine or eleven repaihts are chosen (Oard
& Dorr 1996).

2.2.3.4 Probabilistic Information Retrieval

Miller et all (1999) used Hidden Markov Models (HMMs) to dddrmation
Retrieval. Their results achieved an Average Precisio®di%, which was quite
closer to the bestin TREC-7, MDS/CSIRO, which gave the Agefarecision of
28.5% (Voorhees & Harmen 1999).

They used a two state HMM where one state Baseral Englishrepresent-
ing queries being posed using words that may not have amgythido with the
documents being queried but might be common in any naturgliage queries.
The other state beinpocumentwhich represented the queries that were based
on the words taken from the documents themselves. Two tramgirobabilities
were defined to enter these stateésto enterGeneral Englisranda; to enter
Document Based on this model and the transition probabilities, thsterior
probability P(Document is relevant/Q), which is the probability that a doc-
ument is relevant given that a quetyis generated, was determined using the
Bayes’ formula, signifying the relevance of the documerisda on the query.

They experimented with the TREC-6 and TREC-7 test collestiavith 556,077

documents in the former and 528,155 in the latter, using ®0igs. Documents



52 Literature Review  Chapter 2

were ranked and the rankings were compared with the staridartf. Their
HMM based system outperformed the standgidlf, exceeding it by as much

as 8%.

Four refinements were made to their system using blind festgllmgram

modeling, query weighting, and document-feature depetrhéors.

In the blind feedback model, first the retrieval is carried vsing the user
query and then based on the relevance of the top documené&veet thus, an-
other search is carried out before presenting the resultisetaiser. It further

improved the Average Precision by 3.5% on the TREC-6 queries

Certain words are more meaningful when they occur in painsjristance
White Houseknown as the bigrams. They tried to use bigrams to provideemo
meaning to Information Retrieval. For that purposeBleeumentstate was fur-
ther divided into two:Document unigranand Document bigramwith an extra
transition probabilitya;. The results were even better using bigrams with im-
provement in both TREC-6 and TREC-7 tasks.

They figured from the previous TREC evaluations that the wandthe ti-
tle had a dis-proportional impact on the retrieval compdcethe words in the
rest of the document. In order to account for this discrepamémportance of
words, they devised a simple way of repeating words in quersignify their
importance. The results were further enhanced in this wély an improvement
in Average Precision of 2.9% for TREC-6 and 1.2 for TREC-7eyballed their
methodologyQuery Section Weighting

They also set aside the norm of using the same prior prohabifor all the
documents in the Bayes’ formula. Instead they used cerssuoraptions, such
as that the articles in journals are more informative thasé¢hfrom a super-
market tabloid. Such assumptions assign different priobabilities to different

documents. They found that most descriptive features warecs, length, and
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average word-length. Using this heuristic they found nmraimprovement for

TREC-7 but more improvement for TREC-6.

2.2.3.5 Multi-Lingual Information Retrieval (MLIR)

Exponential growth in information on the internet, and widople from so many
different countries having different mother tongues tgyio express themselves
in their native languages, web is becoming more and moresivand multi-
lingual in nature. In order to tap such a huge resource oamsnformation,
techniques must be developed to cut across linguisticdyaraind retrieve infor-
mation in any language, given the subject of the query giyem biser. Realizing
such a goal is quite challenging yet people are working ayidgrto make it a
reality.

Salton (1970) carried out one of the earliest experimentsutti-lingual IR
on the SMART system. The experiments were carried out usiagaderman
and English corpora with queries in both English and Gerrdautilingual the-
saurus was created for the said purpose by manually trargstae available En-
glish version into German. The multilingual thesaurusgssi concept numbers
to concept categories in English, and also provided theespanding German
translation. For instance, for the categanfivityin English, the concept number
234 is assigned and the thesaurus also contains its Geraresfationaktivitet
Some of the concept categories have no corresponding ®fdri&erman. The
process would take queries and documents in both EnglisiGanchan, com-
pare them with the multilingual thesaurus and create theesponding concept
vectors. Since the same concept categories (humbers)eddarghe same con-
cepts in both English and German, the system can accept fairgdage input
and process it.

The system would create the concept vectors for queries aoantents in
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English and German by comparing them against the thesamdiseplacing
words with concept numbers. The MLIR system then compares|tiery vec-
tors in English and German, with document vectors in botHiEngnd German,
essentially performing four groups of experiments: Enghnglish, English-
German, German-English, and German-German. The docureetdrs, in ei-
ther English or German, sufficiently similar to query veston either English or

German, are then retrieved.

The English collection consisted of 1095 document abstradtile the Ger-
man collection consisted of 468 document abstracts, witltd@@mon docu-
ments. 48 queries were used both in English and German. Taeyaviginally

available in English but were translated into German mayual

Salton discovered that the performance of his system orsdnogual was
almost equally efficient as on mono-lingual, with minor adions in recall values
ranging from 2-3%. Yet he found the runs with German corpletiess effective
than the English one. Thus it was concluded that some aspktite German

collection needed improvement.

The problem identified related to the completeness of theatlmeis. It was
found that approximately 6.5 words per English abstracewst found in the
thesaurus, while the figure for the German abstracts was Tmsel missing
words might be very important from the IR point of view andslitneeded to be
sorted out. This was latter confirmed. One particular documith 14 missing
entries, had 12 of them playing a major role in the analysithefdocument.

Thus the need was felt to use more complete thesaurus foefaiperiments.

Hull & Grefenstette|(1996) worked on English documents gighe trans-
lated French queries. The size of the documents they usedhwbnsisted of
news components from the TIPSTER text collection, comgrisenearly half

a million documents, with a total size of 1.6 GB of text. 50 geg, selected
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from the previous TREC experiments, were chosen and trigalsiato French.

The process of translation was carried out by an externaskagor and was not
done automatically. It has been recognized that normadlyjtreries are small in
length, thus it was decided to use shorter queries, with arage of seven words

per query.

They also built a word-based transfer dictionary from theline French-
English dictionary (Oxford Hachette, 1994), by removingeye amount of ex-
cess information. Yet it encountered a lot of ambiguity anglation, since many
French entries had many translations in English. For itgtaone worghendre
had 23 different translations and there were 521 entriest wichem common
words, with ten or more translations. That undoubtedlyoditiced a lot of ambi-
guity in translation, exactly what makes Natural Language@ssing (NLP) so
hard and tedious. Yet resolving ambiguities was not donaigexperiment to
keep things simple. The queries were retranslated intoi§ngking the trans-
fer dictionary and the translated queries were then inptitéanonolingual IR

system, a modified version of SMART (Buckley 1985).

The experiment compared the Average Precision values éoottiginal En-
glish queries, to their three different translations udiiféerent versions of the
transfer dictionary: The first used the dictionary genetatatomatically de-
scribed previously; and cleaner versions of the same. Thiecleaner version
simply removed entries which missed on the correct defimito were irrele-
vant. The second cleaner version was sought by incorpgratinti-word noun
phrases. The original English queries had an average me@$0.393; Auto-
matic word-based transfer dictionary had an average poecid 0.235; Manual
word-based transfer dictionary has an average precisidh2&9; and Manual
multi-word transfer dictionary had a value of 0.357. Thdeaténce in average

precision scores for the first (mono-lingual) and the lasedanulti-lingual) is
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not significant. The conclusion that could be drawn is thattMmgual IR can
be as efficient as mono-lingual IR, given that a comprehernsansfer dictionary

is available.

2.2.3.6 Probabilistic Multi-lingual IR

Xu et al. (2001) used the HMMs for CLIR, which is an extensidnha Miller
et al (Miller et al. 1999), which used HMMs for monolingual.IRor this study
the queries were in English and the documents were in Chiffdssy used two
manual lexicons and one parallel corpus. The test corpard were TRECS
Chinese track (TREC5C) and TREC9 cross-lingual track (TREC

It also defines &eneral Engliststate and ®ocumenstate. The former used
for generating queries that might not be relevant to the ohamris, and generated
using some probability distribution from the available Esiyvocabulary. The
latter generating queries by selecting words from the d@siat random using
some probability distribution. The probabilities for emg the two states are
and 1« respectively.a was fixed at 0.3 based on prior experience. The HMM
models the query generated by a user.

Since the quality of retrieval of documents can be judgedftbe rank-
ing of documents retrieved, in this study they used Bayd®s tw estimate the
page ranks. The aim was to ascertain the posterior probabiliDocument
is relevant /Query), or in other words its the probability of a document being
relevant given that the query Q is generated. It can be edsldeom the proba-
bility P(Query/Document is relevant), which is the probability that quer§
is generated given that the document is relevant, whichrmdapends on which
state was entered, General English or Document, to creaiguery. In the doc-
ument state to generate the query, it chooses a Chinese wamdem from the

document and then translates it into English, using a mnaated bilingual
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lexicon on its own, using a parallel corpus on its own, ana tt@mbining both.

For the lexicons they assumed uniform translation proligdsl So if a word
in Chinese could have translations into English, each of them was equally
probable. For the parallel corpus, they used statisticahina translation mod-
els (Brown et al. 1993) in order to automatically create agual lexicon.

Based on the queries generated they carried out IR by retgelocuments
based on queries in English. The system performed at 90%rpeahce level of
monolingual IR. They proved that using a mixture model, conmlg bilingual
word lists and the parallel corpora, can work better thangigither of them

alone.

2.2.3.7 Dictionary-Based MLIR

Pirkola (1993), studied the effects of using a general aingtiry and a domain-
specific dictionary, using structured and unstructuredigegon CLIR and com-
pared its performance with the monolingual IR. It was fouhdttstructured
gueries created using both the domain specific and the dehetianaries per-
formed almost equally well, but not better, as the baselirezigs used for mono-
lingual IR.

The findings were based on medicine and health related guanie thus a
medical dictionary was used for the purpose. The languafjederest were
English and Finish, the author being a native Finnish speake thus could
produce quality translations of English queries into Fahni

The study used TREC'’s health related topics, documents eledance as-
sessments. The collection comprised of 514,825 documaeritis, 34 health
related requests. Two Machine Readable Dictionaries (MRikse used: a
general dictionary and a medical dictionary. The genelahary had 65,000
Finnish and 100,000 English entries, while the medicalialetry had 67,000
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Finnish and English entries. The Information Retrievalteysused was IN-
QUERY.

There were four types of query types: the structured Nataragjuage sen-
tence based queries (structured NL/S); the unstructurédradldanguage sen-
tence based queries (unstructured NL/S); the structurédrdldanguage Word
and Phrase based queries (structured NL/WP); and the ahsed Natural lan-
guage Word and Phrase based queries (unstructured NL/\WW@hakeline queries
written in English were translated into Finnish by the autleophasizing more
on the quality of Finnish language than on precision of tietien. They tilted
the results in favor of the baseline queries, which is cleavlident from the

comparison results.

The NL/S queries were processed in a manner that importaiaswveere ex-
tracted from them and new queries were formed, the NL/WPigsieAs an ex-
ample the original query (NL/S): “What research is ongomgeduce the effects
of osteoporosis and prevent the disease”, was reduced teofmsrosis prevent
reduce research”, which is the NL/WP. Yet it can be seen beabtder of words
in NL/WP has changed owing to their relative importance mahiginal query.
The NL/WP query was translated into Finnish and then theygwas expanded
and structured based on the MRDs: the general and the seo#dical) dictio-
naries. The structured query was once again in English oteirggretranslation
process using the two dictionaries. But since a word in Bimmnay have many
English translations, all of them were incorporated int® t&+-translated queries
in English. That caters to some extent the disambiguitiesrent in any word or

phrase translations between any two languages.

Three translation methods were used in the stugti/translation, in which
translations were done using the general dictionady:— gd, with translations

first done in the domain-specific dictionary and then in theegal dictionary
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only if the first one failedsd and gdtranslations done in both with duplicates
removed.

It was observed that the baseline queries performed thewiistPrecision
at 10% recall at 37.9% in the case of NL/S, and 31.8% in the o8& /WP.
With unstructured queries and for NL/S, the best perforreamas observed in
the case okd and gdwith P@10% being 20.4%; followed bsd — gd with
P@10% of 19.2%; and least of all for the simple casgafvith P@10% at
15.4%. The performance was further improved with strunmof the queries,
with the three results as: 30.9%; 30.4%, and 35.9%.

In the case of NL/WP and the same performance measure, thiésreere
for unstructured: 16.5% fogd; 14.6% forsd — gd; and 19.3% forsd and gd
The results improved as before after structuring the queith the results as:
24.9% forgd; 26.1% forsd — gd; and 31.1% fosd and gd

2.2.3.8 Corpora based Approaches for IR

Braschler & Schauble (1998) used document alignmentsstatera multilingual
resource using theelevance feedbadckpproach. A query in the source language
would be used to retrieve documents in any of the languagéginomparable
corpora. First the query would return documents ingberce languageDocu-
ment alignment mappings were then used to locate the mestrdl documents
in the target language Terms were then extracted from the highest ranked re-
trieved documents, forming a new query that was used for aseanrch. They
showed that their approach combined with pseudo-translafithe query, where
the query is translated into tharget languagevhen therelevance feedbachkp-
proach did not retrieve any documents. This combined apprgave better
results than using any of the two approaches separately.

Latent Semantic Analysis (LSA) has also been used along théhparal-
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lel corpora for Cross-Lingual Information Retrieval (CDIRYoung!1994), and
(Chew et all 2007). Talvensaari et al. (2007) used compaaspora for multi-
lingual IR.

2.3 Machine Learning (ML)

Machine Learning is the branch of CS that deals with autanedirning of con-
cepts by machines through experience, either supervisaddgcher or without
him.

Supervised learning is more expensive in the NLP contertesyou need
previously annotated data to learn a concept. Unsupereseding does not
require previously annotated data for learning, and thieveoé learns from the
text itself. Unsupervised learning can be seen as the clngtiask (Manning &
Schuitze 1999).

2.3.1 Clustering

Clustering is the task of partitioning objects into groupslasters (Manning &
Schitze 1999). A number of clustering techniques are dfswech as K-means
(Hartigan 1975). But here we will concentrate on Hierarah{€lustering (HC)
(Manning & Schiitze 1999).

In HC, as the name suggests, is a clustering approach thds lauhierarchy
of clusters. It can be bottom up, Hierarchical Agglomem@iustering (HAC)
or top down, known as divisive (Jain & Dubes 1988). In thedmtup approach
initially every data point belongs to a separate cluster@odressively they are
merged, based on some similarity metric, to form one bigtelus'The merging
is done based on how similar two clusters are, or how smailléne distance

between them. The divisive technique goes the other way.nially all the
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data points belong to one cluster, and progressively thediarded into smaller
and smaller clusters, till each data point belongs to onstetu The splitting is
done based on coherence. So a cluster would be split if ias leoherent, or in

other words the data points in it are least similar.

A number of similarity metrics can be used, such as the Eeahdlistance,
Manhattan Distance (Black 2006), and Cosine Distance (9881

Based on the similarity measures, similarity functionsaetned which tell
between which two data points distance will be measuredderaio merge or
divide the clusters. Common similarity functions that asediin Information
Retrieval are single link and complete link_(van Rijsberd&y9). In single
link clustering, the distance is measured between two statata points in the
clusters. In complete-link clustering, the distance is soeed between the two

most dissimilar data points in the clusters.

Sedding & Kazakavi (2004) describe WordNet based text doaticlaster-
ing. WordNet provides semantic relations between wordsrims of synonymy

and hypernymy, among others.

They built on this basic infrastructure to improve on thecdment cluster-
ing. They defined a few preprocessing steps: POS taggingwetd removal,
stemming, assigning WordNet Categories, pruning, andetling), in that order.
While tagging gives syntactic information, WordNet addsamiag in terms of
synonymy and hypernymy.

Tagger assigns a POS tag to each word in the corpus and is eéfoee b
any other modifications are done, since order of words is wepprtant in any
tagging exercise. Stopword removal removes all the woralsdb not add much
meaning to the corpus. For this particular study all toké¥as vere not nouns,
verbs or adjectives were removed. Stemming refers to gettimbasic form of a

word while removing any morphological inflections that ntighovide syntactic
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and semantic wrapping to the word. WordNet categories, sxitbed above, add
meaning to the words. Pruning prunes all the words that deelow a certain
threshold in the corpus, because they might be good distaiimis but we might
end up with clusters with just a few documents, and mightatfee efficiency of
the clustering technique in terms of recall and precisidrenithe terms or words
were assigned weights using ttiedf weighting mechanism. Finally clustering
was done using bisectingmeans algorithm, which was found to be the current

best clustering techniquie (Steinbach et al. 2000).

They used Reuters-21578 as the test collection for beingpeific to any
domain, free availability and for comparable studies. Thwpas comprised of

21578 newswire articles from 1987.

Five configurations of data were useBaseling which includes all the ba-
sic pre-processing techniques, i.e. stopword removamhrsiag, pruning and
weighting but POS tags are removdySOnly that is identical to Baseline in
every sense except that the POS tags are ®pisthat includes all WordNet
senses of each PoS tagged token over and above all othetsasptte previ-
ous configurationHyper 5 that includes 5 levels of hypernyms over and above

everything in Syns; andlyper All that includes all hypernym levels.

Results indicated that the quality of clustering increasits the number of
clusters. Better clusters were obtained for Baseline tbamrfy other configu-
ration when the background knowledge was added using WardNeat might
be due to the reason that WordNet provides many senses forvead, thus
for every correct sense many incorrect senses were addech vshthe added
noise. The results also indicated that including only fiweele of hypernyms
was better than using all. It could be because with addedsl®fehypernymy
the terms become too general and loose their discrimingtmger, which is bad

for clustering.
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2.3.2 Measures of Clustering Quality

Some of the measures that could be employed to ascertairetheity of clus-

tering are Purity, Precision, Recall and F-score. They eansed for comparing
the results of clustering with the gold standard, an extereasure. Purity de-
fined in (Wong & Fil 2000), indicates how many of the documemgséluster are
correctly assigned a class.Af is the set of clusterg, is the set of classed is

the number of documentB/;; is a particular clustery; is a particular class, and
|wy N ¢;| denotes the number of documents in clugtéhat belong to a certain

class, then:

1
purity(K,C) = N Z max |wi N ¢ (2.20)
k

Precision, as defined in_(Church eilal. 1991) creates aaakitip between

the fraction of documents in clustérthat also belong to clads, as below:

cnL

T8l ,C€Curr, L € Larr (2.21)

precision(C, L) =

Recall, is defined as the fraction of documents in claisat is also in cluster
C'. Thus,
_lenf

R6CCLH(C, L) = T, CeCyrr, L€ Ly (222)

F-Scorel(Wong & Fu 2000), (Steinbach et al. Z000), combihedtaluation

metrics of both precision and recall by assigning them ewe#jhts, as:

2 % Precision(C, L) * Recall(C, L)
Precision(C, L) + Recall(C, L)

F — Score(C, L) = (2.23)
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Gini Index can also be used to ascertain the purity of clusier

2.3.3 Decision Trees

Decision trees are a supervised learning approach witha sgamples belong-
ing to different classes. The learning algorithm learngs¢ak a table of attributes
and at each node of the tree decides which attribute to pucjvwtould split the
data set that helps in reducing the expected Entropy by thémoan (Mitchell
1997), or that has the maximum Informaton Gain. More detailst can be
found in Section 4.7.4.

2.4 Building Resources from Corpora

Corpora, either monolingual or multilingual, parallel @meparable, are a very
useful linguistic resource, which in machine readable foam be used for com-
putational linguistics tasks. Building these resourcesisxpensive task in terms
of human and capital costs required for the purpose. Advaenés in computer
technology has made it possible to harness their compuotdtmower to auto-

mate the task.

2.4.1 Extracting Linguistic Resources from Wikipedia

Adafre & de Rijke (2006) used the multilingual aspect of Widlia to pro-
duce parallel corpora. They also created a bilingual Ehgliatch lexicon using
hyperlink information on a typical Wikipedia page, which ssdone manually.
(Ahn et al. 2004i; Ferrandez etlal. 2007) used it to developsselingual question
answering system._(Kawaba etlal. 2008) used Wikipediaiitiéhe multilingual

context to retrieve blog feeds in English and Japanesethi#@kitet al. 2008) used
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Wikipedia to construct a multilingual retrieval model, ngithe comparable cor-
pora in different languages in Wikipedia. (Richman & Schi2088) used it for
Multilingual Named Entity Recognition. Other uses incluégt classification
(Gabrilovich & Markovitchl 2006), information extractiofR(iz-Casado et al.
2005), computing semantic relatedness (Zesch let al.l 2@@id),named entity
disambiguation (Bunescu & Pasca 2006).

Automatic extraction of lexicons makes the task less labt@nsive and makes
the resultant lexicons more amenable to changes and atiafmaew wordforms
that keep appearing. Since, they are machine readable th@asier to use for
other NLP/IR tasks or to build more resources.

Tyers & Pienaarl (2008) used a list of English words to buildwdtiimgual
lexicon using multilingual nature of Wikipedia. The lexicwas built for Mace-
donian (mk), Afrikaans (af), Iranian Persian (fa) and Swbdsv), the languages
for which native speakers were available for manual evedoaif results. They
chose a set of nouns in English and for each noun they would thetWikipedia
webpage in English and then collect the corresponding wjeindsses in other
languages using the links for them on the original Englisbpege. Their eval-
uation gave Precision ranging from 69% for Swedish to 92%rforian Persian.

Zesch & Gurevydh (2008) defined Wikipedia and Wiktion&has Collabo-
rative Knowledge Bas€KB, as opposed to kinguistic Knowledge BaseKB,
such as WordNet (Fellbaum 1998).

Wiktionary’, like Wikipedia, is freely available online and is editaltig
anyone with due access to the internet and with some basid&dge of the web
technologies. But unlike its cousin it attracts lesser gbations from the online
community and has fewer number of languages covered wiletesoss-lingual

translations available for a commonly used word, such astiean Wikipedia.

nttp:/www.wiktionary.org/
Yhttp:/lwww.wiktionary.org/
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Thus, Wikipedia is more comprehensive in that sense.

They developed Java APIs to exploit the information comdiwithin the
Wikipedia and the Wiktionary using their database dumpshawe made them
freely available for research purpo¥esThe APIs are useful for data mining
tasks.

They imported database dumps into a database rather theqthsicrawler,
since a crawler goes through the webserver to retrievecpéatiweb pages and
puts an extra overhead. They used indexing which is availablpart of the
database and makes accessing particular webpages rstbiythefficient. Thus
it is more suitable for large-scale NLP applications. AmutHisadvantage of
using a crawler is that probably the results are not repribtkisince the online
edition of Wikipedia keeps changing, while no matter how ypnames you run
a program on the same database dumps, they are going tohygeddine results.
Yet, an advantage of using the crawler is that it automayigatorporates more
updated information since it directly connects with theveeand latest informa-
tion can be accessed as soon as it is available on the server.

Wikipaedia has also been used to extract lexicons as anayxhsk. (Sagot
& Fiseri2003) created a WordNet for French, what they cal@LF. It was
based on thextendapproachl(Vossen 1996). They used freely available re-
sources, such as: JRC-Acqtiiparallel corpus, Wikipedia and the EUROVEC
thesaurus. To extract synsets for monosemous words aumlifexicon is enough
since no disambiguation is required. For that purpose thested a bilingual
English-French lexicon with 314,713 entries.

Jones et all (2008) showed that using domain specific dexties improved

the performance of the Cross Lingual Information AccessfJkystems. They

Bhttp://www.ukp.tu-darmstadt.de/ukp-home/researeasinlp-and-wikis/
Pnttp://langtech.jrc.it/JRC-Acquis.html
2Onttp://eurovoc.europa.eu/
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used Machine Translation (MT), augmented with domain djgephrase lexi-
cons mined from Wikipedia, for query translation. They ¢eeladomin specific
bilingual lexicons for English-Spanish, Spanish-Italeard English-Italian. The
domain they chose was Cultural Heritage (CH). Domains greesented as cat-
egories in Wikipedia with each category covering artickdated to the domain

in multiple languages.

They automatically created the lexicon in three steps. énfilst step they
used a crawler to collect pages in their domain of interastotal they down-
loaded 458,929 English webpages. In the second step thexceed hyperlinks
to in Spanish and Italian. In the third step they extracteda@senames, embed-
ded titles within the URLs and put them together to build thdtimngual lexi-
con. Each Wikipedia webpage has the name of the article edelded the cor-
responding URL. E.g., the URL http://en.wikipedia.orddilCupid.and Psyche
is a URL to the webpage whose title@upid and PsycheThe corresponding
webpage in Italian isttp://en.wikipedia.org/wiki/Amoree Psiche PuttingAmore e
Psicheand Cupid and Psych&gether make an English-Italian translation pair.
Their lexicon contained about 90,000, 70,000 and 80,00@ipheilword phrases

in English, Italian and Spanish.

Given a query, it will first be translated using the WorldLadgMT system.
Then they will search for the longest subsequence that woalidh an entry in
the domain specific dictionary, and would be translated entdrget language
using the lexicon. The process would be repeated till no Imats found. They
discovered that at least one phrase was found in 90% of theeguerhich shows
the usefulness of the approach. For the phrases that haegglbeen recognized
and translated using the domain specific lexicons, theyransiation once again

to the MT system. If the two translations mis-match, the ameecby the domain-

2Ihttp://www.worldlingo.com/
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specific dictionaries takes precedence.

Their system was assessed by bilingual speakers of langaagevas found
to have improved upon the performance of the WorldLingo M3tegn. Accord-
ing to them 79%, 58%, 40%, and 45% of the incorrectly traesl@thrases were
corrected using the domain specific dictionaries for ENHN-ES, IT-EN, and
ES-EN respectively.

Sat0 (2009) used the crawler to extract an English-Japgeesen-name lex-
icon. The algorithm picks a person-name from a pool of mamgplal names and
then searches for their Japanese transliterations usihgoYdapan!® search
engine and then rank them according to a transliteratioredocchoose the best

candidate from amongst a list of possible candidates.

2.4.2 Building Multilingual Lexicons and WordNets using Pa-

allel Corpora

Recently, there have been efforts in building WordNets tbeolanguages auto-
matically. Parallel corpora are a good source of lexicala®i information and
hence can be used to extract that information to autombticaild a WordNet.

Two approaches for creating a WordNet are tiierge approacland theex-
tend approact{\Vosseh 1998), whereby in the first approach a WordNet idedea
independently and then merged with already existing ressymhile in the sec-
ond a new WordNet is created using the structures and chbwerds in already
existing WordNet. The latter approach makes the coveragfgeaiew WordNet
limited to the words in an existing WordNet and presuppobatsthe same se-
mantic relationships hold true for any language. But then go not have to
re-align the new WordNet with the old ones. BalkaNet (Tufif(P0and Multi-
WordNet (Pianta et al. 2002) are examples of that.

22http://www.yahoo.co.jp/
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FiSer (2007) used the translated versions of the GeorgeslsviNineteen
Eighty-Four (Dimitrova et all._1998) in five different langies viz. English,
Czech, Romanian, Bulgarian and Slovene. Pair-wise woghalent was done
to create bilingual lexicons which were later combined &ate a multilingual
lexicon. The multilingual lexicon was then compared witle torresponding
WordNets: PWN was used for English and BalkaNet for the r88ice Balka-
Net is aligned with the PWN, comparing the lexicon entriethwhe correspond-
ing language WordNet in BalkaNet would give the same syr3ead for the
corresponding English entry in PWN.

If all the language entries in the multilingual lexicon gnshared the same
synset ID, it was assigned to the Slovene lexical entry as wite Slovene
entries that shared the same synset ID were combined infonmeof a synset

as they were treated as synonymous.

Sagot & FiSer/(2008) used the JRC-Acquis parallel cofhWikipedia, and
the EUROVOC thesaurefsto create the French WordNet WOBEbased on the
extend approackiVossen 1998).

Since 82% of the literals in the PWN are monosemous and henoetde-
guire any disambiguation, bilingual translations werewgtoand Wikipedia and
EUROVOC were used for the said purpose. For the rest of thealg in PWN
which are polysemous in nature, the parallel corpus wastasagéate a multilin-
gual lexicon for English, French, Romanian, Czech and Bidga Since word-
alignment would only yield mappings between words, mulbrevexpressions
were not used. Entries in each language in the multilingesdtbn were then
compared with the corresponding WordNet in BalkaNet. Thessts IDs were
then taken from the WordNets and if all the languages, exXéegtch, shared the

23nttp:/Nlangtech.jrc.it/ JRC-Acquis.html
24nttp://eurovoc.europa.eu/drupal/
2Shttp://raweb.inria.fr/rapportsactivite/RA2008/alpagid96. html
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same synset ID for the same multilingual lexical entry, thens synset ID was

assigned to the French word.

WOLF contains 32,351 synsets containing 38,001 uniquealge For eval-
uation it was compared with the French WordNet in the EuraiMet (Vossen

1998), FREWN. Precision was calculated as:

IWOLF|N|FREWN|

2.24
[WOLF| (2.24)
and Recall was calculated using:
WOLF|N|FREWN
| [N | (2.25)

|[FREWN|

They achieved precision and recall of 80.4% and 74.5% réispécover
nouns, and 63.2% and 52.5% over verbs, with combined figurég.a% and

70.3%.

Lefever & Hoste|(2010a,b, 2009) defined the Cross-Linguaid/&ense Dis-
ambiguation task which was Task 3 in SemEval-2010. The qpatnts were
asked to automatically determine the correct sense of glieedl set of nouns
from the contextual information available in the Europanpus in any or all of
the five languages, viz. German, French, Spanish, ItaliagnCarich (5 of the
11 languages in which parallel corpora are available foopean Parliamentary
proceedings).

A sense inventory was created by first word-aligning thelpr@orpora us-
ing GIZA++ (Och & Ney 2003). The resultant alignments werertlverified by
certified translators, who were also asked to build the semsatory, which lists
different meanings of each of the target words. The sensmtowy lists all pos-
sible combinations of words in the six languages correspgi that meaning.

and then clustering by meaning of the target word.
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The sense inventory translations were used by the anngtatassign sense

tags to the 20 trial and 50 test sentences each for 5 trialsaamd 20 test words.

They produced two frequency based baselines: one fddd¢iséresulevalu-
ation and the other for th@ut-of-fiveevaluation from the word alignments ob-
tained from GIZA++ ordered by the frequency of that parégealignment in the

whole corpus.
Performance Issues with Word Alignment

GlZA++ (Och & Neyl2008) is based on statistical models andckéts re-
sults may not be much reliable in case of terms that do notrdoeguently. Such
limitations on the part of GIZA++ renders the whole procekalmnment and

subsequent creation of multilingual synsets error promesaiject to noise.

Specia et al! (2005) identified that for the English-Porasgparallel corpora
GlZA++'s word alignment accuracy fell to 29%. Such low levef accuracy
might be attributed to the fact that how close or far apartwacelanguages lin-
guistically. English and French or English and German migye fewer number

of errors due to their linguistic proximity.

Och & Ney (20083) observed that if German was used as a soungedge
alignment error rate (AER) was higher than if English wasdus®a source lan-
guage in English-German word alignment, the reason bei@4A++ German
word compounds, which occur frequently, are not alignedhwibre than one
English word. AER, as calculated by them, was only 21.1 ire casGerman-
English translation when German was used as the sourcedga@s opposed to
10.0 when English was used as the source language for a cofpize 0.5K.
Increasing the corpus sizes to 34K reduced AER substant@lB.8 and 4.6

respectively.

For the English-French parallel corpora, AER was 27.8 wheméh was

used as a source language as opposed to 23.1 when Engliskedbasa source
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language for a corpus of size 0.5K. Though it declined to noentioan 8.6 for
either case for a corpus of size 1,470K. They provide no aigmt results for
English and Greek.

Charitakis (2007) reported results for English-Greek walignment using
Uplug (Tiedemanin 1999) as a tool. 50.63% of the results wared to be accu-
rate. They attributed it to the small size of the corpora {460,091 words) and

different morphology of the two langues.



CHAPTER 3

Extraction of Multilingual Lexicons from Wikipedia

The spread of internet over the years, has brought undemitsella a diverse
group of people with different linguistic, cultural, reiogis and political back-
grounds. That is also reflected in certain online resourclss is an effort
to harness the prowess of one such resource, Wikipediag#&tectinguistic re-

sources.

3.1 Mainldea

Wikipedia is an online resource of multilingual informatiovhich has been in-
troduced in section 2.1.1. Here, itis used in the contextedting new resources.

Figure 3.1 gives a snapshot of the English Wikipedia pagethe title is
highlighted and the links to further articles on the samectopother languages
are zoomed in for better viewing.

In this project the potential subjectivity of Wikipediaiates is of no conse-

73
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Ark -

edia, the free encyclopedia - icrosoft Internet Explorer

ibcip

Uages
L _pmidl

= Aragones

= Armaneashce
= Asturianu

= Ararbaycan

= Benapycean
(Tapawkesiua)
= Boarisch

= Bosanski
Brezhoneg
Brnrapcem
atala

Figure 3.1: A Wikipedia snapshot showing the links to pagesther languages.

guence as long as the titles are meaningful and correct.iJaatafe presumption
since administrators working for Wikipedia and their saftesbots, which carry
out more mundane tasks such as correcting ISBN numberiag aaaing miss-

ing references section, together make sure that any sucts ere removed if
they ever occur.

The idea is to start at a Wikipedia article given by the usktraet its title
and the translations of the title by following the languag&sd on the Wikipedia
page on languages of interest. The title and its translst@wa put together to
form an entry in the multilingual lexicon. More URLs are @ated from each
page visited, if they are valid Wikipedia pages, followingearch technique.
It follows the links till the list of URLS to be searched is extsted (Shahid &
Kazako 9).

The rest of the chapter is organized as follows: Section &@udses the

http://en.wikipedia.org/wiki/Wikipedia:Bots
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methodology, and describes the crawler that we used andetirels strategy
adopted by it; Section 3.3 discusses the general and dorpaifis lexicons
that we generated and also gives histograms of number ofsnandkeyword for
different languages in a particular lexicon; Section 3gtdssed some program-
ming related issues that we encountered during our workid@e8.5 gives an
analysis of languages in Wikipedia; Section 3.6 gives tesafl evaluation; and

finally, Section 3.7 is for conclusion.

3.2 Methodology

In order to extract the titles and their translations, a wedwer is used. A
Web crawler is software that runs either online or offlinefoltows a URL to
download a page and then to extract useful information diregl. It may follow
other pages based on links on the first URL.

There are many crawlers available on the net but the one thatchosen,
for its brevity and usefulness, was the one available on @ka $un Develop-
ment Network, now part of Oracle Technology NetworkVe have made some
necessary modifications. The crawler by design used Depth$&earch (DFS),
whereby the crawler first goes down deep one particular peftiréit backtracks
and looks for other options, to explore the set of URLs in itsmory. This was
not considered optimal for the purpose of building mulgliral lexicons, because
rather than looking at all the links on one page, it would gevd@eep one par-
ticular path visiting pages whose topic would rapidly davtay, rarely, if ever,
backtracking to look at other options that might be close¢héoneeds of the user.

Najork & Wiener (2001) showed that the crawlers that use B&®a search

strategy find good quality pages at the early stages of thelsdzowever, as the

2http://www.oracle.com/technetwork/index.html
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1st 2nd nth
Link 1 Link 1 Link 1

Link 2 Link 2 == Link 2 No Links

(n+1)st

Page 1 Page 2 Page n

Page
n+2

Figure 3.2: Pictorial illustration of Depth First Search.

search progresses the quality of pages also goes down. Efieed the good
quality pages as those having higher Page Rank (Brin & Pa@&)18efined by
the indegree of a page which measures how many pages withPlaigh Rank
connect to that page. Having many links from other page®asas the chances
that a high quality page is found early. BFS explores pag#ésdamrder they are
discovered, reducing chances that it would vist pages wtmses drift away
from the starting point. That provides credence to our chatBFS as the
search strategy.

Figures 3.2 and 3.3 give pictorial views of DFS and BFS reispsly.

A starting point has to be provided to the program. This cbeldny Wikipedia
page. The program goes to all the links on that page, one hyaodehen follows
them to download more webpages in the order they were ofigidscovered,
making it BFS. It keeps track of the pages already visitechst the program

avoids having redundant information. Each page that isedddy the program
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Link 1

Page 4

Figure 3.3: Pictorial illustration of Breadth First Search

has links to corresponding pages in other languages.

3.3 Lexicon Generation

In order to create the lexicon, the crawler parses the HTMbarmation of a
page. It takes out the title of the original page by lookingtfe ‘(tiltle)’ tags on
the page and extracting only the initial information tilleihcounters Wikipedia
related information, since each title apart from the topat it refers to also con-
tains some information regarding Wikipedia. For instaritbe,page orScience

has the title embedded in its HTML as:

(title) Science - Wikipedia, the free encyclope(didle)
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Where between thatle tags we have the actual information regarding the
title, which in the case above Bcience - Wikipedia, the free encyclopedia
it “ - Wikipedia, the free encyclopedia” is redundant infation and has to be

removed to get the title. It is true for all the languages irki&ida.

It then goes to the corresponding page in the other langteges out its title,
and thus enters a row in the file, giving the keyword in the knisguage followed
by the keyword in the other language, in the form of tupl&sywordfirst language,
keyword secondlanguage. For instance, assume that we have chosen English as
the first language, and the search takes us to http://empedia.org/wiki/Computer.
The title of the page is also Computer. Let us suppose we Havgea French
as the second language, then in the language frame we carnhsekkk from
the word Francais to URL http://fr.wikipedia.org/wikif@nateur. Our program
would go to the corresponding page based on this link. Thideisorrespond-
ing page in French on the same keyword as for the originaluageg, which
is Computer in this case. It takes out the title once againchvin this case
is Ordinateur. The assumption is that this title is the Fnetnanslation of the
original English term. So the first entry that could be pubitite file would be

(Computer,Ordinateir

The process is then repeated for other languages, each tinaeteng the
translations of the English title and puts them in the forrtuples in the lexicon.

Each such tuple forms the lexicon entry.

The web crawler works till either its “To Search” list is extséed or the
program runs out of heap space. After that we have to resgirogram to get

more results starting from a new page each time.
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3.3.1 Algorithm

Algorithm 1 defines the whole process of crawling through Wéklia pages and

collecting titles and creating multilingual tuples to be as entries in the lexicon.

Algorithm 1 Build Multilingual Lexicon
Data Structures
gueue URLsToBeSearched (ENQUEUE-AT-END* function)
list URLsSearched (in order not to repeat the discovery tiesin the lexi-
con)
list MultilingualLexicon (contains keywords and theirmidations)
string CurrentURLToBeSearched (the URL from which new gaged titles
are to be extracted)
string LinksOnCurrentURLToBeSearched (URLs on the cunpage which is
being searched)
string Link (a link on the current page)
Initialize
URLsToBeSearched < {StartingWikipediaPage}
URLsSearched — {}
Multilingual Lexicon «— {}
repeat
CurrentURLToBeSearched < head(URLsToBeSearched)
EnglishTitle — EnglishWikipediaW ebpageT'itle(CurrentU RLToBeSearched)
ForeignTitles «— ForeignWikipediaW ebpageT'itles(CurrentU RLT oBeSearched)
Multilingual Lexicon Entry «—
< EnglishTitle, ForeignTitlel, ..., ForeignTitleN >
Multilingual Lexicon «— Multilingual Lexicon Entry
forall Link € LinksOnCurrentU RLToBeSearched do
if Link is a valid Wikipedia pagéen
URLsToBeSearched «— append(URLsToBeSearched, Link)
end if
end for
until URLsToBeSearched! = 0
* ENQUEUE-AT-END engueues at the end of the queue as definqohge
74 bylRussell & Norvigl(1995)

The search is exhaustive in the sense that no valid link orga peuld be

missed and it will search for all the pages in thhesearchlist until and unless
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either the list is exhausted or the memory has run out.

3.3.2 General Lexicons

The first set of lexicons considered for generation are tineige lexicons. Gen-
eral lexicons can have entries covering any conceivableagigroonstrained here
by the topics covered on Wikipedia, the starting point ofdbarch, and the num-

ber of entries that is aimed for in the lexicon.

3.3.2.1 EBG and EGFP

Two sets of languages were considered for creating thedexione wagEnglish,
Bulgarian, Greek hence after known as EBG, and the other {E&sglish, Ger-
man, French, Polish hence after known as EGFP. The program was run to ex-
tract around 20,000 entries for each dataset.

EBG is a general lexicon with more than 20,000 entries. Yeistnof the
entries have nothing for Bulgarian and Greek since thesaguizges are under
represented in Wikipedia. After the removal of entries thad null for either
Bulgarian or Greek, we ended up with around 4,000 entriesKggure 3.4 for a
shapshot of the lexicon).

EGFP is also a general lexicon with around 20,000 entrieleated. Of
these, only 10,000 were useful in the sense that all the Egegihad something
for the corresponding English word/phrase (see Figure@®.a tnapshot of the
lexicon).

As can be seen from the two lexicon samples, the lexiconsaatg §eneral
and cover a wide array of topics and concepts, from religaguolitics to science,
geography and history. That is due to the underlying ditersi Wikipedia
which is fairly general in itself.

Not every language on wikipedia is equally representedy saime languages
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English
Computer
Machine
Digital camera
Middle Ages
Hero of Alexandria
Electricity
United Kingdom
wWashing machine
Internet
English language
Solar System
Sguare kilometre
American Civil War
Referendum
Gross domestic product
Population density
World War Il
F. Scott Fitzgerald
wWinter Olympic Games
European Union
Pharmacology
Economy
Science fiction
Islam
Arcwelding
MNobel Prize
Investment banking
Daylight saving time

English
Computer
Text editor
Earth
Cold War
Newspaper
Connecticut
Poet
Country music
Census
Legislature
Coup d'état

The Old Man and the Sea

KomnwoTbp

MawmHa

Undpoe doToanapat
CpeaHOBEKOBHE
XepoH
EnekTpuyecTeo

Ob6eaMHEeHO KpancTeo BenmkoBprTaHmMAa 1 CesepHa Mpnanava

MepanHa MmalwuHa
VinTepHet

AHFAWMACKKA 23MK
CnbHuesa cicTema
KBagpaTeH KMnomeTbp

AMEDHHAHCKE MPaMOAaHCKa BOAHA

PedepeHaym

BpyTeH BbTpeleH NpoayKT
MbCTOTa Ha HaceNeHMeTo

BTopa cBeTOBHa BOHHaA

DpaHcKc CROT DU aepans

null

EBpOMEeCcKM Chro3
MapmaxkonorKa
MroHoMMKa (Hayka)
MaHTacTHKa

Wcnam

null

HobBenoea Harpaga

MHBECTULIMOHHO EEHHMPEHE

MAaTHO Yacoeo Bpeme

Bulgarian

Greek
HAEKTpOVLKOG UTIOAOYLOTHAG
Miycevr
Wndarn Gwroypadxn pung
Meouiwvog
Hpwwv
HAEKTPLOMOG
Hvwpévo Baolielo
MAuvvTrplo polywv
Aladiktuo
AyyAlkn yAwooo
HAlokod obotnpo
TeTpoywvikd XIAMOUETpO
Apspkavikog Epdoiiog Mol
anpoyridlopno
AxaBaploto Eyywplo MNpoid
MurvotnTo mhnBuopol
B' Naykdopiog MNaispog
Mpdvolg Ekot PitiEpaivt
¥epspwvol OAupmorkol Ayw
Eupwiaikr) Evwon
Dappoakoloyia
OLKOVOpLLK
EmoTnpovikr dovToolo
lohdp
HAskTpoouykOAANTn TOLOU
BpaPelo NopmeA
null
Beplvr] wpo

Figure 3.4: Selected Entries from EBG

German
Computer
Texteditor
Erde
Kalter Krieg
Zeitung
Connecticut
Poet
Country-Musik
Wolkszahlung
Legislative
Putsch

French
Ordinateur
Editeur de texte
Terre
Guerre froide
Presse écrite
Connecticut
Poéte
Musigue country
Recensement
Pouvoir législatif
Coup d'Etat

Polish
Komputer
Edytor tekstu
Ziemia
Zimna wajna
Gazeta
Connecticut
Liryka
Muzyka country
Spis statystyczny
Witadza ustawodawcza
Zamach stanu

Der alte Mann und das Meer Le Vieil Homme et la mer Stary cztowiek i morze

Figure 3.5: Selected Entries from EGFP
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far more equal than others, such as English, which pre-datesnWikipedia.
Others have far fewer number of articles on Wikipedia sucthasGreek. That
causes the code to find a lot otill entries in languages other than English.
After English, German, French, Japanese, and Spanish havargest number

of articles.

3.3.2.2 Histograms for EBG

Based on the initial results, histograms were plotted tdysthe length of our
entries for each language. The first ones were plotted for BB then for
EGFP.

The average number of words in a Bulgarian keyphrase, oftwihiere were
only around 7,000, as found to be only 0.608, which eludedaoge number of
nulls in the lexicon.

Greek is one of the least represented among the Europeanalges on
Wikipedia. Similar to Bulgarian, most of the entries werdl mg well, 15,564
out of 20,569.

Since “null” entries are not of much use it was but essentiaémove them
and then analyze the data using the histograms. That wowtdegmuch better
and clear picture of the results.

A large number of keywords/keyphrases were removed frorEBf® corpus
after the purging of the corpus off all the nulls. Only 4,2@&fWwords/keyphrases
were left which constituted only a little more than 20% of threginal. Figure
3.6 shows the histogram for English without nulls in the EBBoIs.

As can be seen from the histogram for English, single wolektdre the most
frequent, numbering 2,700, followed by phrases of lengtha2 humber 1,114,
followed by the rest.

Removing theullsreduces the number of keyphrases of length 1 from 6,681
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Word Count Histogram English (EBG)
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Figure 3.6: English Histogram for the EBG corpus withoutsul

in the original lexicon to just 2,700, a drop of 60%. The keygses of length
2 have dropped from 7,892 to 1,114, a drop of around 86%. Iahassonable
explanation. The keyphrases with large number of wordsemtare uncommon
and may refer to a very specific topic. The chances are lowatpatson writing
in another language would also be interested to write ondaheegopic. In the
original lexicon the largest keyphrase had a length of 26afier the nulls have
been removed the largest English phrase has a length of omtyd®s, which is
almost a three times drop. There are very few keyphrasesgthHes or more

and hence such topics are uncommon.

Figure 3.7 gives the Bulgarian histogram without nulls. His tcase, similar
to that of English, the highest frequency is that of keypésaasith just one word
in them, which is 2,232, which dropped from 4,031 in the aradiexicon, a drop
of around 45%. The ones with length 2 dropped from 2,198 t62,,4 drop of
34%. The reason for this drop has more to do with Greek thdrereEnglish
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Figure 3.7: Bulgarian Histogram for the EBG corpus withouit$

or Bulgarian. Most of the keyphrases were dropped becaegecttrresponding
values for Greek were null. If it were only an English-Buligarlexicon, then
out of a total of 20,569, 7,381 entries would have somethargobth English
and Bulgarian, which comes to around 36% of the total. Evendh 64% of the
keyphrases would still have an entry only for English, it Vadiave been a much
better figure than around 80% that we have now. The largegthkages remain

with 9 words in them.

Looking at the Greek histogram (Figure 3.8), one can seethigahighest
number of keyphrases are those with just one word in thempeuanmg 2,200,
which is a very small drop as compared to 2,460 which we hagiraily. It
translates of a drop of just over 10%. It can be explainednmseof the avail-
able resources in wikipedia in English, Bulgarian and Gré&gkce Greek is the
smallest of them all, there are very few one word keyphrassstave webpages

in English and Greek but not Bulgarian. And that drop bakjiaaifers to those
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Word Count Histogram Greek (EBG)
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Figure 3.8: Greek Histogram for the EBG corpus without nulls

single word keyphrases that do not have a correspondingaBalgentry in the
corpus. The largest keyphrase in Bulgarian now has 6 wordsasopposed to

7 earlier.

Across the languages, it can be seen that they tend to faflewame pattern
with keyphrases of length 1 being the most frequent, folibwg keyphrases
of length 2. The lengths of largest phrases have much lesanearnow. Both
English and Bulgarian have largest phrases of length 9,en@ileek has the
largest phrase of length 6.

3.3.2.3 Histograms for EGFP

Similar to the EBG lexicon, an EGFP lexicon was created, Wharresponds to
four languages, English, German, French and Polish. Bubsgapto the EBG
lexicon, which had one of the least used European languagtsanternet, the

Greek, this lexicon comprises the languages which haveatiges$t number of
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articles in Wikipedia. English tops the list with over 2 roh articles, followed
by German with over 750,000, French with over 650,000 an@sPelith over
500,000 as of 31st May 2008.

Once again thaull entries were removed so that we only had entries in the
lexicon where translations were there for all the languagesidered. Figure 3.9
depicts the English histogram after the removal of nullaf tleduced the total
number of entries in the lexicon from 20,383 to 10,157. Orgagrathe phrases
with length 1 are the most frequent followed by phrases dftler2. The same
can be observed for other languages (Figures 3.10, 3.113.a83

Interestingly, despite being the second most used langoag®/ikipedia,
German hasull entries for 6,253 English phrases, that is more than 30%eof th
entries. French has 6,95@lll entries and Polish has 8,805l entries.

Across the languages, French and Polish have the highgshlphrases with
a length of 13. The figure is 10 for German and 11 for Englishrn@@ also has
a large number of entries of length 1, totalling 5,741. Therkg for English,
French and Polish are 5,026, 4,353, and 4,424 respectivalgpicts the prop-
erty of German which has more compound words, not only reduttie prob-
ability of lengthy phrases but also increasing the prolighdf smaller length

phrases.

3.3.2.4 Removal of Redundancy and Numeric Values

The multilingual lexicons thus created still containeduedancy and many of
the entries were purely numeric in nature. Due to some im@igation issues,
the process had to be restarted and that caused some redyrdasome of the
articles already vistited were revisited on subsequers.riklso, sometimes a
link on a Wikipedia page links to part of an article, and thins same parts of

the same article may be visited creating the same entry ihettieon. For in-
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Figure 3.10: German Histogram for the EGFP corpus witholsnu
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Word Count Histogram French (EGFP)
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Figure 3.11: French Histogram for the EGFP corpus witholsnu

Word Count Histogram Polish (EGFP)

5000 -
asop 4424
4000 -
3500 -
o
8 3000 -
£ 2500 -
o
& 2000 -
(T
1500 A 1147
1000 -
500 - 288 g3 47 32 4 4 1 6 1 1
U m T - T T T T T T T T 1

1 2 3 4 5 6 7 8 9 10 11 1z 13

4104

Mumber of words in a keyword

Figure 3.12: Polish Histogram for the EGFP corpus withouisnu
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stance, http://en.wikipedia.org/wiki/Centeimass and http://en.wikipedia.org/
wiki/Center of_mass#Barycentdan_astronomy have the same title, Center of mass.
Later these redundancies were removed to get only the ueigfuies in the lex-

icon.

There were also a lot of entries that merely were differearyeLike there
are Wikipedia articles for different years, such as 2008t 888008 in English
would still be 2008 in any other language, barring diffesm writing styles.
Such entries are not of much use in any such multilinguattexi So apart from
the entries which occurred more than once, such purely riaraetries also had

to be removed.

After the removal of both, only 1,467, down from 4,267, ezgrivere left
in the EBG lexicon, and 5,109, down from 10,157, in the EGRéctn. That
translates into a drop of 65% for EBG and a drop of 50% for EG&f.that is
just 7% of the original for EBG, and 25% of the original for ERBF

EBG Histogram

Now we look at the histograms after the removal of redundeneand the
purely numeric values. Figure 3.13 depicts the histograr&fmglish in the EBG
corpus. As can be seen a large number of the keyphrases Ingtle t¢ either 1
or 2, with the single word keyphrases being most common, reuimdp 857 (58%

of the total). The largest keyphrase is of size 9.

Figure 3.14 depicts the histogram for the Bulgarian. On@@rag vast ma-
jority of the keyphrases are of length 1 and 2, which make % 89the total.
The most common are of length 2, numbering 650 (44% of thd)tatimsely
followed by keyphrases of length 1, numbering 653. The ktrgeyphrase is 9

words long, same as the English.

Figure 3.15 depicts the histogram for the Greek. As for Eigdind Bulgar-

ian, Greek also has vast majority of keyphrases of eithaytkeh or 2, totalling
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Figure 3.13: The final English Histogram for the EBG corpus
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Figure 3.14: The final Bulgarian Histogram for the EBG corpus
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Word Count Histogram Greek (EBG)
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Figure 3.15: The final Greek Histogram for the EBG corpus

1,285 (88% of the total). The largest keyphrase is of size 6.
EGFP Histogram

Now we look at the histograms for the EGFP corpus after theovamof
redundancies and purely numeric values. Figure 3.16 defiethistogram for
the English. A large number of entries have length 1 or 2|ltotp4,065 (2,027
of length 1 and 2,038 of length 2) out of 5,109, or 80% of thenhe Targest

keyphrase has size 11.

Figure 3.17 is for German. 4,300 out of 5,109 entries havgtleof either
1 or 2, 84% of the total. The most common being of length 1 (2 dbtries),
followed by length 2 (1,848 entries). The largest keyphrad®.

Figure 3.18 is the French histogram. But contrary to Germanakin to
English, in French the most frequent words are of length Bhbering 2,099 and
the second most frequent are of length 1, numbering 1,7 18\bCwd they make
up 3,817 of the total (74.5%), lesser than either Englishem@n. The largest
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Word Count Histogram English (EGFP)
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Figure 3.16: The final English Histogram for the EGFP corpus
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Figure 3.17: The final German Histogram for the EGFP corpus
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Word Count Histogram French (EGFP)
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Figure 3.18: The final French Histogram for the EGFP corpus

keyphrase is of size 13.

Figure 3.19 depicts the histogram for Polish. Similar to li&igand French,
the most common words have length 2, numbering 2,422 foliolae single
word keyphrases, numbering 1,761, with a combined total 183} (82% of the

total). The largest keyphrase is of size 13.

German, once again shows that it uses fewer words to desttréheame
concept. The maximum length of a phrase is 10, as opposed fiar Einglish
and 13 for French and Polish. In German the most frequensphraave length
1, as opposed to 2 for all other languages. That probablgates the use of
compound words in German. French and Polish seem to use noods \&s in

both cases there are many more phrases of length 2 than tength
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Word Count Histogram Polish (EGFP)
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Figure 3.19: The final Polish Histogram for the EGFP corpus

3.3.2.5 HeptalLex

The EBG and EGFP were just a prelude to HeptaLex (Figure 3vdich as
the name implies is a lexicon of 7 languages: English, Gerrfagnch, Polish,
Bulgarian, Greek and Chinese. It has 4,603 unique entrtas.quite dense in
the sense that there is only one missing value in it, thereftisimg in German

for the English entry “0 (number)”.

The histogram for English phrases (Figure 3.21) indica& the most fre-
guent are the keyphrases of length 1 as is the case with bdddaB EGFP after

removal of entries containingull or duplicate entries.

While crawling through Wikipedia and collecting URLs of enést, several
of them were found to be irrelevant to lexicon generation hedce had to be
ignored. We identified parts of the page URL that indicatedrttelevance to the
task at hand. The list is shown in (Figure 3.22).
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English German French Palish Bulgarian Greek Chinese

Wikiedia Wikipedia Wikipédia Wikiedia Yukunemua Bimaidein EEEH
Encyclopedia Enzyklopadie Encyclopadie Encyklopedia Enuenonegym Eykukhomaiben Bied
English language Englische Sprache Anglais Jezyk angielski Anrauici ezne Ay yhadoo &R
Vanice Venadig Venise Wenecja Beneu Beveria i
Filtn director Regisseur Réalisateur Rezyser Pesichnp TrivoBémg EFER
Uniform Resource Locator Uniform Resource Locator Uniform Resource Locator Uniform Resource Locator  Yawdwuyapan nokarop wa pecypen Uniform Resource Locator  H—RiER AR
Weh search engine Suchmaschine Moteur de recherche Wyszukiwatka intemetowa Tepcauka Wl avadimmng ]S
University Hochschule Université Uniwars tet VugepcuTer Novemmipio &
Manogaly Manapal Manapale Monogal Mananan Movemihio 5
Computer Computer Ordinateur Kamputer Komniarsp Hhexrponkdc umohoyiorfc  EEE
Univgrsity of Oxford University of Cford Université o Oxford Uniwersytet Oksfordzki — Okcongcky ywmeepcuter Novemaripi g Ofgdplng R
Population density Bevlkerungsdichte Densité de population  Gestos¢ zaludnienia TbLTOTa Ha HaceneHmeTo Nukdrnio mofurued —— ADEE
Presidential system Prasidentielles Regierungssystem  Régime présidentiel System prezydenchi Mpeanatcea penyhnmea Mpochpier) Anuokparic S84
Dictatarship Diktatur Dictature Dyktatura JuimaTypa Aiarapi ki
European Community — Européische Gemeinschaf Communauté ewropéenne Wspdlnota Ewopejska Eponeficka obunoct Eupumaix Kowdmia ELRRE
Benazir Bhutto Benazir Bhutto Berzir Bhutto Benazir Bhutto Beazup Bxyro Wmavadjp Mmodro MR it
Thornas Edisan Thomas Alva Edisan Thomas Edisan Thornas Alva Edison Towac EguceH Topog Evmor st il
At Kungt At Sxtuka Waryeren Téwm 4
Calfomia Kalifornizn Calforie Kalifomia Kanuopua Kahiagna MHERTM
Buddhism Buddhismus Bouddhisme Buddyzm Bynman Boubiopdg i

Figure 3.20: A sample from HeptalLex
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Figure 3.21: English Histogram for the HeptaLex
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Substring in the Wikipedia URL ‘What it refers to

Image Contains an image

Category Wikipedia defines groups for articles.
Each article can appear in more than one
category.

Book sources Gives details about the book mentioned
as an [SBN number in an article.

Portal Portal is an introductory page to a topic.

Help Help pages for Wikipedia.

Pages that link to Lists the pages that link to a particular
page.

Talk Wikipedia pages for discussion on
articles.

# Points to another part of the same
webpage.

Special Links that give some special information
about the article, such as therecent
changes.

Wikipedia Wikipedia specific links on any page
such as Wikipedia:Contact_us.

“png” and “gif” png and .gif files that will not give anv
titles.

Template Template information for creating pages
on Wikipedia.

wikimedia Foundation that supports Wikipedia.
Wikimedia links are found on Wikipedia
articles.

Figure 3.22: Parts of URLSs that indicated irrelevant Wikigepages

3.3.3 Domain Specific Dictionaries

Apart from the one general dictionary, two domain specifatidnharies were also
created: one in the domain of Computer Science and the atlikeidomain of
Artificial Intelligence with level of a category defined, whi could be used to
build taxonomic structures and could also be used to deflagarships such as
hypernymy and hyponymy.

In order to extract domain specific dictionaries use was nodategories in
Wikipedia (Kazakov & Shahid 2008). A category in Wikipedandoe thought of
as a particular domain, which may contain subcategoriesKggire 3.23). Each
category has in it some articles on topics related to thejoaye For instance, the
Arts category contains articles ¢ine art, andHuman figure (aestheticaymong

others.
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;Fg =

Categories: Aesthetics | Artists | Arns | Visual arts

Figure 3.23: Categories on a typical Wikipedia webpage

We developed these domain specific dictionariesdomputer Sciencand

Artificial Intelligence

3.3.3.1 Computer Science Specific Lexicon

The Computer Science domain specific lexicon is based on onepGter Cat-

egory. It has got almost 2,500 entries in it in 37 differemgaages: English,
German, French, Polish, Japanese, Italian, Dutch, SpaRistsian, Swedish,
Chinese, Norwegian (Bokmal), Finnish, Catalan, Ukrainiurkish, Romanian,
Czech, Hungarian, Slovak, Danish, Arabic, Korean, LithaanSlovenian, Bul-
garian, Estonian, Norwegian (Nynorsk), Thai, Greek, Hindfelsh, Latvian,

Cantonese, Urdu, Irish, and Classical Chinese.

This time a wide variety of language families were considemad much
bigger questions were asked, such as how any two language®enelated

and could such relationships between languages be detméing information
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overlap between any two languages on Wikipedia.

For the purposes of this particular lexicon, category imfation of Wikipedia
was used, which bunches together articles belonging to arteeplar category.
For instance, a person interested in politics might look Poblitics category
and find articles of interest on topics as diversé.agislative actandRegional
autonomy Such diversity of information when bunched together infdren of
categories and subcategories, makes searching of rel@famation simpler

and might also help in building taxonomies (see Algorithno2details).

Algorithm 2 Algorithm for the creation of Computer Science specific dexi
Get first address from CommandLine
Add address to Queue
Entries < 1000
while Entries < 1000 do

Get first WebPageURL from Queue
Call URLAIreadyVisited()
if Not visitedthen
for Each link in WebPageURHo
process link (parse and filter)
add link to Queue
Entries «— Entries +1
end for
end if
end while
while Links in Queue> 50do
Get first URL from Queue
Call findTitle()
Remove URL from URLTable
Insert URL into AlreadySearchedURLsQueue
end while

Apart from the checks put on URLs it was also ensured thatthioge URLS
were considered which had the substramgwikipedia.orgn it (see Figure 3.25).
It was also ensured that no such URL was considered which lwag a page on

a purely numeric value, such as the numbgrsince translations df1 would be
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English | Japanese | Russian | Arabic | Thai
Computer science FTEEH S Whhopmanika Lk Inenmseauiineas
Computation null null s sk nigFiuaa
Computer graphics FvEI~F P74 7 A |KownetorepHan rpaguka | sl S| maufiunadngiiing
Computer programming |7 & # § § ¥ & (2 ¥ £ 2—~#) |[porpaMmMupoBanie Loy madizulalsunsy
Symhbalic computation  [null null null null
Alan Turing TFY - Fa-ULH Thtopur, Anad Matucod =4 Y| wadu Wik
Farmal methads Tt FiE null nul null
Compiler AR Komnunatop (L) | WlsupsUMR TS UASY
Parsing I Cunrakcuyeckwil ananna |null nul
Routing o A 0 Maplwpytiaadna () o) il

Figure 3.24: A snapshot of the Computer Science specificoexwith few of
the languages

the same in all the languages.

Figure 3.24 shows a shapshot of the lexicon, showing sonteeddhguages
in the lexicon, depicting the variety of writing styles tHave been covered.
Once again, English has been used as the pivotal languagg tbe most prolific
of all the languages on Wikipedia.

One can observe that quite a few entries for some languagasudlr The
lexicon itself is very sparse with some languages, such assial Chinese,
Urdu and Welsh having fewer than 100 entries. This basicdilds light on
the interest of people belonging to particular languageam@uter Science and
related subjects. It does notin any way mean that the laregiteef is not widely
spoken. For instance, Urdu is quite widely spoken in Soutia Aat is not well

represented on Wikipedia.

3.3.3.2 Category Translations

This work was further extended (Kazakov & Shanid 2008) taamtttransla-
tions of categories for Computer Science (CS) and Artifimétlligence (Al).

As already shown Wikipedia defines categories that encosnghifferent areas
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Substring in the Wildpedia URL What it refers to

Image Contains an image

Category Wikipedia defines groups for articles.
Each article can appear in more than one
category

Book sources Gives details about the book mentionsd
as an IIBN number in an aricle.

Portal Portal is an introductory page to a topic

Help Help pages for Wikipedia.

Pages that link to Lists the pages that link to a particular
page

Talk Wikipedia pages for discussion on
articles.

# Points to another part of the same
webpage.

Special Links that give some special information
about the article, such as the recent
changes

Wikipedia Wikipedia specific links on any page
such as Wikipedia:Contact_us

“png” and “gif” png and . gif files that will not give any
titles.

Template Template information for creating pages
on Wikipedia.

wikimedia Foundation that supports Wikipedia
Wikimedia links are found on Wikipedia
articles.

Figure 3.25: Substrings of URLSs that render them irrelevant

of interest. Each category may contain subcategories drfiearon particular
topicsin it (see Figures 3.26 and 3.27). In this case we amidd for categories
and their subcategories for CS and All.

The CS domain specific dictionary (Figure 3.28) containstie lover 2,000
entries in 36 different languages. Classical Chinese wasuéfor this exercise.
The Al domain specific dictionary (Figure 3.29) was much semnalith around

450 entries.

3.4 Some Programming Related Issues

While creating the lexicon, some memory issues were eneocemhtwith Java.
In Java everything is an object and objects are stored inrdimenemory, or

heap space. For each URL stored on a vector, for the purpbbeshg explored
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A

= |+] Algorithms (47)

= |+] Artificial intelligence (29)

= [+] Computer science awards (4)

c

s |+] Cellular automata (5)

= [+] Computer science competitions (2)
= [+] Cornputational science (15)

= [+] Computer architecture (16)

= [+] Computer programming (23)

= [+] Cancurency (B)

Pages in category "Computer science”

D

= [+] Data structures (12)
= [+] Databases (17)

E

= [+] Computer science education (1)
= [+] Events {computing) (0)

G

= [+] Computer graphics (28)

H

= [+] Human-computer inferaction (15)
L

= [+] Computer science lists (0
= |+] Computer science literature (3)

M

= [+] Mathematical optimization (5)
0

= [+] Operating systems (37)

The following 19 pages are in this category, out of 19 total. This list may sometimes be slightly out of date geam more)

= Computer science
= List of computer science fields

*

= Topic outline of computer science
= Poral:Computer science

A

= ACM Computing Classification System
Adaptive educational hypermedia

A cont.

= Adaptive hypermedia
= Authoring of adaptive hypermedia

Cc

= History of computer science
= Computer scientist

E

= Empirical modelling

H

= Charles Leonard Hamblin
I

= Informatics

O cont.

= [+] Computer science organizations (8)
P

= [+] Programming languages (42)

S

= [+] Computer scientists (25)
» [+] Computer security (17)
= [+] Software engineering (28)

T
= [+] Theoretical computer science (16)
w

w [+] Computer science websites ([0)

M

= [+] Computer science stubs (B)

| cont.

= Information and Computer Science
M

= MALINTENT

= Owerlapping subproblem

= Program (mathematical object)

= Klaus Samelson

= User talk:Spychiehalla

Figure 3.26: Subcategories for Computer Science
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A

= [+] Adificial intelligence applications (4)

= [+] Artificial immune systems ([0)

= [+] Adificial intelligence associations (D)

® [+] Automated planning and scheduling (0)

c

® [+] Cognitive architecture {0)

= [+] Computer vision (12)

= [+] Adificial intelligence conferences (0)
= [+] Constraint satisfaction (0)

E

= [+] Expen systems (1)

Pages in category "Attificial intelligence”

= [+] Adificial inteligence in fiction {(4)
G

= [+] Game artificial intelligence (B)

H

= [+] History of antificial intelligence (©)
K

= [+] Knowledge enginesring (D)
s [+] Knowledge representation (16)

= [+] Adificial intelligence laboratories (0)
= [+] Logic programming (3)

M

= [+] Machine learning (8)
= [+] Multi-agent systems (1)

N

= [+] Natural language processing (B)

o]

= [+] Ontology {computer science) {2)

= [+] Optimization algonthms ()

P

= [+] Philosophy of artificial intelligence (1)
= [+] Adificial intelligence publications (1)

= [+] Adtificial intelligence researchers (2)

= |[+] Robotics (16)
= [+] Rule engines (1)

S

= [+] Search algorithms (2)
T

= [+] Turing tests @)

H

w [+] Adificial intelligence stubs (0)

The following 139 pages are in this category, out of 139 total. This list may sometimes be slightly out of date geam more)

= Portal Adificial intelligence

= Topic outline of artificial intelligence

2

C cont.

Computational intelligence
Computer Audition

M cont.

Mark Stephen Meadows
Means-ends analysis

= Computer vision = MindRACES
= 200 = Computer-assisted proof = Mindpixel

» Connectionist expert system s Modelbaged reasoning
A

= Constructionist design methodology = Moravec's paradox
Pt = Morphological computation
= AML D proiog P

ASR-complete

Action selection

Admissible heuristic

Affective computing

Agent Systems Reference Model
AgentSheets

Articipation (artificial intelligence)
Anytime algorithm

Darwin Among the Machines
Darwin machine

Meats vs. scruffies

= Data pack = Neural modeling fields
= Decision lists = Neuro-fuzzy

= Decision-tree pruning = Nouvelle Al

= Diagnosis (atificial intelligence) o

Digcovery system
Dynarnic time warping

Ontalogy learming

Figure 3.27: Subcategories for Artificial Intelligence

English German Japanese Chinese Arabic Korean Bulgarian Thai Greek

Computer science Infarmatik ErE R AL e | H L5 WHpopmatika ireRauRueas [Emaripr umohoy
Computer architecture_|Rechnerarchitektur |3 ¥ &> —& 7 —% 7 + * [Eizig null HEEH FAE null null null

Semantics Semantik Erkan null ERE CemanTuka null null

Algorithms Algorithrmus Fa YA Saaylsa| NS ANropHTMH e auiE AdydpiBpo
Artificial intelligence Kiinstliche Intelligenz |\ X038 Lol AS[OIBX| S null Heyryrsedurg Teyn i vonpoaiyr
Computer programming | Prograrmrmierung Feriivy i ieapHFEE T2 [null sl Tusunsy null

Operating systems Betriebssystem AL —F A [®BIERLE ot o 2 H HIHI null TruulEnag null

Praararaming lanananes [Prasrammiersnrache 17825 3 000 [FERFiEtE R B P ETRS ] Faunu za nonrnasunads [ amsaT lsunsu Chmimimee Tronwnm

Figure 3.28: Lexicon for Categories of Computer Sciencei@8ubcategories



Section 3.4  Some Programming Related Issues 103

English German French Japanese [Chinese  [Arabic Korean Bulgarian Thai Greek
Artificial intelligence |Konstliche Intelligenz |Intelligence artificielle A TE0gE AT EE Ll A9 21 BA S Wakycteed whtenekt |HoryiulsyGurg Tewwnrd v
Chess Schach Echecs F A EFrEit ki H & Wasxmar null ZkdKl
Garne theory Spieltheorie Théarie des jeux FRar: RN <5 a2 0E Teopwa Ha wrpnte  [Wawfing Ozwpia T
Search algorithms [null Algorithme de recherche (#8387 0 57U & & HEREEE null M LDE[E |null null null
Machine learning Maschinelles Lemen |null Hhe s HEEE ool [ 2H B null mrduuguaasdas null
Robotics Robotik Robatigue Y} TE AT null EEL Pofiotnka null null
Computer visian Maschinelles Sehen [Visian par ordinateur FrErp ey v WEHIR | Gl Gl null null fiaLFnin afivim null

Figure 3.29: Lexicon for Categories of Artificial Intelligee and its Subcate-
gories

further to collect new URLS, a new String object is createthc& each page
contains a number of links, and if for each page all these Uiregut on to the
vector, soon the size of the vector becomes so large so assore all the heap

space.

To avoid such a problem from occurring we set the lower anctufmits of
URLs in the list of URLs to be searched, while extracting tloerputer Science
specific lexicon. To avoid it becoming too big, an upper liofit,000 URLSs was
set. To reduce the chances of it running out of URLS to seanch fower limit
of 50 was defined so if the number of URLSs to be searched evdrdldw that

level the program would start looking for more.

To make searching for URLs already visited more efficiengrléor the con-
struction of Computer Science specific lexicons, hash salvkre used. For the
said purpose 28 different database tables were createdwhioke stored all the
URLSs to be visited. 26 tables, one for each letter in Engliphabet, were used
to store already visited URLs. One last table, named URIleE stiored all other
URLs. Such storing of already visited URLs improved efficigiby taking less

time to figure if a particular URL has already been visited @t n

We also calculated how long it took to create a particulaickax for both
EBG and EGF. In order to get a total of 20,590 entries it to@kdirawler more
than 5 hours for EBG, and almost 9 hours for the EGFP.



104 Extraction of Multilingual Lexicons from Wikipedia  Cha pter 3

3.5 Analysis of Languages in Wikipedia

Lexicons have the basic purpose to find translations or mgaraf a word. Yet,
they could be used for other tasks, such as discovering wiaohlanguages
are inter-related. We used the Computer Science specificolexor the said
purpose.

We base our findings on the principle that any two languagé#/iipedia
would share a fair number of concepts discussed in themyfdhare the cultural
background. For instance, Latin and Italian are likely teenenuch material on
the Roman Catholic Church. Similarly, languages spokerménMiddle East
might have overlapping entries on Islam in their lexiconsnifarly languages
that are linguistically related may have greater chancesuoh overlap since
material in one language can easily be translated into anatlith some of the
shared diction, morphology and semantics.

Thus two languages with similar number of entries in thedeximay demon-
strate a different degree of overlap. Such patterns areoodtifficult to identify.

We used a simple relationship to calculate the degree ofaqver

Language, N Languages

3.1
Language, U Languages 3.1)

where the numerator identifies the number of entries presdidth the lan-
guages, and the denominator identifies the number of emtriesch of the two
languages.

This similarity (min =0, max = 1) can be measured on a sampWikipedia
pages, as we did, and the resultant clustering dendrogras shown in Fig-
ure 3.30.

It is difficult to make any judgements based on this data alSoene of them

make more sense, such as German and French have been blogdtbert but
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Figure 3.30: The Language Clusters for the CS Domain

others can be attributed to noise in the data, such as Urdlriahgwhich are far
apart in every aspect, have been bunched together. Suchiggoaf languages

to build taxonomic structures need closer scrutiny witls lgsarse data.

Two graphs (Figures 3.31 and 3.32) were plotted, one shaivengumber of
entries in the lexicon for each language, as percentagegiidbrentries. And the
other depicting the total number of articles in each languag Wikipedia. Two
of the outliers, English and Classical Chinese were removidte first figure
shows that the expected overlap between any language arglEisgthe de-
creasing linear function of its rank. Even if the number dgickgs as a function
of rank is non-linear in nature. The numbers represent thiesraf the languages,

e.g. 2 for German, and 36 for Irish.
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Figure 3.31: Percentage of English articles for each lagguwdth the trend line

Number of Articles

200,000

800,000

700,000

600,000

500,000

400,000

300,000

200,000

100,000

Number of Articles on Wikipedia

3s

s 10 is 20 25 30
Language

Figure 3.32: Total number of articles on Wikipedia for eaahguage
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3.6 Evaluation

We have evaluated the HeptalLex by asking native speakeo®koak randomly
chosen 100 entries and give their feed back if the entries w@trect or not, and
if they were not perfectly correct whether they were somephological vari-
ation of what it should be? Or the translations were semaliticelated to the
original English word using some relationship, such as hyyay/hyponymy.

The words/phrases in English, that were chosen at random fteptal.ex
are as in Tables 3.1, 3.2, and 3.3.

Table 3.4 gives results of our findings from evaluation byveaspeakers.

3.7 Conclusion

We used the Wikipedia articles in multiple languages totereaultilingual lex-
icons by putting together titles of articles, which arelfait translations of each
other, in the languages of interest. We created generaldagiusing different set
of languages: English-Bulgarian-Greek (EBG), English+@an-French-Polish
(EGFP), and the HeptalLex in seven different languages.

The idea was further extended to incorporate the notion tégcaies in
Wikipedia, where each article may belong to one or more categ. Categories
may be further divided into sub-categories. We have used tbereate domain
specific lexicons for Computer Science and Artificial Ingghce.

Most of the entries in the lexicons are of length 1 and 2. Hawevari-
ation can be seen across languages in the maximum lengthrgisst German
shows the trend of smaller phrase lengths and even the maxphtase length is
smaller than other languages. French and Polish show thesapprend. It may

indicate the use of compound words in German. French andiRalh the other
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hand, may use more words to express the same concept, antt efter tak-
ing only the unique entries and removing the purely numewvales, both have
more phrases with length 2 than with length 1. However, thhawt the lexicons
and across the languages, the phrases of length 3 and greatredatively rare
and their frequency drops with the increase in length.

We also calculated how probable it was to find an entry in anguage
given that it already exists for English. We came up with thiéfving figures:
Bulgarian 0.355, Greek 0.239, German 0.691, French 0.6@bPalish 0.565.

We also created language clusters based on the fact how roangpts are
shared between any two languages. We did it for 37 languagesthe Com-
puter Science specific lexicon. We also built a relationst@fppveen English and
other languages in the Computer Science specific lexicofiguned that the ex-
pected overlap between any language and English is thea$#ogdinear func-
tion of its rank even if the number of articles in Wikipediaaafunction of rank
is non-linear in nature.

Finally we created the lexicons based on the translatioreatggories and
subcategories for Computer Science and Artificial Inteltige.

These lexicons can be used by translators and interprdteesdomain spe-
cific dictionaries can also be useful in the class where siisdfom diverse
backgrounds, specially with non-English background, gmiarning things and
need to discuss ideas. Such lexicons can be helpful in mgddpat gap. They
can also be used to create taxonomic structures by tryingdertin the tree
structures that implicitly exist on Wikipedia where eaclidaaepresents a cate-
gory or subcategory; and to improve performance of domaagifip information

retrieval systems (Jones etlal. 2008).
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English

Multilingualism
Language
Linguistics

Brain
Art
Official language
Recent changes
\Volunteer
Communication
Grammar
Science
Philosophy
Semantics
Syntax
Translation
Population
Capital
Government
Area
Water
Population density
Time zone
Cold War
Nationalism
Kindergarten
Capital punishment
Feminism
Potato
Maize
Milk
Writing system
Economics
Human geography

Table 3.1: First part of the 100 entries chosen from Heptalagxandom, in
English
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English

Law

Politics
Ethics

Jew
Recursion
Poverty

Child
Reproduction
Bone

Skin

Hair
Pregnancy
Society
Information
Advertising
Book
Loanword
Deer
Domestic sheep
Court

Nation
Natural disaster|
Genocide
War
Dictatorship
Racism
Waste

Iron

Bronze
Forest
Earthquake
Ship

Fishing

Rail transport
Coal
Marriage
University

Table 3.2: Second part of the 100 entries chosen from Heptateandom, in
English
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English

Noun
Paper
Vertebrate
Sponge
Heart
Insect
Eye
Sleep
Scissors
God
Universe
History
Religion
Crusades
Literature
Animal
Fear
Painting
Sculpture
Number
Time
Year
Experiment
Company
Poetry
Cemetery
Poet
Sound
Lion

Ice

Table 3.3: Third part of the 100 entries chosen from Heptala¢xandom, in

English



112 Extraction of Multilingual Lexicons from Wikipedia  Cha pter 3
Language | CoTR | L eyms | Variadon | Ineorrec
French 93% 3% 2% 2%
Bulgarian 98% 0% 2% 0%
Greek 94% 2% 2% 2%
Chinese 97% 2% 1% 0%

Table 3.4: Results of evaluation of HeptalLex by native spesf the languages




CHAPTER 4

Extraction of Multilingual Synsets from Aligned

Corpora

Parallel corpora, which are multiple translations of thensdext, carry contex-
tual information that can be used to extract semantic inétion, such as which
word in one language translates into which word in the otaed which two
words are synonymous in a language of interest. Extractiaseful semantic

information from parallel corpora forms one of the cornensts of this thesis.

4.1 Main ldea

The idea is to take any parallel corpus, such as the EuropmdiaRentary Pro-
ceedings (Europarl), in the languages of interest, worghalhem so that we
know which word in one language is a translation of which wiardnother lan-

guage, and then where there is no 1:1 correspondence, drasgwords to form

113
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phrases. The sum of all translations of these phrases casekeas sense tags
to disambiguate the original English corpus or the wordsngf@her monolin-
gual subset of the same corpus, in the same way in which a sghohyms in
the same language narrows down the meaning of a word. Thisrean then
be evaluated using applications requiring word disamtigoaor directly on a
disambiguated multilingual corpus, if such exists. Thegenof relevant tasks
includes document clustering and document classificalihraliid & Kazakaov
2011).

4.2 Assumptions

Since we used GIZA++ (Och & Nay 2003) for word alignment, we btabring

our parallel corpus in line with its constraints.

» GIZA++ does not accept sentences of length greater thanskOwe re-
moved all the paragraphs that had length greater than thmet réduced
our data set by almost one third. That still left us with 38 p@ragraphs.
Och & Ney (20083) obtained best results with a corpus of siz¢ Sdn-

tences for English-German and 1470K sentences for Englisheh.

* That might impact the performance by losing a part of thenmfa-

tion.

* The sentence splitter that we had available, would splienever it en-
countered a period. But a sentence in one language may nessady
translate as a sentence in another. A sentence in one languayg be
translated into two or more sentences in another langudges, The splits

may not be ideal.

* Thus, we treated paragraphs as sentences for our work.
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The rest of the chapter is organzied as follows: Section &8udses the
parallel corpus that we used and how we pre-processed tip8et4 discusses
how we word aligned the corpus using GIZA++; Section 4.5 give procedure
of collating words into phrases to create the multilinguatp-synsets; Section
4.6 discusses disambiguation by using the proto-synseerae tags to annotate
the original English corpus; Section 4.7 discusses thelaigés encountered
and indirect evaluation of the proto-synsets; Section &8usses the results of
evaluation; Section 4.9 discusses creation of proto-sgnseng SemEval data;
Section 4.10 gives a theoertical analysis of the SemEvalalad provides theo-
retical support for use of our methodology; and finally, 8et#.11 offers some

conclusions regarding the methodology.

4.3 Parallel Corpora and Pre-processing

Parallel corpora are growing in number. The availabilityrefse corpora makes
it possible to use them for NLP/IR tasks, specially in thetngual context.

We used the European Parliamentary Proceedings (Eurbparhe pur-
poses of this research as they are freely available in 11fearolanguages: Ro-
mance (French, Italian, Spanish, Portuguese), Germamniglidh, Dutch, Ger-
man, Danish, Swedish), Greek and Finnish.

They are decently pre-processed, especially their laggsions, which are
sentence aligned. When we started work on word-alignme@009, the Eu-
roparl corpus available at the time were not sentence aligamed a number of
pre-processing steps had to be carried out to bring it irlteebuired input format
for GIZA++, which makes use of IBM Models for word alignmemtdaHidden

Markov Models to carry out pair-wise word alignment of paktorpora. The

http://www.statmt.org/europarl/
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pre-processing proved to be quite time consuming as it waeba lot of manual
work.

For our experiments, we chose four languages, namely, Engberman,
French and Greek. This choice provided a certain spreadstie families of
Indo-European languages, and also ensured that the approdche software

were not limited to texts in the Roman alphabet.

4.3.1 Structure of the Europarl Corpus

Europarl covers the debates taking place in the Europediafant, manually
translated into different languages by human translatDespite their best ef-
forts and high expertise, the translators may use wordshylictimes, are not
the best. The corpus also contains a certain amount of nigisraénts, missing
text and other such imperfections which makes their use whdfreult. We can
not improve upon the translations themselves, but we canvemis-alignments
at the paragraph level. Thus a certain amount of pre-progessall but essen-
tial to improve the alignment at the paragraph level, whiktimately contributes
to improvement in word alignment.

Before discussing pre-processing steps involved it woelghtudent to see
how the corpus is structured in the first place and what refamsneed to be
made to them so that they could be used for our needs.

Any typical day in the European parliament would compriselebates by
different public figures duly moderated by the speaker ofttbese, which in
this case is the President of the European Parliament. Siedearliament can
discuss any topic under the sun that falls under its juriguhcit is pertinent to la-
bel the proceedings according to topic of discussion. The@HAPTER ID..>
fills that role. Each set of debates by different speakersusred in one chapter,

and the text associated with the tag is the title of the delbaieinstanceSafety
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advisers for the transport of dangerous goasi®ne such topic of discussion.
Each speaker’'s name is recorded in the<&®&PEAKER ID.>, which gives the
number of the speaker, his/her name, and at times his/hgudge. Each speech
is further broken down into paragraphs, which are sepaeatdddentified by the

tag<P>.

An example is given below of a part of the English corpus (&abl) and its

translation in German (Table 4.2).

English

<CHAPTER ID=1>

Resumption of the session

<SPEAKER ID=1 NAME="President®>

| declare resumed the session of the European Parliamentradd on Friday
17 December 1999, and | would like once again to wish you ayapp year
in the hope that you enjoyed a pleasant festive period.

<P>

Although, as you will have seen, the dreaded 'millennium’ bai¢ed to
materialise, still the people in a number of countries seflea series

of natural disasters that truly were dreadful. You have ested a debate

on this subject in the course of the next few days, duringghis-session.

In the meantime, | should like to observe a minute’ s sileasea number

of Members have requested, on behalf of all the victims corezk particularly
those of the terrible storms, in the various countries offbheopean Union.
Please rise, then, for this minute’ s silence.

<P>

(The House rose and observed a minute’ s silence)

Table 4.1: A sample from English part of the Europarl corpus

Similar texts exist for other languages, including Freneth &reek in which

we were interested.
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German

<CHAPTER ID=1>

Wiederaufnahme der Sitzungsperiode

<SPEAKER ID=1 NAME="Die Prasidentin®

Ich erklare die am Freitag, dem 17. Dezember unterbroc8émengsperiode
des Europaischen Parlaments fur wiederaufgenommemsahié Ihnen nochmals
alles Gute zum Jahreswechsel und hoffe, dal3 Sie schoremFetiten.

<P>

Wie Sie feststellen konnten, ist der gefiirchtete "Millem-Bug ” nicht eingetreten
Doch sind Burger einiger unserer Mitgliedstaaten Opfer schrecklichen
Naturkatastrophen geworden. Im Parlament besteht der thiurech einer
Aussprache im Verlauf dieser Sitzungsperiode in den riaohigagen.

Heute mochte ich Sie bitten - das ist auch der Wunsch eikigeginnen und
Kollegen -, allen Opfern der Stirme, insbesondere in desciedenen Landern
der Europaischen Union, in einer Schweigeminute zu

gedenken. Ich bitte Sie, sich zu einer Schweigeminute zebexrin

<P>

(Das Parlament erhebt sich zu einer Schweigeminute.)

Table 4.2: Sample of German translation of the English examp

4.3.2 Pre-processing

The Statistical Machine Translation website, from whicé torpora have been
downloaded, suggests performing the following pre-prsicgstasks in order to

use corpora with tools like GIZA++:

tokenize the text (required)

* lowercase the text (recommended)

strip empty lines and their correspondences (required)

» remove lines with XML-Tags (starting with(*) (required)
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The above guidelines were religiously followed. GIZA++¢alaligned sen-
tences to word align the parallel corpus, but we skipped ¢iéemice alignment
step since the sentence splitter available with the corp@s not able to see
one-to-many relationships between sentences in diffdegiguages. At times
more than one sentence in one language was aligned to a cerietne other
language. The sentence splitter would split whenever ibentered thgperiod,
without regards for the fact if splitting at that point wowlteate one-to-one sen-
tence alignments or not.

Also, due to one’s lack of knowledge of any of the other lamgs it was
quite impossible to manually verify the sentence splits.erkEif one had the
requisite language knowledge, such a task would have beenpgrohibitive.
Thus, for the sake of practicality, paragraphs were usdaeéadsof sentences as
the main units providing contextual information. Such asuasption appears
appropriate, although GIZA++ only accepts ‘sentences’mfail01 words, be-
yond which they are truncated. We shall see how this decimimynhave affected
the performance.

The above tasks were time consuming and despite our bessdffovas not
possible to manually align more than 33,508 paragraphs;iwiere then word
aligned with GIZA++.

4.4 Word Alignment

A couple of pre-processing steps are required before thmbkebrd alignment.

These are outlined below:

1. Creation of vocabulary and sentence files

2. Creation of word classes.
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4.4.1 Creation of Vocabulary and Sentence Files

A pre-processing step is required before the actual wogshalent. An auxiliary
tool named agplain2snt which is part of the GIZA++ package, is used to create
the vocabulary and sentence files for each of the two language

Since GIZA++ relies on statistical models for word alignmy@oemputing the
word frequencies is key to carrying out the task efficiently.

Vocabulary Files

The vocabulary file contains information about each worchi ¢orpus. It
assigns a unique ID to each and also gives its frequency ofricate.

Table 4.3 contains a sample of the English vocabulary fild émealignment.

2 resumption 1

3 of 60474

4 the 128443

5 session 175
619160

7 declare 84

8 resumed 109

9 european 9509
10 parliament 5047

Table 4.3: Sample of the English vocabulary file

The first column is the unique identifier assigned to each ywbelsecond is
the word itself and the third is the frequency with which itocs in the corpus.
One such file is produced for each language in the languagéepad GIZA++2.

Sentence Files

Based on the unique IDs in the vocabulary fileseatencdile is generated

that covers both input languages, where words are encodbdhe unique IDs

2http://giza-pp.googlecode.com/svn/trunk/GIZA++-vERDME
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from the vocabulary files and the frequency with which theesece pair, parallel
sentences, occurs in the parallel corpora. Table 4.4 cengasnapshot from the

English-German sentence file.

1

2 345 (the 1st encoded sentence in English)

2 3 4 (the 1st encoded sentence in German)

1
6784534910111213141516171861920212223242526272
304 31 32 25 33 26 34 35 36 37 (the 2nd encoded sentence in Bnglis

56789101112131441516171819102021222324252627281

8 29

029

30 31 32 33 34 (the 2nd encoded sentence in German)

Table 4.4: Sentence file containing 2 pairs of sentencesrigligh-German

One can see information for two different sentence pairshen gnapshot
above. The first line is the frequency with which the sentepaies occur in
the parallel corpora. The second line is the encoded sentlendEnglish and
the third for German. The same is repeated for all sentenice ipahe parallel

corpora. The lines in Table 4.4 correspond to the sentencEshle 4.5.

English

resumption of the session

i declare resumed the session of the european parliamentradd on friday
17 december 1999, and i would like once again to wish you aynapw year
in the hope that you enjoyed a pleasant festive period .

German

wiederaufnahme der sitzungsperiode
ich erklare die am freitag , dem 17. dezember unterbrochgnengsperiode

alles gute zum jahreswechsel und hoffe , dal sie schommfeatten .

des europaischen parlaments fur wiederaufgenommensahié ihnen nochmal

[72)

Table 4.5: Sample of English-German input
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4.4.2 Creation of Word Classes

To solve the problem of sparse data in language modelling] wlasses are of-
ten used. People have used clustering technigues to salvprttblem (Jardino
& Adda (1993): Brown. Pietra, deSouza. Lai & Mercer (Browrmaéd; Martin
et al. (1998)). Machine Translation (MT) also faces the fwbof sparse data.
Creating word classes mono-lingually does not seem to bellufse MT prob-
lems [Fung & W1 1995), since two languages are involved andeeel to create
some kind of correspondence between word classes for lfoth 1999) defined
the method obilingual word clusteringo create corresponding word classes for
the two languages, that could be used for Mikclsis the tool that does this task
for GIZA++. An example of a word class in Englishtday tomorrowwith the
corresponding word class in Spanishhagy mdiana mismo It does not mean
thattodayandtomorrowwould be translated with the same Spanish word, but
that their translations would lie in the same word class.

In the next step GIZA++ was run, where one language was defindtie
source language and the other as the target language. Tuspd®n of lan-
guages as source or target is rather arbitrary but for sad@sistency we always
defined English, the pivotal language, as the target largyuugt for certain lan-
guages the direction of translation may induce errors andintaease the error
rates (Och & Ney 2003).

The output files generated by GIZA++ give the probablity ofevalignment
being correct, and also alignment scores for sentence. pées higher the two
metrics, the better the alignment. A few examples of worgratient are given
in Table 4.6.

The final output (Table 4.7) is in the form of sentence pairthatwo lan-
guages. The first line lists the sentence pair number, thgHeof the sentences

in the source and target languages, and the alignment swosefitence pairs.
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English German Probability of correct word alignment
lumped zusammengefugt 0.40572
clichés klischees 1

unambiguously| unmif3verstandlich 0.578567

Table 4.6: Examples of word alignment probability for Esgland German

# Sentence pair (1) source length 3 target length 4 alignstane : 0.00126905%
resumption of the session
NULL ({ }) wiederaufnahme{(1 2 }) der ({ 3 }) sitzungsperiode{(4 })

Table 4.7: A snapshot of the result of word alignment for EsigiGerman for 1
sentence

The second line contains the target language sentence.hirtdihe contains
the word alignment information.

The third line in Table 4.7 is the German translation of thglish sentence in
the second line, with added information of word alignmenis possible that no
word in the source language is aligned to any word in the tdagguage. That
case is covered by the woNUULL in the source language sentence. In the case
above it is followed by a set of indices, which is empty. Iticates that there
is no word in the target language that is not aligned with anyree language
word. The German wordiederaufnahmdéas two indices in its set of indices,
1 and 2. It means that this single German word is aligned vghttvo English
wordsresumption gfwhich are indexed as number 1 andd2r is aligned with
the indexed as 3, ansitzungsperiodés aligned withsessiorindexed as 4.

The corresponding alignments for French and Greek are givéable 4.8.

This information is later used to generate synsets sucheagrtbs shown in
Table 4.9:

The detailed procedure of how to create synsets and theitaligowill be
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discussed later.

4.5 Collation of Words into Phrases

The output of GIZA++ gives word-aligned pairs of sentenagsafgiven pair of
languages as has been discussed in the previous sectiorsed/é to word align
a parallel corpus with four languages, viz. English, Gernkaanch and Greek.

It is natural that a word in one language is not necessamysiated into
exactly one word in the other, but may be translated into rayrmaore than one
word in the target language. As a result a lot of contextufairmation which,
if used properly, could be used to createltilingual proto-synseté~igure 4.1),
the antecedents of the multilingual synsets that are th@até aim of this part
of the research project.

PWN synsets are sets of synonyms, for instance “dog, doongstj, Canis
familiaris” is one synset and represents one particulacepn In the case of
multilingual proto-synsets, the corresponding entry wicag (dog, hund, chien,
TRONOS).

We call these proto-synsets, rather than synsets. Thiseanrpared with
the work of PWN where lexical entries alone were used. Theeelot of non-
semantic morphological variation. For instance in our cdgsgand dogscan
appear in an otherwise identical n-tuple of words, thustarg2 different ‘proto-

synsets’, which would be considered to be different coreceplence there are

NULL ({ })reprise{(1})de{ 2})la({3})session{4})

NULL ({ 3}) emavainyn ({1 }) mns ({ 2 }) ovvadov ({4 })

Table 4.8: The corresponding French and Greek sentencélsefdnglish and
German sentences in Table 4.7
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resumption of Wiederaufnahmq reprise de| eravdAnyn tns ‘

Table 4.9: Generated multilingual synsets

a lot more proto-synsets then there are meanings reprelsepteem. We shall
discuss and follow up ideas about the possible ways of mgigioto-synsets if
the words in pivotal language are morphological - infleciicand derivational -
variations of each other. As opposed to the PWN synsets jwdii sets of syn-
onyms and are mono-lingual in nature, the multilingual preynsets are trans-
lations of a word in different languages, four in our case. oAtk them synsets
since translations of a word in pivotal language, all repn¢she same concept.
Also, the PWN synsets define relationships between diffesgnsets, such as
hypernymy, and meronymy. We have not defined any such rekdtips, though
the current project could be extended to do that.

Languages are not equal in terms of their richness of voeapand mor-
phology. Thus, a word in one language can correspond to rharedne word
in another. German, for instance, is well known to make esttenuse of com-

pound words in its vocabulary (Berton ef lal. 1996). CompoGedman words

resumption of Wiederaufnahme |reprise de enavakndn e
session sitzungsperiode  |session ouvabou

adjourned onfriday ~|erklare am freitag |interrompue vendredi dlokomel mapaakeun
like once again nochmals renouvelle favd

nleasant festive period |ferien vacances renouvelle vacances |mepdoate blakomec
thank you vielen dank merci EUapLOTU)
shall do so gladly willtun gerne  {ferai volontiers mpdéw suyaplotuc

Figure 4.1: An example of proto-synsets created using oudwabigned parallel
corpus.
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are likely to be aligned with more than one word in English.r Fstance in
our word aligned corpus, the German wevitderaufnahmaligns with English
wordsresumption gf French wordmercialigns with English wordshank you
and the Greek wordporeivw is aligned with three English wordgropose that
The existence of such cases makes the case for collationrafvito phrases.
If every word in one language was at most aligned to one wotHerother lan-
guage, it would be enough to put together the single-wonustations to form
the proto-synsets. But in our case forming single-wordgsynsets would not
cover the meaning of compound words in languages other Heaarte in which
that compound word exists.

We devised our own algorithm (Algorithm 3) for the said pwseo In the

Algorithm 3 Phrase Generation Algorithm
Data Structures
int N (number of words in the PL)
int M (number of non-PLs)
int array a[1..N]
int array t[1..M,1..L]
Initialize:
fori=1— Ndo
afi] « i
end for
L «— number of words idang.l
fori=1— Ldo
if word+ in lang.l is aligned with wordj in the PLthen
tll,i] « j
else
if wordi in lang.l is aligned with wordg, j + 1, ..., j + k in the PLthen
t[l,i] — 7
forz=1— kdo
alj + 2] « alj]
end for
end if
end if
end for
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algorithma|1..N] stores the phrase numberdfi] to which wordi belongs in the
pivotal language. Pivotal language wor@g], ..., a[j + k] are put in the same
group if in another language they are aligned with the samelwil, i| := &
stores information regarding th&hiword in languagé is aligned with the kh
word in the pivotal language.

Later the PL words belonging to a group are merged to form agghand so
are the corresponding mapped words in non-PL languageseTiee rise to the
much talked about multilingual proto-synsets, the budditocks of a WordNet
like structure.

The process of generation of phrases is deterministic ancehaot prone to
errors. Essentially the quality of output is totally depentdon the quality of
input, or the output of GIZA++ which as has already been dised is highly
error prone and given to mis-alignments.

Due to variations in language structures and semantics #rercases where a
word in one language aligns with two or more words in anothegliage or none
at all. If there were perfect one-to-one alignments the wipobcess of aggrega-
tion of words into phrases would have been redundant. Tat@gummarizes
our findings related to how many English words are alignedi @itvord in non-
pivotal language. Even though a large number of alignmeamtd d, there are
cases a word in non-pivotal language aligns with more thanEmglish word.
German has the fewest number of 1:1 word alignments, 85.7%ngrhe lan-

guages chosen, probably indicating the existence of congpawrds in it.



Numbre of Aligned Words

1 2 3 4 5 6 7 8 9
Language
German 85779251107, 06|05|03]| 0.6
French 916 (49|15, 06|04, 03| 02,01)| 0.3
Greek 874|78|122]09,05]04|02]02]|03

Table 4.10: Proportion (in [%]) of phrases of a given lendigreed with each word in the non-pivotal language

rJ0dio) paubijy wolj S19SuAs fenbulnniy 1o uondenx3 8zZT

¥ 1e1deyd
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A 1:N alignment suggests that the group\dfvords forms a phrase for which
there exists a unitary lexical item in another language thackfore that phrase is
likely to represent a well-defined and potentially usefuhaatic concept. When
L words in English are aligned with/ words in one non-pivotal languadeg,
and N words in another non-pivotal languads, then the phrase aggregation
algorithm step will pair 2 phrase¥, : N, with the phrase created by collating

L words in English.

Initially all words are assumed to be phrases on their ownadGally we
start grouping them into phrases based on the fact that hogv inguages see
the formation of these groups in English, the pivotal largguaFor instance, if
a word in German is aligned with more than one word in Englst probably
is the case where the English words should be merged to forhras®. The
algorithm decides which English words need to be made pdhieoctame group.
The words that should belong to the same group are assigeeshthe group
number, but that decision is dependent on the other, nartgdjManguages as
well. Let us make a run through the algorithm for a few words ja demonstrate
how it works. For the aligned words that would be considecedHis example,

please see Figure 4.2.

Figure 4.2 shows the aligned words in pivotal and non-piMaraguages in
the form of a graph, where an edge indicates the fact thateitsces, in the
form of words, have been word aligned by GIZA++. Thisday in English is
aligned withfreitag in German,vendrediin French andrapaockern in Greek.
Some words in one language are aligned with more than one wadother.

For instanceyendrediin French is aligned with botbn andFriday in English.

This example is taken from the actual proto-synsets that werated. Before
forming phrases we make a list of words in English and as$igmta unique 1D

and a unique number, what we cBllmber for the sake of simplicity. The IDs



130 Extraction of Multilingual Synsets from Aligned Corpora  Chapter 4

English German French Greek

adjourned erklire interrompue OIOKOTTEI
on vendredi
friday freitag TTOROCKEY

Figure 4.2: Graphical representation of aligned words agivotal and non-
pivotal languages (cf. Table 4.23).

do not remain unique with time and refer to the group numbweittich that word

belongs. Let us suppose we get the following for English (@4l 1):

14 adjourned 14
150n15
16 friday 16

Table 4.11: Snapshot of the English words, with thBs (group numbers) and
Numvalues

Subsequently we make a list of words in each of the non-pivatguages
and assign them the unique IDs. The first non-pivotal languaghis case is
German, and we have the following information for Germaredasn the results

of word alignment (Table 4.12).

erklare 14
am 15
freitag 16

Table 4.12: Corresponding German words and tNeimvalues

Here we have a word in German followed by numbers signifyfregrtumber

of English words in the corpus with which it is aligned. Trarklare is aligned
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with word numbered 14 in the English corpus. Where the firstdwo the En-
glish corpus is assigned number 1, the second number 2 anal. serldare is
word aligned with the English worddjournedwhich has the index number 14.

We would put information in the table for German as (Table3%.1

Table 4.13: Example of a German word aligned with more thaEmglish word
that are not consecutive

followed by two more entries (Table 4.14):

15am
16 freitag

Table 4.14: The German entries following the ones in Tald8 4.

Since none of the German words carry any information reggrdreation
of phrases, the IDs of the English words remain the same. Kvem dealing
with only two languages, we would have called it a day and éagglish word
would have been put against the German word as such, to givollowing
(Table 4.15):

adjournecerklare
onam
friday freitag

Table 4.15: Multilingual proto-synsets in the absence ehgh and Greek word-
aligned corpora

But we are dealing with not one but four languages here, ebalnich car-
ries some extra information which could be exploited to eefour search for
existence of useful phrases.

The next language to look at is French and it has got the fatigunforma-
tion (Table 4.16):
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interrompue 14
le
vendredi 15 16

Table 4.16: Corresponding entries for French for the geroeraf phrases

As can be seen we have three French words here among whiclotddew
is aligned with no English word and is hence not followed by ihdex of the
aligned English word.interrompueis aligned with the English word with the
index number 14 which as can be seen abovadipurned vendredion the
other hand is aligned with two English words and Friday and they are also
consecutive to each other. Now that is some useful infoonand we exploit it.
The information that it carries is that the two English wootisandFriday could
be merged to form a phrasa Friday, but we are not yet done. So rather than
straight away creating the phrase we store this informdtorfuture reference
by assigning the same group numiérto each of the two English words, and
they now look like (Table 4.17):

14 adjourned 14
150n15
15 friday 16

Table 4.17: English group numbers after reading througbrimétion about
English-French word alignment

As for French we keep the following information in its tablable 4.18):

14 interrompue
15 vendredi

Table 4.18: Corresponding information for French

Next, we have Greek. Looking at it we figure that we have gofaliewing

information Table 4.19):
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drakomei 14 15

v

Tapackevn 16

Table 4.19: Entries for Greek for English-Greek word aligmin

In this case the first Greek wordarorei is aligned with two consecutive
English words indexed 14 and 15 respectively. Itimplies étlavords in English
with index number (ID) 15 should get a new index (ID) of 14, aredend up with
the following in the English table (Table 4.20):

14 adjourned 14
14 0n 15
14 friday 16

Table 4.20: Revised group number information for Englismagaafter encoun-
tering information in Greek

The second Greek wordapackevr) does not convey much information
about grouping of words and thus has no bearing on the IDsdEtiglish words.

The Greek table now look like (Table 4.21):

14 drakomel

16 rapaockevn

Table 4.21: Greek table after changing group number infaoman English

As can be seen sinéearorel has been aligned with two consecutive English
words, one index number (15) is skipped.

Table 4.22 gives the phrase group information indicating ktwe words in
all the different languages could be collated to form prsaskable 4.23 gives
the final phrases generated.

That is what we call the multilingual proto-synset or prsigiset for short,

since it is not in a very refined form. Refinements can be madeich proto-
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English English English GermanGerman | French French Greek| Greek

ID Word Num | ID Word ID Word ID Word

14 adjourned | 14 14 erklare | 14 interrompue| 14 dLakomel
14 on 15 15 am 15 vendredi 15

14 friday 16 16 freitag 16 16 TaPAO KEVT

Table 4.22: Phrase group information for final generatioplofises.

English Phrase

German Phrase

French Phrase

Greek Phrase

adjourned on friday

erklare am freitag| interrompue vendred

dLakoTel Tapackevn

Table 4.23: The final phrases generated.

synsets to create synsets and different relationshipsedefined between them

to create a WordNet like lexical resource.

As a result of running the algorithm we were able to createentban 1.5

million proto-synsets.

45.1 Author’s Note

The process of creating proto-synsets in such a manneraei@istic and is not

given to errors if implemented properly. The quality of auttfs only dependent

on the quality of input, in this case the pair-wise alignnsexgt given by GIZA++.
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4.6 Disambiguation

The proto-synsets thus created can be used for other NLB, taig&h as Word
Sense Disambiguation (WSD), and Multilingual InformatiRatrieval (IR). In
order to evaluate the results we used them to sense tag ¢ireadEnglish corpus
and then to evaluate it by measuring whether using this iaddit information
helps in the classification of documents by improving thdiguaf clustering.

Tagging the original English corpus with multilingual senags is a straight-
forward process. As can be seen from Figure 4.3, if we stading down a lan-
guage column, e.g. English, we are in fact reading througlttinpus. Thus the
English corpus reads like “resumption of the session . kusTif we assign any
tags to any of the proto-synsets we are essentially asgjgeinse tags to phrases
or words in the original corpus and thus the corpus would Ibses¢agged, or
in other words WSD is being performed. Importantly, the pgxhas the po-
tential of providing all words in a given language corpushwat multi-lingual
proto-synset.

Thus we devised a very simple, even if time consuming, poésVSD by
assigning the same sense tag to the same proto-synsetyetieccurs. Since
a number of proto-synsets will appear repeatedly, theygeilthe same sense tag
throughout which we will take to suggest that the same wénmdége is used in
the same sense in all these cases. Figure 4.4 gives a snapgteoproto-synsets

with the corresponding indices assigned.

4.7 Evaluation

This is an example of cross-lingual WSD where translatidresword or phrase

in a non-pivotal language can help us in narrowing down theseef a word
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Mo [ English [ German [ French [ Greek
| > | Hl resurmption of wiederaufnahme reprise de ETTOWE AP THG
|| 3 the der [E]
|| 4 session sitzungsperiode session ouvodou
|| S i declare ich erklare ie déclare KpOooo
|| 7 resurmed wigderaufgenommen reprise ETTOW S A MR
|| 8 the [E]
|| 9 session sitzungsperiode session ouvalou
|| 10| of des [=[1] Tou
|| 11/ the die
|| 12 european europiischen europeean SUpWTTOIKOO
|| 13 parliament parlaments parlement KomoFouhiown
|| 14 adjourned on friday erklare arm freitag interrompue vendredi BlIok OTTE TTOp O TK U
| 1717 17 17 17
|| 18 december 1299 dezember unterbrochene décembre dernier BexepRpiou
| 20,
|| 21 and et [3=1]
|| 220 would winsche ie vous aTTEul v Beppsg
|| 23 like once again nochmals renouvelle Coovd
|| 27 to Wi
|| 28 wrish you wiinsche ihnen WX TTEpdoars
|| 30 a happy jahreswechsel WU TTEpdoors
|| 31 new year renouvelle
|| 34 in en
| 35 the
|| 36 hope hoffe espérant eATTICOVTOG
|| 37 that daid que
|| 35| you enjoyed sie schine wvous renouvelle TTEpdOOrTs
| 40 a
|| 41 pleasant festive period ferien vacances renouvelle vacance mepdoorte dioKOTTEC
| a4
| EEI 0 0 C
|| 4E the das le
|| 47 house parlament parlement [agsi]YaY
|| 48|/ rose and observed erhehbt debout observe dpBio Trpsi
|| 51 = einer une =vog
|| 52 minute ' schweigeminute minute silence MeTTTod oy
|| 53 s silence
| 56 3 1 ) 3
|| 57 yes i= oui Wil
| 58|,

0 ear bare Fammianr i

Figure 4.3: A sample snapshot of the database of proto-&/nse

or phrase in the pivotal language. It has been done in an enggpd manner,
meaning thereby that we do not need a sense annotated corpegih with.
That is a big advantage over supervised techniques in tise skeat any annotated
corpus would require a lot of investment in terms of both temel money, and
to make sure that manual annotations are what they shoutt bepther words

reaching the consensus amongst the annotators.

4.7.1 Baseline Comparison for Extraction of Multilingual Synsets

The main idea in our thesis is to generate phrase-basedingul synsets and
to evaluate their potential benefits. Previously peopleet@aMy generated the
single word multilingual lexicons from the word aligned aaFEiser 2007) and
(Sagot & Fiser 2008).
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Plurm | English Serman | French Greek | Index |
[ | 1 resumption of wiederaufnahme reprize de ETTOVE AN TrG 1
L 3 the der [E] 3
L 4 session sitzungsperiode session TuvOEou 4
[ | 5 i declare ich erklare je déclare KO =1
L 7 resumed wiederaufgenommen reprise ETTOwE ML 7
[ | 8 the la 8
L 9 session sitzungsperiode session ouvdSou =]
| 10 of des du Tou 10
| 11/ the die 11
L 12 european europaischen européen SUPWTTOTKO0 12
[ | 13 parliament parlaments parlerment koroBouiion 13
L 14 adjourned on friday erklare am freitag interrompue vendredi DloKoTTeEl TTOpoOKeUr 14
| 1717 17 17 17 17
L 18 december 1999 dezember unterbrochene  décermbre dernier BokepRpiou 18
| 20, 20
[ | 21 and et (=11 21
L 22 i would winsche je vous arTeuBlivio Beppde 22
[ | 23 like once again nochmals renouvelle Sorwed 23
L 27 to Wt 27
| 28 wish you winsche ihnen WL TTEpdGoars 28
[ | 30 a happy jahreswechsel WLH TrepdooTe 30
L 31 new year renouvelle 31
[ | 34 in en 34
| 35 the 35
[ | 36 hope hoffe espérant SATTICOVTOG 36
L 37 that dark que 37
L 38 you enjoyed sie schine vous renouvelle TTeEpdoaTs 38
| 40 a 40
L 41 pleasant festive period | ferien vacances renouvelle vacances | Trepdoore DioKOTTSg 41
[ | 44 44
I 45 R R ( 45
| 46| the das le 45
[ | 47| house parlament parlerment [agriil= 47
L 48| rose and observed erhebt debout observe apBio Thpsi 48
[ | 51 a einer une evdg a1
L 52 minute ' schweigeminute minute silence AETTTOD oIy 52
[ | 53 s silence 53
I 56) ) ) 3 56
L 57 yes ia oui Wil a7
= =

Figure 4.4: A sample of indexed proto-synsets: snapshot fhe database.

For the purposes of baseline evaluation of extracted symsetid what other

people have done and generated only the word-based ngiidexicon and

compared it with our synsets.

4.7.1.1 Experimental Design

In the word alignments that GIZA++ (Och & Ney 2003) comes ughwie have

many words in a non-pivotal language (language other thatigtr) which align

with N words in the pivotal language (English in our case), or ireotiords they

havel : N word mapping. We used this information to generate the pistas

Lets suppose we skip this step and generate only one-wosdl basltilingual

lexicon.

For the purposes of illustration we have assumed the caseewte have
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three languages. English is the pivotal language, and Geand French are
non-pivotal languages. Figure 4.5 shows the 1:N mappingds them as a

result of word alignment.

Pivotal

German English French

N 1

Figure 4.5: 1:N mappings between the pivotal language,i&imgind non-pivotal
languages, German and French.

To make it simpler, let us assume we have three words in BEnghe first
two are aligned with a word in French and the last two are aligwith a word

in German, as shown in Figure 4.6.

Pivotal

German English French

< &

G/ | F,

| = O |
G,
| e, O Fs

Figure 4.6: Alignment of words in English, German, and Frenc

As a result of this proposed alignments we get the phragdntase align-
ments as in Figure 4.7 and word-to-word alignments as inrgigB.

Now even in our case there are cases where there is 1:1 wgrdrednt be-
tween a word in a non-pivotal language and a word in the pivateguage. In
such cases synsets produced have exactly one word in eagpimgsm These

cases must also occur if we do not generate phrases. Thus,ishe certain
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German

English French
phrase phrase phrase
Go/® + G; Ei+Ex+E; Fi+ Fol®

Figure 4.7: Phrases formed as in our synsets.

German

English French
ward word word
Gy/® E, Fi
Gy = 2
G, Ex Fa./®

Figure 4.8: Words put together without forming phrases.

amount of overlap between our synsets and word-based imgltdl lexicon gen-

erated as a result of not collating words into phrases. eBaed in Figure 4.9.

A = words B = phrases

Figure 4.9: Words put together without forming phrases.

We are interested in seeing whether taking out the sharesets/and take
sets A and B without them, are there many more one-word sytisah phrase-
based synsets? In other words we are interested in knowji\if{ A N B}| <
|A\ {A N B}|? The results are given in Table 4.24.
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Number of phrase-based synsets 1576888
Number of word-based synsets 1817018
Number of common synsets 1312027
Number of phrase-based synsets that are not common 264861
Number of word-based synsets that are not common 504991
Ratio of Common Synsets to the size of phrase-based synse®3
Ratio of Common Synsets to the size of word-based synset8.72

Table 4.24: Results of Baseline Comparison

As can be observed there are more word-based synsets (504@®%kre
not in the intersection set as compared to the phrase-bgsseéts (264861),
which is ratio of 1.91. It gives us the proportion of phrasesdxd synsets (16.8%)
which are not created by the other approach where they omigider 1:1 word
alignments.

It shows the benefits of our approach to the baseline appr@achdopted
by other people, in terms of number of entries. Our approactyzes the gen-
uine phrases from the aligned data, which would not existefwords were not
aligned in a particular fashion by GIZA++. Since, GIZA++ duzed a number
of 1:N word alignments they should be combined into phrasedame by our
approach but other approaches have confined themselvelytocomsidering 1:1

word alignments.

4.7.2 Issues with Evaluation

The intuitive way of evaluation would be to compare the reswith a semanti-
cally disambiguated parallel corpora. We have parallghoa and semantically
disambiguated corpus in one langu3dwmit not both. That lack of such seman-

tically tagged parallel corpora, leaves us with the optiboasrying out an eval-

3http://www.cse.unt.edu/ rada/downloads.html#semcor
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uation in an indirect fashion, where the results themsedwesot compared to
any gold standard but their impact on some NLP/IR applicaBgauged, and it
Is ascertained whether it improves the performance or not.

One such application is document clustering, where we elugbcuments
based on some similarity metric. The advantage of usingmeat clustering is
that it is also unsupervised and the original corpus needeannotated with

any class information.

4.7.3 Using Clustering for Evaluation

We have used Hierarchical Agglomerative Clustering (HA®)dlustering doc-
uments. In HAC initially each node, a document in our case,akister which
are progressively merged to form one final cluster that $itiseatop, and hence
it is the bottom-up approach. As a result a binary tree is ggad which can
be traversed from top to bottom to get the desired numbemstets (Shahid &
Kazakov 2011).

In order to evaluate how good the clustering is, a number dfiosecan be
used, such as the Davies-Bouldin Index (DBI) (Davies & Bould79), Nor-
malized Mutual Information (Kvalseth 1987), and the Gimiléx (Breiman et al.
1984), which can be used to determ{@leister Purity(Alfred et al.l200/7).

DBI is a measure of clustering dispersion, taking into aotdaoth within
cluster distances as well as distances between clustetsige jthe quality of
clustering. That is amternal criterionfor measuring the quality of clustering,
as it does not make use of external gold standard data setdlwagion. Good
scores on that account do not necessarily translate intod goares on effective-
ness or performance in an application specific task.

In an application specific task, clustering is comparedreidhe gold stan-

dard classes. That is tlexternal criterionfor measuring the quality of cluster-
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ing. Both Normalized Mutual Information and Cluster Purity Impurity) are
external measures of measuring clustering quality.

Among the external criteria, measuring cluster purity (purity) is a sim-
ple and easy approach. It suffers from the fact that purityighest when each
document is assigned to its own cluster and hence is not a gutieh to trade
off cluster quality with the number of clusters.

Mutual Information (MI) on its own suffers from the same plieb. It reaches
a minimum, 0, when the knowledge about a document being imtecpiar clus-
ter does not convey any information about which class it ikgiong to. It
reaches its maximum when the clusters exactly mirror th&sels, but also when
we have one-document clusters. So it suffers from the sawiggn as does
purity.

Normalized Mutual Information (NMI) of the set of clusteisand the set
of classesC, takes care of that by using the concep&oitropyfrom Informa-
tion Theory which tends to increase with the number of chsséand is in the

denominator of the equation, as given below:

I1(Q;C)
[H(©) + H(C)]/2

NMI(Q,C) = (4.1)

where/(€2; C) is mutual information§) = {wy, ws, ..., wy } is the set of clus-
ters,C = {c1, co, ..., ¢;} is the set of classes, ardl denotes entropy (Equation
4.2). Entropies are measured for both the set of clug€f3) and the set of
classed?(C).

H(Q) = =) P(wy)logP(wy) (4.2)

H(Q) ==Y %zog% (4.3)
k
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Equation 4.2 gives the equation for Entropy for the set obtelts where
P(wy,) is the probability of a document being in the clustgr Equation 4.3 is
equivalent to equation 4.2 with estimates of the probabihere/V is the total
number of documents in all the clusters.

Entropy is a measure of disorder, and is maximum when theetase max-
imally intermixed in the clusters, and minimum when the tdus have homoge-
nous content or in other words the documents in a clustemgeto the same
class. It also increases with the number of clusters anchesaits maximum
when there is one document per cluster. In equation 4.1 thendimator ensures
that NMI is low when every document is a cluster on its own.

In our case once we have clustered data we convert the Hieakclustering
binary tree, dendrogram, into a ‘flat’ set of clusters of adpfened size, equal to
the number of clusters in the gold standard. Since we neaehra point where
we end up with one document per cluster, hence, purity (ouhhp is used as
the measure of clustering quality, which is easy to measure.

Impurity measures the overall cluster quality. Mathenadlyat is composed
of the Gini Index (Gl), which is calculated for each clusteparately. Once the
Gl values are calculated for all the clusters, overall infgus calculated.

The GI gives how diverse a cluster is in terms of the classeshich its
documents belong to. If all of them belong to the same class the value of Gl
is 0. If all of them belong to separate classes, then it agheal asymptotically

in the number of classes. Mathematically it is defined asvizelo

n 2
GiniCp=1.0—) (fj) (4.4)
k

c=1
The Gl is calculated for each cluster separately and giveseation of how
good a split it provides in terms of cluster homogeneity. Ha équation above

k is a particular clustem is the number of classe#,. denotes the number of
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documents in cluster belonging to class. The Gl only measures the level of
purity for one cluster. In order to judge the quality of ckréng, we need to take
it to the next level and define a parameter that measuresvwleotigpurity for the
complete set of clusters. Impurity (Alfred et al. 2007) i@uch measure.

The size of a cluster may have a disproportionate effect erh since it is
not normalized. To measure the effect of Gl of one particalaster on overall
clustering we need to normalize it so that the size of a clugiiénot affect the
impurity measure for the entire clustering.

The impurity measure is a weighted sum of Gini Indices. Inithpurity
measure we multiply the gini of a particular cluster by itgesand sum it over
the number of clusters. Then we divide it by the total numlbeiocuments in the
data set to get some measure for the clustering. The idearigimize impurity
or in other words have clusters with more homogeneity withdgtividual clusters
and where clusters have less in common. The equation belonafzes this

concept in mathematical terms.

Zszl TCk szC’k

- (4.5)

Impurity =

In the equation above we ha¥eas the number of clusters;, as the number
of documents in a particular cluster aivdas the number of documents in the data

set.

4.7.3.1 Experiments

Before we cluster any data we needed to decide what reallijustec. We had
the original Europarl corpus, which we treated as the gadddrd since it is
manually created corpora by quality human translators wdstate speeches in
the European Parliament into the official languages.

In the original English corpus, parliamentary proceediags divided into
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chapters, or topics of discussion, and speeches by individembers of Euro-
pean Parliament. Thus under each chapter, topic of dismudbiere are a num-
ber of speeches by different individuals. We consider eachptete individual

speech as a document.

The above documents are fed into the clustering tool whiehn therforms
stop-word removal and stemming before figuring out the ehsst Stop-word
removal helps in reducing the number of dimensions and hepeeds up the
process.

For the purposes of this work we used an in-built clusterow.tWhen we
cluster this original corpus, we put each document into atelubased on what
the clusterer deems fit using the hierarchical agglomexatiustering and pa-
rameters: complete link as a link method, which favours cachplusters (Strehl
2002), and Euclidean distance as the distance metric.

These clusters and the documents within would be used taatesthe per-
formance of the WSD task when sentences are either replaitedh&ir sense
tags or are followed by them. Such comparison in terms oftpwifi cluster-
ing gives an indication whether the clustering improvedradissigning the sense
tags, or it actually deteriorated. Improving purity wouldygest that the sense
tags, or multilingual synsets, are indeed useful in rempaimbiguity.

The original English corpus is in the form of individual spkes followed by
the speaker and chapter (class) tags. Below is an exampléafianent from

the said corpus:

i thank the president-in-office but i do not agree with himttha
the purpose of nato ’ s intervention was to stop a humanitatis-
aster , because we have a humanitarian disaster in koscayp tog
have the hell of milosevic , followed by the hell of the kla aihe

nato forces . if the president-in-office has noticed , alniadt the
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questions he has had to answer today relate to kosovo . eésigit
he too accepted that the inquisition procedure of the wanesitri-
bunal against nato after applications by canadian and @iefist
organisations is an open questiofspeaker id= 1167 language="el”

name="alavanos} (chapter id= 59

One can see that it is a speech by someone named Alavanos ariginsilly
a Greek speaker as told by his language information whiehasad he is speak-
ing under topic of discussioguestion time ( council yhich is identified by its
unique 1D of 59.

We clustered only the first 1,000 such documents due to codityplef the
hierarchical clustering algorithm. We then measured the Bdex and the im-
purity measure in order to gauge the quality of clustering.

The purity measure for the original corpus does not convegimmformation
on its own. So it has to be compared with the same measurdsfeense tagged
corpus.

We clustered documents as represented by their sense tggmdralso the
original sentences followed by sense tags. For the samendatuas above the

two versions are as shown below:

@32178 @3838 @171280 @4536 @173455 @1562 @173458
@87793 @291 @1010 @173463 @798 @173465 @7348 @173467
@173468 @27 @173471 @4176 @173473 @2588 @58 @30463
@5109 @4176 @173473 @2588 @5404 @34394 @173484 @61
@173486 @538 @173489 @9302 @173491 @308 @173493 @4432
@173489 @798 @1359 @173499 @326 @296 @173502 @44 @173505
@3065 @56958 @19916 @173509 @61 @173511 @173512 @296
@439 @173515 @632 @173519 @49336 @173521 @115 @34394
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@44 @173525 @173526 @61 @173528 @173529 @2298 @8099
@173533 @589 @35 @173290 @173538 @173540 @34379 @173542
@173544 @173545 @326 @35914 @173548 @7460 @173551 @173552

@44

i thank the president-in-office but i do not agree with hint tha
purpose of nato ’ s intervention was to stop a humanitariaasier ,
because we have a humanitarian disaster in kosovo today avee h
the hell of milosevic , followed by the hell of the kla and thatm
forces . if the president-in-office has noticed , almost Hafques-
tions he has had to answer today relate to kosovo . despste fiei
too accepted that the inquisition procedure of the war csitnbunal
against nato after applications by canadian and other paoifjan-
isations is an open question . @32178 @3838 @171280 @4536
@173455 @1562 @173458 @87793 @291 @1010 @173463 @798
@173465 @7348 @173467 @173468 @27 @173471 @4176 @173473
@2588 @58 @30463 @5109 @4176 @173473 @2588 @5404 @34394
@173484 @61 @173486 @538 @173489 @9302 @173491 @308
@173493 @4432 @173489 @798 @1359 @173499 @326 @296
@173502 @44 @173505 @3065 @56958 @19916 @173509 @61
@173511 @173512 @296 @439 @173515 @632 @173519 @49336
@173521 @115 @34394 @44 @173525 @173526 @61 @173528
@173529 @2298 @8099 @173533 @589 @35 @173290 @173538
@173540 @34379 @173542 @173544 @173545 @326 @35914
@173548 @7460 @173551 @173552 @44

Thus if we start traversing the tree from top-down we candakeeit which
level to stop if we know the number of classes in the gold saeshthat we are

dealing with. For our specific purposes we have 59 classeshwdaver 1,000
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documents that we have clustered, with and without the gagse Thus we only
need to go down the tree enough that we have 59 clusters amavéhBgure out
the documents in each cluster to calculate the gini indextamopurity measure
to see whether clustering improved after annotating thieték the sense tags.

The clustering tool generates an output that gives infaonatbout how the
binary tree is structured. That gives useful informatioéoexploited for the
purposes of figuring out which documents lie in which cluster

Table 4.25 shows an example of the output of the clusterioly to



I

1998;1.414; (1997,1995); (a45 : 0.012,a56 : 0.012,a58 : 0.010, 1605 : 0.010, commission : 0.010)]
1997;1.414; (1996, 1992); (a56 : 0.058, a45 : 0.058,a1605 : 0.053, 21104 : 0.038, 1999 : 0.033)]
1995; 1.414; (1994, 1990); (a20 : 0.011, commission : 0.011, a58 : 0.010, european : 0.010,a326 : 0.010)]

[ ( ); (
[ ( ); (
[ ( ); (
[1996; 1.414; (1993, 1986); (a1104 : 0.073,a2654 : 0.059, a2657 : 0.057, a2655 : 0.056, tomorrow : 0.053)]
[ ( ); (
[ ( ); (
[ ( ); (

I

1992;1.414; (1989, 1985); (a56 : 0.096, a45 : 0.095, 1605 : 0.092, 1999 : 0.065, a1606 : 0.063)]
1994;1.414; (1991, 1987); (a20 : 0.012, a58 : 0.012, commission : 0.011, european : 0.011,a326 : 0.011)]
1990; 1.414; (1984, 1977); (thank : 0.014, debate : 0.011, question : 0.011, item : 0.010, a535 : 0.010)]

I

I

I

Table 4.25: Output of the clustering tool.

L't Uondss

uonenfens

671
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In the snapshot above of the output of the clustering toel fittst piece of
information is regarding the cluster number. So in the first 1998is the clus-
ter number, which has been obtained by merging two cludi@@s and 1995
The second parameter is the height of that node, and is ttendesbetween its
children. The rest of the information contains the top fiverdgoordered with
respect to their tf-idf weights. Using the information abdkie binary tree struc-
tures were created that were later traversed to get thesiegnumber of clusters.
Depth First Search (DFS) was then used to figure out docunteetsch of the

clusters.

While traversing through the tree to look for clusters and documents
within, we need to defined before hand how many clusters arakeng for.
In our particular case we defined the number of clusters astb®hvwvas the
number of chapters (or topics of discussion) for the 1,00€udeents that we
clustered. We look through the tree, keep expanding anchgddusters to a
list. We always expand the node with the highest index firstinShe snapshot
above, we will expand 1998, 1997, 1996, 1995, 1994 and sb fioxarder. That
makes sense since newer clusters are formed at greatet betgh tree and are

traversed first going from the root to the leaves.

Once a list contains the requisite number of clusters inetio explore the
clusters for the documents they contain. It is fairly stndfigrwvard. We look at
the subtrees rooted at the nodes (clusters) in the lisippeDepth-First-Search
(DFS) till we reach the leaf nodes. For each node in the lisbutput the leaf
nodes in the subtree rooted at that node. These leaf nodéseadwcuments
which were assigned to individual clusters in the beginnihgus, we create a

list of clusters and the documents within.

Such a list comes in handy while calculating parameters siscthe Gini

index (Alfred et all 2007) and the impurity measure to gaugegbodnesof
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clustering obtained. If the impurity measure improvesragtastering the sen-
tences with the synsets it implies that probably sense tagsseful in reducing
the inherent ambiguity in the language being dealt with.

Measuring impurity for the three cases where we clusteredtlginal En-
glish corpus, where we clustered only the sense tags ancewleeclustered the
English sentences followed by their representative seage would give us a
clue as to whether the sense tags help improve the clusteringt (see Table

4.26).

We expected the clustering to have improved after assighi@gense tags
but impurity seems to have deteriorated, though slighthemwe cluster the sen-
tences along with their sense tags, and is totally way offnwae clustered only
the sense tags. The second result is more intuitive sindadnawnly the sense
tags does not build any relationship with the sentenceghlegtare assigned to.

But the expectation was that assigning the sense tags woplwve clustering.

In the implemented version (Algorithm 4) we have also takame of the case
where a word in a non-pivotal language is aligned with moemtbonsecutive
series of words in English. Thus if a word is aligned with weovdth IDsj, j+1,
.., j + 2z, and another series of consecutive words withAD&s + 1, ..., k + zz,
then the second series of consecutive IDs will all be assigime valuek, which

is the first one among the series, as the first series will &lf ge

Parameter| Original Corpus| Sense Annotated Corpus Sense Tags Only
Impurity 0.784 0.806 0.874

Table 4.26: Impurity measures for different scenarios disedvaluation
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Algorithm 4 Step in Algorithm 3 where a word in non-pivotal language is
aligned with more than one consecutive word in the pivotagleage.
if If the word in the non-pivotal language is aligned with mdrart one con-
secutive word in Englisthen
if it is the first series of consecutive alignmetitsn
assign the first position, in the sequence of consecutivigos, to all
the consecutive positions
else
if if it is not the first series of consecutive alignmetitsen
assign the corresponding first position, in this sequencengecutive
positions, to all the consecutive positions
end if
end if
end if

4.7.4 Discussion

Still the results of evaluation using document clusteripgear to be inconclu-
sive and need further investigation. Clustering is unstiped as the chapter ID
tags have only been used for evaluation and not for the clogtiself. There are
several reasons why using these tags as class labels ishaideal. The indi-
vidual speeches are quite short, with an average lengtroahdrl75 words per
speech for the first thousand speeches, which does not altmmanon theme
and vocabulory to become clearly established. There istatsssue of the dif-
ferences in wording and style emphasised by the differagtiistic background
of the speakers. Still, this was the best resource available

Another consideration was made at the time of a potentiaijyartant real-
ization namely that the ‘Chapter ID’ tags could be used assdibels indicating
the topic discussed in all speeches included in that chapter

These class labels could then be used to train and evaludédssifier. This
supervised machine learning setup could then be used toaggalhe relative

benefits of multilingual proto-synstes when used as aduitifeatures (attributes)
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for the texts in question.

4.7.4.1 Why the Tags?
Tags are not ideal for a class label, since:
* they are not systematically chosen.

« individual differences between speakers maybe greaderttiose between

topics (a.k.a. chapters).

Yet, there is no other auxiliary information in the corpuatthould be used
for supervised learning and supervised learning offerdtamative form of eval-

uation.

4.7.4.2 Which Machine Learning Approach to Use?

Decision Trees provide a good alternative to carry out ettadn using a super-
vised learning approach, as they are easy to use, they araffasstraightfor-
ward. They take a table of attributes, same as in the casewhHRe a doc is a

bag of words.

4.7.5 Using Decision Trees for Evaluation

Decision tree is a supervised learning technique that u@ldree where each
node represents an attribute which splits the data set. ddraihg algorithm
decides which attribute to put at a particular node basedrioiples of infor-
mation theory.

Entropy is a measure that (Mitchell 1997) measures the hemeity of a set
of examples. Information Gain measures the expected neductentropy. The
aim is to split the set of examples at a particular branch oéa $o that along

one branch all examples belong to one class.
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The measures of Entropy and Information Gain are given asbel

[

Entropy(S) = ) _ —pilog, p; (4.6)
i=1
Gain(S,A) = Entropy(S) — Z ||5;||Entropy(51,) 4.7)
veValues(A)

Equation 4.6 is a generalized version of equation 4.2, wiiles a clustering
specific definition of it.

In the equations abovgis a collection of examples withdifferent possible
classifications. p; is the proportion of examples belonging to classin the
formula for Information Gairb, is the subset of examples which belong to class
v. The first term is the original entropy and the second teridsikpected value
of entropy after the data is partitioned using attribdte

Most algorithms that have been employed to learn deciseastare based on
a top-down greedy approach IC3 (Quinlan 1986) and one ofiitsessors C4.5
(Quinlamn 1993). CARTL(Breiman etial. 1984) is another versibdecision trees
where binary trees are constructed for decision making.

Algorithm 5 gives description of an algorithm based on 1D3t(¥el 11997):

For the construction of decision trees attributes need tddimed which
could be either discrete or continuous valued. In this chsattributes are the
words which are real-valued, taking on TF-IDF values.

For the purposes of evaluation we took a subset of the ofigata such that
each class had equal number of instances, yielding 37 slagde 10 instances
each. Then TF-IDF values were ascertained for each worddh dacument.
Then we created document-ternmatrix (see Figure 4.10) where each column

is an attribute (term or word) and each row is the documenthEll in the
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matrix is the TF-IDF value of the term (identified by the colyim the document
(identified by the row).

This TF-IDF matrix is then fed to WeKaa tool for data mining with Java
implementation of Decision Trees, named as J48, which iseaviersion of C4.5.
It takes in the term-document matrix above with class infation and gives the

percentage of correctly classified instances.

4.7.5.1 Experimental Design

We created two term-document matrices, one for the origiogdus without the
sense tags and the other with the sense tags. They weredatlékia and 10-fold

cross validation was performed.

“http:/lwww.cs.waikato.ac.nz/ml/weka/
Shittp://www.java.com/en/

Algorithm 5 ID3(Examples, Target ttribute, Attributes)
Create eRootnode for the tree
If all Examplesare positive, Return the single-node tRReot with label = +
If all Examplesare negative, Return the single-node tRaot with label = -
if Attributesis empty, Return the single-node tr&®ot with label = most
common value offargetattributein Examples
Otherwise Begin
A « the attribute from Attributes that best* classifiesamples
The decision attribute fdRoot— A
For each possible value;, of A,
Add a new tree branch beloRoot corresponding to the test = v;
Let Exzamples,, be the subset dExamplegshat have value, for A
If Examples,, is empty
Then below this new branch add a leaf node with label = mosteom
value of Targetattributein Examples
Else below this new branch add the subtree
ID3(Examples,,, Target ttributes, Attributes — A)

End
ReturnRoot
{* The best attribute is the one with the highestformation gain
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i declare | resumed the session of european | parliament | adjourned on Friday
doc1 | 000142417| 0.008687772| 0.009728037| 0.000198595| 0.006780494 0.00015857| 0.001289072] 0.001733379| 0009728037 0.000549075| 0.007447507
doc 2 | 0.002237982 0 0] 0.000156039 0] 0.000249181 0 0 0 0 0
doc 3 | 0001793952 0 0 0 0] 0.000200299 0 0 0] 0.001387137 0
docd 0 0 0] 0.000347213 0] 0.000554469 0 0 0] 0.000959973 0
doc § 0 0 0] 0.000109838 0] 0.00023386% 0.000950601| 0.001275246 0 0 0
doc 6 | 0001446081 0 0| 0.000100825 0 0 0 0 0 0 0
doc 7 | 0.003295079 0 0] 0.000114976 0] 0.000367214 0 0 0 0 0
doc 8 | 0.002211653 0 0] 0.000154203 0 0 0 0 0] 0.001705363 0
doc 9 | 0.002152663 0 0] 0.000150083 0] 0.00015978 0 0 0] 0.000553267 0
doc 10 | 0.000693692 0 0] 0.000169282 0 7.72E-05 0 0 0] 0.001069785 0
doc 11 | 0000269327 0 0] 0.000244118 0] 0.000599749] 0000487557 0 0] 0.000415346 0
doc 12 0 0 0] 0.00022488 0] 0.000410416/ 0.000834105 0 0 0 0
doc 13 | 0.000939952 0 0] 0.000131073 0 0 0 0 0] 0.000724779 0
doc 14 | 0000660079 0 0] 0.000184091 0 8 82E-05 0] 0001288427 0] 0.000305385 0
doc 15 | 0.000773623 0 0] 0.000242727 0| 0.000430684| 0.000700237| 0.000941589 0/ 0.001491315 0

Figure 4.10: A snapshot of ®rm-documentnatrix with words as attributes
and each cell containing thEF-IDF value for the corresponding word in the
corresponding document

As before, results deteriorate slightly when sense tagassgned to the
original corpus, with correctly classified instances redgdrom 40.2703%, for

the original untagged corpus, to 39.1892% for the sensesthggrpus.

4.8 Discussion

It was expected, and looked very intuitive as well, that sibeyuating the origi-
nal corpus by assigning sense tags to each word or phraség inqorove clus-
tering and help to assign the correct class to unseen iretabiat as shown above
it showed otherwise. The proposed reasons for the above beusummarized

as below:

« As has been reported before, the word alignment processds @one
and these errors are multiplied over the set of languagektaszeate the
multilingual lexicons. But since we used a well recognizeal tGIZA++
(Och & Neyi200B), we had to live with the inherent ratas (Och &/N
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2003).

« We aligned the corpora at the level of paragraphs, and ribedéevel
of sentence, since the tools availd@taéthe time did not yield good results.

Better tools are already pre-processed data are now alailab

* GIZA++ imposes the limit on length of 100 words for a sentnc
Sentences longer than that are truncated before being asatignment.
In such a scenario a sentence aligned, rather than a paneajigped, and
that to at the level of 1:1 sentence correspondence, couwtkel tbeen more

useful.

» Using English as the source, rather than target, languagje tiave

reduced errors. Reasons are outlined in section 2.4.2 onp.

» The output of GIZA++ is used to group words into phrases, rertpos-
sible. The algorithm to do so is one of our contributions, &iate it is
deterministic and no failure is possible, the quality ofatgput is com-
pletely dependent on its input. It does not however intredercors on its

own.

The alignment errors might have been reduced, had GIZA+-alfilgy to
word align all the languages at once. Better pre-processiud have also

helped. But given the constraints our results did not supparexpectations.

4.9 Error Analysis

There are two major steps in the generation of multilinguatg synsets:

Shttp://www.statmt.org/europarl/
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1. pair-wise word alignment for English, German, Frenchdy @meek using

GIZA++0ch & Ney (2008).

2. Collating of words into phrases using our own devisedrilgm (see Al-

gorithm 3).

The second step using algorithm 3 in the thesis is detertitr@siad does not
produce errors on its own but propagates the errors alreadyduced in the
previous step of word alignment.

Och, et al._Och & Ney (2003) have shown that using GIZA++ iretuerrors
in pair-wise word alignment. We quote the precision figuoesiford alignement

when English is used as a target language, as shown in Taljle 4.

Languages Corpus size | Precision
German— English | 0.5K 77.9
2K 88.1
8K 90.2
34K 92.5
French— English | 0.5K 68.5
8K 76.0
128K 84.6
1470K 89.1

Table 4.27: Accuracy figures for Word Alignment when Englistused as a
target language

As can be seen from the table above, the maximum accuracis thiatained
when English is used as the target language, is 92.5% for &@grand 89.1%
for French and the accuracy tends to increase with the sileeoforpus. As-
suming that in our case GIZA++ worked with maximum efficiemay calculate
the overall accuracy as composed of accuracies of 3 pag-alignments which

were independent of each other. The maximum accuracy capotdimed by mul-
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tiplying the numbers for accuracies for each of the indigiduord alignments,

and is:

accuracy = 0.925 % 0.891 * (accuracy forGreek) (4.8)

We do not have any accuracy numbers for Greek, however ifasssmed
to lie between the accuracy figures for German and Frenchithier0.908 =
0-92540.891 "which is the estimated figure. Then the combined accuracthf®

three pair-wise word alignments is:

accuracy = 0.925 % 0.891 % 0.908 (4.9)

which gives us a figure of 0.692 or 69.2% accuracy. An accuod&p.2%
would cause errors in pair-wise word alignment across thguages and hence
the synsets extraction using word-alignment using GIZA##wt perform well

on evaluation unless processed to a certain degree of refittem

4.10 SemkEval Parallel Corpora and Generation of

Multilingual Synsets

Later, we discovered the SemEval-2010 Task 3 on Cross-kinglord Sense
Disambiguatioi We used their data in six languages viz. English, French, Ge
man, Dutch, Italian and Spanish which was sentence alignbdlni sentence
alignmenti(Lefever & Hoste 2010a). The data set consist@84f603 sentences
per language.

We did not need to do any preprocessing of the data as it waadsirin

adequate shape for that purpose and was directly fed to GtZkd then mul-

"http://semeval2.fok.eu/semeval2.php?location=taE&s#
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tilingual synsets were generated using the proceduremedthbove. Despite
being a relatively much larger data set and being pre-psecet a higher de-
gree of refinement, the results of alignment were not verydgas can be seen

from the following example:

i declare resumed the session of the european parliamentradp

on friday 17 december 1999 , and i would like once again to wish
you a happy new year in the hope that you enjoyed a pleasdEfes
period .

NULL ( 23 24 25 26 27 28 29 30 32 ) ich (1) erklare ( 2 ) die (
3)am (4)freitag (5),(6)dem (7)17. (8) dezember (9)
unterbrochene ( 10 ) sitzungsperiode (11) des ( 12 ) ewsopéan (

13 ) parlaments ( 14 ) fur ( 15 ) wiederaufgenommen (16 ), (17)
winsche (18 ) ihnen () nochmals (19 ) alles (20 ) gute (21 ) zum
(22) jahreswechsel (31 ) und ( 33) hoffe (34 ), () daB(35) sie (
36 ) schone (37) ferien (38) hatten (39) . (40)

A cursory look at the alignment above would tell us that thesszutive
English wordso wish you a happy new year frave not been aligned with any
German word, which is a clear case of misalignment. Using gdata to generate
multilingual synsets cannot possibly yield good resultsafimade us leave using

the SemEval data at that.

Yet, we used their trial data set and the sense inventoryetardtically gauge

how the use of multiple languages really help us in reducmbiguity.
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4.11 Theoretical Analysis

The SemEval (Lefever & Hoste 2010b) data provides 5 targetisvavhich need
to be disambiguated vihank movementoccupation passageandplant They

also provide a gold standard sense inventory for each teugyet.

4.11.1 Sense Inventory

For each of the target words, there is a list of possible nmggnin the sense in-
ventory. For each meaning, all possible combinations otiwar the 6 languages
corresponding to it are listed.

The sense inventory is created by first word aligning theeser®s in the Eu-
roparl parallel corpus. That gives the set of possible tetiosis for the set of
target words. The resultant translations are manuallyiigdrby certified trans-
lators.

After manual verification of translations, one annotatomoally clustered
them by meaning. The clusters, thus created were orgamitedwo levels of
granularity. The top level contains the main categoriest iRstance, for the
target wordmovementthe main sense categories asacial movementraf-

fic/motion andtransport The next level defines the finer sense distinctions.



Meanings English Dutch Italian French German Spanish
1. Financial institution
1.1 Finanlcial build- bancair banca banque bank banco
ing/entity: general
1.2 Credit/Savings (bank)
1.2.1 credit/savings bank kas cassa caisse kredit caja
1.2.2 Piggy bank spaarpot formula di | tirelire spar88strumpf bancario
risparmio

1.3 between banks interbancair| interbancarip
1.4 Bank in casino/game bank banca banque bank banca
2. Supply/Stock

rice bank rijst88bank | banca banque reis-bank banco
3. Sloping land beside
water
3.1 General oever riva rive weichsel88ufer | orilla

rivier88oever sponda bord ufer margen
3.2 burst their banks oever stare strari-| débordement flussufer orilla
pato
3.3 other side overkant fille cotée reihe lado
4. Cisjordan
bank cisgiordania| cisjordanie | West8§§jordanland cisjordania

5. group of similar ob-
jects (rowltiers)

banks  of | lift88bundel| comando systeme aufzug fila

lifts

Table 4.28: A sample of the sense inventory for the targetiwank

rJ0dio) paubijy wolj S19SuAs fenbulnniy 1o uondenx3 zot

¥ 1e1deyd
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Table 4.28 gives a sample of the sense inventory with diftereeanings
and sub-meanings for the target warank For the purposes of this exercise we
considered translations at second level of granularitytpdst of the meanings at
the first level of granularity. So translations belongingtd-meaninggeneral
burst their banksandother sidewere all considered to be translationsstdping

land beside waterthe third meaning of the wordankin the inventory.

4.11.2 Gold Standard

The sense inventory was later used by annotators to anrladentences per
target word and were asked to give contextually relevamistedions for each
of the languages considered. The sentences were extractedRC-ACQUIS
and the British National Corpus (BNE)The annotators were asked to pick the
sense meaning from the sense inventory which was most daatlyxrelevant,
and from the meaning cluster they were asked to pick threeweif preferred
translations. Based on their annotations, frequency viiglere assigned to
each translation of the target word, for each sentence, @neaich of the lan-
guages considered. As a result a gold standard was created.

Given below is an example of the gold standard for the Englisid bankin

German for different sentences.

bank.n.de 1 :: bank 4;bankengesellschaft 1;kreditirtstifzentral-
bank 1;finanzinstitut 1;

bank.n.de 2 :: bank 4;zentralbank 3;finanzinstitut 1; nloderk 1;kred-
itinstitut 1;nationalbank 1;

bank.n.de 3 :: westjordanufer 3;westufer 2;westjordah2mvest-

jordanien 2;westbank 2;west-bank 1;

8http://langtech.jrc.it/JRC-Acquis.html
Shttp://www.natcorp.ox.ac.uk/
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Each line starts with the following pattern:

{lexelt}{.language {id}, wherelexeltcontains the lemma with its Part-Of-
Speech (POS) tag. In the example above, the lemrbankand POS tag is
denoting a noun. That is followed by its translations in tberesponding lan-
guage, German in this case denoted by the abbrevidBoithe number before
.. isthe sentence ID. Thus, each line is a list of translationhie target word in
one of the five languages, where each translation is folldvyea number which
signifies how many times that translation has been used tpnihetators as they
see the meaning of the target word, in a given sentence, frersense inventory.

The sense inventory and the gold standard combined are af pantfect data
set which are not given to the errors introduced by pre-msiog and the word

alignment step in the creation of multilingual synsets.

4.11.3 Methodology

The aim is to see how this data can be used to gauge the effentaitability of
multilingual resources on monolingual disambiguation.reHis the the outline

of what we plan to do:

1. Letus see if there are any combinations of words acrodatigeiages that
can correspond to more than one meaning. For example, thieication
of words(durchfahrt, passage, paso, transito, doorgérghe target word
passagecorresponds to two different meaningsansition, passing from
one place to anotheandway through which someone/something may pass

which are meanings 1 and 2 respectively in the sense inyentor

(a) If so, such a synset corresponds to more than one meaning.
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2. To calculate the proportion of these ambiguous synsetstza average

degree of polysemy we shall:

(&) generate all possible combinations of words allowedfmh mean-
ing, and weigh them by the frequency with which they were sug-

gested by the translators.

(b) count the polysemy of each word for each sentence andathezage

the result over the entire set of sentences.

That led us to come up with a theoretidaler boundon the polysemy of
the target word, signifying the fact that how much polysesseduced when we
use translations of the target word in multiple other lanpasafor a perfect data
set. Itis important since knowing this would help us idgntibw much promise

is held by using multilingual corpora in the NLP task of Crassgual WSD.

4.11.4 Experiments

For the purposes of this exercise of calculating the polyseve took different
sets of languages: the first one comprising all the five laggsiaiz. German,
French, Spanish, Italian, and Dutch. Then we took subseétedive languages:
French, Spanish, and Italian; French and Italian; and Spaamd Italian. That
is to see the effect of how much polysemy is reduced when ¢rdyRomance
languaged rench, Spanish, andItalian, or their subsets, are considered.
We then generated all the possible multilingual synsetsutined above,
from this trial data gold standard translations, separételeach sentence. Given
below is the sample from the gold standard for sentence 1.tréhslations are
for the target wordbankin German (de), French (fr), Spanish (es), Italian (it),
and Dutch (nl). Translations are followed by the frequenaywhich they have

been chosen by annotators from the sense inventory.
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bank.n.de 1 :: bank 4;bankengesellschaft 1;kreditirtstitzentral-
bank 1;finanzinstitut 1;

bank.n.fr 1 :: banque 5;institution 3;bank 3;

bank.n.es 1 :: banco 5;institucion 1;institucion finaera 1;
bank.n.it 1 :: banca 4;istituto di credito 2;istituzionea@nk 1;istituto
1

bank.n.nl 1 :: bank 5;kredietinstelling 1;bankinstellibginanciéle

instelling 1;

In the first step the synset generation algorithm would takditst word/phrase
from each language, and put them together as below:

(bank, banque, banco, banca, bank

The next synset generated would be based on frequenciedl asorgeword/phrase
with a frequency greater than one would be repeated as maeg.tilf we just
take the first translations in each language, as for the sah&we, we can see
that their frequencies are: 4 for bank in German, 5 for bangqu&ench, 5 for
banco in Spanish, 4 for banca in Italian and 5 for bank in Duiidius the next
four synsets generated would all be the same.

Since all possible combinations are considered, it woudd tiake the same
words/phrases from the first four languages, but a diffepaetfrom Duth. fol-
lowed by:

(bank, banque, banco, banca, kredietinstelling

This one will not be repeated sinkeedietinstellinghas a frequency of only 1.

Thus, we generated all possible multilingual synsets inabeve fashion
based on frequencies and then compared them against the iseastory for
the target word. If a word/phrase in any language in the syos=urred under

any of the main categories, the whole synset would be coreidalling under
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that sense category. Thus all the synsets were checked whadr sense cate-
gories they fell. From that information we calculated theaswees of polysemy,
polysemy ratio, Precision, Recall, and F-score.

Polysemy(Equation 4.10) is defined as the average number of sendes tha

synset carries, and higher the value higher is ambiguity.

total number of senses for all the synsets for a senter&e1 0)
total number of synsets for the sentence '

polysemy =

Polysemy ratio is defined as the polysemy of the word as a ohtimmber

of meanings in the sense inventory for that word. Matheraliyic

Polysemy as calculated in equation 4.10

Number of meanings of the word in the Sense Inventory
(4.11)

PolysemyRatio =

Precision is defined as to how does the most prevalent seresarfeong all
the sense categories covered by the synsets for a partsaiénce. Precision
would be 1 if all the synsets had only one sense, meaningqatifeambigua-
tion. On the other hand the minimum value that Precision c¢cdake on is
1.0/(number of sense categoriesyhen all the synsets for a sentence share all

the senses.

No. of majority sense hits

Precision =
total number of senses proposed

(4.12)

Recall depicts what portion of the synsets have the majgetyse, and is

defined as below:

No. of majority sense hits

Recall =
total no. of synsets

(4.13)
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Sent. |Synsets [Sen1  |%Sen1 [Sen2? |%Sen?|Sen3 [%Sen3|Send [%Send|Send %Sen$ |polysemy |PR _|Prec |Rec [F-score
1| 49280| 49280( 100.00| 48416 98.25| 44000{ 89.29| 47012 9540 0] 0.00 3.83[0.77] 0.26/1.00 041
2| 29106) 29106) 100.00) 28602) 98.27) 23760) §1.63) 26460) 90.91 0] 0.00 3.71(0.74] 0.27)1.00 042
3| 142560 0] 0.00 0] 0.00] 82080) 57.58|142560] 100.00 0] 0.00 1.56]0.32] 0.63]1.00 0.78
4| 142560 0] 0.00 0] 0.00| 62080] 57.58(142560| 100.00 0] 0.00 1.56|0.32| 0.63]1.00 0.78
5] 43120 0] 0.00 0] 0.00] 43120) 100.00| 42940] 99.58 0] 0.00 2.00)10.40] 0.50{1.00 0.67
6] 81081 0] 0.00 0] 0.00| 81081) 100.00| &0121| 98.82 0] 0.00 1.99{0.40| 0.50]1.00 0.67
7| 105600({105600| 100.00 98688 93.45| 73920 70.00( 82560 78.18 0] 0.00 3.42(0.68] 0.29/1.00 045
8| 149688[122040| 81.53[149688| 100.00 49896 33.33| 92664 61.90 0] 0.00 2.77)0.55[ 0.36[1.00 0.53
9| 120960(120960| 100.00{ 113280 93.65| B84672| 70.00( 96768 80.00 0] 000 344/069] 0.29/1.00 045
10 93555 0] 000] 6237) B.67| 93555| 100.00| 92655 99.04 0] 0.00 2.06)0.41] 0.49/1.00 0.65
11] 129600 0] 0.00 0] 0.00] 69120] 53.33[129600| 100.00 0] 0.00 1.53|0.31] 0.65/1.00 0.79
12| 56700| 56700| 100.00| 54850| 96.91| 47700 84.13] 54740 96.54 0] 0.00 3.78[0.76] 0.26)1.00 042
13| 224640(224640| 100.00{190060| 84.62|134764| 60.00[{155520] 69.23 0] 0.00 3.14[0.63] 0.32/1.00 0.48
14 4800| 4800) 100.00 4800) 100.00 4800) 100.00| 3520 73.33 0] 0.00 3.73[0.75] 0.27)1.00 042
15| 84700| 84700| 100.00( 67900| 80.17| 23100 27.27| 51700 61.04 0] 0.00 2.68)0.54] 0.37]1.00 0.54
16| 60984| 60984 100.00 16184| 26.54| 6776 11.11| 5544| 9.09 0] 0.00 1.47]0.29| 0.68]1.00 0.81
17| 47432| 47432| 100.00| 30968| 65.29| 17248| 36.36| 21560| 4545 0] 0.00 247)0.49] 0.40{1.00 0.58
18| 79200| 79200| 100,00 70200 88.64| 43560 5500 46300 59.09 0] 000 3.03[061] 0.33/1.00 0.50
19| 87318 0] 000] 6237) 7.14| 87318| 100.00| 86508 99.07 0] 0.00 2.06)0.41[ 0.48(1.00 0.65

20| 48510| 48510] 100.00] 46890 96.66| 36960 T76.19| 45534 93.99 0] 0.00 3.67[0.73] 0.27)1.00 043
average 2.70{0.54] 0.41]{1.00 0.57

Figure 4.11: German, French, Spanish, Italian, and Dutchhie target word
bank

Finally, the F-score is the harmonic mean of precision awdlkeas given

below:

Precision*Recall
* —
Precision+Recall

F=2 (4.14)

The calculated values of the parameters above for the fiatetaniget words
for each of the 20 sentences in English, where the targetsvadd disambiguat-
ing, are given in Figures 4.11, 4.12, 4.13, 4.14, and 4.15.

Table 4.29 gives a summary of statistics from the tablesartlme observed
from the table that polysemy is reduced by as much as 47% whaeslations of

a word are used as sense tags.
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Sent. |Synsets |[Senl  |%Senl |(Sen2 |%Sen2 |Sen3 %Sen3 [polysemy |PR  |Prec |Rec |F-score
1| 174240| 14520 8.33|174240| 100.00( 174240| 100.00 2.08(0.69| 0.48| 1.00 0.65
2| 174240| 55440| 31.82|174240| 100.00| 165024| S54.71 2.27|0.76| 0.44] 1.00 0.61
3 76230| 72114 54.60| 76230( 100.00 75846 99.50 2.94(0.98| 0.34| 1.00 0.51
4| 207360( 50544| 24.38|207360| 100.00| 205092 98.91 2.23(0.74| 0.45| 1.00 0.62
5| 248832|132192| 53.13| 248832| 100.00| 240192| 96.53 2.50| 0.83| 0.40( 1.00 0.57
6| 209088 145728| 69.70( 209088 100.00| 20595085| 100.00 2.70|0.90| 0.37| 1.00 0.54
7| 228096|120096| 52.65|228096| 100.00| 228096| 100.00 2.53|0.84| 0.40| 1.00 0.57
8| 228096| 140096 61.42| 228096| 100.00| 227296| 99.65 2.61|0.87| 0.38| 1.00 0.35
9| 191664|113256| 59.09| 191664 100.00| 104544| 54.55 2.14|0.71| 0.47| 1.00 0.64
10| 248832|131220| 52.73| 248832| 100.00| 131220 52.73 2.05|0.68| 0.49]1.00 0.65
11| 145200| 145200| 100.00| 111936 77.09| 111936| 77.09 2.54(0.85| 0.39] 1.00 0.56
12| 209088| 79488| 38.02|209088| 100.00| 176832 84.57 2.23(0.74| 0.45] 1.00 0.62
13| 121000(121000| 100.00( 108040| 859.29| 105448| B87.15 2.76|0.92| 0.26| 1.00 0.53
14| 143748|143748| 100.00| 130028 90.46| 124540| B86.64 2.77(0.92] 0.36| 1.00 0.53
15| 171072|142722| B83.43|171072| 100.00| 154944 90.57 2.74(0.91] 0.36| 1.00 0.53
16 89100| 79300| 89.00| B9100( 100.00 89100| 100.00 2.89(0.96| 0.35] 1.00 0.51
17| 144000( 99648| 69.20(144000| 100.00| 135240| 96.00 2.65| 0.88| 0.38| 1.00 0.55
18| 228096|137376| 60.23|228096| 100.00| 215024 96.02 2.56(0.85| 0.39|1.00 0.56
19) 171072105732 61.81|171072| 100.00| 169947 99.34 2.61|0.87| 0.38| 1.00 0.55
20| 228096( 98496| 43.18(228096| 100.00| 228096| 100.00 2.43|0.81| 0.41| 1.00 0.58
average 2.51(0.84| 0.40| 1.00 0.57

Figure 4.12: German, French, Spanish, Italian, and Dutchhie target word
movement
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Sent. |Synsets |[Senl |%Senl|Sen2 |%Sen2|Sen3 %Sen3 |Send %Send |polysemy |PR |Prec|Rec |F-score
1| 145200(145200| 100.00| 109360| 75.32| 50160 34.55 73920( 50.91 2.61|0.65| 0.38| 1.00 0.55
2| 144000( 144000| 100.00| 111072 77.13| 71424 49.60 89568 62.20 2.89|0.72| 0.35]| 1.00 0.51
3| 228096|228096| 100.00| 158976| 69.70| 103680| 45.45| 114048| 50.00 2.65|0.66| 0.38|1.00 0.55
4 13824| 13824 100.00( 13824| 100.00( 13824| 100.00 13824 100.00 4.00] 1.00| 0.25] 1.00 0.40
5| 129600(129600| 100.00| 129510 99.93| 93312| 72.00 97848| 75.50 3.47|0.87| 0.29] 1.00 0.45
G| 67584 51744| 76.56| 62544| 92.54| 67584| 100.00 63104 93.37 3.62|0.91| 0.28]1.00 0.43
7| 174240(174238| 100.00| 170640| 97.93| 100320| 57.58| 113256| 65.00 3.21|0.80| 0.31]1.00 0.48
8| 12800 12800| 100.00| 12800| 100.00| 12800| 100.00 12800( 100.00 4.00] 1.00| 0.25] 1.00 0.40
9| 110000(110000| 100.00| 86480| 78.62| 38720| 35.20 45848| 41.68 2.55|0.64| 0.39]1.00 0.56
10| 174240|174240| 100.00| 146520( B84.09( 93600 53.72| 100320 57.58 2.95|0.74| 0.34]| 1.00 0.51
11| 106920| 106920| 100.00| 84240| 78.79| 50787| 47.50 69498| 65.00 2.91|0.73| 0.34]| 1.00 0.51
12| 14080| 14080| 100.00| 14080| 100.00| 14080| 100.00 14080( 100.00 4.00] 1.00| 0.25| 1.00 0.40
13| 11200| 11200 100.00| 11200( 100.00( 11200| 100.00 11200( 100.00 4.00] 1.00| 0.25| 1.00 0.40
14| 21168| 20088| 954.90| 20688 97.73| 20880 98.564 21168( 100.00 3.91|0.98| 0.25|0.99 0.40
15| 38880| 33120| 85.19| 38016| 97.78| 38880| 100.00 37728 97.04 3.80|0.95| 0.26] 1.00 0.42
16| 95000| 98970 99.97| 96200 97.17| 64008| 64.65 64008| 64.85 3.26|0.82| 0.31]1.00 0.47
17| 73728| 73728| 100.00| 73472 99.85| 47808 64.84 51048 ©69.24 3.34|0.83| 0.30]1.00 0.46
18| 45360| 36720 80.95| 44064| 97.14| 45360 100.00 43416| 95.71 3.74|0.93| 0.27] 1.00 0.42
19| 190080| 190080| 100.00| 166320 B87.50( 103680 54.55| 125280( 65.91 3.08|0.77| 0.32] 1.00 0.49
20| 24948| 20196| 80.95| 24948 100.00| 24948 100.00 24948 100.00 3.81|0.95| 0.26] 1.00 0.42

average 3.39|0.85| 0.30] 1.00 0.46

Figure 4.13: German, French, Spanish, Italian, and Dutchhie target word
occupation

Sent. |Synsets |Senl |%Senl|Sen2 |%Sen2 |Sen3 [%Sen3|Send |%Send |Sen5 [%SenS |Sené |%Sen6 |Sen7 %Sen7 |polysemy |PR |Prec|Rec. [F-score
1| 223608 223608( 100.00) 211728| 94.69|170688| 76.33|165396) 73.97|101640| 0.00 0 0.00 0] 0.00 3.90|0.56( 0.26] 1.00 0.41
2| 143000) 141824 99.18)| 143000| 100.00) 110240| 77.09|111800| 78.18| 65000| 0.00 0 0.00 0] o0.00 4.00/0.57| 0.25| 1.00 0.40
3| 101088|101088( 100.00| 99792| 98.72| 81588| 80.71| 85488 84.57| 44928 0.00 0 0.00 0 0.00 4.08|0.58( 0.24| 1.00 0.3¢
4| 116160| 116160| 100.00( 96360| B82.95| 82560 71.07| 82560| 71.07| 43560 0.00 0 0.00 0 0.00 3.63|0.52) 0.28) 1.00 0.42
5| 89100| 89100( 100.00| 79650| 89.39| 55836| 62.67| 58300| 65.43| 35640 0.00 0 0.00 0 0.00 3.57|0.51) 0.28)| 1.00 0.44
6| 239580| 239580( 100.00) 229500| 95.79|169020| 70.55|179100| 74.76| 87120| 0.00 0 0.00 0] 0.00 3.77|0.54{ 0.26] 1.00 0.4z
7| 223508 223608( 100.00) 213528| 95.49|155654| 69.63|160104| 71.60| 81312] 0.00 0 0.00 0] o0.00 3.73|0.53[ 0.27| 1.00 0.47
8 4410 4410| 100.00 4410| 100.00) 4382| 99.37| 4284) 57.14] 3150| 0.00 0 0.00 0] o0.00 4.68|0.67) 0.21) 1.00 0.3%
9| 108300 59400 54.55| 50580| 46.45| 64350 59.08( 29700| 27.27|108500( 100.00 0 0.00 0 0.00 2.87|0.41) 0.35]| 1.00
10| 58968| 58968| 100.00| 58584| 99.35| 56160| 95.24 49608| 84.13| 24024 0.00 0 0.00 0 0.00 4.19)|0.60{ 0.24{ 1.00
11( 311040|181440| 58.33|224640| 72.22|138240| 44.44(311040| 100.00 0] 000 0 0.00 0] 0.00 2.75|0.33( 0.36] 1.00
12( 311040|165240| 53.13|213840| 68.75|179820| 57.81[311040| 100.00 0] o000 0 0.00 0] 0.00 2.80|0.40{ 0.36] 1.00
13| 50688| 44208| B87.22| 393883 78.69| 50688| 100.00( 32868 64.84) 17424 0.00)13824| 0.00 0] o0.00 3.92|0.56( 0.25|1.00
14| 259200{178560| 68.89)198720| 76.67|138240| 53.33(259200| 100.00 0 0.00 0 0.00 0 0.00 2.99|0.43) 0.33) 1.00
15| 179685 77625 43.20|106785| 59.43|179685| 100.00( 70335 39.14| 60885 0.00 0 0.00 0 0.00 2.76|0.39) 0.36| 1.00
16| 116160116142 99.98|112200| 96.59|100430| 86.50( 85668| 73.75| 56870 0.00 0 0.00 0 0.00 4.06|0.58( 0.25( 1.00
17( 196020111780 57.02|123120| 62.81|196020| 100.00(163620| 83.47| 50220 0.00 0 0.00 0] 0.00 3.29|0.47] 0.30] 1.00
18 92664| 92664 100.00) 91824| 95.09| B88452| 95.45| 76284| 82.32| 47736 0.00 0 0.00 0] 0.00 4.28|0.61) 0.23) 1.00
15( 27440| 27440 100.00) 27200) 95.13| 26360| 96.06( 24920\ 950.82| 15208 0.00 0 0.00 0] o0.00 4.56|0.65) 0.22) 1.00
20| 32340| 32340 100.00| 32340| 100.00| 31020| 95.92 29568| 91.43| 16170 0.00 0 0.00 0 0.00 4.37|0.62( 0.23[ 1.00

average 3.71|0.53) 0.28) 1.00 0.42

Figure 4.14: German, French, Spanish, Italian, and Dutchhie target word
passage
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Sent. |Synsets |Senl |%Senl |Sen2 |%Sen2 |Sen3 %Sen3 |polysemy |PR  |Prec |Rec |F-score
1| 190080 137808| 72.50|150080| 100.00 0 0.00 1.73|0.58| 0.58| 1.00 0.73
2| 158400( 125472 79.21| 158400|( 100.00 0 0.00 1.79]0.60| 0.56| 1.00 0.72
3| 209088| 209088| 100.00| 160704| 76.86 0 0.00 1.77]0.59]| 0.57| 1.00 0.72
4| 132000(132000| 100.00| BB000| 66.67 0 0.00 1.67|0.56| 0.60| 1.00 0.75
5| 209088 79488| 38.02| 209088| 100.00 0 0.00 1.38|0.46| 0.72]| 1.00 0.84
6| 129600| 129600| 100.00| 103680| 80.00 0 0.00 1.80|0.60| 0.56| 1.00 0.71
7| 248832|199680| B80.25|248832| 100.00 0 0.00 1.80|0.60| 0.55| 1.00 0.71
8| 228096| 228096| 100.00| 126720 55.56 0 0.00 1.56|0.52| 0.64| 1.00 0.78
9| 132000|132000| 100.00| 96000 72.73 0 0.00 1.73|0.58] 0.58| 1.00 0.73
10| 144000| 144000 100.00( 109440| 76.00 0 0.00 1.76|0.59] 0.57] 1.00 0.72
11| 159720| 159720| 100.00]| 134772 B84.38 0 0.00 1.84|0.61| 0.54| 1.00 0.70
12| 175692|175692| 100.00( 104544 59.50 0 0.00 1.60|0.53] 0.63] 1.00 0.77
13| 159720| 159720 100.00( S0024| 56.36 0 0.00 1.56|0.52| 0.64| 1.00 0.78
14| 209088| 209088| 100.00( 120384| 57.58 0 0.00 1.58]|0.53] 0.63| 1.00 0.78
15| 190080| 190080| 100.00| 73440| 38.64 0 0.00 1.39]|0.46| 0.72]| 1.00 0.84
16| 191664|191664| 100.00| 125136 65.29 0 0.00 1.65|0.55| 0.61| 1.00 0.75
17| 120960| 120960 100.00( 52160 76.19 0 0.00 1.76]|0.59| 0.57| 1.00 0.72
18 76230 60060 78.79| 76230( 100.00 0 0.00 1.79]0.60| 0.56| 1.00 0.72
19| 143748|143748| 100.00| B82764| 57.58 0 0.00 1.58]|0.53] 0.63| 1.00 0.78
20| 248832| 248832| 100.00| 165888| 66.67 0 0.00 1.67|0.56| 0.60| 1.00 0.75
average 1.67| 0.56| 0.60]1.00 0.75

Figure 4.15: German, French, Spanish, Italian, and Dutchhie target word

plant



Word # of | Polysemy Before | Avg. Polysemy After Reduction in Ambiguity %age
Unique
Synsets
bank 17,873 5 2.7 46
movement| 230,061 3 251 16
occupation| 81,706 4 3.39 15
passage | 95,363 7 3.71 47
plant 91,830 3 1.67 44
Total 516,833 4.4 2.796 36.45

Table 4.29: Summary of the tables for German, French, Spaltédian, and Dutch for the five target words.
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For other set of languages, the calculated average figurpsfigsemy, preci-

sion, recall and F-score for 20 sentences per target wogdsutanmarized below
(Tables 4.30, 4.31, and 4.32):

Word Synsets Polysemy Polysemy Precision Recall | F-
Ratio score
bank 812 2.45 0.49 0.45 1.00 0.60
movement| 3,476 | 2.40 0.80 0.42 1.00 0.59
occupation 1,554 | 3.25 0.81 0.32 1.00 0.48
passage | 2,226 | 3.64 0.52 0.28 1.00 0.44
plant 1,420 | 1.65 0.55 0.61 1.00 0.76

Table 4.30: Average figures for French, Spanish, and It&tiathe target words.

Word Synsets Polysemy Polysemy Precision Recall | F-
Ratio score
bank 167 2.01 0.40 0.52 1.00 0.68
movement| 456 2.16 0.72 0.47 1.00 0.64
occupation 197 2.75 0.69 0.38 1.00 0.55
passage | 295 2.92 0.42 0.36 1.00 0.52
plant 235 1.49 0.50 0.68 1.00 0.81

Table 4.31: Average figures for French and Italian for thgeatwords.

Word Synsets Polysemy Polysemy Precision Recall | F-
Ratio score
bank 179 1.99 0.40 0.53 1.00 0.69
movement| 429 2.18 0.73 0.47 1.00 0.63
occupation 225 3.01 0.75 0.35 1.00 0.51
passage | 341 3.20 0.46 0.33 1.00 0.49
plant 235 1.62 0.54 0.62 1.00 0.77

Table 4.32: Average figures for Spanish and Italian for thgetawords.
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4.11.5 Baseline Comparison for Extraction of Multilingual Synsets

We designed an experiment where we annotated the targeswotlte SemEval
sentences. We have 5 target words (bank, movement, ocoapalant, and
passage), and 20 sentences per target word.

The target words in these sentences were annotated by tiggested mean-
ings in the sense inventory. Two native and one non-natiealsgrs of English
were asked to carry out the annotation. Out of a total of 1@@esees, only in 2
cases was there complete lack of consensus among the ams@tsall three of
them suggested different meanings. We removed them fromwvddeation.

For cases where 2 annotators agreed on 1 sense and the #hivd tre other,
the majority vote was taken. Ultimately, we only considetfegl majority sense
for each target word in each sentence for evaluation pugpose

We treated the annotated sentences as the Gold Standard#@Spr eval-
uation of our synsets created from the SemEval data.

Most Frequent Sense (MFS) was chosen as the baseline. Fosetaaf sen-
tences MFS was considered. MFS from annotations of the SehsEuatences.
So among all the senses assigned to the sentences by thatarsyahe most fre-
guent sense was taken and it was assumed that all the ocmesrehthe target
word in the sentences had the same sense. We also took thensg fer each
target word from WordNet, which ranks them by their frequeotuse.

We then took the majority senses for each target word in eactesce from
the synsets generated from the SemEval data and comparme@yganst the GS
senses. We also compared the MFS from the annotated SendS)aséntences
and the top senses from the WordNet, with the senses proposed GS. We
calculated accuracy as a measure of how many of the suggesteds match
those in the GS, as proposed by the synsets, by the MFS fro8etin&val (GS)
sentences, and by the MFS from WordNet. Our results showthleadccuracy
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of senses proposed by the synsets is 86%, 52% for WordNet M&S%£6 for

SemEval MFS. It shows the clear benefits of our approach.

4.12 Discussion

Here we have the perfect data set without any errors intrediuc the pre-
processing steps or during word alignment by GIZA++. Andilisclearly show
that given a perfect (or improved) word alignment tool, thigioal hypothesis
stands. In total we generated 516,833 multilingual syrfsets this perfect data
set. Taken on its own it constitutes a perfect parallel conphere all the words
are ambiguous words and there are no function words but amlieat words.

In our previous experiments on Europarl, we could have takemmultilin-
gual proto-synsets and after refinement, by merging prptsets that are either
synonymous or morphological variations of each other, aead¢ould have come
up with a set of refined synsets just as created from the petéta set, and then
used them for word sense disambiguation. In that case sasidiht have been

better. We could not achieve it due to time constraints.

4.13 Conclusion

We wanted to see if the parallel corpus could be used to buiddaurce useful
for carrying out NLP/IR tasks on the same corpus. So staftimg a parallel

corpus, Europarl in this case, we word aligned them. Oneawthrd alignments
were there we grouped them into words, depending on if a woothé language
aligned with two or more words in another language. We pus¢hghrases to-
gether, as translations, in the languages of the parallpluso in the form of

4-tuples.
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We used the notion of multilingual synsets to describe tdes®les, as op-
posed to the notion of synsets used in the PWN where a synaetdatsof syn-
onyms in English. There are similarities between them, wimath refer to a
semantic concept. While a WordNet synset is the set of symerof a word in
the same language, in the case of multilingual synsetstlieisranslations of a
word in other languages with the same semantics, or we cathegyare syn-
onymous with each other in the multilingual context. Usihgtttranslation in
the parallel corpus will not alter the context in which it ised. The notion of
multilingual synsets also help in narrowing down the megriha word/phrase

to fewer alternatives.

However, there are some crucial differences between tleures that we
have created and a WordNet. The WordNet creates a hieratatiacture be-
tween synsets employing concepts such as synonymy, anyohypernymy and
meronymy. Different approaches to creating a new WordNsichdly map to
these hierarchical structures so that a new WordNet creatady language is
basically an extension of PWN. Our resource, however, imNdbrdNetper se,
since there are no such hierarchical structures and theensapping between
it and the PWN.

It has been clear from the start that a number of additior@staesources,
and processing steps would make the success of this appmuaehlikely, i.e.,

by mapping word forms to their lexical entries or recognizimamed entities.

However, this could increase the complexity of the task beywshat is viable
in the time available for this PhD, and also our focus has ywaeen on the
relative benefits of using multilingual synsets and not angarformance of the

ultimate tool that incorporates them.

The evaluation of the benefits of using multilingual syn$eis been a peren-

nial challenge throughout the project, since we did not lragemantically dis-
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ambiguated parallel corpus at hand.

However, we carried out baseline comparison of our synsikstiae word-
based multilingual lexicons generated by other people. @pproach also pro-
duces some word-based synsets, so there is an overlap betvke¢ our tech-
nique does and what other people have done. Barring thes@uon of the two,
our approach produced lesser number of phrase-based syhaatthe word-
based synsets. That shows the clear benefits of our appreactwbat other

people have done.

Thus, we decided to evaluate them indirectly by measuriegogmefits of
employing multilingual synsets on the task of documentteliisg with the un-
supervisedgnorantsetup. There is no annotation. We also adopted the rather
extreme assumption that we do not make use of any usefulnesoun the lan-

guages, such as lexicons, morpho-lexical analysers, eeteers.

When we realized that the parallel corpus we used contaimiedmation
which could be used to label the contents of our documents;anged out the
second set of experiments in which the benefits of multilagynsets were
evaluated on a classification task, that is on a supervisedifey task, in which
a decision tree was trained to classify a document on the lb&she words and

the multilingual synsets they contained.

Because of the variance in word forms, or because of morglezabvari-
ances, there are a lot more multilingual synsets than quore&ing meanings.
The gap can be reduced by merging word forms that are synamg,nfar indi-
vidual languages. That forms the basis of our work on mowuiotiscussed in
the next chapter.

The multilingual synsets we produced can contribute to tlimadingual

methods for the learning of semantic relationships by mlog an independent

point of reference. Ultimately, one can conceive an iteeafirocess in which
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mono-lingual and parallel corpus techniques progressrezhforce each other
and refine their results.

The work was based on Europarl, but a very pertinent que&iamether it
can be used beyond the parallel corpus from which they weateatdke They can
be, since any parallel corpus could be processed in the saanaanto create
multilingual synsets and then to use them for NLP/IR taslchsas document
clustering and WSD.

Towards the end of this work, we became aware of a resourtenihad
make possible the evaluation of the potential of multiliagsynsets for WSD,
independent from the effects of any other NLP step, such aptmeexical anal-
ysis, word alignment, and so on, albeit on a relatively senatale.

We also carried out the baseline comparison of the sensesged by our
synsets generated from the SemEval data, when compared golth standard
sense annotation of the target words in the sentences. \Wehes®ost Frequent
Sense (MFS) baseline, proposed by the gold standard antyatbe WordNet.
Our synsets had more accuracy than either of the other twobaB&d baselines,

which shows the clear benefits of our approach.



CHAPTER 5

Morphology and Lexical Distances

As discussed in the previous chapter, the multilingual@syinsets generated,
are more numerous in number than their meanings would suggbkat is due
to syntactic (in word form) or semantic variances, such a®symy, which are

inherent to any natural language.

5.1 Main ldea

This gap in the number of proto-synsets and their meaning®eaeduced by
identifying such variations and merging word forms or syyras for each lan-
guage. We have indicated how word forms could be merged giwrthe use of
either existing mono-lingual lexicons or through unsupsas learning of word
morphology. Itis also clear that existing techniques ferlgarning of synonyms
in any given language can be employed to the same purpose.

On the basis of the work done so far we realized that: firstigre was a

179
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need to map word forms to lexical entries in order to show the benefits of
multilingual synsets; secondly, that the word aligned lb@reorpus can be used
to learn the word paradigms of a given language without amjtiatial expert
input.

We therefore developed a methodology and carried out exgets to create
such paradigms and to compare them to the output of othepagpipes for the

unsupervised morphology learning.

5.2 Morphological Analysis

Languages are rich in morphology and some of them are moa #tan others
in this respect. Turkish is an example of a morphologicadlii tanguage where
words can be immensely long with a number of morphemes comgassingle
word. Such morphologically rich languages are hard to asabut demonstrate
the art of brevity by putting morphemes together in shompacs, conveying the
message with fewer number of words.

Morphology essentially deals with morphemes, the shoioest of the word
that carries semantic information. For instance, the wiwgthat corresponds
to a mammal is a free morpheme that can exist on its own ancegsrenough
semantic information without any help from other words. Buth free mor-
phemes can have inflectional forms, sucllagsthat though still corresponds to
the same mammal but is the plural form of the original morpaeiirhey might
also be compounded with other words to form new words, faamsedoghouse
Still other morphemes can be used to change the word POShielggycan be
converted intobiological. While the first one is a noun the second one is an
adjective.

Analysing such morphological relationships is not triviglle have carried
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out morphological analysis of the text in the multilinguahtext.

We will show that the concept of edit distance (see sectidhéan be used
with benefit in calculating the morphological variation bétextracted multilin-
gual proto-synsets, as discussed in the last chapter. Hmelyecused to refine the
proto-synsets by considering to merge the ones that areolgraphically simi-
lar (i.e., with small edit distance between them. That wdwétp us in reducing

some of the word forms to their lexical entries.

5.3 Experiments

We base our approach on the observation that word forms imea g@anguage
could belong to the same lexical entry if they share a commoh (begin with
the same substring). This hypothesis would be reinforcethéyollowing fac-

tors:

1. the stem is of sufficient length;
2. the two proposed endings are not too long, and are freljusEmtountered;

3. the two word forms in question appear in a pair of synsetshwvbontain

identical words for some of the other three languages.
We shall describe results for the following setups:

Sect[5b: segmentation of pairs of English word forms into a commamst
and two endings is proposed regardless of how they are atadsin the
other three languages. Then we find all the stems that sheusathe pair
of endings, and put them in the form of ‘paradigms’, where \&eehthe
set of stems along with the pair of endings. Finally, we gotigh the

list of paradigms one by one, finding another paradigm witlictvit has
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most stems in common and creating a new paradigm with theeanefghe
two. The resulting two sets of stems and endings can be seehiqmrtite

graph defining all word forms of a particular morphologicatgdigm.

Sect[5.6: segmentation of pairs of word forms, in any language, irdoramon
stem and two endings is only proposed if they appear in sygngbich
completely overlap in the other 3 languages (a situatiorckvhie describe

as “support of three” (languages).

The result of these is a lexical resource matching a stemist aflpossible
endingd. We have further considered how roots sharing the same seidirfigs
could be combined together to form a class of roots that takesame set of
endings, i.e., to form morphological paradigms. In doingve® have considered
two cases, that of roots sharing exactly the same endingsrasther, where the
roots share ‘sufficiently many’ endings, i.e., a certaimgéa percentage. Note
that the result of the latter case is the ability of our motppial lexicon to
analyse some unseen word forms, although, of course, théne possibility of
an error in allowing this generalisation. We also evaluateresults through a
comparison with a gold standard corpus (lexicon segmemtidnnorphemes),
and with another unsupervised method for word segmentation

To recapitulate the above account: in most experimentstavels/ grouping
together synsets which contain the same English word osphihis means that
the group will contain all word forms corresponding to thenegEnglish word or

phrase in all other languages. We then proceed to:

» Create all possible synset-pairs within a group, if it hdsast two synsets

in it.

lwhich could be used to map word forms onto a single root / Exdatry
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* We look at English monolingual data and propose segmentstorganiz-

ing them into paradigms.

« Finally, we consider carrying out word segmentation irf@lr languages,
provided there is an overlap between synset-pairs in 3 of heguages,
or in other words each segmentation has support of exactlye3did not
create any paradigms, but compared the results segmentatiothe gold

standard data and analogy, an unsupervised segmentationdee.

5.4 Edit Distance

Gusfield (1997) gives an introduction to edit distances astdbes it as an in-
exact matching problem where given any two strings, the mmimn number of
steps in which starting from one string and coming up withdtieer is ascer-
tained.

As per Gusfield, it is defined as: “Thedit distancebetween two strings is
defined as the minimum number of edit operations - insertideketions, and
substitutions - needed to transform the first string intostheond. For emphasis,
note that matches are not counted.” Gusfield gives an exawipbee starting

from stringvintner, one converts it intevriters.

RIMDMDMMI
Vv intner

wri t ers

Four edit operations are permitteitisertion(l) of a character into a string,
deletion(D) of a character from the stringgplacemen{R) (or substitution(S))
of a character with another character, or a non-operatiomaa€¢h(M). The min-

imum number of such operations is the distance between amgtings, also
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known as the Levenshtein distance in recognition of the papi&en by V. Lev-

ensteini(Levenstein 1966), who probably first discussedaheept.

5.4.1 Calculating Edit Distances

The edit distance problem, as defined by Gusfiled is “to comiié edit distance
between two given strings, along with an optimal edit traips¢hat describes
the transformation.” (Gusfield 1997) It can be viewed as #mmeously doing
edit operations on the two strings, which might yield a tlatdng, which is the
desired solution. Since insertion in one string can be tasea deletion in the
other.

The edit transcript is a way to represent the sequentialfsgperations ap-
plied to a string, thus the sequence RIMDMDMMI in the examgien for
wordsvintner andwriters is the edit transcript. There might be more than one
such optimal transcripts.

Finding the edit distance is basically a string alignmentpss, whereby ei-
ther spaces are introduced corresponding to either thetims®r the deletion
operations or characters are mismatched to indicate sutimti. Take the exam-
ple of two stringggacdbdandgawxh as given in Gusfield’s. When put together

they are aligned as such:

gac_dbdqgawx_Db _
The characters that match (g, a, and b) are put opposite toather. c is
put opposite a w signifying a substitution operation. A spétash) in the first
string signifies insertion and in the second signifies datetiThe edit distance
is given by minimizing the number of mismatched charactacstae number of

characters opposite spaces (dashes).
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Dynamic programming technique has been used to computedihelis-

tances, as defined in (Wagner & Fischer 1974), and as givelgoriéhm 6:

Algorithm 6 Calculating Edit Distances
DI[0,0] <0
fori=1— |A|do
DI[i,0] < D[i — 1,0] +v(A < i >— ))
end for
forj=1—|B|do
D[0,j] « D[0,j — 1] +~v(A — B < j >)
end for
fori=1— |A|do
forj=1—|B|do
my«—Di—1,j—1]+vA<i>—>B<j>
mg «— D[i—1,j]+v(A<i>—=))
mg «— D[i,j—1]+~v(A— B <j>)
Dli, j] < min(my, ma, mg3)
end for
end for

Algorithm 6 is recursivery gives the cost of different edit operationg.A <
i >— \) represents the cost of deletion(\ — B < j >) gives the cost of
insertion. Andy(A < i >— B < j >) gives the cost of substitution. The
non-operation of match has no cost associated with it. Theigost of starting
with a string and ending up with an empty string is the lendtthe first string,
since all the characters need to be deleted. The cost oingtavith an empty
string and ending up with some string is the length of the sdtring since all
the characters need to be inserted. These two form the bass chrecursion.
The aim is to find the minimum cost of all such operations wisiEts from one

string and ends up with another as representechbym,, mo, ms).
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5.4.2 Edit Distances between Multilingual Proto-Synsets

The multilingual proto-synsets generated in the previdep are in a relatively
crude form with two or more separate proto-synsets for wohds might be

inflections of each other (Table 5.1).

abolish abschaffen | abolir | karapynoe
abolished| abgeschafft| aboli | karapyninke

Table 5.1: An example of morphological syntactic variation

In Table 5.1 the two proto-synsets are for the same basieniexolish
but the second proto-synset is for the inflectional form & wWord and is the
past tense form. Such inflections are relatively easy tospog, as a rule, they
have relatively small edit distances between them. Thispafse, is not always
the case, e.g., for irregular verbis,and are the small edit distance does not
imply that they are morphological variation of each othene Thore difficult to
spot are the synonyms, where two different words can substgtach other in a
context without changing it. Synonymous words may haveelaudjt distances
since they might be totally different words and a number afrafions might be
required to start with one and convert it into another. Sgdalistances can mean
either that the two words are synonymous or might be thetresmlisalignment.
The translations of such two words in other languages canatalif they hold
the synonymy relationship with each other or not. If theamslations are the
same or close inflections of each other then there is a hidgiaoe that they are

synonymous. Table 5.2 gives one example of such a case.

administration| verwaltung | administration| §.oiknon
administration| verwaltung | administration| dcaxeipion

Table 5.2: Pair of Greek synonyms
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As can be seen from the example, English, German and Frenehbegn
translated in the same way for the two Greek wavdgxnon anddiaxeipion,
which have an edit distance of 5, and could also be trans&gadministration
andmanagemerespectively, are synonymous with each other, as WordNet co
firms. Since the Greek words are translated using the santfaons in other
languages, we can say that they have support of 3.

We have devised the following experiment. We took the oggiproto-
synsets created, as explained in Chapter 4. We then sepénatproto-synsets
into groups where in each group all the proto-synsets shithgeedame English
word/phrase. Some of the proto-synsets are for English sfphdase that have
only one synset associated with them. But edit distance®uohnbe measured
between pairs of proto-synsets. Thus, all those groups aibfaynsets were
dropped which had only proto-synset in them .

After that within each group all possible pairs of proto-sgts were created
and edit distances were calculated for them. Edit distamegs calculated for
each of the languages in a synset pair and then the total isthihde was cal-
culated by adding values of edit distances for each indalitenguages in the
synset pair. Finally, the pairs with in each group were a@dewith respect to

their total edit distances in ascending order.

americans| amerikanische américaine| auepiravikn
0 5 1 3
americans| amerikanern | américains| aueptkavoy

Table 5.3: An example of synsets with the same English wbrd4e but differ-
ent translations and the corresponding edit distancesaitn ef the translated
words/phrases

As Table 5.3 shows the English words are the same, the etiindis between
German words is 5, French words is 1, Greek words is 3 andah(@t+ 5 + 1 +

3) is 9. Apparently the words in the same language are justiidinal variations
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of each other, depicting closer proximity in terms of seritadnd only syntactic
differences.

There were a total of 441,163 proto-synsets with uniqueiBhghrases, out
of which 89,234 occurred with a frequency of 1 and the restfregliency more
than 1.

5.5 Looking for Word Paradigms

The aim here is to segment word forms in any of the four langsgagut we only
created paradigms for English. Word segmentation in otireetlanguages were
not considered for creating paradigms. We do it by compahegvord forms in

each language and taking the maximum common prefix of sizaat #. We do

administer verwalten administrent xapdooolvy 01391234
administer haushaltsvorgange facilité OLEVKOANOVET QL 01391234
administered géré TOTOTTWINS 004913
administered OLEYEPTLRES 004913
administered | hiervon géré dvarxerpiCovtar | 0741021
administered OLEYEPTLRES 0741021
administered | hiervon géré dvarxerpiCovtar | 0701421
administered géré TOT6TTWINS 0701421
administered | unburokratische définissant ocvvallayn 015101035
administered géré TOT6TTWINS 015101035
administered | unburokratische définissant ocvvallann 015111137
administered OLEYEPTLRES 015111137
administered | unburokratische définissant ovvalann 014101438
administered | hiervon géré dvarxerpiCovtar | 0141014 38
administering | verwaltung cofinancement| dwaxeipions 0012113
administering | verwaltung allegé draxeipion 0012113

Table 5.4: A sample of groups of synset pairs with lexicalatises for individual
languages and for the entire synsets.
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it separately for each synset-pair.

Table 5.4 gives a sample of the data used for word segmemtafi@ have
divided the data into groups, where each group containsfsgtnsets where
English word forms are the same. The groups are demarcaytérizontal

lines here.

We experimented with this data for each of the three languidmé decided
to concentrate on experiments using data with support oe8 §ection 5.6).
Before we present these results, we shall report expersneith English data
which did not make any use of the multilingual informatios they can provide

a feel of what one can expect from a comparable monolinguplso

Within a group, we take all possible synset pairs which shia@esame En-
glish word forms. We can say that translations in these laggs in each synset-
pair have support of at least 1. Since English word forms amgesin each synset
pair, we can not use them to segment English words. Howéar,dan be used

to segment word forms in German, French, and Greek.

However, English word forms can be segmented by comparigdjsrword
forms between groups. English word forms may or may not hayesapport
in a synset pair, since translations in other languages reajifferent. But in
some synset pairs, the English word forms may have suppdroof. Support
of 3 is not possible for English within a group, since it wouléan that the two
synset-pairs are exactly the same. Such synset-pairs taxisbbecause only
the unique synsets were considered for calculating edamtes, to begin with.
We can use the same criterion to segment English word fotmas thhe size of

the common prefix (stem) should be at least 4 letters.
Table 5.4 gives a snapshot of the set of proto-synsets weihedit distances

for all the languages individually, and the total. As can beayved even though

English words and phrases remain the same in one parti@ilaf proto-synsets
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Algorithm 7 Algorithm for separating stems from endings
Get two words in the same language from which to extract seerdendings
Start comparing the letters in each word from the left
Find the minimum number of common letters, that is the stem
the rest is the ending
if length of stem is at least 4, then output the stem and thangnd

or a group, they do change from one set (group) to the next.

In Table 5.4 we have proto-synsets for three English wordsiidter, ad-
ministered and administering. Carrying out the morphaabanalysis for them
would yield the stem aadministerand the set of endings &sed,ing, which is

also called as aignature

The algorithm for separating stems from endings is listedlgsrithm 7.
That is a simple algorithm that carries out unsupervisedpmaogical analy-
sis of the proto-synsets. As a result we ended up with a totalber of 23,935
unique English stem-endings, 118,559 German, 96,395 Riamt 153,061 unique
Greek stems and endings. But they contained a lot of reduydarthe case of
German, French and Greek since all proto-synset pairs veersdered for their
extraction which shared the same English phrase, and theseavihigh chance
that phrases in other languages were repeated. A lot oksrdtso contained 2
nulls, due to the fact that many times two proto-synset petsexactly the same
two phrases in any of the non-pivotal languages. Some alstaiced multiple
word phrases. Some entries were also alpha-numeric andpevely numeric.
All these problems can be resolved but would require morgpoeessing before
applying the segmentation algorithm.

After processing the obtained word segmentations to reraogk problems,
we were left with only 4,929 English, 50,961 German, 35,0d6hEh and 89,345
Greek stems with their signatures. From now on, we only cmmed the English

word segmentations and we created paradigms for them.
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It is important to look for support for each signature, inethvords how
many stems share the same set of endings. To ascertain éh@lesupport we
sorted the entries in ascending order with respect to themgedhusphenomen
(a on) would come beforeeferend(a um. Then we removed all the entries
with signatures having support of just one stem. After ttep sve were left with

3,023 pairs of stems and their endings.

5.5.1 Merging Paradigms

A paradigm is the set of stems that share the same set of endi@grtain
paradigms may share certain number of stems and they havgotaatial to
be merged by taking a union of their endings and putting thmamson stems
in the new paradigms. Merging paradigms helps in creatingengeneralized
paradigms which may cover more words but may also have thenpal of in-
creasing noise by putting stems and endings together whiatot form valid
words when combined together.

We use a bottom-up approach where we start from a point wivery stem
with a pair of endings is a paradigm. Then we start puttingisteogether in the
same paradigm if they share the same set of endings. Eachrstezases the
support that a paradigm enjoys. The more the stems are irdggparthe more
supportit has. It is easy to carry out this step with just amethrough the entire
list of stems with their signatures, since they are sortethbyendings.

The paradigms are then put in the descending order of thgrasty and from
the list any two paradigms are chosen for merger which sherertaximum
number of common stems. A new paradigm is created by takingi@nuof
the endings in the original paradigms and putting them aaccdmmon stems,
between the two original paradigms, into the new paradigrhes€ common

stems are removed fom the original paradigms. Old paradey@semoved if
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they are left with no stems in them since they loose any maoinewpport. The
new paradigms created and the paradigms from which theyliese created, if
they still have support of at least one stem, are then mad@ptre original set
of paradigms. The rest retain their existence as long ashthes the support of

at least one stem. Algorithm 8 outlines the process.

Algorithm 8 Looking for paradigms
sort the list of stems and endings in descending order ohgsdi
merge the stems that share the same set of endings
for each paradigm in the list of paradigms
find a paradigm with max. no. of common stems
create a new paradigm
take a union of their endings
put the common stems in the new paradigm
remove the common stems from the original paradigms
remove a paradigm if no more stems left in them

That yields a total of 454 paradigms with 182 of them, 40%t &mgoy the
support of only one stem. 107 of them enjoy the support offdstach while the
rest enjoy the support of at least 3 stems. The paradigm wathighest support
has a support of 399 stems where the endings<ardl,s>. That makes sense
since many words, 399 in this case, when suffixed widither correspond to
the plural of it or makes it into a 3rd person singular presense. For instance,
abductionaffixed withsbecomes the nouabductionsvhich is the plural form of
abduction But ans affixed with sayaccedewould yield the 3rd person singular
present tense of the word. Both of them exist in the paradigimtive signature

null,s.



Endings Support | Stems

0,9 399 abduction,abstention,academic,accede,accusation,...

(null,d) 127 accelerate,accommodate,acquire,advocate,allocatejace,...

(es,ing 112 abolish,acced,acknowledg,address,advocat,alloesaappreciat,...

(ed,ing 97 accelerat,accommodat,acquir,anticipat,assess,asssumastound,...

(ies, 81 abilit,accompan,agenc,ambiguit,appl,bankruptc,beraeftapabilit,...

(null,ly) 78 accidental,according,acute,admitted,alleged,anongmapparent,approximate,...
(ng,on 76 accelerati,accessi,accommodati,allocati,anticigapireciati,associati, ...

(d,s 57 abolishe,aggregate,allie,annexe,argue,believe [heeatallenge, clarifie,...
(null,ing) 54 allay,benchmark,bend,bind,bolster,boycott,burn,ramsdawn,deny,dock,...
(null,d) 49 abuse,aggravate,analyse,appreciate,authorisegcipdeccriticise,delegate, ...
(null,ed 42 access,amend,annex,applaud,breach,concert,comasifouirtail,deem,defeat,...
(ility,le) 30 acceptab,accessib,accountab,admissib,affordal;apgiailab,capab,comparab,|..
(ing,9 29 accept,affect,attempt,await,conflict,detail ,extesuuh¥,flood,function,guarantee,...
(ed,ing,nul} 29 adjust,administer,alter,broaden,conduct,constroictest, convert,convey,curb,...
(ce, 28 absen,coheren,convenien,deterren,dominan,equieatarien,ignoran,inciden,...
(I S) 6 essential,friend,month,objective,official ,year

(er,ing 6 bann,clean,join,remind,waiv,warn

(null,en 5 bold,campaign,cheap,mann,rich

(es,ing,ation,g 5 combin,determin,realis,restor,subsidis

(nuII ful,s,ua) 1 event

(null,ance 1 resist

(null,ed,ors,s,ments,pr| 1 invest

(ing,m) 1 centralis

Table 5.5: A sample of the paradigms created.
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Paradigm Support vs Rank
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Figure 5.1: Support enjoyed by a paradigm vs. its rank, givise to a curve
similar to the one for Zipf's Law.

Table 5.5 gives a sample of paradigms where the first colummeseonds
to the set of endings shared by the stems in the 3rd columnun@oR gives
support enjoyed by the set of endings, in terms of how manysteave been
found sharing the same set of endings. The endings with ekt support of
399 stems argl), s}. We plotted the support enjoyed by each paradigm vs. its
rank, for the top 50 paradigms ordered by their support, hedésultant chart

looks like the familiar Zipf's Law (see Figure 5.1).

5.5.2 Merging Paradigms based on Common Number of Stems

Another set of experiments was carried out where two pateisetere defined:
Common FactoCF), andPercentage of Compared Ste(#CS). We take the
pervious set of merged paradigms and carry out comparisetasebn them and

merge paradigms that have more stems in common than a predi#ireshold.
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CFis defined as the ratio of number of stems in common betwezpdradigms,

that are compared, to the length of the original set of stems.

# of Stems in Common Between Paradigms Compared
# of Stems in the First Paradigm

Common Factor =
(5.1)

PCS is defined as the ratio of number of stems in common betiveen
paradigms, that are compared, to the length of set of stethswhiich it is com-

pared.

# of Stems in Common Between Paradigms Compared
# of Stems in the Second Paradigm

%age of Stems =
(5.2)
We only merge paradigms if they are different and CF is at lgaesater than
and equal to a certain threshold. Here, merging means weheakeion of both
stems and endings in the paradigms to be merged, and put tdgathér as a
new paradigm. Table 5.6 gives how many new paradigms havedseated for
different merge thresholds out of a total of 454 paradignigirelly created.
Table 5.7 presents a sample of new paradigms created adtaofaserging

paradigms based on pre-defined thresholds of 0.33, 0.5@.6&iAd

Merge Threshold | Number of New Paradigms
0.33 35

0.5 28

0.67 9

Table 5.6: How Number of new Paradigms created changes ivtHvierge
Threshold?



Endings support | Stems

{r,st,ty) 13 bigge,cheape,deepe,functionali,newe,poore,quickesafe,simple,stricte,.|.
(ed,ment,s 7 align,enjoy,fulfil,imprison,indict,involve,replace
(ary,s,nul) 5 element,precaution,reaction,revolution,vision
(ary,s,nul 5 element,precaution,reaction,revolution,vision
(ants,ed,ers,ing),s 5 account,assist,defend,export,protest
(ation,ations,ed,ing,null| 8 alleg,civilis,condemn,confront,expect,generaligafis/ari
(ary,s,nul 5 element,precaution,reaction,revolution,vision
(ary,s,nul) 5 element,precaution,reaction,revolution,vision
(ability,ably,ed,ing,null | 5 account,favour,regrett,remark,sustain
(ability,ants,ed,ing,nujll | 4 account,assist,defend,sustain
(ation,ations,ed,ing,null| 8 alleg,civilis,condemn,confront,expect,generaligafis/ari
(es,ing,s,y 7 german,part,read,risk,speed,unit,victor
(ability,ed,ing,merjt 5 agree,disappoint,employ,enlighten,punish
(en,est,ness,nuill 3 happi,rich,weak

(able,al,ed,ing,null 3 deferr,deni,renew

Table 5.7: A sample of new paradigms created after mergingdogms based on the thresholds of 0.33, 0.50, and 0.67

without signature refinement
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5.5.2.1 Signature Refinement and Merging Paradigms based d@ommon

Number of Stems

Some paradigms also show more interesting patterns whetaghletter in each
stem is the same, implying that it could be combined with thdireys to refine
them. For instance, in the following paradigm:

“(es,ng” 5 “[citi,counti,deliveri,polici,treati]”

the last letter in each stemiiswhich can be combined with the two endings
to yield a new paradigm, as given below:

“(ies,ing” 5 “[cit,count,deliver,polic,treat]”

We look at paradigms and see if the stems in a particular gareshare the
same last letter. If they do, we refine the signatures by pnefithe common last
letter to the endings and removing it from the end of the st@mshown above.

But since even after carrying it out once we may have casesawhere is a
common last letter shared by the stems, we need to iteratet@/gew times.

We carried out a series of experiments where the paradigmesfust refined
and then merged based on a certain merge threshold. We didtdoations of
signature refinement so the output of refinement in one itgratould become
the input for signature refinement in the next iteration.

During each iteration we used three merge thresholds vi33,®.5, and
0.67 for merging. So first we performed signature refinemadttaen merged
paradigms which were different and had CF greater than thigertareshold.

Table 5.8 demonstrates how signatures and correspondings stre refined
over four iterations. For this paradigm, the process cajesin the 3rd iteration,

and thus in the 4th iteration we get the same results as inrthige3ation.



Iteration | Signature | Stems

1 (le,ly) commendab,inevitab,notab,preferab,probab,regrettalarkab,undeniab,.|.
2 (ble,bly) commenda,inevita,nota,prefera,proba,regretta,resmamklenia, ...

3 (able,ably | commend,inevit,not,prefer,prob,regrett,remark,unden

4 (able,ably | commend,inevit,not,prefer,prob,regrett,remark,unden

Table 5.8: An example of signature refinement over four fiens.
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Table 5.9 shows how the number of new paradigms created asul o

merging varies with the threshold and the iteration.

Threshold | Iteration | Number of new Paradigms
0.33 1st 52
0.33 2nd 53
0.33 3rd 55
0.33 4th 54
0.5 1st 52
0.5 2nd 53
0.5 3rd 55
0.5 4th 54
0.67 1st 52
0.67 2nd 53
0.67 3rd 55
0.67 4th 54

Table 5.9: The results of experiments on refining signataed merging
paradigms

The process of refinement and merging of paradigms is desthblow as

Algorithms 9 and 10, one for refinement and the other for pggrasnerging.

5.5.3 Discussion

We have shown how proto-synsets can be used to first carry angt segmenta-
tion in an unsupervised manner, and then to create paradigErgglish. These
paradigms can be useful in deciding to which paradigm a neseem instance
would belong to, and what could be its possible endings.

However, we did not evaluate the paradigms since we wereestt in mor-
phological analysis from the multilingual aspect. Lookatgupport from other

languages would provide that multilingual aspect to ourphotogical analysis.
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Algorithm 9 Ending refinement
Paradigm[< set of endings, support, set of stems >
commonlLastLetter < TRUFE
for i =2 — (set of stems).length do
if (set of stems)[i].lastLetter == (setof stems)[i — 1].lastLetter
then
commonlLastLetter «— FALSE
end if
end for
if commonLastLetter == T RUFE then
for j =1 — (set of endings).length do
endings|j] < endings|j] + lastCommonLetter
end for
for k =1 — (set of stems).length do
stems|k] «— stems[k].substring(1, stems[k|.length — 1))
end for
end if

Algorithm 10 Paradigm Merging based on common number of stems
commonFactor «— —1
numberO fCommonStems «— —1
First carry out Signature Refinement as given in Algorithm 7
for i = 0 — (set of refinedparadigms).length do
paradigmStemsOriginal|] < paradigmsOriginal[i][2].split('delimiter’)
for j =0 — (set of refined paradigms).length do
paradigmStemsEForComparison] —
paradigmsForComparison[j|[2].split('delimiter”)
if i # j then
calculate numberOfCommonStems
commonkFactor = numberO fCommonStems/paradigmStemsOriginal.length
end if
end for
end for
if commonFactor mergeThresholthen
newEndings = paradigmsOriginal.endings | paradigmFor Merging.endings

newStems = paradigmsOriginal.stems | paradigmsFor Merging.stems

end if
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Still, we showed that there is a nice relationship similaZipf's Law be-

tween the support enjoyed by each paradigm and its rank.

5.6 Further Experiments in Multilingual Morphol-
ogy

One way to ascertain the validity of attained stems and gsdis through the
support that a word gets from its translations in other laggs. The more the
translations of a word agree in other languages, more stjponorphological
analysis has.

Thus we took all the synsets that only had alphabetic wohdaes in them,
leaving us with 241,590 synsets in total. They were searébedynset pairs
where for three of the languages they contained identidalesnas in Table 5.2.
This yielded a set of 660,272 synset pairs.

Extracting stems and endings and catering for the requmeofeat least 4
letters in a stem, we ended up with 983 English, 17,156 Ger@@67 French
and 15,853 Greek ‘paradigms’. Here each paradigm is juststera with two
endings, one of which can be null.

Table 5.10 gives a sample of word segmentations in all lagegia

5.7 Evaluation of Morphological Analysis

Here we want to evaluate how the word segmentations, stedhthaim endings,
proposed by our algorithm compare with the word segmemtafiwoposed by a
gold standard van den Bosch et al. (1996).

In order to carry out this evaluation we need to bring our ovemdssegmen-

tations in the same format as that of the gold standard. Ealblegives a sample
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English
adopt ed ing
barbari sm ty
chair man person
implement ation | ing
German
altersgr enzen| uppen
vertrage 0 n
alkohol frage | genul3
anderungsantr ag agen
French
administrati fs on
adopt er ee
afri cain que
modifi ant cation
Greek
dLoLknoe LS wv
eYRPIV €L OV L€
EYRPLY €L oULE
viobfern Onke | oeL

Table 5.10: A sample of word segmentations in the four laggsa

of how words and their segmentations look like in the golaidéad.

In Table 5.11, the first column is the word to be segmentedséicend col-
umn is the POS tag of the word and in the third column we havetbposed
segmentation in the form of a binary code.

In a word a segmentation point is where a cut is made to partihe word
into aprefix the leading part, andsaffix the trailing part. Thus, the wordalked

can be segmented between the letieede, yielding the prefixwalk and the
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Word that is segmented | POS tag | Segmentation
abandon VB 10000001
abandoned VBN 1000000101
abandoning VBG 10000001001
abandonment NN 100000010001
abandons VBZ 100000011
abasement NN 1000010001
abatement NN 1000010001
abbey NN 100001

abbot NN 100001
abbreviation NN 1000001001001
abbreviations NNS 10000010010011
abdominal JJ 1000000101
abduction NN 1000001001
abed RB 11001

aberrant JJ 101001001
abetted VBN 10001001

Table 5.11: A sample of words, their POS tags and the propesghentations
in the gold standard.

suffix ed walkeditself has the binary code000001 1’s identify the split points,
and0’s identify that there is no split at that point’s on both sides witl)'s in
the middle, signify that the word is not segmented, sincdaading and trailing
1’s identify the word boundaries.

Inthe sample in Table 5.11, the waalandonedhas the segmentatid®00000101
which means it is segmented at the point between lettensde, and thus the

prefix and suffix ar@abandonanded respectively.

5.7.1 Evaluation

To evaluate the performance of segmentation algorithmsjsedPrecisionand

Recall In the context of morphological analysis the two terms aéngd in
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terms of number of segmentation points in the gold standaddbar data. Since
a cut is denoted by & we count the number of 1’s in the binary code for seg-

mentation for a word form.

Thus, precision is defined as the ratio of number of sharethesetation
points, or 1's, between the binary code for gold standard) (@8d form seg-
mentation and the binary code suggested by our algorithrwéod form seg-

mentation, to the number of 1's in our proposed segmentakilathematically:

# of shared 1's between GS segmentation and our segmentation

Precision = — .
# of 1’s in our proposed segmentation

(5.3)

Recall has the same numerator as for Precision, but the deatmmis for

the gold standard segmentation. Mathematically:

# of shared 1's between GS segmentation and our segmentation

Recall = # of 1's in the GS segmentation

(5.4)

5.7.2 Segmentation with Support

The paradigms created for English in the last step have sufspm other lan-
guages. Thus, we used them to compare against the gold slaodsee how
well our word segmentation algorithm performed. By brirggthe paradigms
to the format of the gold standard, we ended up with 1,483 svavith their

segmentations.
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5.7.3 Analogy Principle

We compared our method for segmentation with the one baséuegorinciple
of analogy as has been discussed in section 2.2.2.1. Wealedicon of word

forms to be segmented.

Algorithm 11 Algorithm for implementation of the Analogy principle
forall LW, € Lex do
if LW, =P + Sl then
if LWy € Lex & LW, 7& LW, & LW, = P, + Ss then
if LW3 € Lex & LW3 = P, + S5 then
if b 7& P then
if IW,=P,+5,& LW, € Lex then
Split LW into P, andS,
end if
end if
end if
end if
end if
end for

We used the analogy principle (see Algorithm 11) to get segati®ns for
the same words on which we applied our segmentation algodth outlined in
section 5.6 and Algorithm 7.

Analogy principle gives a lot more segmentations than ogorithm, which
only cuts at one point because it carries out the exhaustiaechk in a search

space where every point is one particular segmentation aird form.

5.7.4 Results

We calculated the results for segmentation based on thegnalinciple and
our own method. And then we took an intersection of the twordy taking the
segmentations proposed by both the methods and also cainier®a against

the gold standard segmentations.
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After evaluating the methods we got the following results:

Method Precision | Recall | F-Score
Analogy 0.449 0.870 | 0.592
Segmentations extracted from Synsets 0.856 0.711 | 0.777
Intersection of both 0.887 0.706 | 0.786

Table 5.12: Precision and Recall for segmentations prapbgethe analogy
principle, our own method and for the intersection of both.

Table 5.12 gives a summary of results. The segmentatiordlmsthe anal-
ogy principle gives much worse performance than our methieden though
recall is high, because it proposes a lot more segmentadimnsp but precision
is very low, as a lot of them do not appear in the gold standard.

Our method has good precision, 86% which is much higher timatogy,
with low recall of 71%. However, the intersection of the twapees slightly
lower on the recall measure than any of the other two, buigicgtgoes up even
further to 89%. It is reflected in the F-Score measure, whiasgup from 0.59
for Analogy to 0.79 for the intersection.

What it means is that our method is better than the one basttte@nalogy
principle but the combination of both gives even betterltssuith F-Score rising
to 0.79. Precision improves by 3% to 89% with a slight dropeicall of 1% to
70.6%. That makes sense since in the combined segmentatiahé number
of 1's can not be more than the number of 1's in either the osedban analogy

or our method.

5.8 Conclusion

This chapter gives details of the work that has been carnigdnothe direction
of refinement of proto-synsets by identifying morpholotjiaiations between

different wordforms in all the languages, which could belatsed to merge the
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proto-synsets. Lexical distances have been measuredifgsrgigroto-synsets.
While a small lexical distance might indicate an inflectiowariation, larger
distances might mean either the two words are synonyms ¢f ether or are
wrong translations. Such information can come in handyevimierging proto-

synsets that have low inlfectional variation.

Then on the proto-synsets data with lexical distances b, we carried
out morphological analysis by separating stems from ersdifgr English word
segmentation we did not look for support in other languadés. English word
segmentations, thus created, formed the basic ‘paradigitis’a stem sharing
a pair of endings. These paradigms were later merged thiategiea total of
454 paradigms with support for each paradigm measured amithber of stems
sharing the same endings. The pair of endifrgsl, s) has the maximum support

of 399 stems.

For the English paradigms created in the previous step, feedethe mea-
sure of CF to see how many stems were common between any two paradigms.
Two paradigms would be merged if they had the CF greater thae-alefined
threshold. Three threshold values taken were 0.33, 0.50&W So any two
paradigms would be merged if they had at least one third, atfedr two third
of stems in common between them. With a threshold of 0.33 g8bparadigms
were created after merging. While with a threshold of 0.6y 8mew paradigms

were created (Table 5.13).

We then discovered that in many paradigms all the stemsdhiz@esame last
letter, and we decided to refine those paradigms by takirtgdkaletter out of
all the stems and concatenating that letter at the begirofiad] the endings in
that paradigm. We also merged any pair of refined paradigmisgy shared at
least a minimum portion of their stems. We merged them byntaki union of

endings and stems, and putting them in a new paradigm.
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Endings Stems

ation,ations,ed,ing,nul|] alleg,civilis,condemn,confront,expect,generalis,...
en,est,ness,null happi,rich,weak

ability,ed,ing,ment agree,disappoint,employ,enlighten,punish
able,al,ed,ing,null deferr,deni,renew

es,ing,s,y german,part,read,risk,speed,unit,victor
able,ably,ed,s,null favour,regrett,remark,sustain

er,ing,s bann,clean,join,remind,waiv,warn
ation,e,es,ing,m,tic combin,determin,realis,restor,subsidis

e,m,tic enthusias,idealis,optimis

Table 5.13: 9 new paradigms created with a threshold of 0.67.

Four iterations were carried out for refinement of paradigeash time us-
ing the thresholds of 0.33, 0.5, and 0.67. Interestingly,nbw paradigms thus
created are the same for each threshold though their nunaless\over the 4
iterations. In the first iteration 52 new paradigms werete@ab3 in the 2nd, 55

in the 3rd and 54 in the 4th.

The new paradigms thus created also gave us a new set of wdnd$, were
not covered by the old paradigms. That can help in genenglitie paradigms
and a new unseen word could be segmented by using the newgrasahd then

verified by comparing against a large corpus.

We repeated the experiments for segmenting word forms tetosand end-
ings, but this time taking into account that how much supestword forms in
one language have from their translations in other langaiadye only segmented
word forms in any language, whose translations matchedeiother three lan-
guages, and who had at least the first four letters in commanweOcan say
that all the word segmentations done in any language hadipiost of 3. With
this approach we ended up with 983 ‘paradigms’ in English188 in German,
3,667 in French and 15,853 in Greek. We only used English satations for
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evaluation. After calculating segmentation binary codes@llapsing them, for
the word form segmentations in English, we ended up with3d g&gymentations.

We also used the algorithm based on the analogy principlaltulate seg-
mentations for the same word forms in English. For the appba of analogy
principle, at each step we took four different word formssdzhon the criterion
that when segmented two of the four pair would have the samfxpmmong
them and the other two would also have the same prefix betweem tAnd also
that the two stems (prefixes) would have the same two endWgslooked for
all possible segmentations for each word form. Thus thd tatmber of seg-
mentations is relatively very high as compared to our methbdre only one
segmentation point is taken.

Evaluation is carried out based on the fact that how many ekdggmenta-
tions proposed by the analogy principle and our method, lateshared by the
gold standard data. We observed that our method performet braiter than the
one based on the analogy principle. Recall for our methodB6&sas compared
to only 45% for the one based on the analogy principle. Thersetction of the
two, however, yields better results than either of the twinrecision of almost
89%, though recall in that case goes down a bit.

Multilingual proto-synsets created earlier are in crudenf@and there are
more proto-synsets than the number of meanings that thegspmnd to. That
has to do with morphological and semantic variation in thessys. If we can
refine the synsets by merging ones that are morphologicitiaars of other or
where a word is a synonym of the other, the number of proteetgncan be
reduced and the word forms would start converging towards texical form.
Such synsets can give better results on document clustandglassification

tasks. The work on morphology can lead us into that direction



CHAPTER 6

Conclusion

Here is the summarized account of work done in this thesistlamdesults ob-
tained. The results have been analyzed and conclusionsid&aetion 6.1 gives
the summary of the entire work. Section 6.2 outlines therdautions made. Fi-

nally, Section 6.3 outlines some of the future directiorad this work can take.

6.1 Summary

This work comprises three different parts. In the first, wendastrated that a
multi-lingual lexicon can be extracted from online res@&én an automated
way. In the second, we showed that word aligning parallebaa can help
remove lexical ambiguity. In the third, we demonstrated tha word-aligned
parallel corpus can be used to carry out morphological @iy an unsuper-

vised manner.

210
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6.1.1 Automatic Generation of Multilingual Lexicons

Generation of multilingual lexicons, is a straightforwabdit valuable task. In
it a crawler is used to search through Wikipedia pages, ugiagHTML link
structure. A starting point is defined but then the searcloreedusing BFS as
the search technique, where webpages are visited in the iordéich they are
discovered. The crawler extracts the title of the startingipédia webpage in
English, and puts it together with translations of the satieeih other languages.
The process if repeated for all the URLs explored duringcear

We created both general and domain specific lexicons, aoydifferent lan-
guage families, writing styles and topics. The generaliaiery covers topics
ranging from politics, to sports, to religion. The domairesific dictionaries
cover domains of Computer Science and Atrtificial Intelligen We also used
the domain specific lexicons to build relationships betwddfierent languages,
based on how many concepts any two languages have in commabfkgredia.
The results were evaluated for HeptalLex: a general lexin@even languages
viz. English, German, French, Greek, Polish, Bulgarian @hthese. Native
speakers of the languages were asked to verify the trams$atiResults look
promising for the languages evaluated. Chinese entries ther most reliable
with 97% of them being correct, while French had 93% of itsiestas correct.

These lexicons can come in handy for translators and iretss. They can
also be used in the classroom environment where there aterdtuwith diverse
backgrounds who may speak different languages. In ordethéan to discuss
ideas with their class mates and to contribute productitelthe topic under
discussion, they need to understand others and know whalsviorused to ex-
press themselves. Such a single source of multilinguatéexcan provide the
required vocabulary. Domain specific dictionaries are igfigauseful in such

circumstances since the domain specific jargon does notittdas massive vo-
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cabulary, and thus domain specific lexicons are easy to.build
The category translations can also be used to build taxantmerarchi-
cal structures. Categories are already implicitly definedy@ph structures in

Wikipedia, and thus graph traversal algorithms can be usethé said purpose.

6.1.2 Extraction of Multilingual Proto-Synsets from Parallel

Corpora

We used Europarl (Koenn 2002), an un-annotated parall@lusofor the auto-
matic creation of multilingual proto-synsets. We first waldyned the parallel
corpus using GIZA++(Och & Ney 2003), pair-wise in Englisker@an, French
and Greek, with English as the pivotal language. The resiNtard alignments
were used to build phrases. The phrases in English with latmss in other
languages, constitute the proto-synsets.

We used the resultant proto-synsets as multilingual sagsdd disambiguate
the original corpus in English. Since we did not have any selisambiguated
parallel corpus, we evaluated it indirectly by evaluatimgvtgood it performed
at document clustering and classification tasks.

The results of this evaluation did not show any benefits ofues of multi-
lingual synsets. We believe the reasons were twofold: fijr$te word alignment
was far from perfect; secondly, the corpus contained a mueatgr number of
word forms than lexical entries. We did not perform any matphical analysis
that would collapse all such variant multilingual synsetsooa single one, and
therefore could not evaluate the full potential of our iddis was done later
through the use of a dataset that did not need word alignmrenbgphological
analysis, and therefore allowed us to measure the benefiigr@pproach in its
pure form.

The results clearly showed that using our approach can eesluastantially
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the lexical ambiguity of the corpus, if paired with efficieaignment and mor-

phological analysis algorithms.

6.1.3 Morphological Analysis

The proto-synsets thus created are in crude form and theretamore synsets
than the meanings or concepts suggested by them. The solatithis discrep-
ancy is to refine the proto-synsets by merging the ones tivatward forms that
are morphological or semantic variation of each other. Motpgical variation
refers to inflectional and derivational variation. Whilersntic variation refers
to two word forms having the same sense, or in other wordglminonymous.

We did some initial experimentation in this direction byaadhting edit dis-
tances between all possible pairs of proto-synsets whate @athem had the
same word in English.

We later used these pairs of proto-synsets for word segti@miaf English
wordforms into a common stem and a pair of endings. These latmeused to
create paradigms. The paradigms were then merged togstlgmimg through
each paradigm at a time, comparing it against all the otHgrding one with
which it had maximum number of stems in common, and then iagat new
paradigm consisting of the common stems and the union of émglings. Old
paradigms that were merged were removed from the list otiigmss if they lost
support of any stems. These new paradigms, along with tlagljggms that were
used for merging and had some stems removed, were later nagidef phe set
of paradigms created earlier.

We also carried out another series of experiments where stadifined the
endings and then taking each paradigm at a time, finding anotie with which
it shared stems more than a certain pre-defined threshaldnarging them to-

gether by taking a union of stems and endings. This would gseto more
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generalized paradigms, which could also be used to segmeatun wordforms.
The paradigms were not evaluated because we were morestategia morphol-

ogy from the multilingual perspective.

We also conducted another series of experiments where Weatbiine orig-
inal proto-synsets, and created all possible combinatidrieem, and finding
any pair of them that overlapped in any of the three languagleat is what we
called support of 3 languages. Then we segmented the wandfior the fourth
language, where the wordforms were different, into a comstem and a pair
of endings. We also segmented these wordforms using anottseipervised

technique based on the analogy principle.

Then we compared the two sets of segmentations with the ¢adiard and
found that our method performed much better than the onedbasehe anal-
ogy principle, with a precision of 85.6% for the former as qgared to 44.9%
for the latter. Though recall reduced for our method siney thnly have one
segmentation point per word form. On the other hand the gggldnciple cuts
a word form at many points, since it considers all possibigremntations. It is
constrained by the fact that it looks for another word forrnthwa different prefix
that share the same set of endings. Recall is high for it, biyta few of these

options can be correct so precision is low.

Then we took the intersection of the segmentations prodbgethe two
methods. We found that recall decreased a bit but precisipnaved even fur-
ther to 88.7%. It shows that our method works well and we canthiem for

morphological analysis.
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6.2 Contributions

The main contributions that have been made in this thesisamanarized as

follows:

1. We have demonstrated how to build both general and domeatif&c mul-
tilingual lexicons using Wikipedia as a resource, usingidgtad search

technigues embedded in a crawler.

2. We have demonstrated how parallel corpora can be usedraxebexical
semantic information in the form of multilingual synsets.e \Wave also
studied the benefits of using multilingual synsets for theDAM&sk. We
showed that taking cues from other languages to disaml@guaense of
a polysemous word in one of the languages, can substamnaliyce am-
biguity. We also proposed and studied ways of evaluatingilimgjual
synsets in the absence of a gold standard, through theinusgervised

and unsupervised learning tasks.

3. We have demonstrated how multilingual synsets can be faseatie un-
supervised learning of morphology. We have shown that oprageh
outperforms substantially, by a factor of almost two, aeottopular un-
supervised approach, and that the two can be combined irfl usgy/, as

measured on a gold standard dataset.

6.3 Future Work

There is a lot of room for further work. This work has also lemsdto think of

new ideas to work on.
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1. We can refine the proto-synsets by using the work we did truleding

edit distances and segmentation of word forms.

(&) The work on calculating edit distances can be used to enargto-

synsets based on edit distances.

(b) Edit distances can also be used along with other synorgetsc-
tion methods to find proto-synsets that have different worthé that

share the same meaning. They can also be merged.

(c) The paradigms we created can help us in figuring out thiedex
forms of words and that can help us in refining the proto-sigise
the point where the word forms in them start converging tar fle®-

ical forms.

2. The paradigms we created can also be used to segment uneeds)
which can then be verified by looking for their instances irayé par-

allel corpus.

3. We can also target the next SemEval multilingual crasgdal word sense

disambiguation task in 2013.



References

Adafre, S. & de Rijke, M. (2006). Finding Similar Sentencesoas Multiple
Languages in Wikipedia. IRroceedings of the EACL Workshop on New Text

Adler, M. & Elhadad, M. (2006). An Unsupervised Morphemeséd HMM for
Hebrew Morphological Disambiguation. FProceedings of the ACL/CONIL.L
(pp. 665-672).

Agirre, E. & Rigau, G. (1995). A Proposal for Word Sense Dibajuation using
Conceptual Distance. IRroceedings of the First International Conference on
Recent Advances in Natural Language Procesddujgaria.

Ahn, D., Jijkoun, V., Mishne, G., Miller, K., de Rijke, M., & Schlobach, S.
(2004). Using Wikipedia at the TREC QA Track. Rroceedings of TREC
2004

Alfred, R., Kazakov, D., Bartlett, M., & Paskaleva, E. (200Hierarchical Ag-
glomerative Clustering for Cross-Language Informatiorrigeal. Interna-
tional Journal of Translation19(1), 139-162.

Banerjee, S. & Pedersen, T. (2002). An Adapted Lesk Algoritbr Word Sense

217



218 REFERENCES

Disambiguation Using WordNet. IRroceedings of the Third International
Conference on Computational Linguistics and IntelligeesflProcessingpp.
136-145).

Berton, A., Fetter, P., & Regel-Brietzmann, P. (1996). Cang Words in
Large-Vocabulary German Speech Recognition Systemd$2rdneedings of
The Fourth International Conference on Spoken Languagedasing (ICSLP
'96), (pp. 1165-1168)., Philadelphia, PA, USA.

Black, P. (2006). Dictionary of Algorithms and Data Struetst
http://www.nist.gov/dads/H T ML/manhattanDistance.htm Il

Braschler, M. & Schauble, P. (1998). Multilingual Infortremn Retrieval based
on Document Alignment Techniques. In Nikolaou, C. & Steptan C.
(Eds.), Proceedings of the 2nd European Conference on Research dnd A
vanced Technology for Digital Libraries (ECDL '98pp. 183-197)., London.

Breiman, L., Friedman, J., Olshen, R., & Stone, C. (1983kassification and
Regression TreegCalifornia: Wadsworth International.

Brin, S. & Page, L. (1998). The Anatomy of a Large-Scale Hygdual Web
Search Engine. IRroceedings of the 7th International World Wide Web Con-
ference (pp. 110-117)., Brisbane, Australia. Elsevier Science.

Brown, P., Cocke, J., Pietra, S., Pietra, V., Jelinek, Hielty, J., Mercer, R., &
Roossin, P. (1990). A Statistical Approach to Machine Tiaten. Computa-
tional Linguistics 16(2), 79-85.

Brown, P., Pietra, S., Pietra, V., & Mercer, R. Word-SenssaDibiguation Using
Statistical Methods. IProceedings of the 29th annual meeting on Association
for Computational Linguisticypp. 264—270).

Brown, P., Pietra, S., Pietra, V., & Mercer, R. (1993). Thelanatics of Statis-
tical Machine Translation: Parameter Estimati@umputational Linguistics

19(2), 263-311.


http://www.nist.gov/dads/HTML/manhattanDistance.html

REFERENCES 219

Brown, P., Pietra, V., deSouza, P., Lai, J., & Mercer, R. €Based n-gram
Models of Natural Language&Computational Linguisticsl8(4), 467—479.

Buckley, C. (1985). Implementation of the SMART InformatiRetrieval Sys-
tem. Technical report 85-686. Cornell University.

Buckley, C. & Voorhees, E. (2000). Evaluating Evaluationadere Stability.
In ACM Conference on Research and Development in Informatetneal
(SIGIR) (pp. 33—-40)., Trento, Italy.

Bunescu, R. & Pasca, M. (2006). Using Encyclopedic Knowteftgy Named
Entity Disambiguation. IiProceedings of the 11th Conference of the European
Chapter of the Association for Computational Linguistigp. 9-16)., Trento,
Italy.

Burnard, L. & Aston, G. (1998). The BNC Handook: ExploringtBritish
National Corpus. Edinburgh: Edinburgh University Press.

Can, B. & Manandhar, S. (2009). Unsupervised Learning of Wology by
using Syntactic Categories. Working Notes CLEF 2009 Workshop

Charitakis, K. (2007). Using Parallel Corpora to Create egRfEnglish Dictio-
nary with Uplug. InProceedings of the 16th Nordic Conference on Computa-
tional Linguistics - NODALIDA'07

Chew, P., Bader, B., Kolda, T., & Abdelali, A. (2007). Crdssaguage Informa-
tion Retrieval Using PARAFAC2. IiProceedings of the 13th ACM SIGKDD
International Conference on Knowledge Discovery and Dataihg (KDD
'07).

Chomsky, N. (1965).Aspects of the Theory of Synta€ambridge, MA: MIT
Press.

Church, K., Gale, W., Hanks, P., & Hindle, D. (199LLgxical Acquisition: Using
On-Line Resources to Build a Lexicormlume 4592, chapter Using Statistics

in Lexical Analysis. Lawrence Erlbaum.



220 REFERENCES

Clark, A. (2000). Inducing Syntactic Categories by Confeidtribution Clus-
tering. InThe Fourth Conference on Natural Language Learning (CoNLL)
(pp- 91-94).

Collins, M. & Brooks, J. (1995). Prepositional Phrase Ati@ent through a
Backed-Off Model. InThird Workshop on Very Large Corpora, Association
for Computational Linguistics, ACL

Creutz, M. & Lagus, K. (2007). Unsupervised Models for Mapte Segmenta-
tion and Morphology LearningACM Transactions on Speech and Language
Processing4(1).

Dagan, I. & Itai, A. (1994). Word Sense Disambiguation Ustn§econd Lan-
guage Monolingual Corpug£omputational Linguistic20, 563-596.

Dagan, I., Itai, A., & Schwall, U. (1991). Two Languages arer®lInformative
than One ACL, 29, 130-137.

Dasgupta, S. & Ng, V. (2007). Unsupervised Part-of-Speecquisition for
Resource-Scarce LanguagesPhceedings of the EMNLP-CoNL(pp. 218—
227).

Davies, D. & Bouldin, D. (1979). A Cluster Separation MeasUEEE Trans-
actions and Pattern Analysis and Machine Intelligerno@, 224—-227.

de Saussure, F. (1959 ourse in General LinguisticsPhilosophical Library,
New York.

Deerwester, S., Dumais, S., Furnas, G., Landauer, T., &htaag, R. (1990).
Indexing by Latent Semantic Analysislournal of the American Society for
Information Science

Diab, M. (2000). An Unsupervised Method for Multilingual \WbSense Tag-
ging using Parallel Corpora: A Preliminary Investigatiém ACL-2000 Work-
shop on Word Senses and Multilingualifgp. 1-9)., Hong Kong.

Diab, M. & Resnik, P. (2002). An Unsupervised Method for W8ehse Tagging



REFERENCES 221

using Parallel Corpora. IRroceedings of the 40th Annual Meeting of the
Association for Computational Linguistics (ACL)

Dimitrova, L., Ide, N., Petkevic, V., Erjavec, T., Kaalep,, & Tufis, D. (1998).
Multext-East: Parallel and Comparable Corpora and LexddonSix Central
and Eastern European Languages.Pmceedings of the 17th International
Conference on Computational Linguistics - Volume 1 (COLIBE), Strouds-
burg, PA, USA.

Duda, R. & Hart, P. (1973).Pattern Classification and Scene Analysi&hn
Wiley & Sons Inc.

Fellbaum, C. (1998).WordNet An Electronic Lexical DatabaseCambridge,
MA: MIT Press.

Ferrandez, S., Toral, A., Ferrandez, O., FerrandezMuioz, R. (2007) Lec-
ture Notes in Computer Scienamlume 4592, chapter Applying Wikipedia’s
Multilingual Knowledge to Cross-Lingual Question Answegi Springer.

FiSer, D. (2007). Leveraging Parallel Corpora and ExguvordNets for Auto-
matic Construction of the Slovene Wordnet.Rroceedings of (L&TC 2007)
Poznah, Poland.

Francis, W. (1964). A Standard Sample of Present-Day Hmdtis use with
Digital Computers. Report to the U.S. Office of Education ayo@erative
Research Project No. E-007.

Fung, P. & Wu, D. (1995). Coerced Markov Models for Crossgual Lexical-
Tag Relations. IProceedings of the Sixth International Conference on The-
oretical and Methodological Issues in Machine Translatifpp. 240 — 255).,
Leuven, Belgium.

Gabrilovich, E. & Markovitch, S. (2006). Overcoming the faness Bottleneck
using Wikipedia: Enhancing Text Categorization with Eropedic Knowl-
edge. InAssociation for the Advancement of Artificial Intelligen8&AI'06.



222 REFERENCES

Gale, W., Church, K., & Yarowsky, D. (1992). A Method for Dishiguating
Word Senses in a Large Corpu€omputers and the Humanitie26(5-6),
415-439.

Giles, J. (2005). Internet Encyclopaedias go Head to Headlature
438(7070):900-901

Goldsmith, J. (2001). Unsupervised Learning of the Morphglof a Natural
Language Computational Linguistic7(2):153-198

Gusfield, D. (1997)Algorithms on Strings, Trees, and Sequendeambridge:
The Press Syndicate of the University of Cambridge.

Harris, Z. (1955). From Phoneme to Morpherhanguage31(2)

Hartigan, J. (1975)Clustering Algorithms (Probability & Mathematical Statis
tics). Cambridge: John Wiley & Sons Inc.

Hull, D. & Grefenstette, G. (1996). Experiments in Multtjnal Information
Retrieval. InProceedings of the 19th Annual International ACM SIGIR Con-
ference on Research and Development in Information Retriev

Jain, A. & Dubes, R. (1988Algorithms for Clustering DataEnglewood Cliffs,
NJ: Prentice Hall.

Jardino, M. & Adda, G. (1993). Automatic Word Classificatldsing Simulated
Annealing. InProceedings of International Conference on Acousticse&8ipe
and Signal Processingolume 2, (pp. 41 — 44)., Minneapolis.

Jones, G., Fantino, F., Newman, E., & Zhang, Y. (2008). DorSgpecific Query
Translation for Multilingual Information Access using Maoe Translation
Augmented With Dictionaries Mined from Wikipedia. Rroceedings of the
2nd International Workshop on Cross Lingual Informatiorcéss Addressing
the Information Need of Multilingual Societiddydrabad, India.

Kaplan, A. (1950). An Experimental Study of Ambiguity in Gert. Mechanical
Translation 1(1-3).



REFERENCES 223

Katz, S. (1987). Estimation of Probabilities for SparsedJatr the Language
Model Component of a Speech RecognidEEE Transactions on Acoustics,
Speech and Signal Processji3%(3), 400-401.

Kawaba, M., Nakasaki, H., Utsuro, T., & Fukuhara, T. (2008yoss-Lingual
Blog Analysis based on Multilingual Blog Distillation frorMultilingual
Wikipedia Entries. InProceedings of International Conference on Weblogs
and Social Media, ICWSM’'08

Kazakov, D. (2000). Achievements and Prospects of LeaMiagd Morphology
with Inductive Logic Programming. In Cussens, J. & Dzerpski (Eds.),
Learning Language in Logi€pp. 89—109). Springer.

Kazakov, D., Cussens, J., & Manandhar, S. (2006). On TheipwdlSemantics
and Syntax: The PP Attachment Case. Technical report YCSE&®artment
of Computer Science, University of York, UK.

Kazakov, D. & Manandhar, S. (2001). Unsupervised Learnihgvord Seg-
mentation Rules with Genetic Algorithms and Inductive lloBrogramming.
Machine Learning43(1-2), 121-162.

Kazakov, D. & Shahid, A. (2008). Extracting Multilingual &ionaries for the
Teaching of CS and Al. 1dth UK Workshop on Al in Education

Kilgarriff, A. & Rosenzweig, J. (1999). Framework and Resuior English
SensevalComputers and the Humanitie®4(1), 15-48.

Koehn, P. (2002). Europarl: A Multilingual
Corpus for Evaluation of Machine Translation.
http://www.isi.edu/ ~ koehn/publications/europarl/

Kvalseth, T. (1987). Entropy and Correlation: Some ComisidEEE Transac-
tions on Systems, Man and CybernetB8IC-17 517-519.
Lancaster, F. (1968)Information Retrieval Systems: Characteristics, Testing

and Evaluation New York: Wiley.


http://www.isi.edu/~koehn/publications/europarl/

224 REFERENCES

Landauer, T., Foltz, P., & Laham, D. (1998). Introduction_Ltent Semantic
Analysis. Discourse Processeg5, 259-284.

Landauer, T. K. & Littman, M. L. (1990). Fully Automatic Cred. anguage Doc-
ument Retrieval using Latent Semantic IndexingPhoceedings of the Sixth
Annual Conference of the UW Centre for the New Oxford Endlistionary
and Text Researclipp. 31-38).

Lee, L. (1999). Measures of Distributional Similarity. Pnoceedings of the 37th
ACL

Lefever, E. & Hoste, V. (2009). SemEval-2010 Task 3: Crossgual Word
Sense Disambiguation. Rroceedings of the NAACL HLT Workshop on Se-
mantic Evaluations: Recent Achievements and Future Daest (pp. 82—
87)., Boulder, Colorado.

Lefever, E. & Hoste, V. (2010a). Construction of a BenchmBdta Set for
Cross-lingual Word Sense Disambiguation. Rroceedings of the Seventh
International Conference on Language Resources and EtialyaMalta.

Lefever, E. & Hoste, V. (2010b). SemEval-2010 Task 3: Crosgual Word
Sense Disambiguation. Rroceedings of the 5th International Workshop on
Semantic Evaluation, ACL 201(pp. 15-20)., Uppsala, Sweden.

Lesk, M. (1986). Automatic Sense Disambiguation using NtaetReadable
Dictionaries: How to tell a Pine Cone from a Ice Cream Condroceedings
of SIGDOC’86

Levenstein, V. (1966). Binary Codes Capable of Correctimggitions and Re-
versals.Soviet Physics Doklady0, 707.

Li, X., Szpakowicz, S., & Matwin, S. (1995). A WordNet-baseldorithm for
Word Sense Disambiguation. Rroceedings of IJCAI-95pp. 1368-1374).,
Montreal, Canada.

Luhn, H. (1959). The Automatic Creation of Literature Alastis.IBM Journal



REFERENCES 225

of Research and DevelopmeBt 159-165.

Manning, C. & Schitze, H. (1999%oundations of Statistical Natural Language
Processing The MIT Press.

Marcus, M., Santorini, B., & Marcinkiewicz, M. (1993). Bdihg a Large An-
notated Corpus of English: the Penn Treeba@omputational Linguistics
19(2).

Martin, S., Liermann, J., & Ney, H. (1998). Algorithms forgdgam and Trigram
Word Clustering.Speech Communicatip24(1), 19 — 37.

McEnery, A. (2003).Lecture Notes in Computer Scienohapter Corpus Lin-
guistics, (pp. 448—-463). Oxford University Press.

Mihalcea, R. (2007). Using Wikipedia for Automatic Word SerDisambigua-
tion. In In Human Language Technologies 2007: The Conference of the
North American Chapter of the Association for Computatidaaguistics
Rochester, New York.

Mihalcea, R. & Moldovan, D. (1999). A Method for Word Senss&nbiguation
of Unrestricted Text. IfProceedings of the 37th Meeting of AQollege Park,
MD.

Miller, D., Leek, T., & Schwartz, R. (1999). A Hidden Markovaddel Informa-
tion Retrieval System. IRroceedings of the 22nd Annual International ACM
SIGIR Conference on Research and Development in Informdigtrieval
(pp. 214-221)., Berkeley, California, United States.

Miller, G. A., Beckwith, R., Fellbaum, C., Gross, D., & MilieK. (1990). Intro-
duction to WordNet: An On-line Lexical Databas#urnal of Lexicography
3(4):235-244

Mitchell, T. (1997).Machine Learning MIT Press and McGraw-Hill.

Najork, M. & Wiener, J. (2001). Breadthfirst Crawling Yieldsigh-quality

Pages. IrProceedings of the 10th International Conference on WorldeN



226 REFERENCES

Web

Ng, H., Wang, B., & Chan, Y. (2007). Exploiting Parallel Texor Word Sense
Disambiguation: An Empirical Study. laroceedings of the 41st Annual Meet-
ing of the Association for Computational Linguisti¢sp. 455-462)., Sapporo,
Japan.

Oard, D. & Dorr, B. (1996). A Survey of Multilingual Text Ré#wal. Technical
report. University of Maryland at College Park College R, USA.

Och, F. (1999). An Efficient Method for Determining Biling&ord Classes. In
Proceedings of the Ninth Conference on European Chaptdreoftsociation
for Computational Linguistics (EACL '99Bergen, Norway.

Och, F. & Ney, H. (2000). Improved Statistical Alignment Masl InProceed-
ings of 37th Annual Meeting of the Association for Compatedl Linguistics
(ACL'00), Hong Kong.

Och, F. & Ney, H. (2003). A Systematic Comparison of VariotetiStical Align-
ment Models.Computational Linguistic29(1):19-51

Pianta, E., Bentivogli, L., & Girardi, C. (2002). Multiwoiet: Developing
an Aligned Multilingual Database. IRroceedings of the First International
Conference on Global WordNedlysore, India.

Pirelli, V. (1993). Morphology, Analogy and Machine Traatsbn. PhD Thesis.
Salford University, UK.

Pirkola, A. (1998). The Effects of Query Structure and inary Setups in
Dictionary-Based Cross-Language Information Retrieval Proceedings of
the 21st Annual International ACM SIGIR Conference on Rebeand De-
velopment in Information Retrieval (SIGIR '98Jew York, USA.

Potthast, M., Stein, B., & Anderka, M. (2008). Wikipediasked Multilingual
Retrieval Model. InProceedings of the 30th European Conference on IR Re-

search, ECIR'08Glasgow.



REFERENCES 227

Quinlan, J. (1986). Induction of Decision Treddachine Learning1(1), 81—
106.

Quinlan, J. (1993)C4.5: Programs for Machine Learnindg/lorgan Kaufmann.

Richman, A. & Schone, P. (2008). Mining Wiki Resources for [tMingual
Named Entity Recognition. 146th Annual Meeting of the Association for
Computational Linguistics: Human Language Technologh€3,.'08, (pp. 1—
9)., Columbus, Ohio.

Robertson, S. (2006). On GMAP and Other TransformationsCIKM '06
Proceedings of the 15th ACM International Conference onrmftion and
Knowledge Managemeritiew York, USA.

Ruiz-Casado, M., Alfonseca, E., & Castells, P. (2005). Audtic Assignment
of Wikipedia Encyclopedic Entries to WordNet Synsets. Pimceedings of
Advances in Web Intelligenceodz, Poland.

Russell, S. & Norvig, P. (1995Artificial Intelligence Prentice Hall.

Sagot, B. & FiSer, D. (2008). Building a Free French Wordii&in Multilingual
Resources. IProceedings of OntoLex 200Blarrackech.

Salton, G. (1970). Automatic Processing of Foreign Langu2gcumentsJour-
nal of the American Society for Information Sciereg 187-194.

Salton, G. (1989)Automatic Text Processind\ddison-Wesley.

Salton, G., Wong, A., & Yang, C. (1975). A Vector Space MoaelAutomatic
Indexing. Communications of the ACM8(11) 613—-620.

Sato, S. (2009). Crawling English-Japanese Person-Naaresllterations from
the Web. InProceedings of the 18th International Conference on Woride/N
Weh Madrid, Spain.

Schauble, P. (1997Multimedia Information RetrievalKluwer Academic Pub-
lishers.

Schone, P. & Jurafsky, D. (2000). Knowledge-free InductidrMorphology



228 REFERENCES

using Latent Semantic Analysis. Rroceedings of the CoNL.I(pp. 67-72).

Sedding, J. & Kazakov, D. (2004). WordNet-Based Text Doaun@ustering.
In 3rd Workshop on Robust Methods in Analysis of Natural Lagguaata
(ROMAND) Geneva, Switzerland.

Shahid, A. & Kazakov, D. (2009). Automatic Multilingual Leon Generation
using Wikipedia as a Resource. Rioceedings of the International Confer-
ence on Agents and Atrtificial Intelligence, ICAARDrto, Portugal.

Shahid, A. & Kazakov, D. (2010). Retrieving Lexical Semastirom Multilin-
gual CorporaPolibits, 5, 25-28.

Shahid, A. & Kazakov, D. (2011). Using Multilingual Corpota Extract Se-
mantic Information. IrProceedings of the Symposium on Learning Language
Models from Multilingual Corpora, AISB’11 Conventiorork, UK.

Sheridan, P. & Ballerini, J.-P. (1996). Experiments in Migual Informa-
tion Retrieval using the SPIDER System. Pnoceedings of the 19th Annual
International ACM SIGIR Conference on Research and Devedoy in Infor-
mation Retrieval(pp. 58-65).

Snyder, B. & Barzilay, R. (2008). Unsupervised Multilingiaarning for Mor-
phological Segmentation. [hhe Annual Conference of the Association for
Computational Linguistics

Sparck Jones, K. (1972). A Statistical Interpretation ofif &pecificity and its
Applications in RetrievalJournal of Documentatiqr28(1), 11-21.

Specia, L., Nunes, M., & Stevenson, M. (2005). Eploitingdfal Texts to
Produce a Multilingual Sense Tagged Corpus for Word Sensambiguation.
In Proceedings of the Conference on Recent Advances on Natamgluage
Processing (RANLP-2005Borovets, Bulgaria.

Steinbach, M., Karypis, G., & Kumar, V. (2000). A ComparisminDocument
Clustering Techniques. Bth ACM SIGKDD, World Text Mining Conference



REFERENCES 229

Boston, MA, USA.

Strehl, A. (2002). Relationbship-based Clustering andsteluEnsembles for
High-dimensional Data Mining. PhD Thesis. The UniversityTexas at
Austin.

Talvensaari, T., Juhola, M., Laurikkala, J., & Jarvelin,(R007). Corpus-based
Cross-language Information Retrieval in Retrieval of HygRelevant Docu-
ments.Journal of the American Society for Information Science &chnol-
ogy, 58(3), 322-334.

Tiedemann, J. (1999). Uplug - a Modular Corpus Tool for Rar&lorpora. In
In the Parallel Corpus Symposium (PKS99ppsala University, Sweden.
Tiedemann, J. (2004). The OPUS Corpus - Parallel & FreeR?rtireedings of
the Fourth International Conference on Language ResouatesEvaluation

(LREC’04) Lisbon, Portugal.

Tufis, D. (2000). Design and Development of a Multilingualk&an WordNet.
Romanian Journal of Information Science and Technologgi@pkssue 7:1-
2.

Tufis, D., lon, R., & Ide, N. (2004). Fine-Grained Word Senssabiguation
based on Parallel Corpora, Word Alignment, Word Clusteramyd Aligned
WordNets. InProceedings of the 20th International Conference on Comput
tional Linguistics (COLING)Geneva, Switzerland.

Turing, A. (1950). Computing Machinery and Intelligendéind, 59, 433—460.

Tyers, F. & Pienaar, J. (2008). Extracting Bilingual WordrB&rom Wikipedia.
In Proceedings of the SALTMIL Workshop at Language ResountkE@alu-
ation Conference, LREC'Q8pp. 19-22).

van den Bosch, A., Daelemans, W., & Weijters, T. (1996). Mhatpgical Anal-
ysis as Classification: an Inductive-Learning ApproachPinceedings of the

Second International Conference on New Methods in Langkageessing



230 REFERENCES

(NeMLap-2) (pp. 79-89)., Bilkent University, Ankara, Turkey.

van der Plas, L. & Tiedemann, J. (2006). Finding Synonymsgugiutomatic
Word Alignment and Measures of Distributional Similariby.Proceedings of
ACL/COLING 2006Sydney, Australia.

van Rijsbergen, C. (1979)nformation Retrieval Butterworth-Heinemann.

Voorhees, E. & Harman, D. (1999). Overview of the Seventht REtrieval
Conference (TREC-7). In Voorhees, E. & Harman, D. (Eda.NIST Special
Publication 500-242(pp. 1-23).

Vossen, P. (1996). Right or Wrong: Combining Lexical Resesrin the Eu-
roWordNet Proejct. IfProceedings of Euralex-96 International Congress
Vossen, P. (1998FuroWordNet: a Multilingual Database with Lexical Semanti

Networks for European Languagdsluwer.

Wagner, R. & Fischer, M. (1974). The String-to-String Cotien Problem.
Journal of the Association for Computing Machingzg:1, 168—-173.

Wong, W. & Fu, A. (2000). Incremental Document Clustering Wdeb Page
Classification. IIEEE 2000 International Conference on Information Society
in 21st Century: Emerging Technologies and New Challenges

Xu, J., Weischedel, R., & Nguyen, C. (2001). Evaluating abahilistic Model
for Cross-Lingual Information Retrieval. IRroceedings of the 24th Annual
International ACM SIGIR Conference on Research and Dewvedop in Infor-
mation Retrieval (SIGIR '01New York, USA.

Yarowsky, D. (1992). Word-Sense Disambiguation UsingiSiatl Models
of Roget's Categories Trained on Large Corpora. Pimceedings of the
Fourteenth International Conference on Computationabuistics (pp. 454—
460)., Nantes, France.

Yarowsky, D. (1994). Decision Lists for Lexical AmbiguityeRolution: Appli-

cation to Accent Restoration in Spanish and FrenchProceedings of the



REFERENCES 231

32nd Annual Meeting of the Association for Computationaluistics Las
Cruces.

Yarowsky, D. (1995). Unsupervised Word Sense Disambigad®Rivalling Su-
pervised MethodsACL, 33, 189-196.

Young, P. (1994). Cross Language Information Retrievahfysiatent Semantic
Indexing. Master’s Thesis. University of Knoxwille, Terssee: Konxwille.
Yvon, F. (1996). Prononcer par analogies: motivationsmidisations et

évaluations. PhD Thesis. ENST Paris, France.

Zesch, T. Muller, C. & Gurevych, I. (2008). Extracting LeaiSemantic Knowl-
edge from Wikipedia and Wiktionary. IRroceedings of the Conference on
Language Resources and Evaluation (LREC)

Zesch, T., Gurevych, I., & Muhlhauser, M. (2007). Companiikipedia and
German Wordnet by Evaluating Semantic Relatedness on plilatasets.
In Proceedings of Human Language Technologies: The Annudke@mrte of
the North American Chapter of the Association for Compatel Linguistics,
NAACL-HLT'07 (pp. 205-208).



LIST OF SYMBOLS

232




	List of Tables
	List of Figures
	Acknowledgements
	Declaration
	Introduction and Motivation
	Initial Motivation
	NLP and Information Retrieval (IR)
	NLP
	Corpora based Approaches
	Information Retrieval (IR)
	Multilingual NLP and IR

	Multilingual Resources
	Problem Statements
	Building Multilingual Lexicons
	Creating and using Multilingual Synsets
	Morphological Analysis of Multilingual Synsets
	Evaluation and its Challenges

	Thesis Outline
	Note on Terminology

	Literature Review
	Resources
	Wikipedia
	Parallel Corpora
	WordNet: A Lexical Semantic Resource

	NLP and IR
	Word Sense Disambiguation
	Supervised Disambiguation
	Unsupervised Disambiguation
	PP Attachment Ambiguity
	WordNet and WSD
	Multilingual Disambiguation
	Disambiguation in Wikipedia
	Using Wikipedia for WSD

	Morphology
	Analogy
	Harris's Approach
	Unsupervised Approach

	Information Retrieval
	Vector Space Model
	TF IDF
	Performance Measures
	Probabilistic Information Retrieval
	Multi-Lingual Information Retrieval (MLIR)
	Probabilistic Multi-lingual IR
	Dictionary-Based MLIR
	Corpora based Approaches for IR


	Machine Learning (ML)
	Clustering
	Measures of Clustering Quality
	Decision Trees

	Building Resources from Corpora
	Extracting Linguistic Resources from Wikipedia
	Building Multilingual Lexicons and WordNets using Parallel Corpora


	Extraction of Multilingual Lexicons from Wikipedia
	Main Idea
	Methodology
	Lexicon Generation
	Algorithm
	General Lexicons
	EBG and EGFP
	Histograms for EBG
	Histograms for EGFP
	Removal of Redundancy and Numeric Values
	HeptaLex

	Domain Specific Dictionaries
	Computer Science Specific Lexicon
	Category Translations


	Some Programming Related Issues
	Analysis of Languages in Wikipedia
	Evaluation
	Conclusion

	Extraction of Multilingual Synsets from Aligned Corpora
	Main Idea
	Assumptions
	Parallel Corpora and Pre-processing
	Structure of the Europarl Corpus
	Pre-processing

	Word Alignment
	Creation of Vocabulary and Sentence Files
	Creation of Word Classes

	Collation of Words into Phrases
	Author's Note

	Disambiguation
	Evaluation
	Baseline Comparison for Extraction of Multilingual Synsets
	Experimental Design

	Issues with Evaluation
	Using Clustering for Evaluation
	Experiments

	Discussion
	Why the Tags?
	Which Machine Learning Approach to Use?

	Using Decision Trees for Evaluation
	Experimental Design


	Discussion
	Error Analysis
	SemEval Parallel Corpora and Generation of Multilingual Synsets
	Theoretical Analysis
	Sense Inventory
	Gold Standard
	Methodology
	Experiments
	Baseline Comparison for Extraction of Multilingual Synsets

	Discussion
	Conclusion

	Morphology and Lexical Distances
	Main Idea
	Morphological Analysis
	Experiments
	Edit Distance
	Calculating Edit Distances
	Edit Distances between Multilingual Proto-Synsets

	Looking for Word Paradigms
	Merging Paradigms
	Merging Paradigms based on Common Number of Stems
	Signature Refinement and Merging Paradigms based on Common Number of Stems

	Discussion

	Further Experiments in Multilingual Morphology
	Evaluation of Morphological Analysis
	Evaluation
	Segmentation with Support
	Analogy Principle
	Results

	Conclusion

	Conclusion
	Summary
	Automatic Generation of Multilingual Lexicons
	Extraction of Multilingual Proto-Synsets from Parallel Corpora
	Morphological Analysis

	Contributions
	Future Work

	References

