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ABSTRACT

A Deep Syntactic Parser for the Tamil Language

Natural Language Processing (NLP) applications have become integral to human life.
A syntactic parser is a vital linguistic tool that shows syntactic relations between the
words in a sentence. These may then be mapped to a tree, a graph, or a formal struc-
ture. Syntactic parsers are helpful for building other NLP applications. In addition,
they help linguists to understand a language better and perform cross-lingual linguistic
analysis. A syntactic parser that performs a deeper analysis and captures argumen-
tative, attributive and coordinative relations between the words of a given sentence is
called a deep syntactic parser. Tamil is considered a low-resourced language in terms of
tools, applications, and resources available for others to use and build NLP applications
or carry out linguistic analyses. Not many resources, such as treebanks and annotated
corpora, or linguistic analysis tools such as POS taggers or morphological analysers, are
publicly available for Tamil. Available off-the-shelf language-agnostic syntactic parsers
show comparatively low performance because of the rich morphosyntactic properties of
Tamil. This study elaborates on how I developed the first grammar-driven parser for
Tamil, which uses the Lexical-Functional Grammar formalism, and a state-of-the-art
data-driven parser using the Universal Dependencies framework. I have also proposed
an approach to evaluate a syntactic parser’s syntactical coverage, experimented with
transition-based and graph-based approaches, and for the first time, tried multi-lingual
training to develop a data-driven parser for Tamil. A part of speech tagger, a morpho-
logical analyser cum generator, pre-processing tools, and treebanks are the other tools
and resources I have developed to facilitate the development of the parsers. While all
these tools give the current best score for their respective tasks, these resources are
also available online for others to build upon. Moreover, the study also documents my

contributions toward understanding different linguistic aspects of the Tamil language.

Keywords: Deep Syntactic Parser; Grammar-driven parser; Data-driven parser;

Part of Speech tagger; Morphological Analyser
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1 INTRODUCTION

This chapter introduces the research study and the thesis structure. The sections of this
chapter covers the research problem, research objectives, constraints and challenges, the
scope for this research. In addition, this chapter also provides a introduction to the
Tamil language and Tamil language computing.

Natural Language Processing (NLP) is a branch of artificial intelligence (AI) that
helps computers understand, interpret and process human languages. NLP technolo-
gies have become an integral part of human life. Currently, these technologies are even
able to automatically generate meaningful text on a given theme (Floridi and Chiriatti,
2020),! a task which has been said that only humans could do. The idea of understand-
ing human communication by machine was seeded in 1950 (Turing, 1950). However,
it has gained more focus in the last thirty years, especially with the web and social
media boom. Besides, the study area of human-centric applications such as personal
advisory systems, live speech translation between languages, and behavioural analyses
has attracted leading businesses to invest in NLP. Because of all this, NLP has been
growing very fast in recent times. It is expected to grow from US$ 3 billion markets in
2017 to over a US$ 43 billion market by 2025.2

According to Hirschberg and Manning (2015), the vast increase in computing power,
the availability of enormous amounts of data, the development of highly successful
machine learning (ML) methods and a much richer understanding of the structure of
human language and its deployment in social contexts are the key factors that have led
to the recent advancement in the field of NLP.

Apart from a handful of languages such as English, German, Arabic, and Chinese,
which are either spoken by a large population or by a population with high purchasing
power, less advancement has been observed in other languages, including South Asian
languages such as Tamil. Not many linguistic and language resources and NLP tools
with reportable results have been developed for these languages or are available in
the public domain. Having said that, in very recent times, Tamil has been getting
traction, and giant corporates such as Amazon have been developing Tamil interfaces

and promoting their services among the Tamil population.

'https://www.theguardian.com/commentisfree/2020/sep/08/
robot-wrote-this—-article-gpt-3
’https://www.statista.com/statistics/607891
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Away from big businesses concerns and interests, academia has been pushing re-
search studies on low-resource languages and inventing technologies and techniques to
create resources and tools for these sorts of languages. Tamil is one such low-resource
language as many vital resources for Tamil language processing and applications such
as translators, sentiment analysers, and even good spell and grammar checkers are still
lacking. Further, even the little advancements in Tamil language technologies are not
available for public use in most cases. This is the context in which I have endeavoured
to develop a deep syntactic parser for the Tamil language.

Syntactic parsers find syntactic relations between the words in a sentence, then map
these to a tree, a graph, or other structure. This syntactic analysis is useful for various
NLP applications such as natural language dialogue systems, grammar error check-
ers, sentiment analysers, machine translators etc.. For instance, Armengol-Estapé and
Costa-jussa (2021) show how linguistic information — syntax and semantic information
— have been used to improve neural machine translation in low-resource settings with
a morphologically different language pair — English to Nepali. Although there are at-
tempts to learn syntactic and other linguistic features automatically using deep neural
networks, the technology and understanding of different deep neural architecture are at
the experimental level, and the support of linguists is still required to do such exercises
(Linzen and Baroni, 2021).

The level of syntactic information captured varies depending on the approaches and
grammar formalisms employed. Syntactic parsers that mainly identify clause bound-
aries and phrases are called shallow parsers or chunk parsers (Sha and Pereira, 2003;
Ariaratnam et al., 2014).3 Abney (1992) includes within the analysis yielded by shal-
low syntactic parsers the relations that chunks have with the main verb. Another
type of parser yields a deeper level of analysis and captures argumentative, attribu-
tive, and coordinative relations between the words of a given sentence. The latter
approach is considered a deep syntactic parser (Ballesteros et al., 2016). These deep
syntactic parsers provide more syntactic information than just the clause/phrase level
arrangements, and this sort of deep information is more useful for the development of
NLP applications (Ohta et al., 2006; McCord et al., 2012), and cross-linguistic analyses
(Futrell et al., 2015).

1.1 The Problem

1.1.1 The need for a syntactic parser

Integrating linguistic information, specifically syntactic information, into language pro-

cessing tools and applications improves their accuracy. This has been proven for appli-

3http://ltrc.iiit.ac.in/analyzer/tamil/
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cations such as machine translators (Habash, 2007; Li et al., 2017), as well as natural
language understanding (McCord et al., 2012; Ohta et al., 2006). It is also shown that
integrating syntactic and semantic information explicitly for the training of pre-trained
models such as Bidirectional Encoder Representations from Transformers (BERT) im-
proves the model’s performance (Zhou et al., 2020), even though some of the linguistic
information will automatically be learned during the model training. This constitutes
evidence that data annotated with syntactic information are important for the develop-
ment of NLP applications. In addition, such resources are useful for linguistic studies
and computer-assisted language learning. These resources are crucial for languages such
as Tamil, which is morphologically rich and has a highly free word order (Futrell et al.,
2015). Apart from off-the-shelf language-agnostic syntactic parsers such as Stanza (Qi
et al., 2020), and TranKit (Nguyen et al., 2021), no deep syntactic parser has been
developed for Tamil. The available off-the-shelf language-agnostic parsers show com-
paratively low accuracy for Tamil. This is true even for a recently-developed parser
(Griinewald et al., 2021) using the pre-trained language model XLM-R. They report

that the low-resourced nature of Tamil hinders parsing accuracy.

1.1.2 Constraints and Challenges

Tamil is considered a low-resourced language in terms of what tools, applications and
annotated resources are available (Bhattacharyya et al., 2019). There are few publicly
available resources such as treebanks, annotated corpora, or linguistic analysis tools
such as POS taggers and morphological analysers.Tamil is a Southern Dravidian lan-
guage spoken natively by more than 78 million people across the world,* including
in India, Sri Lanka, Malaysia, Singapore, South Africa, Mauritius, Fiji, and Burma
(Krishnamurti, 2003). It is also one of the top 20 languages in the world based on
population count (Simons and Fennig, 2017).

Chapters 2 and 3 outline the available resources and tools for POS tagging and
morphological analysis. More importantly, there are still no quality benchmark or gold
resource sets available. Given this, studies cannot be compared in a meaningful and
acceptable way.

A review of the literature on the development of syntactic parsers for Tamil is given
in Chapter 4. Based on that, it became clear that there are no computational grammars
or deep parsers available for Tamil. However, a shallow parser is available online, which
is discussed in more detail in Chapter 3. There are two Universal Dependencies (UD)
treebanks with a total of 1,154 annotated sentences that are publicly available, one of
which has tokenisation and annotation issues. Apart from these two UD treebanks,

there is another treebank consisting of 938 sentences annotated using the AnnCorra

“http://www.languagesgulper.com/eng/Tamil.html


http://www.languagesgulper.com/eng/Tamil.html

dependency scheme (Devi, 2016) available for research purposes. This only marks inter-
phrasal relationships and no intra-phrasal dependencies; in other words, functional
dependencies are not marked.

Currently, most research studies are being carried out in isolated or sparse and small
research groups, and the resulting products are often in different formats and standards.
For instance, more than 20 different tag-sets are being used for Tamil by different
research groups. Another issue concerning NLP tools is that they are being developed
according to their own separate standards. Such situations are not beneficial for under-
resourced languages, as such languages need to have or demonstrate interoperability
among resources and tools so that the few resources and tools that are available can
be compiled and used efficiently.

Moreover, factors such as lack of funding, human resources, appropriate technology,
and, more importantly, the lack of academic recognition by the scientific community

have contributed further to the low-resourced status of Tamil.

1.2 Research objectives

In light of the clear gap as briefly reviewed above, I decided to develop a deep syntactic
parser for the Tamil language to support the development of NLP applications and
linguistic analyses. While the parser needs to render a reportable level of accuracy,
most importantly, results have to be well interpretable. On the other hand, NLP ap-
plication development that is machine learning-based or deep learning-based require a
large amount of annotated data. Unsupervised approaches to parsing and the inter-
pretability of deep learning approaches are still being researched. It was decided to
develop the following two types of parsers considering the needs and the constraints

outlined in Section 1.1.2:

1. A Data-driven parser: to support machine learning-based or deep learning-based
NLP application development. This requires a significant amount of annotated
data, especially in parsing to cover different syntactic constructions. Approaches
such as transfer learning and multilingual learning can be used to overcome this

data scarcity problem to some extent.

2. A Grammar-based parser: to support deep linguistic analyses, and to understand
and interpret when and what things go wrong. This parser is not only useful for
linguistic analysis but also for application development such as small scope and
limited vocabulary machine translation, text generation and computer-assisted
language learning. I have used the LFG grammar formalism and the Xerox

Linguistic Environment (XLE) toolkit to develop the grammar-based parser.

In order to develop these two parsers, I also developed and created the following
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set of tools and resources for Tamil, which in turn also necessitated the development

of several pre-processing and post-processing tools.

o Part of Speech tagger for Tamil: this is required to annotate a given dataset

with their grammatical categories. This is discussed in Chapter 2.

e Morphological analyser: Tamil is a morphologically rich language, and many
syntactic clues are also included in its morphology. Therefore, these morpheme
information have to be elicited. Thus, a morphological analyser using a Finite-
State approach has been developed for both a grammar-based parser and data-
driven parsing. The development of a morphological analyser and the relevant

challenges it posed are discussed in detail in Chapter 3.

e Treebank for data-driven parsing: A data-driven parser requires a significant
size dataset for training and testing. Since the available data has not been
enough, I have developed a dataset using the Universal Dependencies framework
(UD) because this has been widely used for deep learning-based applications. In
addition, a community of scholars works in this framework and a wide range of
processing and development tools that work with UD. The development of the

Tamil treebank is discussed in detail in Chapter 6.

1.2.1 Scope

Tamil has been evolving for a long time and has undergone grammatical change over
the millennia. Specific constructions that existed in the past are not used in the present
context. Modern Tamil is known for its diglossic nature. The spoken and written vari-
eties referred to as the low vs high varieties differ phonologically and morphologically
from each other. The spoken varieties further vary among different regions. The style
of writing also varies based on genres such as stories, news, letters, etc.. This range of
variation adds more complexity to the syntactic analysis and requires solid linguistic
expertise in order to be analysed.

In light of this, it was decided to narrow the scope and focus on contemporary texts
published after the year 2000 and on formal written Tamil texts, which mainly included
news and hardware operational manuals.

I have created a rule-based parser based on data from ParGram (this is covered
in Chapter 5), which is also used to create grammars for dozens of other languages in
order to achieve deep cross-lingual analysis. To maintain the parallelism, I translated
existing ParGram sentences into Tamil. Apart from these sentences, I have also made
use of sentences from a Tamil textbook to ensure that natural constructions in Tamil
are also captured. In this way, my grammar-based parser can parse both structures

captured in ParGram and Tamil textbook sentences.



I have compiled a news dataset of 1,000 sentences and annotated it using the Uni-
versal Dependencies to train the data-driven parser. However, because a set of 1,000
sentences is not enough to train a neural network, I have also tried an approach called
multilingual learning to improve the parsing accuracy. These are discussed in Chapter
6. Since the data-driven parser is built on top of a character-based embedding, the
parser will not suffer much without the presence of vocabulary and can provide an

analysis for any given sentence, even if, at times, these analyses may be wrong.

1.2.2 Deepness of my parsers

Just as other deep syntactic parsers in literature, the depth that determines my parser
is the amount of morphosyntactic information extracted from a given sentence. It is
essential to mention that this interpretation of depth differs from what Chomsky (2015)
referred to as the deep structure in syntax.

The grammar-based parser provides information as defined by the ParGram an-
notation scheme. I have extended and added a few new features to the ParGram
annotation scheme in order to capture the morphosyntactic information of Tamil, as
discussed in Chapter 5. The parser extracts information such as argumentation struc-
ture, part of speech (POS), morphology, tense, aspect, mood, person, number, gender,
definiteness, and constituency structure. In addition, it also captures constraints and
well-formedness checks over the word forms.

The data-driven parser elicits information according to the Universal Dependencies
annotation scheme, as reviewed in more detail in Chapter 6. These details include
reference to argument structure, POS, morphology, and lemma. In addition to the
standard features that form part of the UD guidelines, I have also added language-

specific features.

1.3 The Tamil language

Tamil is a Southern Dravidian language spoken natively by more than 78 million people
across the world,? including in India, Sri Lanka, Malaysia, Singapore, South Africa,
Mauritius, Fiji, and Burma (Krishnamurti, 2003). It is also one of the top 20 languages
in the world based on population count (Simons and Fennig, 2017). Tamil has more
than 2000 years of continuous and unbroken literary tradition (Hart, 2000) and has
been recognised as a classical language by the Government of India. It has the longest
literary tradition among all the Dravidian languages (Lehmann, 1998). It is an official
language of Sri Lanka and Singapore and has official regional status in the states of

Tamil Nadu and Pondicherry in India. It has also been recognised as a minority and

Shttp://www.languagesgulper.com/eng/Tamil.html


http://www.languagesgulper.com/eng/Tamil.html

indigenous language in several countries, including Malaysia, Mauritius, and South
Africa. Tamil is taught in schools in several countries, including Australia, Canada,
and the United Kingdom.

The earliest classical Tamil is called sangattamil. Modern Tamil is known for its
diglossic nature whereby the spoken varieties, referred to as the low variety or kodun-
tamil and the written variety, also referred to as the high variety or centamil (Britto,
1991; Krishnamurti, 2003), differ phonologically and morphologically. The spoken
forms of Tamil vary depending on the regions where they are spoken. This is mainly
due to language contact and politics (Schiffman, 2008). Within Sri Lanka, there are
several spoken varieties of Tamil. At times, one encounters cases where one speaker
may not understand the other. Further, no common agreement has been made among
different governments (at least between Sri Lanka and Tamil Nadu in India) on the
choice of Tamil words for certain technical terms. Consequently, terminological vari-
ation is also present. Although there are variations in spoken Tamil, the linguistic

structure of written Tamil remains mostly uniform across the different regions.

1.3.1 Tamil Alphabet

The Tamil language has its own script, which is nowadays referred to as Tamil script
and follows the Abugida or Alphasyllabary writing system where a pure consonant and
a vowel are written together as one unit or syllable. For instance, the consonant & (t)
together with the vowel o (u) form the single unit, a composite character g (tu). The
alphabet has 12 vowels, 18 consonants (non-composite characters), and 216 composite
characters, which are formed when combining pure consonants and vowels together as a
single unit. Tamil also has a special character - (ah) — a guttural, which is categorised
neither as a vowel nor as a consonant but is in the alphabet. The University of Madras
lexicon describes this letter as “The 13*" letter of the Tamil alphabet occurring only
after a short initial letter and before a hard consonant”. In addition to this total of
247 Tamil letters, some letters from the Grantha alphabet, which is the script used to
write Sanskrit in South India, are also widely used along with the Tamil alphabet.
Apart from the alphabet, Tamil has its own native numerals, which include whole
numbers and fractions, metrics, and symbols for various concepts such as time that are
still being documented. It is, however, unfortunate that most current Tamil speakers
are not aware of these symbols, as they are not included in the learning curriculum at

schools.

1.3.2 Tamil Grammars

The grammars of Tamil may be divided into ones that are composed by native scholars

and those that Furopeans have written to facilitate the acquisition of the Tamil lan-



guage, mainly by foreigners (Pope, 1979). Tolkappiyam is identified as the very first
scholarly work on Tamil grammar by a native scholar (Hart, 2000). The date of this
publication is not exact, yet it is believed to have been published more than 2500 years
ago. This is considered to be a derived work of an even older work called Agastyam
(Pope, 1979), the whole work of Agastyam is not extant. The other notable and still
widely used and quoted Tamil grammar is called Nannul, which is dated back to the
13" century. Modern-day Tamil grammar textbooks used in Sri Lanka are themselves
based on Nannul. Apart from Tolkappiyam and Nannul, several derived works have
been published by native scholars from time to time. An important factor about these
works usually accommodates the evolution of the Tamil language. These old grammars
are written in the form of verses that only Tamil Pundits can interpret. There are
nonetheless well-known commentaries that discuss these books available for common
people. Dictionaries, treatises on medicine and literature have also been written in the
form of verses until the 16" century. From the 16" century onwards, Europeans and
others, mostly missionary scholars, started publishing books in Tamil and writing Tamil
grammar books. However, since the 19*" century, no notable complete linguistic studies
have been done on Tamil (Annamalai et al., 2014). On the other hand, the language
has evolved significantly due to modern subject areas, new kinds of literature, techno-
logical advancements, and influences from other languages, particularly as a result of
global communication and movement. eluttu (orthography), col (morphology+syntax),
paerul (semantics), yappu (prosody), ani (rhetorical embellishment) constitute the five
key parts of Tamil grammar (Shanmugadas, 1982; Nachinarkkiniyar, 1937; Senavarai-
yar, 1938). Not all of the grammars cover all of these parts. For instance, the widely
used Nannul covers only the first two.

Tamil is an agglutinative language whose grammatical parts are suffixed to root
words. These suffixes can be identified and separated from the rest of the word to
determine the root words. Tamil displays a relatively free constituent order, though
it primarily follows a Subject-Object-Verb (SOV) structure in formal writing. Using a
corpus-based study, Futrell et al. (2015) show that Tamil has the highest word order
freedom when compared to the 100+ languages that are available in the Universal
Dependencies Treebank.

When it comes to the word classes or Part of Speech available, modern linguists
classify Tamil words into peyar (noun), vinai (verb), peyaratai (adjective), vinaiyatai
(adverb) and idtaiccol (particle) (Nuhman, 1999; Annamalai et al., 2014). Nominative,
accusative, dative, instrumental, sociative, locative, ablative, genitive and vocative are
the nine cases that mark nouns as described in the literature (Lehmann, 1993). In
addition to the case features, all nouns in Tamil can be categorised into uyartinai
(rational) and ahrinai (irrational). Entities marked as rational are those perceived as

being able to think on their own, while the rest are termed as irrational. For instance,



animals, trees, and furniture items are considered irrational, while adult humans and
gods are categorised as rational. This (ir)rationality based marking differs from splits
in terms of human vs. non-human, or animacy. For instance, infants are considered
irrational just as animals or inanimate objects, even though infants are human and
animate. An adult human entity can also still be marked as irrational if they behave
in an insane manner. This marking is in turn reflected in the noun-verb agreement.
Tamil verbs have complex morphosyntactic relations, which take auxiliary items
such as question particles, emphatic particles, and conjunctive markers, in addition to
regular inflections such as tense, person, gender, number, and honorifics to build a sur-
face form. A detailed account of both the nominal morphology and verbal morphology

is given in Chapter 3. Core Tamil syntax are then outlined in Chapter 4.

1.3.3 Tamil and other Dravidian languages

As a Dravidian language, Tamil belongs to a family of 26 languages that are natively
spoken by more than 220 million people around the world. Among these 26 languages,
Tamil, Malayalam, Kannada and Telugu have a long written literature (Krishnamurti,
2003). Asher, in the preface of Suseendirarajah (1999) claims that knowledge of Tamil,
specifically Jaffna Tamil, a variety spoken in Sri Lanka, is a vital element that forms
part of the understanding of the Dravidian family of languages. This is particularly
so since certain features of the language have been preserved in Jaffna Tamil that
have been lost elsewhere. Subbarao (2012) claims that Dravidian languages are the
most homogeneous set of languages in the Indian sub-continent in that they display
syntactic phenomena which exhibit very little syntactic variation. While this is true
of the syntax, the different Dravidian languages, in turn, vary morpho-syntactically
in a significant way. For instance, Malayalam does not have subject-verb agreement
for person, number and gender features. Telugu has singular human male marked
separately from the rest, i.e., human female, animal, place, etc.. Tamil, in contrast,
displays subject-verb agreement and a wider array of gender values. Therefore, data
from one language cannot just be used for the other, even though they belong to one
language family. On the other hand, one can think of using tools and techniques
that have been developed for other Dravidian languages for Tamil. However, there
is unfortunately not much work on other languages either. Moreover, similar to the
challenge faced in the case of Tamil, most of the work on other Dravidian languages has
also not been made public. Therefore, whatever ends up being produced and developed

as part of this research on Tamil should also be useful for other Dravidian languages.



1.3.4 Encoding Tamil letters

Apart from the information about how the Tamil alphabet works, understanding how
the graphemes are encoded in computers using Unicode® is important in order to de-
velop language processing tools and to write morphological and orthographical rules.
Each syllable in Tamil has a single code point. For instance, all the vowels and pure
consonants in the Tamil alphabet are each encoded with a single code point. All the
composite characters, on the other hand, are encoded with two Unicode points; one
to represent the consonant letter, and the other to represent the vowel modifier (also
called dependent vowel sign),” which is applied to form the composite. For instance, 5l
(tu) will have two Unicode points,® one for & (t) and the other for the 7o (u)- vowel
modifier. Similarly, Gger (tou) also has two Unicode points corresponding to & (t) and
@::em (ou) even though it is represented by three glyphs. Typing these vowel modifiers
and handling them as part of computer programming is not a straightforward task.

The Tamil script was first encoded in the Unicode version 1.1 in the year 1993.°
Since then, several Tamil language processing tools have been built around the world.
Prior to the introduction of Unicode, ASCII encoding was used along with special fonts
to render Tamil graphemes. Although this is not useful for Tamil language processing,
this obsolete approach is sometimes used to create text. This adds an extra level of
challenges when processing Tamil texts since these differences are not visible to the
naked eye.

Even though Unicode encoding was introduced in 1993, up until 2008, most of the
studies were about enabling Unicode in applications and sorting out issues in encoding
etc., except for a few works such as Optical Character Recognition, the creation of
dictionaries, and so on. Since then, one has been able to find some work on Tamil
computing in the direction of the development of linguistic tools such as Part of Speech
development, Chunker, etc.. Most of these research studies have been published in
Tamil Internet Conferences organised by the International Forum for Tamil Information
Technology (INFITT), which was founded in 1998. In what follows, we outline the list of

some key institutions which have been conducting research related to Tamil computing.

1.3.5 Institutions working on Tamil language computing

Several institutions around the world conduct research on Tamil Natural Language
Processing, including universities and research centres, government-funded initiatives

and self-motivated open source initiatives.

Shttps://home.unicode.org/
"https://unicode.org/charts/PDF/UOB8O0. pdf
8https://unicode.org/charts/PDF/U0BS0.pdf
Yhttps://www.unicode.org/standard/supported.html
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Anna University — K B Chandrasekhar Research Centre (AU-KBC),! and Amrita Uni-
versity!! are key research institutions that have contributed to the area of Tamil NLP,
particularly the area of text processing. Other NLP research, including Text To Speech,
and Optical Character Recognition, is being done in other institutions such as the SSN

1213 and the Indian Institute of Science in Bangalore.!* State-owned institutions

College
such as the Centre for Development of Advanced Computing (CDAC)! conduct many
research studies related to Tamil NLP and other South Asian Languages. Apart from
research-based institutions, state institutions such as the Department of Technology
Development for Indian Languages (TDIL)!® and the Tamil Virtual Academy!” have
through the years facilitated the research in these areas and have aggregated available
tools and resources.

In Sri Lanka, the University of Moratuwa,'® the Language Technology Research
Laboratory (LTRL)! of the University of Colombo School of Computing, and the
University of Jaffna?® all conduct research studies related to the Tamil NLP.

Apart from India and Sri Lanka, universities in other parts of the world, such as the
Charles University in Prague?! also conduct research on Tamil NLP. Community-led
initiatives such as Thamizha!??> and the Free Tamil Computing forum?? also contribute
to Tamil NLP via the development of small language processing tools.

I have communicated and collaborated with personnel from most of the institutions
mentioned above to better enhance and increase the synergy that exists. I have also
co-organised a three-day workshop on Tamil Treebank annotations with key personnel
in these institutions and invited key scholars from abroad. All these collaborations

have helped me to mobilise tools and resources as and when available and required.

1.4 Thesis outline

This introductory chapter outlined the need for a Tamil syntactic parser, and how such
parsers have developed. In addition, it gave a brief introduction to the Tamil language

and the state of affairs in the Tamil computing world.

10
11
12

www.au-kbc.org
www.amrita.edu/center/computational-engineering-and-networking
www.ssn.edu.in/Speech_ Lab/

13gpeech.ssn.edu.in/

Mmile.ee.iisc.ac.in/projects.html
5www.cdac.in/index.aspx?id=mlingual

16 www.tdil.meity.gov.in/Research_ Effort.aspx
www.tamilvu.org/en/content /research-tools
Bhttps://uom.1k/

Yhttp://1trl.ucsc.1lk/ta/
2http://wuw.csc.jfn.ac.1k/
2https://ufal.mff.cuni.cz/search/node/Tamil
22thamizha.org
ZBgroups.google.com/forum/#!forum/freetamilcomputing
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The rest of the chapters in this thesis are self-contained, where the required back-
ground, literature, methodology, contributions and future work are included in each of
them separately. An outline of Chapters 2-7 is given below. Among these chapters,
Chapters 2-6 are the key chapters that describe the development of support tools and
parsers. Figure 1.1 shows how these key chapters (or tools) are connected. As shown
in the picture, the output obtained in Chapter 2 is used to develop the data-driven
parser (outlined in Chapter 6), and the output of Chapter 3 is used to develop both the
grammar-driven parser (outlined in Chapter 5) and the data-driven parser (outlined in
Chapter 6). Chapter 4 gives the foundation for both Chapter 5 and Chapter 6.

(Chapter 2) (Chapter 4 & 6)
POS [agger P0S information
(ThamizhiPOSt) ] -

Lemma & Token Lemma POS Morphological information
Morphological RLWET  @UWE NOUN  Case=Nom|Number=Sing|Person=3
information Enm”-'”ﬂ_" &Ml NOUN  Case=Ins|Number=Sing|Person=3
i i (Chapter 4 & 5)
Morph analyser e
(ThamizhiMorph) fe & g LFG Parser
Morphological J

information

A PRED) = 'Cua<(ASUBI)>'
A SUBJ PERS)=1

A SUBJ NUM)=pl

A SUBJ HUMAN )=+

Figure 1.1: Connection between the key chapters (Chapters 2-6) of this thesis.

o Chapter 2 constitutes the development of a Part of Speech (POS) tagger and
related work. I use the POS tagger to annotate tokens in the treebank with POS
annotations before passing them to the data-driven dependency parser, as POS

information is essential to determine the dependency annotation.

e Chapter 3 describes how I developed a morphological analyser cum generator.
This chapter thus briefly discusses the morphology of nouns, verbs, and other
particles in Tamil to provide the relevant foundation. It then proceeds with a
discussion of the challenges encountered in developing a morphological analyser

for Tamil.

e Chapter 4 covers the required concepts and background related to treebanks
and syntactic parsing, in addition to the relevant literature. This chapter also
gives an overview of Tamil syntax that is required to develop a grammar-driven
parser and a data-driven parser that are outlined in Chapter 5 and Chapter 6,

respectively.
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Chapter 5 discusses how a grammar-driven parser is developed using the Lexical-

Functional Grammar formalism and ParGram specification.

Chapter 6 chapter outlines the development of a data-driven parser using the

Universal Dependencies formalism and deep learning approaches.

Chapter 7 concludes with an outline and summary of contributions.
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2 PART OF SPEECH TAGGING

Identifying words’ lexical category or Part of Speech (POS) is critical for many natural
language processing systems, including syntactic analysis (Jurafsky and Martin, 2017;
Petrov et al., 2012). We need to know the POS of words in a given sentence to start the
syntactic analysis, irrespective of the formalism we use. Existing Tamil POS taggers
are either inaccurate or use a different POS tagset than the Universal Part of Speech
tags Petrov et al. (2012) used in the Universal Dependencies. Therefore, we developed
a POS tagger that tags words with their lexical category. A different set of labels (POS
tagsets) are being used based on the required depth of analyses. This chapter will
discuss the current Tamil POS tagging efforts and how I developed a POS tagger for
Tamil.

Lemmatisation is the process of identifying the word’s lemma or lexical root. This
process is also a crucial application for syntactic analysis. For instance, it is essential
to know the root of a given verb to identify its valency, and it can be used to check the
correctness of the given syntactical analysis. This chapter also describes how I trained

a lemmatiser to identify the lemma of a given word.

2.1 Literature survey

This section provides a detailed analysis of existing efforts in developing POS tagsets,
POS taggers, and POS datasets for Tamil. This analysis also compares various ap-

proaches that have been used to develop taggers for the Tamil language.

2.1.1 POS Tagsets

A Part of Speech Tagset is a collection of labels used to annotate the lexical category
of a token. Researchers have no common consensus on how to identify a tagset for
a language. Several different tagsets have been proposed, which differ in granularity,
naming convention, and the purposes for which the tagset is used. For instance, Petrov
et al. (2012) have tabled tagsets used in 25 different treebanks. The number of POS
tags in a tagset ranges from 294 POS in the Sinica treebank (Chinese) to 11 in the

SynTagRus Treebank (Russian). Fine granularity tagsets can provide more lexical
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Table 2.1: Tagsets used for POS tagging of Tamil

Citation tagset name no. of tags

Dhanalakshmi et al. (2009a) | Amrita 32

Pattabhi et al. (2007) BIS High-level = 11 and
Low-level = 42

Sarveswaran and Mahesan | New tagset High-level = 7 and Low-

(2014) level 10

Nivre et al. (2016) UPOS 17

information. On the other hand, depending on the availability of a higher order tool,
such as a morphological analyser or chunker, we may not need to go for too many tags,
especially in the case of morphologically complex languages, where a significant amount
of information can be extracted with the use of a morphological analyser. As discussed
by Sarveswaran and Mahesan (2014), tagsets can be flat or hierarchical. The most
appropriate tagset can be chosen depending on the application for which it is being
made. It is always possible to map from a hierarchical tagset to a flat tagset; however,
the opposite is not always possible. Table 2.1 shows the different tagsets developed for

Tamil so far.

2.1.2 POS Taggers

A POS tagger is a basic language processing tool that identifies the part of speech of
each word in a given text. Several attempts have been made to develop POS taggers
for Tamil and other Indian languages. Harish and Rangan (2020); Kumar and Josan
(2010); Antony (2011) have surveyed the POS tagger development for Hindi, Punjabi,
Malayalam, Bengali, Telugu, Tamil and Kannada. Among these, Malayalam, Telugu,
Kannada and Tamil are Dravidian languages.

Various approaches are being followed in the development of POS taggers. The
survey papers have outlined the following approaches used for Indian languages, Deci-
sion Tree (CN2), Maximum Entropy Markov Model, Conditional Random Field (CRF),
Hidden Markov Model (HMM), Support Vector Machine (SVM), and neural network-
based approaches such as RNN, LSTM and biLSTM. The accuracy of these approaches
ranges from 64.91% to 95.63%. Neural-based approaches, SVM and HMM, have been
giving relatively good accuracy compared to other approaches.

At least seven research studies have reported Tamil POS tagger development.
Among these, the following attempts listed below are reported in Rajendran (2006)
and Antony (2011), yet, the actual paper, report, or further details about these sys-

tems could not be obtained:
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e TagTamil: This is developed by Vasu Ranganathan using a lexical, phonological

approach;

e Ganesan’s POS tagger: Ganesan has developed a POS tagger using a dictio-
nary and a morphological analyser based upon the Central Institute of Indian

Languages (CIIL) corpus;

o Kathambam POS tagger: This is developed using heuristic rules and Tamil lin-

guistic features.

Apart from these three attempts, the other attempts are reported in Table 2.2,
where I have summarised the POS tagging accuracy reported in the respective papers.
I could not test them with a common dataset as they use different POS tagsets, and
most of the POS taggers are not available for public use. Among the reported work for
Tamil in Table 2.2, in Selvam and Natarajan (2009) and Mokanarangan et al. (2016)
tools, datasets, or/and any documentation are not available online. Dhanalakshmi
et al. (2009a) have published the POS tagged data they used to train their tool, yet,
they have not published their tool. As a result, these tools could not be tested with
the Universal Dependencies Treebank test dataset! which I used to test other tools.
Rather a discussion could only be made on the results authors mentioned in their
research publication. Avinesh and Karthik (2007) has released all the data and tools
online.? A recent work by Thavareesan and Mahesan (2020) compares different word
embeddings to develop a POS tagger for Tamil. Comparatively, Thavareesan and
Mahesan (2020) have reported the best result. The authors have found that Bag of
Words (BoW), Term Frequency-Inverse Document Frequency (TF-IDF) and fastText
work better when compared to Word2Vev and GloVE for Tamil POS tagging.

Stanza (Qi et al., 2020), and TranKit (Nguyen et al., 2021) are not just POS
taggers. Instead, they are NLP toolkits, which also have several other features. These
tools, however, use very recent technologies and approaches and are continuously being
developed. Further, these two are trained using the annotated dataset in the Universal
Dependencies repository. The TranKit discussed in Nguyen et al. (2021) is uses a state-
of-the-art approach called cross-lingual language modelling with BERT called XLM-R
(Conneau et al., 2020). Stanza Qi et al. (2020) is the successor of CoreNLP (Manning
et al., 2014) toolkit that supports for various core NLP tasks, including POS tagging

of around 100 languages which are available in the Universal Dependencies repository.

'https://github.com/UniversalDependencies/UD_Tamil-TTB/blob/master/ta_
ttb-ud-test.conllu
2github.com/avineshpvs/indic_tagger
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Table 2.2: Scores of POS taggers for Tamil POS tagging

Citation or Name Method Accuracy
Selvam and Natarajan (2009) | Rule-based + Projection and | 92.56%
Injection technique
Dhanalakshmi et al. (2009a) | Support Vector Machine 95.63%
Mokanarangan et al. (2016) Graph-based neural approach | 87.4%
Avinesh and Karthik (2007) BiLSTM + Conditional Ran- | 87.0%
dom Fields
Qi et al. (2020) BiLSTM 82.6%
Thavareesan and Mahesan | {BoW, TF-IDF, fastText, | 96% (99% for
(2020) GloVe, Word2Vec}+SVM | seen data)
and k-NN
Nguyen et al. (2021) Transformers 86.18%  and
87.64%

Table 2.3: Available POS tagged datasets for Tamil

Citation or name Tagset used Size (no. of tokens)
Dhanalakshmi et al. (2009a) | Amrita 227,000

AUKBC POS Corpus BIS 515,283

UD_ Tamil-TTB UPOS 8,856

UD_ Tamil- MWTT UPOS 2,625

2.1.3 Datasets

ment.
Table 2.3 shows the list of POS-tagged datasets available for Tamil. Among these,
Dhanalakshmi et al. (2009a) and UD_Tamil-MWTT? are human verified datasets.

Though the initial version of UD_ Tamil-TTB* was a human-annotated set, it was

3github.com/UniversalDependencies/UD_ Tamil-MWTT /tree/master

in the Universal Dependencies repository, despite its shortcomings.

4github.com/UniversalDependencies/UD_ Tamil-TTB/tree/master
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In this section, I document the list of POS-tagged datasets that have been made avail-
able for developing Tamil POS taggers. Unlike in the case of a rule-based POS tagger

development, datasets are essential for machine learning-based POS tagger develop-

later modified using scripts to accommodate multi-word tagging. Unfortunately, no
benchmark datasets, verified and widely accepted datasets for testing, are available for

Tamil. Nowadays, however, most systems are being evaluated using test datasets found




2.2 ThamizhiP OStagger

Table 2.2 has shown that there are several POS taggers available for Tamil. However,
except for the tools developed in Avinesh and Karthik (2007) and Qi et al. (2020), the
rest are not available for reuse. Among these, Qi et al. (2020) is trained with the use
of tagged data from UD_ Tamil-TTB,> which is not human-verified and has tagging
issues. In the case of Avinesh and Karthik (2007) it is not clear what the data source
is. Avinesh and Karthik (2007) has given only two long sentences using which their
system was tested. Further, the accuracy of this tagger is also not that high compared
to other Tamil POS taggers.

POS tagging is crucial for syntactic parsing, as all the syntactic analyses are, in one
way or another, based on the nature of the POS type. Given the current unsatisfactory
standing or performance of tools currently available for Tamil POS tagging, I have
trained a POS tagger called ThamizhiPOStagger, with uses Stanza, to cater to our

research needs.

2.2.1 The POS tagset

As outlined in section 2.1.1, several POS tagsets have been used for Tamil. These
vary in both their granularity and structure. I have decided to use the UPOS tagset,
originally proposed by Petrov et al. (2012), to develop ThamizhiPOStagger. Below are

the two reasons for doing so.

e the number of tags in the tagset is higher in certain tagsets since those try
to capture considerable morphosyntactic information in the POS tagset. For
instance, in the BIS tagset (Pattabhi et al., 2007), most of the second level
of information encodes morphosyntactic characteristics. However, if a reliable
morphological analyser is available, this can be used instead of complicating the
POS tagset. In our case, we have a morphological analyser (Sarveswaran et al.,

2019) and can use this in conjunction with a POS tagger.

o UPOS tagset is derived from a crosslinguistic analysis of several languages and
used to annotate more than 100 languages in the Universal Dependencies reposi-
tory. Therefore, if we tag something using UPOS, we would enable crosslinguistic
or at least better comparable analyses while also allowing us to use all the tools

developed around the Universal Dependencies repository.

UPOS has 17 POS tags as outlined in Table 2.4, as per Zeman et al. (2020). Among
these tags, ADP, AUX, CCONJ, DET, NUM, PART, PRON, SCONJ, PUNCT, and

SYM are specified as tags for closed class words, which means we should be able to

Shttps://github.com/UniversalDependencies/UD_Tamil-TTB/tree/master
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Table 2.4: UPOS tagset

Tag name | Description

ADJ Adjective

ADP Adposition

ADV Adverb

AUX Auxiliary

CCONJ Coordinating conjunction
DET Determiner

INTJ Interjection

NOUN Noun

NUM Numeral

PART Particle

PRON Pronoun

PROPN Proper noun

PUNCT Punctuation

SCONJ Subordinating conjunction

SYM Symbol
VERB Verb
X Other

make a finite list of words for each of these categories. However, in Tamil, we cannot

do this because of the following two reasons:

e Conjunctions in Tamil are not always marked categorically; in some cases, con-
junctions are resolved morphologically. For instance, 2 1b in seamewmen (kan-
nanum) ‘Kannan.NOM.CONJ’ marks conjunction within the word-form, which
cannot be categorically marked. The conjunction in this instance becomes sub-
sumed under the tag NOUN; this is determined by the category of the semantic

head of the given word.

e ADP represents almost all post-positions. Handling them in Tamil is also chal-
lenging, as, most of the time, these are suffixed to the main word. It is in effect
for this reason that the taggers developed in Nguyen et al. (2021) and Qi et al.
(2020) use a special type of tokenisation called multi-word expansion, with which
post-positions are segmented from the main word. In the tagger I have devel-
oped, I have handled them without the need to break them. I tagged the word
according to the category of the semantic head. For instance, 2igGLoed (atumel)
‘on top of it is marked as PRON.
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2.2.2 The approach

As outlined in section 2.1, particularly in Table 2.2, various approaches have been used
to develop Tamil POS taggers. These include rule-based, machine learning-based, and
statistical-based approaches. I need to implement a POS tagger to aid our syntactic
parser development. At the same time, I require the POS tagger to do contextual POS
tagging and want to make it as generic as possible.

Rule-based approaches require a large set of rules to capture the context and are not
robust enough when it comes to unseen words. On the other hand, machine learning
or deep learning approaches require a lot of tagged data to train a POS tagger. For-
tunately, we have some 100K POS tagged data for Tamil as outlined in Table 2.3. In
addition, there are customisable open source deep-learning frameworks such as Stanza
(Qi et al., 2020) available for public use, which can be used to build a POS tagger.
Further, the deep-learning approach is the state-of-the-art approach used for various
tasks, including natural language processing. Therefore, I decided to use a deep learning

approach to develop the POS tagger.

2.3 Methodology

In order to implement the supervised deep-learning approach with which I have de-
veloped the ThamizhiPOStagger, a POS tagger for Tamil, I used an off-the-shelf deep
learning framework — Stanza (Qi et al., 2020). This tool is the successor of the widely
used CoreNLP (Manning et al., 2014). Stanza is implemented with Recurrent Neu-
ral Networks (RNN), specifically consisting of a Bidirectional Long Short-Term Mem-
ory (BiLSTM) architecture. Stanza allows us to customise architecture and hyper-
parameters, including the number of layers, activation function, loss function, learning
rate, and many more. It provides a pipeline for parsing, which includes the tools for
tokenisation, POS tagging, multi-word expansion, lemmatisation, morphological pars-
ing, dependency parsing and Name-Entity Recognition. I have used all of these tools,
except for the Name-Entity Recogniser (NER). Because although NER may be relevant
for language processing, I could not find any publicly available datasets to train a NER
at the time of developing my parsers. Further, developing a NER was not within my
study scope.

In this section, I have outlined the steps that have been followed and the tools used

to implement the ThamizhiPOStagger.

6At the time of the development of ThamizhiPOStagger, trankit (Nguyen et al., 2021)
was not yet released. I have hence not explored it much, although it uses very recent and
state-of-the-art transformer pre-trained models.
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2.3.1 Data Preparation

Stanza consists of a pre-trained model for POS tagging of Tamil. However, this has
been trained on the UD_ Tamil-TTB treebank, which contains many tagging errors.
For this reason, I decided to retrain Stanza with a new set of data verified by humans.
There were two such datasets found, namely, the AUKBC POS-tagged corpus’ and
the Amrita POS-tagged corpus (Dhanalakshmi et al., 2009a). Both of these corpora
include a large number of POS-tagged tokens to train a deep-learning model. The
AUKBC POS-tagged corpus has more tagged data than the Amrita-tagged corpus:
515,283 tokens in total. However, all of its texts are taken from a classical Tamil
novel. The names are repeated in the corpus, and there are a notable number of texts
of conversations of various characters in the novel. On the other hand, the Amrita
POS-tagged corpus contains 227,000 human-verified POS-tagged tokens taken from
19,098 sentences from various contemporary Tamil news texts. I intend to develop
a POS tagger for contemporary written Tamil text. Therefore, I made use of the
Amrita POS-tagged corpus to retrain Stanza to implement the Tamil POS tagger —
ThamizhiPOStagger.

The next step in the process was to harmonise the Amrita POS tagset and the
UPOS tagset to convert the Amrita POS tagged corpus to a UPOS tagged corpus.
Since the Amrita tagset consists of 32 tags, while the UPOS tagset consists of 17 tags,
as outlined in Table 2.4, the harmonisation was not a straightforward task. Another
factor that needs to be considered is that Amrita captures morphosyntactic features at
the POS level. For instance, verbs are marked whether they are infinitive or gerundive
or adjectival or adverbial etc. in the POS tagging, although these information can be
captured using a morphological analyser.

I created a tag harmonisation table to map the Amrita tagset and the UPOS tagset
as shown in Table 2.5. The mapping of the common categories such as NOUN, ADV,
ADJ, PRONOUN, PROPER NOUN etc. was not difficult. However, I could not easily
map the Amrita category in one of the UPOS categories for the following categories
listed below. I ended up handling these case by case manually. In this way, I eventually

converted the Amrita POS-tagged corpus into the UPOS-tagged corpus.

o <QW> - question words were challenging as all the words with a question particle
are in the Amrita corpus marked with <QW > irrespective of whether it is a noun
or verb. For instance, eupgmerm (vantana) ‘did (he) come’ and jeuenm (avana)
‘is he’” are marked with <QW>. Therefore, in the annotated corpus, I looked at
each occurrence of <QW> and labelled this manually, whether it was a noun or

verb.

"http://au-kbc.org/nlp/corpusrelease.html

21


http://au-kbc.org/nlp/corpusrelease.html

e <RDW> - all reduplicated words, including nouns, verbs, and particles, are
marked in the Amrita’s corpus: <RDW>. These were also handled separately

and marked whether they were nouns, verbs, or particles.

Stanza, as mentioned earlier, is a parsing framework developed around the Uni-
versal Dependencies formalism and was used to train the POS tagger. It incorporates
a language processing pipeline to which raw text is fed, and then the text undergoes
tokenisation cum sentence splitting and multi-word expansion before starting any pro-
cessing. At this preprocessing stage, data has also been converted to CoNLL-U® format.
CoNLL-U is the popular format which is used to annotate dependency treebank. This
format was first proposed by Buchholz and Marsi (2006) in the name of CoNLL-X
(published at the 10th Conference on Computational Natural Language Learning). It
was later updated for the Universal Dependencies treebank with a few changes.

Stanza provides a tokeniser and multi-word expander. However, they are trained
using the UD_ Tamil-TTB treebank. This treebank has tokenisation issues where to-
kens are inappropriately broken. For instance, oenwdaLliLiL (amaikkappata) ‘to be
built” has been broken into the following tokens, which is wrong, and does not make
any sense: el&s (amaikka) and LuL (ppata). Therefore, I trained a tokeniser
cum sentence splitter and a multi-word expander using the Amrita corpus.

I developed my own script to convert the POS-tagged data from Amrita POS to
UPOS to CONLL-U format. This is the format in which treebanks are stored in the
Universal Dependencies repository. A sample of the CoNLL-U text is shown in Table
2.6. Eight different linguistic information are captured, apart from the token_ id, in the
CoNLL-U format. However, we only need the POS information for the development of
the POS tagger. In Stanza, POS and morphology training happen together. However,
since I focused only on the POS tagging, I filled all the other fields with dummy data (I
will cover the other fields in detail in Chapter 6 when I discuss data-driven parsing). In
this way, I converted all 227K tokens with UPOS tags to a CoNLL-U format. Sentence

structures were preserved, as it is quite useful to capture the context of a given word.

Table 2.6: CoNLL-U formatted text to train the POS tagger

Token POS
1| oG | | NOUN | | |0 | root | Oroot |
2 | @moufler | | NOUN | | |1 |dep |ldep | _
3 | Cpméswns | | ADV | 12 ]dep | 2dep | __
4| @Qm&ss | VERB | 13 |dep |3dep | __
5| anlL g | VAUX | | 4| dep | 4:dep | _
6 _ | PUNCT | _ | _ | 5| dep | 5dep | _

8https://universaldependencies.org/format.html
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Table 2.5: The harmonisation of the Amrita and UPOS tagsets

Amrita POS tag | Description UPOS mapped
ADJ Adjective ADJ
ADV Adverb ADV
CNJ Conjunction CCONJ
COM Complementizer SCONJ
COMM Comma PUNCT
CRD Cardinals NUM
CVB Conditional verb CCONJ
DET Determiners DET
DOT Dot PUNCT
ECH Echo words INTJ
EMP Emphasis PART
INT Intensifier ADJ
NN Noun NOUN
NNC Compound Noun NOUN
NNP Proper Noun PROPN
NNPC Compound Proper noun | PROPN
NNQ Quantity Noun NUM
ORD Ordinal NUM
PPO Postposition ADP
PRIN Interrogative Pronoun PRON
PRID Indefinite Pronoun PRON
PRP Pronoun PRON
QM Question mark PUNCT
QTF Quantifier NUM
QW Question word VERB
RDW Reduplication Word ADP
VAX Auxiliery Verb VAUX
VBG Gerundive Verbal NOUN
VF Finite Verb VERB
VINT Infinitival Verb VERB
VNAJ Nonfinite Adjective Verb | VERB
VNAV Nonfinite Adverb Verb VERB
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Table 2.7: Training - Development - Testing sets

Dataset Number of sentences
Training 13,098
Development 5,000
Testing 1,000

2.3.2 Training

As discussed in Section 2.3.1 19,098 sentences have been converted to CoNLL-U format.
These were then divided as a training, development, and testing sets as shown in Table
2.7. These data sets were fed to the Stanza framework to train the tokeniser cum
sentence splitter, the multi-word expander, and the POS tagger.

Stanza uses a BiLLSTM-based architecture, in which architecture parameters and
other hyper-parameters can be customised. We do not need to do much tweaking to
the architecture and the hyper-parameters as those are initialised with suitable values
that the processing has learned of many languages and with different configurations.
In fact, I changed parameters like the learning rate and drop-out rates. However, I did
not see any change in the score. Therefore, I used Stanza in its default configuration,
except for the parameter ‘number of epoch’, to train the tokeniser cum sentence splitter,
multi-word expander and the POS tagger.

Before the processing stage, all the text needed to be converted to vector forms
using an embedding process. There are different ways to embed (Mikolov et al., 2013;
Bojanowski et al., 2017), and each of these is good for different tasks. Stanza supports
word2vec or character-based word embedding. (Qi et al., 2018) In our case, character-
based word embedding was deemed more useful as it can capture morphological features
(Bojanowski et al., 2017). Instead of training my own character embedding model,
I used a pre-trained character model called fastText (Bojanowski et al., 2017) from
Facebook to do the embedding.

2.3.2.1 Tokeniser cum sentence splitter

As the first step, the Amrita corpus was fed to the tokeniser architecture of Stanza
in the raw text form as well as in the CoNLL-U format. The neural network will
learn to do the tokenisation and identify the sentence boundaries based on how text
are structured and sequenced in the Amrita corpus; here, the neural network has been
trained to predict whether a given character is the end of a token or the end of a
sentence. Once the training is over, the tokeniser and the sentence splitter can be used

on raw text to do the tokenisation and sentence splitter.
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2.3.2.2 Multi-word expander

The multi-word expander has an encoder-decoder architecture to learn about syntactic
units. It also uses a frequency lexicon that has been built during the training processes.
However, since we use Stanza, all these processes are abstracted, and we need to feed
a corpus in raw and CoNLL-U format. Therefore, in my case, I inputted the Amrita
corpus in both of those formats to train a multi-word expander. Further, the default
number of epochs for training was thirty. However, when this was increased to a

thousand epochs, I found good results.

2.3.2.3 POS tagger

Stanza uses a BiLSTM neural network architecture for POS tagging as well. I inputted
the Amrita training and development set to train the POS tagger. The POS tagger also
does the morphological analysis or finds morphological features. However, the training
data also must consist of them. The training data we used do not have morphological
features; see sample data on Table 2.3. Preparing and reviewing morphological features
require much labour. Therefore, in my case, I handled morphological features separately

using the morphological analyser that I developed; this is outlined in Chapter 3.

2.3.3 Evaluation and Discussion

Table 2.8 shows the accuracy for tokenisation, sentence splitting or sentence identifica-
tion, multi-word expansion, and the POS tagger - ThamizhiPOStagger.

Apart from the testing that I did with the test set, I inputted 100 sentences with
2,544 tokens taken from a random website to see how the tokeniser, sentence splitter
and POS tagger perform on a random, uncleaned dataset. This data set had some
quality issues, which I have not discussed here. Apart from data quality issues, I found
the following observations with the tools I trained when it came to an unseen and

uncleaned dataset.
e Analysis of the tokeniser:

— quotation marks are not tokenised: a tokeniser is expected to leave a space
between quotation marks and text. This is because the training dataset

does not have enough occurrences with quotation marks.

— wmp.Brs (yal.naka) has not been tokenised. Here the period denotes that
wimp is a short form of wmpliLimenrid. It may be that I need to add more

instances of this particular case to the training data.
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— in three instances, the question mark and exclamation mark, were not to-
kenised. This issue is also due to training data; I need to include more

sentences with the question and exclamation marks.
e Analysis of sentence splitter:

— titles are not properly handled during the sentence splitting. This is because
there is no specific end mark at the end of the title clause or sentence to
mark the end. Therefore, titles are not broken into sentences. Instead, it
is added to the subsequent sentence. Except for this issue, the sentence

splitter worked well.
e Analysis of POS tagger:

— a name acronym &ed(civi) has been tagged as a verb. In fact the lexical
meaning of this word is ‘make sharp’ Therefore, in a way, the tagger got

it correct. However, contextually, this is wrong.

— proper nouns are identified as nouns when they modify another noun. For
instance, cina in &ar Qeueflelany oemwdder (cina velivikara amaiccin)
‘Chinese Ministry of Foreign Affairs’ is tagged as noun, while cinavukku
in Farmeyd@ 2arLns (cimavukku utaka) - China.DAT through - ‘through
China’ is marked as proper noun. The reason for this outcome may be that
cina is a modifier form cina ‘China’ which functions as a noun modifier.
Whenever proper nouns function as a noun modifier, they are marked as a
noun in the tagged data. I am not quite sure how this has to be annotated,
anyway. However, if this way of annotation is correct, which means my

tagger has learnt linguistic information from the data.

— s1T in ovff efle Cary (sr1 vimala terar) ‘his-holiness Vimala Bhikkhu' - a
Buddhist monk - is marked as a proper noun, though it is adjective to mark
‘his holiness’. The reason for this observation could be that some people
have their short name as sr1, so it has a function of a proper noun in other

cases.

— interestingly, first name - nisanka in the full name flevis CsarrglLg
(nisanka cenatipati) is tagged as a proper noun, correctly, even though

lexically it can give the meaning of ‘Commander-in-Chief’ - a noun.
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Table 2.8: The evaluation results

Task Accuracy
Tokenisation 99.5%
Sentence identification 96%
POS tagging 93.27%

2.4 Conclusion and future work

2.4.1 Conclusion

I have explained how I developed ThamizhiPOStagger — a POS tagger for Tamil using
the neural-based NLP toolkit called Stanza. ThamizhiPOStagger gives the current best
score of 93.27%° for Tamil POS tagging using the Universal Part of Speech (UPOS)
tagset, among the tools available for public use. I have also outlined the tools and
resources available for Tamil POS tagging. As has been shown, very much as is the
case with other Tamil NLP tools, not many tools and resources are available for Tamil
POS tagging. Even the ones that are available have not been made public. This tool can
be used to generate POS-tagged data for developing or aiding other NLP applications
such as spell checkers and machine translation engines.

I have made the following contributions with respect to the Tamil POS tagging:

1. T have created a state-of-the-art POS tagger for Tamil to tag data using the
popular UPOS tagset. I have made this available as a Python library called
thamizhilip (Thamizhi Linguistic Processing Library),!?, which can be easily set

up and used in computers.

2. In addition to the POS tagger that can tag using the UPOS tagset, I have also
published a POS tagger, which can be used to tag text with the Amrita POS
tagset. This integrated feature is useful for doing fine-grained POS tagging. This
is also integrated into the thamizhilip python library.

3. I have rendered a harmonisation of the Amrita POS tagset and UPOS tagset

More information associated with the ThamizhiPOStagger - POS tagger and the an-
notated data generated can be obtained here: http://nlp-tools.uom.lk/thamizhi-pos/
and https://github.com/sarves/thamizhi-pos

9T have also published this result in one of my paper (Sarveswaran and Dias, 2020)
Ohttps://pypi.org/project/thamizhilip https://sarves.github.io/thamizhilip
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2.4.2 Future work

The arrival of a new deep learning architecture called Transformer (Vaswani et al.,
2017) outperforms most of the existing architectures, including the one we used to
develop ThamizhiPOStagger. One can now explore how this architecture can be used
to improve POS tagging. On the other hand, one can argue that the Transformer is too
much of an expensive device to use for a POS tagging task. A transformer-based NLP
tool kit, namely TranKit, has been published (Nguyen et al., 2021) and is inspired by
Stanza. TranKit also has a POS tagging tool and a pre-trained POS tagger for Tamil. 1
strongly believe that with the data I have prepared, we can achieve better performance
for Tamil POS tagging if TranKit is used. Due to time constraints, however, I have not
tried this yet. However, it will be worth investing some time to experiment with this
in the future.

Further, it will also be worth exploring how much linguistic information is captured
through the POS tagger, as briefly done in 2.3.3. One can do this analysis by carefully
going through a POS-tagged corpus. However, such an analysis demands strong Tamil

language expertise and a linguistic eye.
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3 MORPHOLOGICAL ANALYSIS AND
GENERATION

3.1 Introduction

This chapter gives an outline of how ThamizhiMorph, a morphological analyser and
generator for the Tamil language, has been developed using a Finite-State compiler.
The chapter also gives an account of the nominal and verbal morphology of Tamil
and the challenges faced when handling them in ThamizhiMorph. The chapter also
documents the previous attempts to develop morphological analysers and generators
for the Tamil language. In addition, approach and technology choices are also justified
in this chapter. ThamizhiMorph has been published online as a usable tool and as a
Python library for people to use and extend. This chapter is an extended version of a

journal article published as Sarveswaran et al. (2021).

3.2 Tamil Morphology

In this section, I describe the morphology of Tamil in detail. In traditional gram-
mar, Tamil words are categorised into four types, namely nouns, verbs, particles and
intensifiers (Senavaraiyar, 1938; Thesikar, 1957). For the purpose of this research to
develop a morphological analyser cum generator for Tamil, I have categorised Tamil
words into nouns, verbs, adjectives, adverbs and particles. This categorisation renders
the development more efficient as these contain the most number of words. Moreover,
words in these categories are considered content words, which are used to mark the
primary dependencies in the Universal Dependencies formalism. This will also reduce
the complexity in drafting rewriting rules or phonological rules to be discussed in later
sections. These categories are additionally advantageous as they mostly have non-
overlapping morphological rules. These categories will each be discussed in detail in

the following sections.
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3.2.1 Nominal Morphology

Nouns in Tamil are primarily marked for number and case. These features are ex-
pressed as suffixes that are added to a 1. lemma form or 2. oblique form (which will
be discussed later in this section). In addition, an oblique form can take euphonic and
other phonologically motivated material before the number and case suffix (Caldwell,
1998; Shanmugadas, 1982; Lehmann, 1993).

The number or/and case suffix can be just added to a lemma form, as in example
(1) (a) and (b). Apart from such simple suffixation, a glide letter ( W / 6u) (y/v) may
be inserted, as in Example (1) (¢), or a consonant (&/ U / & [ ) (k/p/c/r) may be
inserted, as in Example (1) (d). In addition to these, an assimilation process may also
occur where an existing letter is changed to another, as in Example (1) (e), where &

becomes .

1) (a) sdenyaer (katiraikal) ‘chairs’
sdleny  -&eT
katirat  -kal

chair PL

(b) sdlevrs@ (katiratkku) ‘to a chair’
sHoT  -5G
katirai  -kku
chair DAT

Y

(c) sdlevrwLen (katiraiyudan) ‘with a chair
sFHeny - -2 L@
katirai -1 -udan

chair GLIDE SOC

(d) U&ger (pukkal) ‘flowers’
L, -& &6
PU -k -kal
flower SANDHI PL

(e) Lmaer (purkal) ‘grasses’

Lev -&6T
pul -kal
grass PL

Oblique forms are generated primarily by doubling the last consonant or adding a

compulsory oblique suffix. This process makes a stem eligible to receive case markers
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in some noun classes (Krishnamurti, 2003). These are referred as cariyai in Tamil
grammar books (Nuhman, 1999; Thesikar, 1957). ©=ib (am), 158! (attu), and DM
(attu) are the widely seen oblique suffixes in texts. Examples for obliques are shown in
(3).

Number and case suffixes are bound morphemes. However, in modern Tamil, case
suffixes can also be seen separately as free morphemes. Lehmann (1993) also points

out the possibility of their occurrence as free morphemes in Tamil.

3.2.1.1 Structure of simple Nouns

The morphology of a simple Tamil noun, without any derivations and compounding,
is depicted in the formulas in (2) (a) and (b). There are nouns with two euphonic
markings in the corpora used for this research study, as shown in (2) (b). Euphonic
morphs such as e (an) and @eor (in) are purely phonological increments (Lehmann,
1993). However, the exact functions of these increments are yet to be understood. (3)
shows a few different ways a noun can be formed from an oblique base. A stem can take

only one oblique suffix; however, it can take multiple instances of euphonic morphs.

(2) (a) Noun = lemma-form (4plural) (4case)
(b) Noun = oblique-form (+plural) (+euphonic)? (+case)

(3) (a) wrmsaiemme (marangkalinaal) ‘by trees’
ID ST Qe
maram kal  in aal

tree PL EUPH INST

(b) wrsHensE (maratinukku) ‘to a tree’
opd  2A5E G &
maram  attu n ku

tree OBL EUPH DAT

(c) elas@ (aavinukku) ‘to a cow’
< Qa2 G
aa in u ku

cow EUPH EUPH DAT

Nouns in Tamil can also be derived from verbs. Although derivational morphology is
not within the scope of our work, I have handled some derivations as part of the verb

morphology outlined in 3.2.2.
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3.2.1.2 Plurals in Tamil

Tamil noun stems are singular by default. The plural suffix is a bound morpheme in
Tamil that is marked by &er (kal). However, this marker is also used as an honorary
marker in present-day Tamil usage, especially when added to the third person pronoun

Sjef-&ar (avar-ka]) ‘he.3SEH

3.2.1.3 Cases in Tamil

Traditional grammarians have identified 8 cases including a vocative (Senavaraiyar,
1938; Thesikar, 1957). However, modern linguists (Nuhman, 1999; Paramasivam, 2011;
Lehmann, 1993) argue that the instrumental case in traditional grammar should be
treated as two, namely instrumental case and sociative case. In the analyser, I adapted
this modern classification, and the 9 cases along with the respective markers are shown
in Table 3.1.1

Several of the above case markers are free morphemes, specifically locative, socia-
tive, ablative and instrumental markers (Lehmann, 1993). For instance, gmefuwimed
(saaviyaal) ‘*key.INST’ can also be written as gmedl epeod (saavi muulam). However,
these free morphemes are not always used to mark cases. ThamizhiMorph currently
does not identify these free morphemes as case markers. They are marked with their
original lexical category. For instance, epeid (muulam) ‘origin’ will be marked as a
noun instead of as an instrumental case marker. However, one can build a tool on top of
ThamizhiMorph to easily identify the case marking functions of these free morphemes
based on the POS tag of the adjacent words.

Rationality and gender are essential attributes of nouns that are shown in the
analysis, as these are valuable for syntactic and semantic processing. Tamil does not
have a definite marker. Definiteness is expressed with demonstrative markers or by
marking irrational objects with the accusative case marker (Lehmann, 1993). While
the object of a sentence may be marked with the accusative case, this is compulsory only
for rational objects (Lehmann, 1993; Nuhman, 1999). Therefore, when an irrational

noun has an accusative marker, this essentially marks that noun as definite.?

!Thesikar (1957) lists 28 case markers for the locative case and 10 case markers for the
vocative case. Collectively, most of these markers are rarely used in present-day Tamil, and I
have, therefore, not included all of them in the current version of ThamizhiMorph.

2Tamil is a Differential Object Marking (DOM) language. DOM will be covered in detail
in Chapter 4.
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Table 3.1: Case markers considered for ThamizhiMorph

Morpheme Morphs / suffixes Example
Nominative | - W (maram) ‘a tree’
Accusative e (a7) rseng (marattai) ‘the tree’
Instrumental | <60 (aal) LSS (marattaal) ‘using a tree’
Sociative @0 o-Lom WrsgILen (marattutan) ‘with a tree’
(otu, utan)
©,55,2155,2-5

Dative Or88I5E (marattukku) ‘to a tree’

(ku, kku, akku, ukku)
Ablative @ev/@e+@Qedl(mBgl | rSSHOlmBgE (marattiliruntu)

(il /in+iliruntu) ‘from a tree’

3G, 2L, @i

Genitive wrgdler (marattin) ‘of a tree’
( atu, utaiya, in)
o, @L LD A
Locative 8. & wrSE (marattil) ‘on a tree’
(il, itam)
’ ’ FF
Vocative it wrGw (marame) ‘oh a tree!’
(aa,ee,ii)

3.2.1.4 Nominal paradigm

Rajendran (2009) has proposed a noun paradigm incorporating 26 classes based on
their morphophonological properties. Among these 26 classes, nine classes are used to
capture the morphophonological rules pertaining to pronouns. I took all 16 classes for
non-pronominals from this paradigm to develop ThamizhiMorph. For pronominals, I
extended nine classes to 38 classes to make the development less complex. Although
many pronouns are subject to the same morphophonological rules, they produce differ-
ent analyses or lexical strings. Therefore, these were sorted into different classes.

The paradigms I used for nouns that are not pronominal are shown in Table 3.2.
I have selected one word to represent each class, as Rajendran (2009) does, and the
classes are named on the basis of that representative lexical item. Class distinctions are
here determined by the last vowel modifier (or vowel) [class 1-3,6-8], consonant [classes
4-5,9-16], or whether it is a two-letter word [class 10 and 11], whether it is a two-letter
word and the first letter ends with a long vowel modifier (or vowel)[classes 13 & 14,
6 & 7). T have also developed a script to classify nouns into their respective classes.?
Classes 6 & 7, and 13 & 14 have been separated into different classes even though they
have the same last character in the orthography. This distinction has been motivated

by the fact that nouns in these classes differ in conjugation patterns. Certain nouns can

3https://github.com/sarves/Tamil-Noun-Classifier
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have several conjugational forms, which are widely accepted to mark plurality or case.
Tamil grammar texts also accept such multiple forms, and refer it as Gumed (poli)
(Nuhman, 1999; Thesikar, 1957). For instance, naal ‘day’ shows conjugations of class

4 and class 14 in present-day Tamil. Therefore, I have included naal in both classes.

3.2.1.5 Nominal conjugational forms

I have made use of 36 declension forms for Tamil nouns, which cover plural and case
conjugations, along with external Sandhi markers. Each noun root takes case markers
both in its singular and plural forms. Furthermore, nouns in their dative or accusative
forms can also take one of four external Sandhi markers. Altogether, this yields 36
nominal conjugational forms. Since it is also common to suffix postpositions to nouns,

I am in the process of also including such constructions as part of ThamizhiMorph.

3.2.2 Verbal Morphology

The structure of a simple verb in Tamil is shown in Formula (4). The euphonic particle
a7 (an) is optional. The medial particle is used to realise tense (past, present and
future), or to negate the verb (Pope, 1979; Lehmann, 1993; Paramasivam, 2011). The
terminal suffix of a finite verb is used to realise multiple types of information such
as number, person, gender, and rationality (or status) (Pope, 1979; Lehmann, 1993).
However, this terminal suffix cannot be chunked or divided to extract these information.
For instance, in (5), -aan denotes that the terminal-suffix is third person, singular,
masculine, and rational. As for other morphosyntactic features, Tamil has singular and
plural values for number, first/second/third person values, and three gender values:
masculine, feminine and neuter. In addition to these three genders, a fourth class called
‘epicene’ is used to mark the third person plural forms of rational entities (Lehmann,
1993). This is what affects the choice of the correct terminal suffix.

(4) Verb=lemma-form+ <medial-particle>+(euphonic-particle) + <terminal-suffix>

In addition to simple verbs, Tamil also has complex or compound verbs with more
than one verbal root, which may express mood, aspect, negation, interrogative, em-
phasis, speaker perspective, conditional, and causal relations (Annamalai et al., 2014).
Agesthialingom (1971) claims that Tamil can have up to four verbal roots in one verb
form. For instance, there are four verbal roots in the complex verb in (5): vaa ‘come’,
kol ‘hold’, iru ‘be’ and iru ‘be’. kol ‘hold’ and iru ‘be’ in the middle together signal
a continuous aspect. In (5), we observe that verbal conjugation is only expressed on
the last verbal root of the sequence, where it takes tenses, person, number, and gender

(PNG) marking. The preceding verbs appear either in a participial or infinitival form.
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Table 3.2: The Tamil nominal paradigm used for ThamizhiMorph

No. | Class name Plural Sample case markers
Marker
1 &L (kataa) ‘male goat’ or L& | &-&eT med, eUmed, @|Le, e &@ (vai,
(pasu) ‘cow’ (k-kal) vaal, vutn, vukku)
2 &0l (eli) ‘rat’ or QpUI (ney) | &6 (kal) | eow, wmed, wLew, W&@ (yai,
ghee7 yaal, yutn, yukku)
3 F (47) ‘house fly’ H&eT W, Wme, wLem, W@ (yai,
(kkal) yaal, yutn, yukku)
4 BreT (naal) ‘day’ or &me | &er (kal) | en::, «xm, cro, Goxm (4, aa, u, 00)
(kaal) ‘leg’
ue (palar) ‘many people’ - s, xm, s, Qo (4, aa, u, 00)
&m(h (kaatu) ‘forest’ &aT(kal) | Leni, LLmed, L(H&@, LG
( tai, taal, tukku, tootu)
auer(h) (vandu) ‘beetle’ &ar (kal) | en::, oxm, oo, Goxm (4, aa, uu, 00)
<M (aaru) ‘river’ &6 (kal) | eom, prev, @&, Cor@® (rai, raal,
kku, rootu)
9 sewr (kan) ‘eye’ &eT (kal) | anewr, EWIMEL, G@MILGT, GNI&HES,
(nai, naal, nutan, pukku)
10 | Qumewr (pon) ‘gold’ aar (kal) | enewr, evmed, enil 6T, @@ (nai,
naal, nutan, nukku)
11 | wrewreen (maanavan) ‘stu- | §&er (1) | enew, emed, L 60T, &GS (nai,
dent’ naal, nutan, nukku)
12 | yev (pul) ‘grass’ M&6T M6, e, IL6, &S (lai,
(rkal) laal, lutan, lukku)
13 et (mul) ‘thorn’ L_&aT GOEIT, ATV, @I_Gb'r, @é;@ (lad,
(tkal) laal, lutan, lukku)
14 | mmer (naal) ‘day’ L&aT v, o, oo, G (i, aa, uu, 00)
(thal)
15 | wiyd (maram) ‘tree’ BIGET SMs, 5FM@0, 5516, SCHT(H
(rikal) (ttai, ttaal, ttukku, ttootu)
16 | &oul (suvar) ‘wall’ &6 (kal) | Devm, HOTL, HMSE, HCHTH

(rrai, rraal, rrukku, rrootu)
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(5)  eupgiQsery S HESDreT
vantukontiruntirukkiraan
vantu-kontiru-iru-kkir-aan
come.VPART-hold__be.VPART-be-PRES-3SMR

‘(he) has been coming’

Complex verbs in Tamil can be written as separate tokens, as in (6), or as a single
token, as in (7). If a complex verb is written as one token as in (7), then the analyser
should provide a proper analysis, including identification of all the verbal roots in it.
In the development of ThamizhiMorph I have so far only handled instances of up to
two verb roots that are written together and frequently occur in the text. Thus so far,
excluding the analysis of verb forms of the type in (5), which include up to four verbal
roots. I have analysed complex verbs where the second verbal root functions either as
an auxiliary or a light verb. For instance, Sarveswaran and Butt (2019) show how the
verb Qa&m() (kotu) ‘give’ functions as a light verb when it occurs as the second verb in
a complex verb, as shown in (8). I note, however, that more studies are needed to fully

analyse the functions and structure of complex verbs in Tamil.

(6)  eummisg QFuigmem
vang-a-c sei-t-aan
buy-INF-SANDHI-C do-PAST-3SMR

‘(he) made someone buy.

(7) eummssClsuigmen
vang-a-c-sei-t-aan
buy-INF-SANDHI-C-do-PAST-3SMR

‘(he) made someone buy.

(8)  eummdlsQET(hdsmer
vankik-kotu-tt-an
buy-VPART-SANDHI-K-give-PAST-3SMR

‘(he) bought for someone’

As a step towards this goal, I have identified a set of verbs which form complex verb
forms together with the main verb. I have categorised these according to their structure
and function, primarily based on the discussions in Boologarambai (1986), as shown
in Table 3.3, and incorporated them into the morphological analyser ThamizhiMorph.
However, more work is required to identify more complex verbal conjugational forms

and incorporate them to ThamizhiMorph.
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Table 3.3: List of complex verb forms

used in ThamizhiMorph

Verb types Verb roots* Structure of a finite verb
Aspectual @@ (iru) ‘be’, main-verb+vp
verbs Qamewriq(m (kontiru) ‘keep’, +aspectual-verb-+TENSE+PNG

@ (vitu) ‘leave’
Wlg (muti) ‘finish’

Attitude verbs

Gurm (po) ‘go’

Gur® (potu) ‘put’,
st (tallu) (push),
& (tiir) ‘solve’,
Q@gmene (tolai) ‘get lost’

main-verb-+vp

+attitude-verb+TENSE-+PNG

Non-attitude
or Light Verbs

@0 (itu) ‘put’,
Qam(® (kotu) ‘give’,
umy (paar) ‘see’,

o (vaa) ‘come’

main-verb+INF +non-attitude-

verb+TENSE+PNG

Modal verbs

Gouar(h (veentu) ‘want’,
gy (kootu) ‘may’

main-verb-+INF

+modal-verb4+TENSE+4PNG

Causatives vera (pannu) ‘make’, main-verb+INF
Qe (sei) ‘make’, +causative-verb+TENSE+PNG
o (vai) ‘cause’

Passivisers u@® (patu) ‘suffer’, main-verb+INF

Cum (peru) ‘get’

+passiviser+TENSE+PNG

3.2.2.1 Verbal paradigm

Tamil verbs can be classified on the basis of criteria that can be either morphological,
syntactic or semantic (Paramasivam, 2011). Many scholars, including Lisker (1951),
Graul (1855), and Arden (1910) have classified verbs on the basis of what their mor-
phophonemic changes they display as part of their conjugations. Graul (1855) has
provided an early classification on which other scholars have built their proposals, in-
cluding Irakavaiyankar (1958) and Sithiraputhiran (2004). Graul’s classification has
also been adopted for the Tamil lexicon project (Rajaram, 1986). This classification of
Tamil verbal lemmas includes 12 categories or classes and is based on the tense mark-
ers as displayed on the verbs. I have also adopted this classification and extended it

slightly, as shown in Table 3.4; this is because I have further separately incorporated

4Note: I have given the literal meaning of the verbs in the column - Verb roots. However,

when functioning as an auxiliary or light verb, these meanings may not hold.

37



complex and irregular verbs. As shown in Table 3.4, when verb forms are conjugated for
tense markers, these are not just added to the lemma form via concatenation. Rather
changes or new letters may be introduced, and these constructions are handled with the
use of alternation rules. For instance, in class 12, when the past tense marker is coined,
it is not just added to the lemma, e.g. (BL+& (nata+t) ‘walk. SANDHI-T. Instead, the
letter 5 (nt) is inserted as in BL+B+& (nata+n+t). A similar behaviour presents in
other classes as well.

In addition to these classes, I have also identified five irregular verbs that are
processed separately within the paradigm: &mewr (kaan) ‘see’, aum (vaa) ‘come’, &m

(saa) ‘die’, & (taa) ‘give’, Gou (vee) ‘boil. These are also shown in Table 3.4.

Table 3.4: The Tamil Verbal Paradigm used for ThamizhiMorph

No. | Class name Past Present tense marker Future tense

tense marker

marker
1 Q&w (sei) & (1) o, Slerp (kir, kinr) o, 2.1d (v, um)
2 26T (aal) L (1) Ao, Sep (kir, kinr) 6, 2 1b (v, um)
3 Q&med (kol) m(r) o, Slep (kir, kinr) ou, 2 1b (v, um)
4 &l (kati) & (t) &, Slerm (kir, kinr) o, 2.0 (v, um)
5 Sl@eh& (angu) @eir (in) | &, Hen (kir, kinr) al, 2 1b (v, um)
6.1 | <@ (atu) L (1) Ao, SHep (kir, kinr) o, 2 1b (v, um)
6.2 | B@ (naku) & (k) o, Slewp (kir, kinr) o, 2 1b (v, um)
6.3 | 2m (urw) o (r) o, Serm (kir, kinr) o, 2.1d (v, um)
7 o et (un) L (1) Ao, Serp (kir, kinr) (1, 2.0 (p, um)
8 Sl (tin) m(r) o, Slem (kir,kinr) U1, 2.0 (p, um)
9 Qamar (kol) C( 1) &, Slem (kir,kinr) U, 2 1d (p,um)

10 | Hlév (nil) m(r) S, Sep (kir,kinr) (1, 2.b (p, um)
11 | <usfl (abakari) | & (t) &8, &len (kkir, | L, 210 (pp, um)
kkinr)

12 | BL (nata) & (1) &8, &dlep (kkir, | L, 21b (pp, um)
kkinr)

3.2.2.2 Verbal conjugational forms

Annamalai et al. (2014) have identified 254 forms for each Tamil verb following a
rigorous analysis of their corpus of contemporary texts. Some verbs may, however, not
take all of the 254 forms. Rajaram (1986) has identified 21 forms for each verb from
a pedagogical perspective. On the other hand, Kumar et al. (2010b) claims that a

Tamil verb lemma can take up to 8,000 forms if derivations are also considered. In
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our ThamizhiMorph 1 have implemented 260 inflectional forms. These forms are the
set common to Annamalai et al. (2014) and Rajaram (1986). For each lemma, 260
forms are generated and analysed. However, more forms can easily be added to the
system without the need for any additional programming using the Meta-Morph rules

(Sarveswaran et al., 2019) discussed in Section 3.6.3.

3.2.3 Adjectival Morphology

In Tamil, there are two sorts of adjectives: pure adjectives and derived adjectives. Pure
adjectives are words that are used as adjectives without requiring any suffixation. The
derived adjectives have different functions and based on them, they undergo different
derivations. I have handled only the attributive type of adjectival derivation, which is
formed by adding the suffix <@}, -aana ‘an adjectiviser’ to nouns, as shown in (9), in
ThamizhiMorph. In addition to the adjectiviser mentioned, there are a few other ones
that are also reported in literature (Nuhman, 1999). I will incorporate them in future

when I develop a full-fledged derivational morphological analyser.

9) 2 WTLOTEn
uyaram-aana malai
tall-be mountain

‘tall mountain’

In addition to these two types of adjectival categories, adjectival participles and
nouns can also modify a noun, as shown in examples (10) and (11). Even though these
do not fall under an inflectional morphological analysis of adjectives, I have handled
the derivation of adjectival participles as a part of verbal morphology, given that these

are morphologically derived from verbal forms.

UbhS GHLIWLIGIT

va-nt-a patyan

(10)
come.PAST.ADJ-MARKER BOY

‘The boy who came’

Sl LenL
amaiti-p patai
peace.SANDHI-P FORCE

‘A peace force’

3.2.4 Morphology of adverbs

Similar to adjectives, adverbs in Tamil come in two types: pure adverbs and derived

adverbs. Pure adverbs are word forms that are themselves used as adverbs without
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requiring any sort of suffixation; for instance, in (12), the adverb nerru ‘yesterday’
does not have any suffixation on it. Several adverbs are subsumed under this type,
namely, temporal, frequency, place, degree and affirmation (Nuhman, 1999). Manner
adverbs fall under the second type, i.e. derived adverbs. These derived adverbs are

formed by adding an adverbial suffix -aka/ay 'become’ to nouns, as shown in (13).

©fulul QUBS e

Nerry vantan
(12)

yesterday came (he)

‘He came yesterday’

Cousong  eubSmen

veham-aka  vantan
(13)

speed-ADV  came (he)

‘(He) came fast’

In addition to these two types, adjectival participles and nouns can also modify nouns.
Even though these do not fall under the remit of inflectional morphology, I have still
handled their derivation as a part of verbal morphology.

In this section, I have discussed the morphology of the Tamil language, especially
the inflectional morphology of nouns, verbs, adjectives and adverbs. I have also briefly
discussed derivational morphology where necessary. It is now evident that Tamil has a
complex morphological system. The following sections will outline different approaches
used to implement morphological analysers for Tamil, primarily, and how I implemented
the proposed Tamil morphological analyser and generator using the Finite-State Mor-
phology. These sections also cover the background required to understand the used

technology stack.

3.3 The Finite-State approach

This section aims to give an overview of the Finite-State approach and how it is used
to develop morphological analysers and generators. As outlined in Section 3.4, the
Finite-State approach has been successfully used to develop morphological analysers
for various South Asian languages. Further, I have also used this approach to develop
the proposed Tamil morphological analyser. Further, this section will also outline an
open-source tool called Foma, which is used to implement the proposed morphological

analyser.
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3.3.1 Finite-State Morphology

Finite-State machines are widely used in language processing applications, including
grammar checking and language validation. The Finite-State Transducer is a type of
Finite-State machine which has two tapes instead of one, as is typical in a Finite-State
Machine. These are the input tape and the output tape (Jurafsky and Martin, 2017).
This idea of two tapes (two-way traversals) has been mapped to morphological analysis
and generation. Koskenniemi (1983) came up with an idea of two-level morphology
where the one level represents the surface form of the word and the level represents
the analysis of a given word, as shown in Figure 3.1. This idea of a two-level morphol-
ogy is successfully modelled using Finite-State Transducers, where one tape is used for
morphological analysis while the second one is used for the generation. For instance, in
Figure 3.1, one level shows the surface form ‘runs’, and the analysis of that word is given
in the other level as ‘run+V+3p+Sg’. The concept of a two-level morphology and mod-
elling with a Finite-State Transducer (FST) is called Finite-State Morphology (FSM),
and it is outlined in Beesley and Karttunen (2003). According to this model, if we input
the surface form (for instance, ‘runs’), we will get the analysis (‘run+V+3p+sp’). The

vice versa will also work, and it is called morphological generation.

An aly sis run+VI3p+ Sg

Y Y

Morphological Analyzer Morphological Analyzer
Word form runs

Figure 3.1: Two-level morphology
source: https://fomafst.github.io/morphtut3.png

An FSM approach has been widely used to develop successful early applications
for morphologically rich languages such as Finnish and Russian (Koskenniemi, 1983;
Karttunen and Beesley, 2001). Subsequently, it has been taken up by researchers de-
veloping morphological analysers for other languages, including South Asian languages
such as Urdu (Bogel et al., 2007), Sindhi (Rahman, 2016), Nepali (Prasain, 2011), and
also for the morphologically complex Australian language Murrinh-patha (Seiss, 2012).

Several tools have been developed to model FSM. Proprietary tools like the Xerox
Finite-State Transducer (XFST) (Beesley and Karttunen, 2003), and the FSM Library
from AT&T (now in OpenFST) have been widely used in the past. Open source
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solutions like OpenFST (Allauzen et al., 2007), HFST (Lindén et al., 2009) and Foma
(Hulden, 2009) are also employed. XFST has been used widely as an aid to grammar
engineering in the LFG/XLE context (Beesley and Karttunen, 2003; Butt et al., 1999;
Rahman, 2016) as part of the ParGram effort. However, I wanted to choose an open-
source tool with an active status. Further, since I wanted to use the analyser for the
purpose of developing grammar according to the ParGram style grammar, the analyser
should produce an output compatible with the XFST format. Foma satisfies all these
constraints. Therefore, I used Foma to implement the proposed Tamil Morphological
Analyser and Generator (MAG).

3.3.2 Foma

Foma is a C library and a compiler that is used to develop Finite-State Transducers
(FSTs) for various purposes, including the development of language applications such
as a Morphological Analyser and Generator (MAG). In this section, I briefly discuss
how Foma can be used to model inflectional morphology.

Developing an FST-based morphological analyser generally requires two compo-
nents: 1) a list of morphs (morphotactics and lexicon); 2) alteration rules (mor-
phophonological rules or orthographical rules) (Beesley and Karttunen, 2003; Hulden,
2009). Foma employs these two components as well. A lexicon component shows the
ordering restrictions of the root and its morphs and maps them to an intermediate or
final form. For instance, (14) (a) shows how a plural morpheme can be mapped to
intermediate forms, where the morph s is used to mark the morphemes +Noun and
+PI. In these entries, A is used to mark the morpheme boundary. As shown in (14)

(b), this does not quite yield the final results for all constructions.

(14)  (a). cat +Noun +Pl:catAs
(b). watch +Noun +Pl: watchAs

This is where the second component, i.e. alteration rules, comes in. Here, I define the
morphophonological or orthographic changes which take place. In other words, as a
first step, I consider the generic scenario, where root forms take s to mark plurality,
and then write alternation rules for the exceptional cases, as in (16). In Foma, I can
define such a rule, as in (15), where I define, for example, an elnsertion rule for plural
constructions which allows for the addition of the letter e in front of the plural morph s
whenever a noun ends with the letters ch. In this way, the final plural form for watch is
generated as watches. 1 can define any number of such rules and can then concatenate

them and apply them to the output of the lexicon component to get the final forms.

(15)  define elnsertion [..] -> e || ch __ A s;
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Words of a language can be divided into different classes based on their morphophono-
logical behaviour. In developing a morphological analyser, I needed to define different
lexicon components for each identifiable word class. Each of these lexicon components
is associated with different sets of alteration rules.

For instance, (16) shows a simple example with two classes of lexicon entries, where
the word form ‘watch’ is resolved both as a noun and a verb. As in (15), the alteration
rule will be applied only for Class-1, i.e. for lexicon entries with +N. When these
lexicon entries are compiled as a Finite-State transducer, we will get a network shown
in Figure 3.2. In this network, if we feed cat+s, we will get the analysis of cat+N+PL.
Similarly, if we feed cat+N+Pl, we will get the generation of cat+A+s.

(16) o Class-1:
—cat +N +Pl:catAs
—watch +N +Pl: watchAs

o Class-2:

—watch +V +3P +Sg: watchAs

{ryita_@m.@__ +Sa0>

v @O @@ e ()

c <N = T
O

Figure 3.2: Finite-State transducer network
source: https://fomafst.github.io/minilex.png

O«

Different classes can be stored as lexc files that can then be concatenated as neces-

sary by the integration of alteration rules.

3.4 Literature survey

This section outlines the existing efforts in developing a morphological analyser and
generator for Tamil, primarily. As you will see, although there are some attempts to

develop analysers, none of them is available online or maintained or open source.

3.4.1 Approaches for developing Morphological analysers

There are rule-based, machine learning (Kumar et al., 2010a,b) and deep learning ap-
proach (Premjith et al., 2018) proposed for the development of morphological analysers

for various languages, including Dravidian languages are used in literature. However,
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only Premjith et al. (2018) has used a deep learning approach for a Dravidian language
(Malayalam). This may be due to inadequate data available for the training of a deep
learner, as stated in Bhattacharyya et al. (2019). It may also be challenging to gener-
ate the required amount of morphologically annotated content by hand to train a deep
learner. On the other hand, rule-based approaches yield immediate and high-quality
analyses and have been widely employed for morphologically rich languages, including

South Asian languages.

3.4.2 Morphological analysers for South Asian languages

Several studies have been done on FSMs for South Asian languages. One of the earliest
was Bogel et al. (2007) for Urdu, which includes a transliteration component so that
the morphological analyser and generator can also be used for the structurally almost
identical language, Hindi. In addition to inflectional and derivational morphology, it
also tackles complex problems such as reduplication and compounding. Prasain (2011)
has developed an FSM for Nepali. He first identified different classes of nouns, pronouns,
verbs, adjectives, numerals, adverbs, conjunctions, postpositions, and particles, for
which he then implemented a pilot morphological analyser and generator using the
two-level morphology approach and XFST tool. Rahman (2016) has developed an
analyser and generator for Sindhi as part of his work on grammar development for

Sindhi. He also used XFST, which he then integrated into his grammar.

3.4.3 Tamil morphological analysers

Antony and Soman (2012) have carried out a survey on the state of affairs of compu-
tational morphology across Indian languages and have documented 17 efforts of mor-
phological analysers and/or generators for Tamil. Twelve of them have been carried
out before 2007, and the relevant papers, data sets and/or software are not retrievable
via the Internet. The rest have been carried out since 2010. Among those five efforts,
Kumar et al. (2010a,b) and Menaka et al. (2010) are available for download in binary
form, yet without any data sets.

Menaka et al. (2010) and Kumar et al. (2010a) have used rule-based approaches
which only perform morphological generation. On the other hand, Kumar et al. (2010b)
used machine learning for the morphological analysis and generation of Tamil. They
claim that the system was tested on 40,000 verbs and 30,000 nouns and that the machine
learning system was trained using 130,000 verbs and 70,000 nouns from their corpus.
However, no data sets, source codes, or detailed documentation is available except for
a sample corpus with 270,000 tokens. The extendability of this work to aid grammar
development is also questionable and needs to be researched. The authors who worked

on this are no longer continuing further development of this tool.
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Parameshwari (2011) has implemented a morphological analyser and generator for
Tamil using a rule-based approach, which covers verbs, nouns, adjectives, pronouns,
numerals and non-standard Tamil words with the use of the Apertium tool. The author
claims that the system shows an accuracy of 84%. Only the research publication could
be retrieved, while the associated data sets or rules are neither available in the paper nor
online. Lushanthan et al. (2014) have proposed a morphological analyser and generator
for Tamil, implemented using XFST. The authors have used transliteration to handle
the Tamil script, given that XFST has rendering issues, although it supports Unicode
internally. The authors have considered 2,000 nouns and 96 verb stems as part of their
analysis and generation. They tested the system using their own data set consisting
of 3,500 nouns and 500 verbs with a success rate of 78%. However, the data sets and
XFST rules have not been made available.

Anna University in India developed a morphological analyser in 2001 called Atcharam
that has recently been added to the GitHub repository.® It was developed for TAB
(TAmil Bilingual) encoded text as a stand-alone application using Java. There is,
however, no detailed technical documentation or rule set, although some data in the
form of a list of words are available in the repository. These are encoded using TAB,
and an attempt to convert them to Unicode was unsuccessful. Some morphological
tools are also available in the Github code repository without corresponding academic
publications.

Pranavan (2015)% has provided work on a basic morphological analyser developed
as a stand-alone application using Java. However, as also claimed by the developers, it
is a basic analyser that handles only 20 words with 28 conjugation forms. Yet another
code repository is that by tacola-aucse.” This has also been developed as a stand-
alone application using Java covering the analysis of verbs and nouns. However, no
information about the data set or the rules developed was found. I managed to run
the tool with an older version of Java, but irregular verbs such as Qeggmen (cettan)
‘he died” do not seem to be handled, as no analysis is generated. The given analysis
is confusing in some cases, especially when an out-of-vocabulary word is fed in. For
instance, the analysis of #fCeuvteuren (carvesvaran), a proper noun, claims that it is
made up of the root &7Ceu (carve), the future tense marker 6u (v), and the past tense
marker e (n). It, therefore, does not only mistake a proper noun for a verb but also
provides a completely wrong analysis with two contradictory tense markers.

Additionally, the tool produces unexpected results if the text is not Unicode nor-
malised. Finally, only one is provided in contexts where there are multiple analyses for

a given word. In comparison to the other tools available, I did, however, manage to

Shttps://github.com/tacola-auceg/morpha ta

Shttps://github.com/Pranavan135/Tamil_Morphological_Analyzer. There are no as-
sociated publications found.

"https://github.com/tacola-aucse/Morphological-Analyzer-For-Tamil
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run this tool. However, since there is no proper documentation, it would be difficult
for anyone to extend this stand-alone Java tool to make it usable for a particular need.

A Tamil Shallow Parser,® published in 2009, is also available, providing morpho-
logical information in addition to POS and Chunking. However, there are no papers
that cover the development of the Tamil shallow parser. The authors of this tool have
developed similar tools for Hindi, Telugu and Bengali, as documented in Avinesh and
Karthik (2007). While the authors report results for POS and shallow parsing, they
do not do so for morphological analysis. Thus, it is unclear what approach has been
used for the morphological analysis since this is not discussed or evaluated. The orig-
inal tool published in 2009 is available for download. The data and rules in this tool
are encrypted. However, I was not successful in executing it. The first author of this
tool has now re-implemented it using Python.” However, the new version no longer
includes morphological parsing. I, therefore, used the online demo to conduct some
testing myself, and the results are reported under the evaluation section.

An attempt to develop a morphological analyser for Tamil using a support vector
machine (Mokanarangan et al., 2016) is also discussed in the literature. Although the
authors report an accuracy of 98.73%, their system is not available, and it is not clear
what data sets or analyses have been used for training and testing, as there is no data

available in the paper or online.

3.5 Development of ThamizhiMorph

This section will discuss how I developed the proposed morphological analyser and
generator in detail. I will discuss the approach, technology choices, annotation scheme,

datasets, implementation steps, and evaluation.

3.5.1 The approach for developing ThamizhiMorph

This research retrieves what is available in terms of Tamil morphological analysers. It
has shown that the existing analysers either could not be found, are incomplete, or
are no longer maintained. Further, the existing analysers depend on versions of various
programming languages, and the logic seems directly coded in that particular language.
This nature makes these tools challenging to maintain, test or extend. Some of these
applications covert and process text in ASCII, i.e. in transliterated format, and do not
support Unicode encoding. Since Unicode has become the de-facto method used for
text encoding, non-Unicode applications are not practically usable.

I am in the process of developing a ParGram-style computational grammar for

8http://ltrc.iiit.ac.in/analyzer /tamil
9https://github.com/avineshpvs/indic_ tagger
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Tamil to develop a grammar-driven parser for Tamil and datasets with morphologi-
cal annotations to train a data-driven parser. The grammar-driven parser requires a
morphological analyser with good precision and coverage, implemented with the use
of a Finite-State morphology. On the other hand, a data-driven dependency parser
requires a vast amount of morphologically annotated data. However, except for a
Universal Dependencies treebank for Tamil with only 600 sentences, there is no other
content available for me to train a data-driven dependency parser.

Because of all these reasons, I decided to develop a Finite-State Transducer based
morphological analyser. I wanted to ensure that the morphological analyser is technol-
ogy or programming language-neutral so that it can be accessed via any programming
language without requiring it to be wrapped with an API (Applications Programming
Interfaces). T also wanted it to be lightweight so that it could be run on any commodity
hardware and be open source so that anyone could take it and extend it as needed or

desired.

3.5.2 The technology stack

The application of Deep Learning in almost every NLP task has become common in the
computational world. Essentially, the lack of sufficient quality data is the bottleneck for
the application of deep learning approaches (Marcus, 2018) and most Indic languages,
including Tamil, do not have sufficient annotated data needed for supervised machine
learning.

On the other hand, Finite-State Transducers (FST) have shown proven success in
the past for morphologically rich South Asian languages as discussed in Section 3.4.
Since the development of a computational grammar using Lexical Functional Grammar
and XLE for the ParGram project (Butt and King, 2002) is also in my project pipeline,
a Finite-State morphological analyser is required. It was therefore decided to use an
FST, which in addition to morphological analysis, FST has the advantage that it can
also be used for morphological generation.

There are several currently available tools with which to implement an FST-based
morphological analyser. These include XFST, OpenFST, and Foma. Among these,
XFST has been the standard tool for developing morphological analysers. This is
because an XFST-based morphological analyser can easily be integrated into a compu-
tational grammar built using XLE. However, XFST has limited support for Unicode
characters, especially for complex ones such as those of Tamil.

Additionally, it is a closed-source and proprietary tool. On the other hand, Foma
has support for Unicode and is open-source software that can be easily extended to
web applications. For these reasons, I decided to use Foma to implement the proposed
MAG.
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3.5.3 Scope of annotations

I decided to capture and encode all available information that a word expresses via its
different forms. Apart from POS and morphological information, I have therefore also
represented morphophonological and morphosyntactic information. More importantly,
in ThamizhiMorph, I have analysed words without conducting any pre-processing to
separate multi-word tokens. This is something still to be explored in future, which will
improve the coverage of ThamizhiMorph and solve out-of-vocabulary issues to some
extent.

Among the morphological annotations I introduced, Sandhi annotations are impor-
tant and not found in other systems. There are two types of Sandhi in Tamil: Internal
and External. The internal Sandhi refers to a phonological process triggered across two
morphs within a (prosodic) word, and the external Sandhi is triggered when such a
phonological process happens at the boundary of two words. The external Sandhi can
occur when the second word begins with one of the following consonants: & (k), &(c),
& (t), U (p). It is triggered when further licensing conditions are met. While internal
Sandhi is purely morphophonological in nature, external Sandhi is also subject to syn-
tactic or semantic constraints. Since Tamil orthography closely reflects the phonology
of the language, a Sandhi’s effects on the orthography must necessarily be dealt with
in the development of a resource such as a computational grammar and morphological
analyser. For instance, in the clause smenerenwits g ggren (kalaiyaip pidittan) ‘he
caught the bull’, the first word kalaiyaip can be analysed as in (17), where U (p) is a
Sandhi (SANDHI-P). In this context, the SANDHI-P comes in via assimilation following
the accusative case markers, which comes about because the following word begins with
a ur (paa). I have handled & (SANDHI-K), & (SANDHI-C), and & (SANDHI-T) in a similar

manner in my analyses.

(17)  smewerevwt (kalaiyaip)
FTEMET & L
kalai yai p
bull -ACC -SANDHI-P

Tamil also has two euphonic increments (Lehmann, 1993): e (an) and @er (in),
which can be added onto nouns and verbs. These increments are also captured by the
analysis, even though these are purely phonologically motivated.

Apart from the morphological features realised by morphs in a word, I have also
included the lexically specified features shown in Table 3.5. For instance, as shown in
(18), vantan will be analysed as the lemma eum va ‘come’ +verb|+fin|+sim|+strong|
+past|+3sgm, where +fin, +sim, and +strong are lexically specified features. Since

it is not always possible to extract these features orthographically, I was of the idea
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that such information should still be additionally included in the analysis, as these are
useful for developing applications or resources such as POS taggers and computational

grammars.

(18)  eumsmen wantan ‘(he) came’ —> eum+verb|+fin|4-sim|+strong|+past|+3sgm

Table 3.5: Lexically Specified Features

Morpheme label Meaning

FIN Finite

NONFIN Non-finite

WEAK Weak verb: Paramasivam (2011) discusses how a verb’s

weak /strong nature can be used to help determine tran-
sitivity, volitivity, affectedness and ergativity in most
cases, even if he himself does not agree with this argu-
ment. [ have, however, marked this information as it
may be a piece of useful morphosyntactic information in
the end.

Note: In Tamil, weak and strong properties of words are

determined based on the future tense marker.

STRONG Strong verb

VERB Verb

NOUN Noun

RAT Rational

IRRA Irrational

SIM Simple verb: Such verb-forms have a single verb root (as

discussed in Section 3.2.2)

COMPLEX Complex verb: Such verb-forms have more than one ver-

bal roots, as for instance in the case of passives (also refer

to the discussion in Section 3.2.2)

3.5.4 Morpheme labels

I make use of a labelling scheme developed specifically for our morphological analyser,
even if there is an effort to harmonise morpheme labels across languages and tools,
especially given a cross-lingual morphological transfer in mind as is, for instance, the
UniMorph project (Kirov et al., 2016). UniMorph or the Universal Morphological Fea-
ture Schema “provides a set of morphological features that functions as an interlingua

for inflectional morphology by defining the meaning it conveys in language-independent
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terms” (Kirov et al., 2016). UniMorph, however, does not capture all the required con-
cepts, such as the rationality feature attributed to nouns and the strong/weak nature
of verbs, which are necessary for the morphological processing of Tamil. In addition,
since I have developed this analyser with grammar engineering also in mind, it is always
good to mark the morphological and morphosyntactic information of a single morph
collectively in association with that morph. For instance, the person, number, gender
and rationality values of a given noun can all be expressed by a single morph in Tamil
and should be expressed accordingly. To reduce complexities in modelling, it is thus
easier to mark it as a single morpheme.

In contrast, the UniMorph project proposes separate key-value pairs for all of this
morphological information. While taking into account all of this, it was decided to de-
sign a scheme for morpheme labels. That could then be mapped onto other annotation
schemes, as required. The list of labels used in the ThamizhiMorph is shown in Table
3.6.

Table 3.6: The list of labels used in the current version of ThamizhiMorph

Label Description Label Description
+abl Ablative +loc Locative
+acc Accusative +med Medial

+adj Adjective +modal Modality
+adjpart | Adjectival Participle | +mood Mood
+adm Admirative +neg Negative
+adp Adposition +nom Nominative
+adv Adverb +nonfin Non-finite
+appl Applicative +noun Noun
+aspect Aspect +num Number
+aux Auxiliary ~+oblig Obligative
+ben Benefactive +opt Optative
+cardinal | Cardinal number +ordinal | Ordinal number
+caus Causative +pass Passive
+cmpr Comparative +past Past tense
+com Commutative +pfv Perfective
+comp Complimentiser +pl Plural

+con Conditional +postfix | Postposition
~+conj Conjunction +prefix Preposition
+cop Copula +pres Present tense
+dat Dative +prog Progressive
+dem Demonstrative +pron Pronoun
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+det Determiner +prox Proximal
+dist Distal +prp Purposive
+euph Fuphonic +psp Postposition
+excl Exclusive +pssd Possessed
+fin Finite +refl Reflective
+foc Focus +sandhic | Sandhi — C
+fut Future +sandhik | Sandhi — K
+gen Genitive +sandhip | Sandhi — P
+hab Habitual +sandhit | Sandhi — T
+immed | Immediate +sconj Subordination
+imp Imperative +sim Simple
+incl Inclusive +soc Sociative
+inf Infinite +strong Strong verb
+inst Instrumental +verb Verb

+inten Intensifier +vn Verbal Noun
+1kly Likely +vpart Verbal Participle
+um A clitic +peru Verb ‘Get’
+idu Verb ‘put’ +podu Verb ‘Put’
+iru Verb ‘be’ +poo Verb ‘Go’
+kodu Verb ‘with it’ +sei Verb ‘Do’
+koduiru | Verb ‘with it — be’ +tallu Verb ‘Push’
+koodu Verb ‘Able’ +tolai Verb ‘Get rid’
+mudi Verb ‘Can’ +vaa Verb ‘Come’
+paar Verb ‘See’ +vai Verb ‘Keep’
+padu Verb ‘Suffer’ +vendu Verb ‘Ask’
+pannu Verb ‘Do’ +vidu Verb ‘Leave’
Label Description

+1pl First person — Plural

+1sg First person — Singular

+2pl Second person — Plural

+2plh Second person — Plural — Honorific

+2sg Second person — Singular

+2sgh Second person — Singular — Honorific

+3ple Third Person — Plural — Epicene

+3plhe Third Person — Plural — Honorific - Epicene
+3pln Third Person — Plural — Neuter

o1




+3sge Third Person — Singular — Epicene

+3sgf Third Person — Singular — Feminine
+3sgh Third Person — Singular — Honorific

+3sghe Third Person — Singular — Honorific — Epicene

+3sgm Third Person — Singular — Masculine

+3sgn Third Person — Singular — Masculine

The analyses of each word in ThamizhiMorph is given the following form in (19),
in the system that has been developed,'? where apart from the morphemic information
or the morpheme label, the morph which corresponds to that information has also
been recorded in the analysis for further future use. Additionally, each morpheme has

9y

been separated using with use of a morpheme boundary ‘|, similar to what is used

by Beesley and Karttunen (2003) to mark term boundaries (they use ‘TB’). I made
this choice partly because “|” is the symbol used in Universal Dependencies (UD) to
separate features.!! (20) shows an actual output from there analyser, where turattinan
‘(he) chased’ is analysed. From the analysis, we can identify that turuttu is the lemma,
the past tense marker is in, and the 3sgm marker is an. In addition, it also consists of

other lexical features, listed in Table 3.5.
(19)  root |+morphemel=morph|+morpheme2=morph]|...

(20) a@rsdemen —> FTSGI|+verb|+fin|+sim|+strong|+past=(@)er|+3sgm=c}, 600
turattinan —> turuttu |+verb|+fin|+sim|+strong|+past=in|+3sgm=an
‘(he) chased’

I have also taken a key decision to annotate postpositions that are suffixed to nouns.
One can mark all postpositions which are suffixed to nouns as postpositions or PSP.
Instead of just labelling it as PSP, I also added the actual postposition to make the
analysis more meaningful and useful. Therefore, I used the following format when
analysing postpositions: psptype_yyyyy where yyyyy is the actual postposition. For
instance, psptype_ pinnal is for nouns with the postposition pinnal ‘after that, behind’.
Similarly, postpositions taken by verbal participials are also marked in the form of

vpart_yyy where ‘yyy’ is replaced with the corresponding postpositions.

3.6 ThamizhiMorph

Based on the design choices outlined in the previous section, I have developed a mor-

phological analyser and generator for Tamil using a Finite-State approach with the

Ohttp://nlp-tools.uom.1k/thamizhi-morph/parse-sentence.php
https://universaldependencies.org/format.html
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aid of Foma. This section outlines the architecture of ThamizhiMorph, including the
pre-processing steps, data gathering approaches, a compilation of rules, and the devel-

opment of the tool.

3.6.1 Pre-processing

Due to the nature of the Tamil Unicode encoding and input methods, a character can be
represented by multiple code sequences. For instance, the letter Q& can be represented
cither as: & + Q::mor & + Q¢ 4 :m. I have therefore developed a script!'? that is able
to convert all input to Unicode normalised form prior to it being fed into the system for

analysis or generation. That ensures that each letter and word is represented uniquely.

3.6.2 Compilation of Lexicons

Lexicons for Tamil verbs, nouns, and other particles have been compiled from various
sources, including books, a dictionary, and corpora, as outlined below. The words
have been classified on the basis of the paradigms discussed in Sections 3.2.2 and 3.2.1.
Adjectives, adverbs, and other particles, such as conjunctions, have been compiled as

separate lists.

3.6.2.1 A lexicon of verbs

A lexicon of 3,300 lemmata of Tamil verbs has been compiled from the following two

verified sources:

1. Ramakrishnan (2014) has identified 369 of the most frequently used verbs in
Modern Tamil. This analysis is based on a corpus of 7 million tokens compiled
from the web and has taken into account expert advice on linguistic matters.
This list has been included in the contemporary Tamil dictionary Cre-A (Ra-
makrishnan, 2014).

2. Irakavaiyankar (1958) has surveyed the Tamil classic literature up until 1958,
where he identified 3,124 lemmas, and categorised these into 12 classes as per
the classification proposed by Graul (1855) and Sithiraputhiran (2004). Some
of these forms are not used in the contemporary language. Yet, since analysing
these verbs is necessary to also process historical Tamil texts, the entire list has
been used for the development of the FSM.

A lexicon of complex verbs has been manually constructed by joining the infinitival form

or verbal participial form of verbal roots together with secondary verbs (Boologarambai,

2https://github.com/sarves/thamizhi-preprocessor
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1986) as identified in Section 3.2.2 and Table 3.3. For instance, all the modal complex
verb constructions are formed by joining the infinitival form of the verb together with
a modal auxiliary verb, as in (21) (a). Similarly, aspectual markers are always joined

with a verbal participial form of the root verb, as in (21) (b).

(21)
(a).
g + Couamr(hLd = QeuwGeuar(Hb
(seiy-a) + (vendum) = (seiyavendum)
do-INF MARKER + want.FUT = do.INF.want.FUT

‘(will) want to do’

(b).

Qewig) + Wiy SS e = CewgipySsmen
(seiy-tu) + (mudittaan) = (seiytumudittaan)
do-VPART MARKER + finish.PAST.3SM = do.VPART.finish.PAST.3SM

‘(he) did finish’

3.6.2.2 A lexicon of nouns

A lexicon of 80,000 Tamil nouns was collected from online databases, glossaries, and
various datasets. An initial level of cleaning was conducted to ensure that these are
proper words and that they adhere to Tamil orthography and morphology. Because if
a word itself is wrong, then the lexicon will be polluted. To ensure this, I developed a
Python script!? to filter out words that are unacceptable according to the Tamil gram-
mar (Thesikar, 1957) and its current usage. According to traditional Tamil grammar,
a word cannot for instance start with the letters i (r) and p (r), yet these are widely
available in present Tamil usage. Therefore, I also incorporated such usages, and in
doing so, I amended the morphological analyser. However, a proper corpus-based study

is required in this regard to understand Tamil spelling rules.

3.6.3 Meta-Morph rules

The novel concept of Meta-Morph rules that I have presented in Sarveswaran et al.
(2019) has been integrated. Meta-Morph Rules are lexical rules in the form of meta-
data that is fed into the development of the Foma-based morphological analyser. As
discussed above, as part of the review of Tamil morphological analysers, most of the

previous efforts at encoding the morphotactics have been deeply coupled with particular

Bhttps://github.com/sarves/thamizhi-preprocessor
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programming logic. Other efforts have relied on a heavy manual effort.

The definition and use of Meta-Morph rules help us focus on a language’s analysis
without the additional distraction of being bound by a particular programming logic.
This, in turn, allows for the automation of the generation of lexical entries, which,
when done manually, is not only a tedious and time-consuming task but also prone to
error. This is particularly true for a language like Tamil, where each verb may display
several hundred inflections. Moreover, even if a paradigm approach were to be used,
it is challenging to write rules, maintain them and perform regression testing without
the aid of a meta-grammar.

I initially developed a morphological analyser and generator by manually inputting
all of the necessary lexical strings, a tedious task that took significant time and energy.
However, this manual process has helped us understand Tamil’s overall generalised
morphological structure. In evaluating the progress, I found that correcting errors was
complicated and time-consuming since I always had to engage with the details of the
Foma specifications. The frustration with these sorts of tasks has led me to experiment
with Meta-Morph Rules.

The idea was to find a way of stating the morphotactics needed to analyse and
generate Tamil words in a manner that would be transparent, programming language
independent and easy to maintain. As shown in Snippet-1, I hit upon a format that
contains the following information: 1) The word classes to which the information applies
(Line 1); 2) the inherent lexical specifications for that word, e.g. the classes involved
can be finite, simple, and indicative (Line 2); 3) the order of the morphemes (Line 3);
4) particular patterns, for example, as in Line 4 where it is stated that verbs (of the
classes defined in Line 1) which contain euphonic markers (the material used to fulfil
phonological phrasing requirements) are constructed only with past tense verbs, and

only with a specific PNG marker (e.g. pngeuph in Line 4).

Snippet 1 Snippet of Meta-Morph rules
1.classes=C1,C2,C3,C4,C5,C17,C18,C19

2.commonLabels=+fin+sim+ind

3.v-ind=root+tense+png

4 .v-euph=root+past+euph+pngeuph

I found the writing of rules in the Meta-Morph format illustrated by Snippet-1 to
be quick, easy and transparent. When it came to the translation of these descriptive
statements into implementation, I found defining feature-value pairs using JSON!* to
be the most efficient way forward. Adding in the extra step of formulating Meta-Morph
Rules coupled with the JSON knowledge base has helped significantly accelerate the

development of an FSM for Tamil. Adding a lexical string or a new conjugation form

Mhttps://www.json.org/
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root+tense+png "t,in;jj}{{
= "label": "+past=5",
B | \/ "marker”: "g"
Meta-Morph rules JSON "classes™: ["C1""C15"]
1
"pres”: {
"label": "+pres=£li",
Intermediate entries / ‘ “marker:"8p’,
lexical strings , classes™ ['CL"."C27]
N Y }

\
%r+fin%) vsim%hin\d\%hstrong %1+ past=5%| - 159% = grem: " Cgem #;
%1 +fin%i +sim%i+ind %1+ strong %1+ past®=S%+ 1 pl% -gaib:"Cgmb #:
%1+fin% +sim%i+ind %1+ strong %1+ past% =5%1+159% = e " e #;
%1+fin%| +sim%+ind %+ strong %1+ past® =5% +25g% = i “smi1 #;

define C15Rulel {#m} -> (@ag} 1 _ """ [{F}{&)];
+ define C15Rule? (&} -> {#m&) o _ """ [ (o)
| define C16Rulel {gm} -> {5} I _ """ [{B)}7;
$"" define C16Rule2 {gm} -> {7} 1 _ """ [{2m) 1 {4} ];
A Finite-State Transducer ‘ ) . — -
. ; Comp;fe using foma Alteration / orthographic rules
~o |\
.\
/-\\“; e e ,-'\ I e () NPT
_ v O——0——0——@ N P
e = "?,_,f ! ) _ole ——) T =

Figure 3.3: The process outline: shows how actual FST is built using
Meta-Morph Rules and other components

now becomes very straightforward: All that is required is to list the classes which will
take those new forms and then define a generalised rule for the formation of that word,
as shown in Snippet-1. An overview of all the system components and processes is
presented in Figure 3.3.

The JSON files contain detailed morphophonological and orthographic information
about the values for the labels in the Meta-Morph Rules. As shown in Snippet-2, data
are stored in the JSON files as key-value pairs, which are also human-readable. In
addition to labels, values corresponding to each morph are stored in the JSON files,
as shown in Snippet-2. For instance, tense consists of the values past, future (fut)
and present (pres). These values can be further specified, as demonstrated in the past
tense, where two different possibilities are provided. This information becomes part
of the lexical analysis. The data structure provides desirable flexibility for defining
different tense markers and labels for different classes. These data can be referred
to at different levels when writing the Meta-Morph Rules. For instance, as shown in
Snippet-1, both the tense feature or the past feature can be referred to independently
from one another. Furthermore, in case there was a mistake in the labelling or in the
specification of the value of any marker, corrections can now easily be done directly
in the descriptive but hierarchical JSON text file without needing to engage with the
details of the FSM programming logic.
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Snippet 2 Snippet of data in a JSON file

“tense”: {
“past”: {
“past1”: {
“label”:“4-past=8",
“marker”:“g”,
“classes™:[“C1”,“C15"] },
“past2”: {
“label”:“+past=etorL_",
“marker”:“@atorL_",
“classes™:[“C2"] }

2
“pres”:{
“presl”: {
“label”:“+pres=&lmH”,
“marker”:“&lm”,
“classes™:[“C2”,C3”] }
b
“fut”: {
“futl”: {
“label”: “+fut=eu”,

“marker”: “ocu”,
“classes™: [“C3”,“C4”] }

The above rules and JSON entries can be written in a plain text file. For instance,

Snippet-2 shows how tense labels are defined and stored in a JSON file. As shown here,
there can be different past tense markers for different classes of verbs. For general cases,
the tense marking can be done as shown in line 3 of Snippet-1. However, if required, a

particular tense marker can also be used, as shown in line number 4 of Snippet-1.

Once the Meta-Morph Rules are finalised, they can be parsed to produce actual

lexical strings that are then fed to Foma to compile an FST. A Python parser has
been developed to parse these Meta-Morph Rules to generate lexical rules for Foma. A
sample of a compiled Meta-Morph Rule is shown in Snippet-3. As mentioned previously,
I use the pipe “|” symbol to mark morpheme boundaries. The % in Snippet-3 is used

to allow us to escape special characters in the lexical string.
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Snippet 3 Snippet of intermediate entries or lexical /analysis string
%|+fin %|+sim %|+ind %|+strong %|+past %= & %|+3sgn
Y=g

Apart from the generation of these intermediate entries, orthographical rules have
been written for each class in the paradigm, as necessary, based on the description in
Section 3.6.4. If a new class needs to be introduced, then a new set of entries needs to
be added to the orthographical file. Otherwise, there is no need to touch the lexical
strings or the orthographical files.

3.6.4 Orthographical rules

Writing orthographic rules is a complex task for a language such as Tamil. In most
cases, the affixation of suffixes is not just a mere addition to a lemma. Rather, several
orthographical changes occur during Tamil’s affixation process due to grammatical and
phonological reasons. These complicate the process of writing orthographic rules. The
following are common orthographical changes that one observes when suffixation occurs.

These have been programmed to be handled by the analyser and generator:

o Morpheme/s can be suffixed to the lemma. However, when a vowel follows a
consonant, these two together become composite. For instance, Q&ui (cey) ‘do’
+ & () ‘past tense marker’ + =y,601 (aan) ‘third person, masculine, singular and
rational’ = Q&wigner (ceytaan) ‘(he) did’, where & (t) + <4, (aa) together form

the composite character s (taa).

+ A new letter is introduced in addition to the morpheme. For example pL_ (nata)
‘walk” + & - (1) ‘past tense marker’ 4+ e (aan) ‘third person, masculine,
singular and rational’ = BLBgmen (natantan) ‘walked (he)’, where a letter b
(n) is introduced. Some researchers consider this as a Sandhi letter, but some
modern linguists consider & (nt) to function as the past tense marker (Nuhman,
1999).

o Two letters together can form a new letter during suffixation. For example GQ&mefr
(kol) ‘take’ + L= (f) ‘past tense marker’+ e (aan) ‘third person, masculine,
singular and rational’ = Q&mewrmesr (kontaan) ‘he took’, where @1 (/) becomes

ai (n).

e A new morpheme, referred to as a euphonic morpheme, can be introduced in addi-
tion to the required morphemes. For instance in the word G&uigenid (ceythanam)

‘(we) did’, Qe (cey) ‘do’” + & (t) ‘past tense marker’ + (=jer an (euphonic
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marker)) + S| (am), which expresses the following information: first person,

neuter, plural and rational.

e Irregular verbs in Tamil may undergo a complete change in their surface form
when they are conjugated. & (taa) ‘give’ takes different forms such as gm / s
| & (taa/taru/ta). For instance, in past tense forms, the lemma becomes & (ta),
and in present and future tense forms it becomes & (taru). The imperative
form is gm (taa). The variations in forms yield: gmgmen (tantaan) ‘gave(he)’,

smaurer (taruvaan) ‘(he) will give’, and g (taa) ‘give’

e A consonantal glide may be introduced when two consecutive vowels exist. Tamil

has two such consonantal glides: W (y) and &u (v).

So far, I have discussed how the analyser is planned and developed. However,
the analyser can only analyse words included in the lexicon. Therefore, I have also

implemented a morphological guesser to analyse new words that are not in the lexicon.

3.6.5 Morphological guesser

I have also implemented a guesser to analyse nouns, verbs, adjectives, and adverbs
that are not part of the lexicons compiled. To do so, I have identified common suffixes
along with their corresponding analyses to develop this guesser. If the guesser does not
match any suffixes which I have listed, then it will recognise the word as a noun with
a nominative case. This guesser is a valuable component of tackling out-of-vocabulary

problems.

3.7 Evaluation and Discussion

There are currently no benchmark data sets available for Tamil to evaluate language
processing applications, including morphological analysers. Researchers tend to use
their own data sets to evaluate and report results. Here I report on two experiments to
be individually discussed in more detail in the sections to follow. In the first instance,
I made use of texts from an elementary Tamil textbook that is part of the Sri Lankan
school curriculum. This contains 612 unique words and comprises words that have a
good sample coverage of different types of POS, compound words, and foreign words.
With this data set, I have conducted a comparative evaluation of ThamizhiMorph
and the IIIT’s Tamil shallow parser, which I discuss below. As part of my second
experiment, I made use of a Tamil text from UD v2.5 to conduct a detailed error

analysis.
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3.7.1 Comparing ThamizhiMorph and the IIIT Parser

I have not successfully run III'T’s shallow parser locally, and the version re-implemented
using Python does not have a morphological analysis. I had to rely instead on the
available web interface.!® Since it is a shallow parser, the input has to be a phrase, at
least. I also found that the analyser does not provide a morphological analysis based on
the context of a given word. It just generates all analyses in Shakti Standard Format
(SSF) annotation (Bharati et al., 2007).

Home S0 EHTET Instructions

<Sentence id="1">

<fs af="aur,v,m,sqg,3,,66,0W_AnY' head="amgmer"
tense="PAST" paradigm="v25" finite="Y">

<fs af="aur,v,m,sq,3,,66,nW_ANY' name="aEsmer"
tense="PAST" paradigm="v25" finite="Y">

1 (( VGNF

1.1 amsme VM
)

2 (( NP

2.1 255 NN
)

</Sentence>

Figure 3.4: A sample output from the IIIT shallow parser

For instance, Figure 3.4 shows the analysis for b9 eupgmer - (thambi vanthan) -
brother.NOM come.PAST.3RSM - ‘younger brother came’. For some reason, the analysis
produced by the IIIT parser always results in the first word missing. Figure 3.5 shows
the analysis for the same clause from ThamizhiMorph. There we see how in addition
to the regular analysis of ‘brother’, the morphological analyser also provides a guessed

version via the guesser integrated for nouns.

S0 el

ol &0l o] +noun|+nom
U &0 & +guess|+noun|+sg|+nom
P SURSHTET
SUBDTN | 1| +fin|+sim|+ind|+strong| +past=is&| +3sgm =2

Figure 3.5: A sample output from ThamizhiMorph

I passed the 612 words taken from the elementary school Tamil text to the III'T
shallow parser, using a script I developed, and to ThamizhiMorph. The results are

shown in Table 3.7. As shown, out of 612 words, the IIIT parser analysed 585 words,

YBhttp://1trc.iiit.ac.in/analyzer/tamil
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and ThamizhiMorph analysed 571 words. Table 3.7 also shows how many of those
analyses are correct analyses and what percentage of lemmas are correctly predicted.
While ThamizhiMorph always gives a correct analysis, the IIIT parser fails to guess

the lemma associated with 12 words.

Table 3.7: ThamizhiMorph vs. III'T Tamil Shallow parser

IIIT Parser | ThamizhiMorph

Analysis found 95.6% 93.3%
Right analysis found 96.2% 100%
(out of successful analyses)
Right L dicti

ight Lemma prediction 94.4% 97 9%

(out of successful analyses)

The error analysis showed that the III'T parser produces incorrect morphs for some
verbs. For instance, in the verb Qg;rﬂu_ub (teriyum) ‘will know’, the future tense is
marked as -U- (-pp-), although it is zero marked. Another source of error produc-
tion is the dropping of some characters or the introduction of new characters. Ex-
amples of such include the roots Qar@RiSFser (kotuppeerkal) ‘(you) will give’ and
pFFRluiiul L g (aaccariyappattatu) ‘(it) was surprised” become *Qa&m®HSy (kotu-
peer) and *<p&FFflubulLm (aaccariyampattaa) instead of Q&r@H (kodu) ‘give’ and
<pFFRlwiu®  (aaccariyappadu) ‘be surprised’ respectively. The analyses that are
produced are meaningless. In addition, the analyser always provides one analysis for a
given word, irrespective of the context. That is, it always resolves potential ambigu-
ity in only one way. I conclude that even though this tool is available and accessible
through the Internet, it still does not show a sufficiently good performance.

The errors found with ThamizhiMorph are instances that have to do with either
out-of-vocabulary items or derivational formations that have not yet been included in
the FSM, yielding items that are unknown to the analyser.

The out-of-vocabulary errors are easily remedied, as that merely requires me to add
the missing vocabulary to the lexicon table which I have created. The derivational for-
mations are complex, and I have only just begun adding derivations on a case-by-case
basis. I must reiterate, however, that the initial focus of this work is the development of
a morphological analyser for the inflectional morphology and not derivational morphol-
ogy. As things stand, it is not surprising that ThamizhiMorph cannot as yet analyse
instances of derivational morphology; nevertheless, with the effort in producing a MAG
that handles Tamil inflected morphology quite robustly, I do have the flexibility to now

proceed with the necessary corrections and extensions.
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3.7.2 Evaluating ThamizhiMorph using UD Tamil Treebank

In the second experiment, I used the text in the available Tamil Universal Dependencies
Treebank v2.5 to evaluate ThamizhiMorph. The treebank, in total, consists of 8,635
tokens from 600 sentences. There are 3,567 unique words before tokenisation, which is
increased to 4,055 tokens after multi-word tokenisation. Because there are inaccuracies
in the multi-word annotations and the UD annotations, I decided to work with the list
of items prior to tokenisation, i.e., the 3,567 unique words. Of these, ThamizhiMorph
successfully analysed 3,023 words, i.e. 84.7% of the words, but failed to analyse 544

words. The following are the reasons for the errors:

e 240 words were not present in the lexicon I used. Most of these are due to the
differences between Indian Tamil and Sri Lankan Tamil. Lmevwong (faasmaak),
and 1989 (DGP) are instances of Indian Tamil words that are missing in my

lexicon. Apart from that, other missing words were acronyms and proper names.

e there are several spelling mistakes in the treebank. Sometimes, the same word has
been written in multiple wrong forms. For instance, @,wgrung (aamataabaat)
‘Ahmedabad’ is spelt incorrectly. *sbweilevl vs sbweflovl  (camyuunisat
vs camyuunist) ‘communist’ are two forms, where one is correct and other one is

wrong.

e Noun+Verb compound constructions were not analysed correctly. An example
is: seueneliLrSiger (kavalappataateerkal) ‘(you) do not worry’. I have now
added this to the lexicon in terms of a complex root, adding the root N+V as a

lexical item.

e the analyser and guesser did not correctly parse some Noun+Noun compound
constructions. An example of this is @rewrLeny (irantarai) ‘two and a half’.
These have now been added as items to the lexicon to be able to analyse these

constructions.

In working with the UD Tamil treebank, I identified numerous annotation problems
with it. One necessary adjustment is the need to extend the current UD morpholog-
ical labels to reflect all of the actual morphological information I have incorporated.
This incorporation can be done via the language-specific features proposed in the UD
guidelines.!® For instance, I found that the current version of the UD morphologi-
cal feature inventory does not have labels to mark rationality, euphonic markers, and
Sandhi effects.

6https://universaldependencies.org/docs/ext-feat-index.html
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3.8 Morphological generation

As discussed in Section 3.3.1, Finite-State Transducers have two tapes, namely input
and output. Therefore, when one feeds in a word, an FST provides an analysis, as
discussed in the previous sections. Similarly, it also gives the word or surface form
when feeding a lemma form along with its morphemes from the receiving end of the
network. As in Figure 3.2, the tape has values separated with a ‘colon’, and the left
side of colons captures the analysis, and the right side captures the generation. Null
morphs are represented by ‘0’ in the mentioned figure.

ThamizhiMorph can also generate surface forms when a lemma and the morpheme
labels are provided. Using the current version of ThamizhiMorph, I could generate more
than 1.44 million simple verbs, and 544 million complex verbs (verbs with markers
like mood, aspect etc.). I have uploaded these generated words to Kaggle!” under the

18 50 that anyone in the world can use them. These lists

Creative Commons license
are useful for several natural language processing tasks, including building a language
lexicon, spell checkers, and machine translation. The number of words in the generation
process depends on the size of the lexicon and the number of conjugational forms each
class of words takes. Some of these generated words may never occur in the language,
yet they still constitute valid constructions according to the morphological rules.
There is one limitation that is, however, unavoidable during the generation process.
I have used guessers to guess the analysis of Tamil verbs and nouns. This means that
words that do not exist in the lexicon can also be guessed and analysed. However, these
guessers are not developed to do the same for a generation. Therefore, at times even if

a word is analysed properly, it may not be generated.

3.9 ThamizhiMorph to UD tagging

I have incorporated a feature to the current version of ThamizhiMorph to populate
morphological analysis in the CONLL-U format,'? which is used in the Universal De-
pendencies treebanks. I did this to generate morphological features for the Tamil UD
treebank, which I used to train a data-driven parser outlined in Chapter 6. In UD,
morphological analyses are represented as key-value pairs. In order to do this, first,
I created a mapping from ThamizhiMorph annotation to the Universal Dependencies
key-value pair annotation, which is shown in Table 3.8 and 3.9. Table 3.8 lists the labels
where there was a one-to-one mapping between ThamizhiMorph and Universal Depen-

dencies, while Table 3.9 shows labels where a single ThamizhiMorph has, on the other

Thttps://www.kaggle.com/sarves/tamilverbs
Bhttps://creativecommons.org/licenses/by-nc/4.0/
Yhttps://universaldependencies.org/docs/format.html
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hand, been mapped onto multiple key-value pairs. I believe that this extension I have
developed could be a useful resource for the creators of the Tamil Universal Dependen-
cies treebank as well as for other researchers who are more interested in cross-lingual

studies.

Table 3.8: One-to-One mappings between ThamizhiMorph (TM) and Universal
Dependencies (UD) labels

™ UD ™ UD

+adp AdpType=Post +um Clitic=um
+postfix | AdpType=Post +excl Clusivity=Ex
+psp AdpType=Post +incl Clusivity=In
+prefix AdpType=Prep +med Deixis=Med
+hab Aspect=Hab +prox Deixis=Prox
+imp Aspect=Imp +dist Deixis=Remt
+pfv Aspect=Pref +adm Mood=Adm
+prog Aspect=Prog ~+con Mood=Cnd
+idu AuxType=Idu +imp Mood=Imp
+iru AuxType=Iru +jus Mood=Jus
+kodu AuxType=Kodu ~+oblig Mood=Nec
+koduiru | AuxType=Kondiru | +inten Mood=Prp
+koodu AuxType=Koodu +prp Mood=Prp
+mudi AuxType=Mudi +pl Number=Plur
+paar AuxType=Paar +cardinal | NumType=Card
+padu AuxType=Padu +fraction | NumType=Frac
+pannu AuxType=Pannu +ordinal | NumType=Ord
+peru AuxType=Peru +neg Polarity=Neg
+podu AuxType=Podu +pssd Poss=Yes

+poo AuxType=Poo +dem PronType=Dem
+sei AuxType=Sei ~+pron PronType=Prs
+tolai AuxType=Tolai +refl Reflex=yes
+vaa AuxType=Vaa +sandhic | Sandhi=C

+vai AuxType=Vai +sandhik | Sandhi=K
+vendu AuxType=Vendu +sandhip | Sandhi=P
+vidu AuxType=Vidu +sandhit | Sandhi=T

+abl Case=Abl +fut Tense=Fut
+acc Case=Acc +immed | Tense=immed
+ben Case=Ben +past Tense=Past
+caus Case=Cau +pres Tense=Pres
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+caus Case=Caus +appl Valency=Appl
+cmpr Case=Cmp +vpart VerbForm=Conv
+dat Case=Dat +fin VerbForm=Fin
+gen Case=Gen +inf VerbForm=Inf
+inst Case=Ins +adjpart | VerbForm=Part
+loc Case=Loc +foc Voice=Focus
+nom Case=Nom +pass Voice=Pass
~+opt Case=0pt

+soc Case=Soc

Table 3.9: One-to-Many mappings between ThamizhiMorph (TM) and
Universal Dependencies (UD) features

ThamizhiMorph | Universal Dependencies features

+vn PronType=Prs|VerbForm=Vnoun

+1pl Person=1|Number=Plur

+1sg Person=1|Number=Sing

+1sg Person=1|Number=Sing

+2pl Person=2|Number=Plur

+2pl Person=2|Number=Plur

+2plh Person=2|Number=Plur|Polite=Form
+2sg Person=2|Number=Sing

+2sgf Person=2|Number=Sing|Gender=Fem
+2sgm Person=2|Number=Sing|Gender=Masc
+2sgh Person=2|Number=Sing|Polite=Form
+3pln Person=3|Number=Plur

+3ple Person=3|Number=Plur|Gender=Com
+3plhe Person=3|Number=Plur|Polite=Form|Gender=Com
+3sge Person=3|Number=Sing|Gender=Com
+3sgf Person=3|Number=Sing|Gender=Fem
+3sgm Person=3|Number=Sing|Gender=Masc
+3sgn Person=3|Number=Sing|Gender=Neut
+3sgh Person=3|Number==Sing|Polite=Form
+3sghe Person=3|Number=Sing|Polite=Form|Gender=Com

Additionally, some single labels in ThamizhiMorph have been mapped onto several
key-value pairs in UD, as illustrated in Table 3.9. There were some other instances
where the annotations found in ThamizhiMorph do not exist in UD morph. In order
to find suitable labels, I consulted the UniMorph (Kirov et al., 2016) project. For
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features related to Sandhi, and rationality, UniMorph does not provide any definition.
I have therefore introduced new labels for these. In addition, I have also introduced
values for features for AuxType, as I could not find the correct value for some of the
auxiliary?” types which I have identified from the feature list specified by UniMorph. To
associate items with this particular feature, I have specified the root forms of auxiliaries

as AuxType, for instance, ‘AuxType=kondiru’, where kondiru is an auxiliary verb.

3.10 Conclusion

In this chapter, I have described the design and development of a Tamil Morphological
Analyser cum Generator, ThamizhiMorph, along with all the tools and the relevant
ways with which such are supported.?'?2

The Finite-State Transducer (FST) models that I have compiled can be used for
language processing applications. I am currently using them in the context of Tamil
grammar development and treebank creation.

While no benchmark resources exist for evaluating NLP applications developed for
Tamil, I have designed two evaluation experiments to test the coverage and accuracy
of ThamizhiMorph. The results are quite robust in that identified errors are either
due to out-of-vocabulary items or derivational formations that have not as yet been
implemented.

Overall, I have made the following contributions with respect to the development

of a Tamil morphological analyser cum generator:

1. created a robust rule-based morphological analyser cum generator using an open-
source framework. I have made this available as a Python library called thamizhilip

2324

(Thamizhi Linguistic Processing Library), which can be easily set up and

used for developing other language processing applications, including grammars.

I have also published this as a web-based application.?®

2. introduced a novel concept of Meta-Morph Rules, which helps researchers to
focus on the analysis of a language and make the development and maintenance

of a morphological analyser efficient and effective by reducing manual effort.

20In morphological analysis, the term ‘auxiliary’ verb is used in a very broad sense as used
in Nuhman (1999). However, I am aware that not all the verbs that are marked as auxiliary
are not always auxiliary verbs. These could be light verbs as well. This level of analysis is to
be taken up in more detail later in the syntactic analysis.

2http://nlp-tools.uom.1lk/thamizhi-morph/

22https://github.com/sarves/thamizhi-morph

Zhttps://pypi.org/project/thamizhilip

2https://sarves.github.io/thamizhilip

2http://nlp-tools.uom.1lk/thamizhi-morph/
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3. devised a mapping between the ThamizhiMorph annotation scheme and the Uni-
versal Dependencies scheme, which is useful to generate morphological annota-
tions for creating treebanks. In fact, I used this tool to generate morphological

annotations when I created a Tamil treebank.

4. provided a detailed account of the morphology of Tamil verbs and nouns, along
with respective paradigms. The incorporation of Sandhi and rationality into the

morphological analysis of Tamil is a new phenomenon.

5. compiled noun and verb lexicons from various sources and through various pro-

cesses. These are also made available for reuse.

6. generated millions of nouns and verbs and have published them in Kaggle?® for

other researchers and engineers to use and develop machine learning applications.

3.11 Future work

There are a number of ways in which the current version of ThamizhiMorph can be

improved and extended. Most importantly, the following improvements can be made:

e I have found a database of close to 10 million words and their frequencies
(Kunchukuttan et al., 2020) extracted from a large corpus of text. This lexicon

can be used to improve the coverage of morphological analysis and generation.

e One can go through the list of words from the above list, identify more conjuga-

tional forms, and add these to ThamizhiMorph.

Linguistically, deep analytical studies are required. For instance, one can explore the

following to start with:

e I have been labelling postpositions with their actual forms. This can be improved
further if the more in-depth study of postpositions could render better sorts of

labels. The same follows for auxiliary verbs.

o most of the words which have been identified as adjectives and adverbs are actu-
ally derived from nouns. Those words are, however, just being marked as either
adjectives or adverbs. One can go deeper into this dimension and explore how

the actual analysis can be annotated. For instance:

— Geusbres sy
(vekamana kar)

‘fast car’

2https://www.kaggle.com/sarves/tamilverbs
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where, vekamana = vekam ‘speed’ 4+ ana ‘-ana renders an adjective from a

noun’

— Geusons aubsgl
(vekamaka vantatu)
‘came fast (it)’
where, vekamaka = vekam ‘speed’ + aka‘-aka renders an adverb from a

noun’

The current version of ThamizhiMorph does handle derivations (although I have
included some derivational analyses). For instance, verbal nouns are derived from verbs.
One can study this in more detail and incorporate more derivations while exploring how
a derivational morphology tool can be built. This development will constitute a more
complex task.

Apart from such consideration, I have done some additional experiments on context-
aware morphological analyses and machine learning applications for morphological anal-
ysis; however, more is to be done on these topics as a way forward. At present,
ThamizhiMorph will give all possible analyses when available. There are, however,
two challenges associated with the disambiguation of analyses, and these are: 1) the
identification of the correct Part of Speech and 2) the identification of the correct
analyses based on the Part of Speech.

I have attempted a rule-based approach to do this context-aware tagging. In order
to identify the Part of Speech, I made use of the ThamizhiPOSt POS tagger outlined
in Chapter 2. Since ThamizhiPOSt is a context-aware POS tagger, it can give the POS
based on the given context. However, disambiguation was not a feasible possibility
solely with the knowledge of POS and morphological analyses. I have had to write
some syntactic rules to resolve that. What this means, therefore, is that a syntactic
parser is required in order to perform this sort of disambiguation. The free-word order
nature of the syntax makes this a more challenging task. Fortunately, the syntactic
parser I developed captures the context and the output on which the analysis is based.

I have also tried to develop a morphological analyser using a machine learning
approach. In order to do this, I have attempted an encoder-decoder model and tackled
the morphological analysis as though it were a translation problem. However, I later
came across a deep neural network-based NLP toolkit called Stanza (Qi et al., 2020) that
includes a morphological analyser. Therefore, I stopped my exploration of developing
a deep learning-based analyser and decided to try Stanza first. However, I could not
progress further on it due to time availability. Having said that, one can still consider
developing a deep learning model for morphological analysis and generation using a

multilingual approach that also incorporates other Dravidian languages.
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4 TREEBANKS, PARSING, AND TAMIL SYNTAX
— AN OVERVIEW

This chapter discusses treebanks, parsing, and Tamil syntax, which then help under-
stand and appreciate the following two chapters on grammar-driven parsing (Chapter 5)

and data-driven parsing (Chapter 6).

4.1 Treebanks and Grammars

4.1.1 Grammar formalisms

The grammar of a language is a set of rules of how words are put together to form proper
sentences or phrases. These rules can be mathematically developed or modelled; these
mathematically modelled language specifications are called formalisms (Asudeh, 2006).
The study of grammar has a long history; Panini’s grammar of Sanskrit - Astadhyayi
- was published more than two thousand years ago. Astadhyayi is still being used to
teach Sanskrit and used to develop treebanks (Bharati and Sangal, 1993). Similarly,
Tolkappiyam - the first Tamil grammar - also came about at least a thousand five
hundred to two thousand one hundred years ago (Zvelebil, 1973).

Grammar formalisms are useful to model and document a language. More impor-
tantly, formalisms are required to create a model of a language that both humans and
computers can understand. Several such formalisms are used, including Tree-Adjoining
Grammar (TAG) (Joshi and Schabes, 1997), Lexical Functional Grammar (LFG) (Ka-
plan and Bresnan, 1982), Combinatory Categorial Grammar (CCG) (Steedman, 2000),
and Head-Driven Phrase Structure Grammar (HPSG) (Pollard and Sag, 1994).

Phrase structure and dependency structure grammar are two popular formalisms
used nowadays in which the relationship among words are studied and modelled (Ju-
rafsky and Martin, 2017). The basic concept behind phrase structure or constituency
is that groups of words may act as one unit, called a phrase, and there can be a rela-
tionship among these phrases. On the other hand, dependencies are constructed on the
basis of the fact that words have grammatical functions with respect to other words
in the sentence like subjects and modifiers (Nivre, 2005). Phrase structure grammar

can be used to efficiently model languages that have fixed word order. However, when
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it comes to relatively free word order languages such as Tamil, phrase structure gram-
mars are expensive, as one needs to write production rules for every possible word order
arrangement.

On the other hand, the significant advantage of dependency grammar is that it can
deal with morphologically rich languages with a relatively free word order (Jurafsky
and Martin, 2017). Therefore, dependency grammar is widely used in languages such
as Tamil, which have a relatively free word order. The Lexical-Functional Grammar, as
a hybrid formalism, uses the power of both phrase structure and dependency structure
(for functional structure, in the LFG terminology). I have used the LFG formalism for
grammar-driven parsing and the dependency formalism for data-driven parsing in my

analysis and implementation.

4.1.2 Treebanks

Treebanks are a collection of texts with various levels of annotations, including Part of
Speech (POS) and morpho-syntactic annotations. There are different formalisms used
to mark syntactic annotations (Marcus et al., 1993; Bejcek et al., 2013; Nivre et al.,
2016; Kaplan and Bresnan, 1982). Among the available formalisms, the dependency
grammar formalism is useful for languages such as Tamil that are morphologically rich
and whose word order is relatively variable and less bound (Bharati et al., 2009). The
American National Corpus (Ide and Suderman, 2004), the Brown Corpus, and the
British National Corpus (BNC) (Aston and Burnard, 1997) consist only of Part of
Speech annotations.

Several annotation schemes are used in the different treebanks, including the Penn
Treebank Annotation (Marcus et al., 1993), the Prague Dependency Treebank (PDT)
(Hajic et al., 2001) annotation and the Universal Dependency annotation (Nivre et al.,
2016). The Penn Treebank (Marcus et al., 1993) consists of English text and is widely
used in language processing, especially in the processing of the English language. It uses
phrase-based structure grammar to construct the treebank where phrasal information
is annotated. For instance, the sentence “Kannan loves Ratha” is annotated as shown
in (1), according to the Penn Treebank annotation scheme (Marcus et al., 1993). This
shows that sentence S has a noun phrase and a verb phrase, and the object NP —

Ratha is included as part of the verb phrase.
(1) (S (NP (NNP Kannan)) (VP (VPZ loves) (NP (NNP Ratha))) (. .))

The Prague Dependency Treebank (PDT) (Hajic et al., 2001) is a dependency tree-
bank that supports detailed annotations in three layers: morphological, analytical, and
tectogrammatical. In the morphological layer, word-form, lemma and morphological

tags are annotated, including person, number, and gender. Structural information,
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including syntactic and dependency information, are annotated in the analytical layer.
At this layer, a dependency tree is constructed. In the tectogrammatical layer, which
is the innermost layer, deep structures are annotated (Haji¢ et al., 1999; Ramasamy,
2012). The PDT was initially created to annotate the Czech language, which is also
a morphologically rich language. However, other languages have been incorporated
into the PDT, e.g., the Prague Arabic Dependency Treebank (PADT) that has been
developed with the Arabic text (Hajic et al., 2004).

The Infrastructure for the Exploration of Syntax and Semantics (INESS) is a Nor-
wegian infrastructure that provides access to treebanks that are syntactically and se-
mantically annotated (Rosén et al., 2012). This infrastructure supports and hosts all
the available treebanks that exist. Further, INESS has a search, analysis, and advanced
visualisation through which different treebanks can be compared and analysed. Unlike
other consolidation efforts like META-SHARE! and CLARIN, the INESS infrastructure
has a middleware that allows for the provision of a cross treebank analysis, irrespective
of the type of the treebank.

4.2 Syntactic parsing: Literature and Approaches

Mapping from a string of words or sentences onto its parsed tree representation is called
syntactic parsing (Jurafsky and Martin, 2017). As discussed in Chapter 1, parsing
is an important task for linguistic analysis and the development of natural language

applications.

4.2.1 Constituency and Dependency parsing

Creating a sentence’s phrase structure or constituency structure using the phrase struc-
ture grammar is called constituency parsing. This type of parsing usually outputs a
limited amount of syntactic information, such as phrasal structures and clause bound-
aries. In this approach, non-overlapping segments of a given sentence, such as noun
phrases, verb phrases, adjective phrases, and prepositional phrases, are found. This is
useful for language processing tasks such as information retrieval that may not require
complete or complex structural information (Jurafsky and Martin, 2017). The phrase
structure-based constituent analysis is more suitable for fixed word order languages
such as English (Muralidaran and Misra Sharma, 2018), in which the placement of
words matters to show the syntactic information or structure.

Dependency parsing marks the dependency among the words or tokens of a sentence.
This is the widely used approach for parsing at present. The output consists of labelled

links representing dependency relationships between words and phrases (Jurafsky and

lwww.meta-share.org
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Martin, 2017). Further, the dependency parser does not rely heavily on the position of
words and the internal grouping of surface chunks and is, therefore, more suitable for
free word order languages (Tsarfaty et al., 2010).

Apart from these two, there are hybrid approaches where a parse consists of both
phrase structure and dependency information (Kibler et al., 2009). Lexical-Functional
Grammar can be considered a hybrid approach since it incorporates two primary struc-
tures: constituency and functional structures. The functional structure can itself be

represented as a dependency tree.

4.2.2 Grammar-based and Data-driven parsing approaches

Grammar-based and Data-driven parsing are two important approaches to parsing text
(Nivre, 2005). Even though, in recent years, data-driven parsing has become state-of-
the-art and is widely used for morphologically rich and free word order languages such
as Czech and Turkish (Che and Zhang, 2017; Husain, 2009), grammar-based parsers
are still useful for accurate and deep parsing and making high-quality treebanks in the
first place.

Annotated treebanks are the primary resource for this kind of data-driven approach.
However, not many Indian Languages except Hindi have annotated treebanks with a
significant number of tokens. Moreover, even if treebanks are available, those are either
kept closed or relatively small. There have been many efforts to develop data-driven
dependency parsing for Hindi, Telugu, and Bangala through the ICON 2009 shared
task contest. In the case of Tamil, if we are to employ supervised data-driven parsing,
an annotated dataset must be first created. A grammar-based parser, on the other
hand, does not require an annotated treebank. However, it requires a corpus of text
that contains the syntactic constructions that the parser then needs to handle. This
approach requires a deep understanding of the language’s syntax and a good knowledge
of formalisms. Formalisms like LFG and HPSG are deep linguistic formalisms that are
widely used to develop grammar-based parsers. While this type of parser performs very
accurately, it, however, fails when new syntactic constructions or new lexemes or words
are found. Consequently, the grammar-based approach is not deemed robust compared

to the data-driven approach.

4.2.3 Algorithms for dependency parsing

Two popular algorithms used in data-driven parsing are the transition-based parser and
graph-based parser. Transition-based parsers are based on transition systems that con-
sist of a set of states and the transitions between them (Kibler et al., 2009). Transition-
based parsers have been implemented using a shift-reduce parsing algorithm and stacks;
for instance, Stanza (Qi et al., 2020) and MaltParser (Nivre et al., 2006) are examples
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of transition-based parsers. Graph-based parsing is based on the Minimum Spanning
Tree algorithm, and MST parser (McDonald et al., 2005) and uuparser (Kiperwasser
and Goldberg, 2016) support graph-based parsing.

Implementations of these two algorithms are available as off-the-shelf tools, as men-
tioned. Therefore, instead of developing these algorithms and parsing approaches from
scratch, I have used these available tools with which I could implement the Tamil
parser. Compared to graph-based parsing, transition-based parsing is widely used for
language dependency parsing (Che and Zhang, 2017; Husain, 2009).

Projectivity in dependency parsing is an important phenomenon. According to
Jurafsky and Martin (2017), an arc from a head to a dependent is said to be projective
if there is a path from the head to every word that lies between the head and the
dependent in the sentence, and the dependency tree is set to be projective if all the
arcs that make it up are projective. However, languages will have valid constructions
that lead to non-projective trees; especially such constructions are common among
languages with relatively free word order. For instance, Figure 4.1 shows an example for
an non-projective tree, because the arc from flight to its modifier was is non-projective
since there is no path from flight to the intervening words this and morning. The
initial implementation of transition-based parsers is known to fail when it comes to
non-projective trees (Jurafsky and Martin, 2017). However, in recent times, there
has been an attempt to extend the transition-based parser to handle non-projective
trees as well (de Lhoneux et al., 2017b). This new approach is also implemented in a
tool called uuparser (de Lhoneux et al., 2017b). Therefore, it is vital to use tools or
frameworks that support non-projective trees so that constructions found in Tamil can

be implemented without any problem.

(mod)

\ nmod

omod

f

JetBlue canceled our flight this morning which was already late

Figure 4.1: Example for a non-projective dependency tree
source: (Jurafsky and Martin, 2017)

Further, Transition-based parsing shows better accuracy with small sentences or
short dependency relations. In comparison, graph-based parsing approaches can handle
long dependencies well and even provide better accuracy (Jurafsky and Martin, 2017).
Therefore, depending on the type of data and length of the sentences, we need to choose

algorithms. The corpora I have used consist of sentences of less than 20 tokens.
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4.2.4 Parsing in Tamil

Very few attempts have been made in syntactic parsing in Tamil compared to the efforts
available for European languages (Ramasamy and Zabokrtsky, 2011). In this section,

I review the attempts that are available for Tamil:

o Ariaratnam et al. (2014) have used a rule-based approach with which to develop
a shallow parser that can chunk noun phrases and verb phrases. As part of this
research, a POS tagger has been developed to do the POS tagging first. On the
basis of the POS-tagged data, the rules are extracted for the shallow parser. This

approach has shown an f~measure of 78.3%.

o Dhivya et al. (2012) have developed a tool that can analyse a given sentence to
identify clause boundaries using the MALT dependency parser. This has been
mainly developed as a means with which to identify clauses in order to improve

the statistical machine translation.

o Sureka et al. (2014) have developed a dependency parser for clause boundary
identification that uses a similar approach specifically for machine translation.
However, a Conditional Random Field-based machine learning approach is then
used to construct dependency trees. They have tested this with 150 sentences
and shown that the machine translation with dependency information performs
better.

e A rule-based noun chunker and constituency analyser have in turn been developed
by AUKBCRC and RCILTS, respectively (Rajendran, 2006). The Finite-State
Machine based parser by Baskaran (1984), the syntactic parser by Kumar Shan-
mugam (2002), and parsing techniques by Shanmugam (2002) are reported in
the paper by Rajendran (2006); the original literature could not be retrieved.

e Rule-based and Corpus-based approaches have been compared in the develop-
ment of a dependency parser for the Tamil language by Ramasamy and Zabokrt-
sky (2011). As per the results, the dependency parser, which is developed using
a data-driven approach, performs better than the rule-based counterpart. The
corpus-based data-driven parser has been developed using the MST and MALT
parsers. A Tamil treebank based on PDT annotation (except for the tectogram-
matical layer) scheme has been used to annotate the corpus manually for a data-

driven approach.

e A team from IIIT Hyderabad, India, together with other research organisations

in India, have developed a shallow parser that is available online.? However, I

2http://1ltrc.iiit.ac.in/analyser/tamil/
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could not find any related publications to study this tool more. Although I could
not run this on my computer, I evaluated the online version and reported the

results in Chapter 3.

o Dhanalakshmi et al. (2009b) have reported work on chunking using the Condi-
tional Random Field (CRF) approach. The research identifies and segments the
text into syntactically correlated word groups. In this study, authors have also
shown that CRF performs better than other machine learning approaches such

as Support Vector Machine and Memory-based approaches.

Based on the literature, it is evident that there are no existing parsers for Tamil
available publicly for us to build upon. Further, I have outlined different parsing

approaches that I will extend and use in Chapters 5 and 6.

4.3 Tamil syntax — an overview

4.3.1 Background

Until a few centuries ago, important texts in Tamil were mostly written in a poetic
style, such that a non-trained person of the current generation would not be able to
understand this written genre of Tamil. These texts are mostly understood through
the commentaries written by scholars. At times, even these commentaries require a
further simplified version in order to be understood. For instance, a scholar called
Parimelalakar wrote a commentary (Nachinarkkiniyar, 1937) for the first Tamil gram-
mar work Tolkappiyam in the 13" century. Later, many simplified commentaries were
published based on Parimeélalakar’s work, due to difficulties in understanding the struc-
ture and content of those commentaries.

Although some efforts are being made to understand Tamil syntax and semantics,
due to several intertwined factors that include geography, caste, religion and party pol-
itics, some work has been put aside, and others have been given importance. Moreover,
some published works have not been properly circulated or catalogued. Since most of
the texts written before the year 2000 use non-Unicode fonts, these texts are now not
searchable over the Internet, even if some works are indeed online.

Over the years, Tamil has been in contact with several other languages. It is no
longer spoken in some of the countries in which it was spoken several decades ago.
Further, due to the migration that has been happening, Tamil is now spoken all over
the world and has been in contact with a number of western languages as well. Apart
from this array of language contact, the grammaticalisation of various words in Tamil
through time makes the study more complex. There are, however, only a small number
of works that relate to modern Tamil grammar. Similarly, there is no comprehensive

grammar for modern Tamil written after the 13'" century nannul grammar. It is the
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derived grammar that is based on nannul (Thesikar, 1957) that is used as a high
school Tamil textbook (Nuhman, 1999). Tamil requires a significant amount of proper
linguistic study to understand and describe its grammar, especially its modern syntax.
There has been an attempt to develop a modern grammar for Tamil by several scholars
in Tamil Nadu, including E. Annamalai. However, no parts of the grammar have been
released yet.

The following subsections highlight certain syntactic structures of Tamil that are
available in corpora I am working with and which I have dealt with in this research
study. I shall not attempt to go beyond syntax and formulate an overall semantic
analysis for each construction mentioned here. Further, I have followed various syntactic
analyses in grammar books and research papers, although these also require further
linguistic exploration. For constructions such as complex predicates, light has been
shed in Sarveswaran and Butt (2019) through the use of modern linguistic theories, as
we could not proceed without a better understanding of these.

Since I have been using different corpora for data-driven and grammar-based pars-
ing, not all of the outlined constructions are handled in both parsers. Tamil is a highly
free word order language, although Subject-Object-Verb is the commonly used con-
stituent order. For this reason, and for further simplification, variants other than SOV

are not covered in this overview.

4.3.2 Nouns and their structures

Nouns in Tamil are marked for number and case, as discussed in Chapter 3. The
number values available are singular and plural. Case® in Tamil has received much
attention but has evolved over time. Modern Tamil grammarians propose nine cases;
some are discussed in detail below. There is evidence that some case forms in Tamil
are also used to mark other cases. For instance, the accusative case can sometimes be
used to express the instrumental (Joseph, 1893). I will here not make reference to this
further syncretic complexity. These require further linguistic explorations.

Apart from numbers and case, functional elements like adverbials, postpositions,
particles, and clitics can also be attached to nouns. Adverbials are primarily of a spatial

or temporal nature. While clitics can be added to nouns irrespective of their number

31 have not analysed whether the given case marker is “true” case marker or “just” a
postposition. I just followed what is there in the literature, even though there are cases where
I think more analyses are required. Anyway, this is a long-standing issue in the Tamil case
system (Schiffman, 2004; Caldwell, 1998). In fact, Caldwell (1998) says the following regarding
the Dravidian case system: “All case-relations are expressed by means of postpositions, or
postpositional suffixes. In reality, most of the postpositions are separate words; in all the
Dravidian dialects, they retain traces of their original character as auxiliary nouns. Several
case signs, especially in the more cultivated dialects, have lost the faculty of separate existence
and can only be treated now as case terminations. However, there is no reason to doubt that
they are all postpositional nouns originally.”
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and case marking, particles can be attached to nouns if they are in the nominative,
accusative or dative case. Adverbials and postpositions are attached to nouns if they

are in the nominative or the dative case.

4.3.2.1 Nominative case

Syntactically unmarked, bare nouns are understood to be nominative-marked. These
may function as a subject, predicate, subject-complement, objective-complement, or
object in Tamil. Except for dative subjects, subjects in nominative cases usually ne-
cessitate subject-verb agreement, where the verb shows agreement with the nominative

case marked nominal in person, number, gender (and rationality).

&5 GU0T GOOT 60T 6(H  LDITEITEUET
kannan oru  manavan
(2)
Kannan.NOM a student.NOM.MASC

‘Kannan is a student.

@y SEN 6V 6L G < ETITEOT
kumar talaivan anan
Kumar.NOM leader.NOM.MASC become.PAST

‘Kumar became a leader’

Example (2) is a nominal predicative construction. Such constructions are commonly
used in Tamil, where the linking verb is dropped in the present tense constructions.
However, for other tenses, a copula ana ‘become’ is introduced to carry tenses, as in
(3). The other variant of this is shown in (4) where aka — an adverbial suffix — is
added to the nominal predicate in (3). Although (3) and (4) are structurally different,
I could not quantify it; it requires a linguistic exploration. I have glossed aka in (4) as

ADV, because, aka is an adverbial suffix that is used to convert nouns adverbs.

@Gy SENVEUGTTS <, GOTITEOT
(4) kumar talaivanaka anan

Kumar.NOM leader.MASC.ADV  become.PAST

‘Kumar became the leader.

@LDIy @rmoenens SEMOEUET A SE T
(5) kumar iramanait talaivan akkinan

Kumar.NOM Raman.ACC.SANDHI-T leader.NOM make.PAST.3SMR

‘Kumar made Raman a leader’

In N+V predication, N is always in the nominative case. For instance, (4) is a resultative

structure with an N4V predicate, where N is in the nominative case.
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4.3.2.2 Accusative case

The case marker -ai is used to mark the accusative case in Tamil. Like other case

markers, this is also added to the nominal stem, oblique stem,* or a pluralised noun.
Tamil has differential object marking, where objects are marked with and without

an accusative case on the basis of rationality. In contrast, it is obligatory to have the

® marking is optional for

accusative case marking for rational entities as shown in (5),
irrational entities as shown in (6), and adding an accusative case marker onto these
irrational entities ends up denoting definitiveness as in (7) (Lehmann, 1993). However,
if the accusative case is not overtly marked, as in (6), the order of the object becomes
restricted in relation to other constituents. Basically, the object has to follow the

subject; otherwise, the sentence becomes ambiguous.

@Lomy Ub8I Dl SSma
kumar pantu atittan
(6)

Kumar.NOoM  ball.NOM  hit.PAST.3SMR
‘Kumar hit a ball

@Lomy Upems  Slgssmer
kumar pantai atittan
Kumar.NOM ball.AcC  hit.PAST.3SMR
‘Kumar hit the ball’

4.3.2.3 Dative case

The dative case marked by o &, -ukku has many different functions in Tamil; Lehmann
(1993) lists nine different functions. However, in my corpora, I found the following four
different functions:

1. Indirect objects

Ditransitive verbs in Tamil take indirect objects marked with dative. Unlike the

accusative case, the case suffix is always added irrespective of rationality.

@g ATESG @  FeUM D606
(8) itu  aracukku oru caval alla
this state.DAT a challenge.NOM not

“This is not a challenge to the state’

4Some nouns take a suffix called oblique suffix, which allows the root to take other suffixes.
More linguistic exploration is required in order to understand whether these oblique suffixes
have or have had other functions

SThere are a few exceptional instances where rational entities do not take the accusative
case marker when functioning as an object (Lehmann, 1993). However, no such instances were
found in our corpora
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2. Benefactive case
On top of -ukku, a suffix -aka is added to mark the benefactive case in Tamil.
Although this can be considered a separate construction type, since this is somewhat

related to the dative marker, I have included benefactive under dative.

[BITLD BTl (h&srs  Coenel Q&b &P
(9) nam nattukkaka  cevai ceyyum kulu

we.NOM country.BEN  service.NOM do.FUT.REL group.NOM

‘We are a group that serves the country’

3. Dative subjects

Dative subjects in Tamil require linguistic exploration. While some scholars con-
sider dative subjects as indirect objects, others, such as Mohanan and Mohanan (1990),
and Pappuswamy (2005), accept the concept of dative subjects. This phenomenon is
found in other languages as well (Butt et al., 2006). I followed the latter sort of analy-
sis and analysed words that are marked with the dative case that also display subject
properties as dative subjects. However, unlike nominative subjects, dative subjects
show mixed behaviours. They, for instance, do not show all the subject properties
shown by a nominative subject, including the person-number-gender agreement with
the verb. Verbs with dative objects marked for third-person, neuter-gender, and sin-
gular — are also referred to as default agreement — irrespective of subject’s number,
gender, rationality, and person. This default agreement is marked using o (b -um, as
shown in (10).

CTad @ SIBIGETD Qg HlyLd
(10) enakku cinkalam teriy-um
I.DAT Sinhala.NOM  know.FUT-3SN

‘T know Sinhala’

4. Goal marker
-ukku is also used to mark the goal argument of motion verbs in Tamil, as shown

n (11). This is analysed as an oblique argument in my analyses.

< GBOT GHTIT SWTIq &G&F OlFeTm medT

anna kantikkuc cenran

(11)

elder-brother.NOM kandy.DAT.SANDHI-C  go.PAST.3SMR
‘Elder brother went to Kandy.’

4.3.2.4 Instrumental case

The instrumental case is marked by -aal to show instrumentation as in (12). In addition,

the instrumentation can also be marked via the use of the postposition epevid mulam
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‘with which’, which may or may not be suffixed to the root.
Apart from this simple use-case, the instrumental case is also used to mark the agent
in passive constructions, as shown in (13), and to form conditional verbal clauses, as

discussed later in this chapter.

eUwer  Fredllwmed  FHFHmels S bHE meo
(12) paiyan caviyal katavait tirantan
boy.NOM  key.INS door.ACC.SANDHI-T open.PAST.2SMR
‘A boy opened the door with a key’
SWFFTOEILITD LW  STomaThiser parCler(H&sLLL L6
(13) amaiccaravaiyal putiya tirmanankal munnetukkappattana
cabinet.INS new resolutions.NOM forward-take.PASS.PAST.3PLN

‘New resolutions were taken-forward by the Cabinet.

4.3.2.5 Locative case

In Modern Tamil, the -il marker is used to mark the location in space and time, and
mode on irrational and rational nouns (Lehmann, 1993). For instance, (14) shows how
-1l is used to mark the location in space. -itam is another marker used to mark locative
cases only on rational nouns. Lehmann (1993) claims that -itam expresses the goal of
motion, transaction source, emotion target, and temporary possession. For instance,

my corpora consist (15), which is an example of a goal of motion of speech.

@LDTIY gl Lgdle  Cudlermen
kumar kuttattil pécinan

(14) :
Kumar.NOM meeting.LOC speak.PAST.3SMR
‘Kumar spoke at the meeting.’
@&Lomy sewrewrefld Gl ermer
kumar kannanitam pécinan

(15)

Kumar.noM Kannan.Loc speak.PAST.3SMR

‘Kumar spoke to Kannan.

4.3.2.6 Ablative case

-truntu is used to mark ablative cases on top of locative-cased nouns. For instance, -il
+ -iruntu = -iliruntu would function as ablative case marker for irrational nouns, as
n (16). Similarly, -itam + -iruntu = -itamiruntu in turn functions as the marker for

rational nouns.
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prer  Qamupbielmbg  ligh@  eubCsen
nan kolump-il-iruntu vittirku vanten
Inom  Colombo.LOC.ABL  home.DAT come.PAST.1SR

‘I came home from Colombo.

4.3.2.7 Genitive case

o LW -utaiya, Sig -atu, @ e -in are the markers used to mark genitive case in
Tamil, which is available in the context of possession, and to show a thing’s source
or a characteristic/trait of something. There is no exact rule to say which marker
needs to be used in what context (Schiffman, 2004). (17) shows how -in is used to
mark possessive. -atu is a confusing maker, which is also used to mark third-person,
singular, and neuter in verbs and serves as a pronoun to mark the same. In addition,
-atu functions differently in relative clause constructions. A genitive case example using
-atu is shown in (18), as in this example, words can be shuffled when -atu is used to

mark the genitive case. However, it is not possible with other genitive markers.

BT Uil D eren e
(17) nan avarin pillai
I.NOM he-HON.GEN child.NOM
‘I am his child’
ueTeflGaml b (GLOMTE)
pallikkutam kumaratu
(18)

school.NOM Kumar.GEN

‘Kumar’s school!

Further, it is very common in Tamil that these genitive markers are dropped if it does
not lead to any ambiguity. For instance, see (19), which is comparable to (17), where

genitive case marker -in is dropped, yet it shows the possessiveness.

BT <D{eUTT Kérener

nan avar illai

(19) 1 Vi pill
I.NOoM he-HON.NOM child.NOM

‘T am his child’

4.3.2.8 Sociative case

& -otu, 2 L& -utan are the markers used to mark sociative cases in Tamil (Lehmann,
1993), see (20). When multiple entities function together as a subject, this conjunction

will be reflected in subject-verb agreement, which is discussed in Section 4.3.8.
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prer  oiumeyLer  CurGerer
nan appavutan ponen
1 father.soc g0.PAST.1S

‘I went with father’

4.3.3 Agreement

Plurality agreement between a noun and its quantifier is obligatory for rational and
irrational nouns. However, in the corpus I used, it is noted that this plurality agreement
is not available for irrational nouns in some instances. I am not sure whether this is
something that may have to do with regional differences. For instance, (21) was found
in the corpus, although the alternative structure otherwise available in the Sri Lankan

context is that in (22).

gpeTm  BTUSET  eUbSS)

munru naykal vantatu

(21)
three dog.PL come.PAST.3SN
‘Three dogs came.
epeTm  BTUSET  GUbBSET
munru naykal vantana

(22)

three dog.PL come.PAST.3PLN

‘Three dogs came.

A nominal subject and verbal predicate agree for rationality, gender, number, and
person in Tamil. Tamil grammar textbooks, e.g. Nuhman (1999), claim that there are
five gender values, as given below. Although this classification is referred to as gender,
the markers do not express gender values alone. Rather it is gender + number values

that are expressed.
1. anpal - masculine singular
2. penpal - feminine singular
3. palarpal - rational plural
4. onranpal - irrational singular
5. palavinpal - irrational plural

As outlined in Chapter 3, I have used four gender values - masculine, feminine,

epicene,% and neuter (Lehmann, 1998) without going into the additional detail and

SEpicene is used to mark singular-rational entities that are not classified with respect to
masculine or feminine values.
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complexity of GENDER and NUMBER markings being fused onto the same form.

When it comes to PERSON, there are three values, namely, first, second, and third,
as in most other languages. However, Tamil has one more value that is used to mark a
deictic reference between the second and the third person. Although special pronouns
are used to address this medial deictic, this does not influence any syntactic functions,
at least in the corpora I have handled. It has, for this reason, not been considered in
my syntactic analysis. In addition to the three main person values, Lehmann (1993)
has proposed the fourth person. According to him, this fourth person pronoun’ in this
section. — tan — is always co-referential with the subject of the same clause or higher.
In addition, there is no special agreement displayed between this fourth-person pronoun
and the verb. The data I have used for the data-driven parsing has several instances
of this fourth person — tan. On the other hand, this -tan can easily be confused with
the -tan clitic that is an emphatic marker in Tamil. Based on the data, I have treated
tan as clitic when it is written together with the headword, as in (23). Otherwise, tan

as a separately written word functions as a fourth person pronoun.

pren  QFligg) &6 NI TET

(23) nan ceytatu tavarutan
I.NOM do.PAST.REL wrong.NOM.EMPH
‘What I did was wrong.’
600 GOOT 60T ST ufleamguller  HeHwenwiom L mer
(24) kannan tan parttcaiyil cittiyataiya.matt.an
Kannan.NOM himself exam.LOC pass.will-not.3sMR

creml  Hlenemg g men
enru ninaittan
that think.PAST.3SMR

‘Kannan just thought he would not pass the exam.

In Tamil, although there is a specific suffix with which to mark honorifics on verbal
predicates, it is common to use the plural of suffix as a means to mark honorifics.
Therefore, agreement for number may not always hold between the subject and the

verbal predicate when this is the case, as shown in (26).

BIGT 2 6ieneuLl Gumseil_om’_GL_eor
(25) nan unnaip poka.vita.matt.en
YOUu.ACC.SANDHI-P  go.let.will-not.1s

‘T will not let you go.

7 Although I believe that tan is a reflexive pronoun, I have used the terminology of Lehmann
(1993)
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soaTmElLg) gl Lgdler  Cuélamiser
janatipati kuttattil pécinarkal
president.NOM meeting.LOC speak.PAST.3PLER

‘The President spoke at the meeting.’

4.3.4 Negation

Negation can be realised morphologically using the -aa or mattu morphs, or by syn-
tactically using the word llai. -aa is used to negative all types of verbal constructions,
including finite and conditionals, as shown in (27). -aa can easily be confused with
the question particle. mattu is specified as a future negative marker, as shown in (28)
(Nuhman, 1999; Lehmann, 1993).

i} UITLI(BHST® i Camaliumy
ni varamaliruntal appa kopippar
(27) .
you come-not-if father.NOM get-angry.FUT.3SER
‘Dad will get angry if you don’t come.
BI6T 2 6meneuL Cumsed_om’_ GLam
nan unnai oka.vita.matt.en
(28) n nnaip p ! tt.en

yOU.ACC.SANDHI-P  go.let.will-not.1s

‘I will not let you go.

The word illai can function as a habitual (29), existential (30), and possessive (31)

negator, as shown in the following examples from corpora:

Bren  SSlsrereulldy erpbLjeugl  @dame

(29) nan  atikalaiyil elumpuvatu illai
morning.LOC get-up no
‘T do not wake up early’
DAUDISG usd  Qdeow
avanukku utti illai
(30) T >
he.DAT.SANDHI-P wit.NOM no
‘He has no wit’
aasE FHCHED  @eena
enakku  cantekam illai
(31)

I.DAT doubt.NOM no

‘T have no doubt.
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4.3.5 Postpositions in Tamil

Postpositions are sometimes referred to as particles (Arden, 1910), and are the equiv-
alent to prepositions in English (Schiffman, 2004), except for their varied syntactic
position, since postpositions are suffixed onto the words which they govern. However,
analysing and listing all postpositions in Tamil is difficult since most of the postposi-
tions are often nouns or verbs in their origin. Almost any verb in the language can be
advanced to candidacy as a postposition (Schiffman, 2004). For instance, potu ‘put’ and
kol ‘hold’ can be used as postpositions with which to mark instrumental case (Schiff-
man, 2004) in modern usage. For example, (32) shows how kol ‘hold’ is used as a
postposition to mark the instrumental case. However, if one can look deeper, it is clear
that kol still functions as a verb and give the object case to stick. Otherwise, there are
no ways to explain the case marking on the stick. Therefore, I have not handled all

postpositions in Tamil as they require more linguistic exploration.

Qurelev  FigewEQETaTH Fal Lsms  ellFliquig
polis tatiyaik-kontu kuttattai virattiyatu
(32) . ) :

police stick.Acc-using crowd.ACC  chase.PAST.3SN

‘Police chased the crowd with stick’

4.3.6 Verbs and their syntactic structures

Tamil verbs have been mostly analysed from a prescriptive perspective, and most of
these studies are based on the very first Tamil grammar called Tholkapiyam® and a
derived piece of work, the nannul (Thesikar, 1957), published in the 13th century CE.
From the 18" century CE onwards, Western scholars have also contributed to the study
of Tamil grammar. However, except for the attempt by Annamalai (2013), none of the
scholars has clearly articulated the differences between complex predicates, serial verb
constructions (Steever, 2005; Fedson, 1981), complex verbs (Agesthialingom, 1971), and
compound verbs (Agesthialingom, 1971; Nuhman, 1999; Fedson, 1981; Paramasivam,
2011). This stands in contrast to the work done for other South Asian languages such
as Urdu/Hindi (Butt, 1995; Butt and Lahiri, 2013). However, it is important to under-
stand the differences across these potentially confusing categories for the development

of grammar.

8The date of publication of this work is imprecise and uncertain. Scholars argue that it
could be between the 5" century BCE and the 5 - century CE.
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4.3.6.1 Complex Predicates

The study of complex predicates (CP) has received a great deal of attention in the
linguistic literature and a number of distinct interpretations. I base this research on
the definition proposed in Butt (1995), which views CPs as being formed when two or
more predicational units enter into a relationship of co-predication. Each predicational
unit adds arguments to a mono-clausal prediction; a similar definition or idea can also
be found in Mohanan (1994) and Alsina et al. (1997). It is important to identify CPs to
understand the differences with respect to other potentially confusing categories for the
development of computational resources such as computational grammars (Butt and
King, 2002), WordNet (Chakrabarti et al., 2007), and machine translation (Kaplan and
Wedekind, 1993; Butt, 1994).

Complex predicates are very common in Tamil (Annamalai, 2013). For instance,
verbs like eeu (vay) ‘place’, @dl(h) (vidu) ‘let go’, umy (paar) ‘see/look’ may function
both as main/full and light verbs. As light verbs, they mean ‘cause’, ‘let’ and ‘try’,
respectively (Annamalai, 2013).

As noted in the existing literature (Annamalai, 2013; Steever, 2005; Lehmann, 1993;
Rajendran, 2004), Tamil is well known for a diverse type of Verb-Verb (V-V) and Noun-
Verb (N-V) constructions.

e verb+verb constructions involve a series of auxiliary or light verbs that are added
periphrastically to the first verb, either in the form of a verbal participle or an
infinitive. Muthuchchanmugan (2005) shows that up to four verbal units can fol-
low the main verb (also referred to as the lexical headword) in Tamil. However,
as he claims, whether all of these are auxiliaries is debatable. In V-V construc-
tions, the terminal verbal unit is the final item in a sequence. The preceding
verbal units can be in either an adverbial or infinitival form. The terminal verbal
unit is the item that carries all the functional information, such as tense, person,
number, and gender. The V-V sequences are used to express a range of semantic
information. This includes cross-linguistically well-established categories such as
the causative, passive, permissive, negation, aspectual information, and mood
and modality, including obligation vs. possibility. The literature also describes
definitive and conclusive meanings, the expression of irritation, carelessness, aug-
mentation, prediction and intention (Paramasivam, 2011; Muthuchchanmugan,
2005). For instance, (33) shows construction with definite conclusive meaning,
where the muti ‘finish’ is the head verb that gives the meaning of complete and
the auxiliary verb wvitu ‘leave’ (in the example, vitu has become wvit due to the

phonological transformation) marks the definite completion.

¢ noun-+verb constructions where the noun function as the head and the verb as a

light verb. (34) is an example for such a construction where kaitu ‘arrest’ is the
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nominal head and cey ‘do’ is a light verb.

S|MLDEFTT sl LS  (PlgsSgledlLmy

(33) amaiccar kuttattai mutittu-vittar
minister.NOM meeting.ACC conclude-definite.PAST.3SER
“The Minister concluded the meeting’
QuTelen  SeToLeneTs DEG QFligg)
(34) polis kalvanaik kaitu ceytatu
police thief. ACC.SANDHI-K  arrest.NOM do.PAST.3SN

‘The police arrested the thief!

4.3.6.2 Light Verb Construction

Light Verbs (LV) differ from main/full verbs in their syntactic distribution and lexical
semantics. While main verbs can stand alone and predicate independently, light verbs
depend on the existence of another predicative element in the clause. LVs are light in
the sense that they do not carry the meaning of the corresponding full verb, yet they still
contain lexical-semantic information (Butt, 2010; Annamalai, 2013). Unlike auxiliaries,
they are not fully functional elements. The light verb forms a syntactically monocausal
unit with the main predicational element. Following Butt (2010), we analyse LVs as a
separate syntactic category and differentiate them from both main verbs and auxiliaries
in the language. Such structures are common in South Asian Languages (Butt and
Lahiri, 2013), including Tamil (Annamalai, 2013).

Annamalai (2013) has analysed various V-V, Infinitive-V, N-V and Verbal Participle-
V sequences that have been differentiated between Serial Verb Constructions (SVC) and
Complex Predicates (CP). Example (35) illustrates a simple transitive verb eummi,
(vangu) ‘buy’. The same main verb used together with Q&) (kodu) ‘give’ in its light
verb sense forms a CP in (36). The light verb ‘give’ contributes a beneficiary mean-
ing to the predication and licenses the use of an additional beneficiary indirect object
(oBJ-TH). The light verb as the terminal verbal unit carries functional information,

which in this case has to do with tense, number and person.

Bren  sreny  eunmiSlCaen

naan  carai vanginen

(35)
I.LNOM car.AcC buy.PAST.1S

‘I bought the car’
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BIeT  Seua&E@GE sty  eumhdS6ETHSCHe
naan  avanukku-k carai vangikkoduththen

I.NOM he.DAT-SAN  car.ACC buy.VP.SAN.give.PAST.1S
‘T bought him a car’

Example in (37) shows an alternative version of (36), in which the two parts of the
complex predication are realised together. The Sandhi [K] is also triggered on the main
verb eummi@ (vangu) ‘buy’ just as in the single word realisation in (36), thus further

consolidating the monocausal function of the whole construct.

BTG — SeUaSEEGS sTen]  eumhidls QarhgCser
(37) naan  avanukku-k  kar-ai vangi-k koduththen
I.LNOM he.NOM-SAN car-ACC buy.VP.SAN give.PAST.1S

‘I bought car for him.

4.3.6.3 Causatives

Causative verbs indicate that one person or thing causes another to do something
for another person. A causative in Tamil can be realised either morphologically or

syntactically.

1. The morphological realisation of causation in Tamil

The causation in Tamil can be morphologically realised via three morphs: &dl (vi),
@ (pi), and 19 (ppi) occur before the tense maker in a verb (Steever, 2005). For
instance, (38) shows how the causative marker 6 (vi) is used to causative a verb. The
choice of the causative morph depends on the last vowel of the verbal root and is thus

phonologically conditioned (Nuhman, 1999; Paramasivam, 2011).

eummI@ellssmen (vanguvittaan)

eummIE@ -6l -5 -5 -<24,60T
(38) vangu -vi -t -t -aan

buy -CAUS -SAN -PAST -3SMR

‘he made somebody buy (something)’

2. The syntactical realisation of causation in Tamil

The syntactical realisation of causation in Tamil can also be realised by adding one
of the following verbs after the infinitive form of the main verb: Q&w (sei) ‘do’, enau
(vai) ‘put’, wewram (pannu) ‘do’. In this case, these verbs do not predicate as full verbs
and have the character of light verbs, expressing the non-referential meaning ‘make’,

as shown in (39).
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Sjeuanen & ST CUTTRIGF QeCgenm
avanai oru car vanga-c seithen
he.Acc a car.NOM buy.INF.SAN make.PAST.3SM

‘(I) made him buy a car’

4.3.6.4 Passives in Tamil

Passive constructions in Tamil are realised via a V-V construction, and the verb L
(patu) ‘be touched/be experienced/sleep’ is used to passivise constructions, where padu
functions as an auxiliary verb. Together with an infinitive form of the main verb, it
gives the meaning of ‘be subjected to’ (Annamalai, 2013). For instance, (40) is a
passive construction where patu is added to the infinitival form of varnku to passivise
the construction. Further, agent ‘ram’ become an instrumental oblique and object ‘car’

has become nominative subject.

TTLOTED ST GUITRISLILIL_ LG
(40) ramal kar vankappattatu
ram.INST car.NOM buy.INF.PASS.PAST.3SN
‘A car was bought by Ram’
LD UGG @@ ST QUMHRIS& Qam(Hssmen
(41) ram avanukku  oru car vangki-k koduththaan
ram.NOM he.DAT a car.NOM buy.VP.SAN give.VP.PAST.3SM
‘Ram bought a car for him/
gUDTe  SeUESE @ ST YA 3F:S QarhssliulLg)
(42) ramaal avanukku  oru car vangki-k kodukkappaddathu
ram.INST he.DAT a car.NOM buy.VP.SAN give.INF.SAN.PASS

‘A car was bought for him by Ram.

Further, V-V and N-V constructions can also be passivised. In such constructions,
passiviser will be suffixed to the terminal auxiliary or light verb. For instance, con-
sider (41) and its passive version in (42). As in causative CP constructions, passive
constructions can also be written as two separate words, as in example (42), or like one
token - aumiSl&CsTHGsLLLL g (vankikkotukkappattatu). However, in the corpus,
I found that the passiviser verb patu is always written together as one token with the

light verb as in (42) or the main verb.
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4.3.6.5 Serial Verb Construction

Serial Verb Constructions (SVC) are common in Tamil. Unlike complex predicates,
these constructions do not satisfy the constraint of co-predication and monoclausality,
following the properties of SVCs outlined in Butt (1995), which differentiate SVC from
other verbal predicates. (43) is an example of an SVC, where both veddi ‘cut’ and
vilttinaar ‘made-fall’ share the same set of arguments and both of them are not bleached

in their meaning. Anyway, SVCs need to be investigated in much more depth.

cleugmudl  wrFws  Geul iy eSLps ey

vivasayi marattai  veddi vilttinaar

(43)
farmer tree.NOM cut.VPART made-fall.PAST.3SER

‘The farmer cut the tree down.

4.3.6.6 Copula Construction

@&LoMy QUSHSHE
kumar vakkil

(44)
Kumar.NOM  lawyer.NOM

‘Kumar is a lawyer.

(44) is an example of a copular construction with a nominal predicate marked with the
nominative case. The copula verb aku ‘lit. to become’ optionally occurs in nominal
predicates. aku can be used to identify the predicate when the subject and the predicate
are in the nominative case. For instance, we can conjoin aku only with vakkil to form
a meaningful sentence in (44). The negative copula verb illai appears obligatorily to

express constitution negation as in Example (45).

@&Lomy CUEEED @emen
kumar vakkil illai

(45)
Kumar.NOM lawyer.NOM not

‘Kumar is not a lawyer.

When the verb dllai ‘not’ occurs as an existential negation, it is considered as the
predicate as in example (46). There are instances where the nominal predicate is dative-
case marked to express benefaction, as in example (47), and the copula is absent. In this
example aku can only be suffixed to kumarukku, meaningfully; therefore, kumarukku is

the predicate.
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@&Lomy el 1g6 @ eene
kumar vitt-il illai
Kumar.NOM home.LOC not

‘Kumar is not at home.

Qs uils LTSS
inta paricu kumarukku

this gift.NoM Kumar.DAT
‘This gift is for Kumar’

4.3.7 Clitics

Clitic is a word but cannot function independently because of its dependence on an
adjoining word. Clitics are very common in Tamil. According to the Universal De-
pendencies guidelines, clitics should be separated from the main word to mark the
corresponding syntactic functions in the dependency structure. This will be discussed
later in Chapter 6, when discussing the data-driven parsing. In my analysis, I have
only considered whether any clitics are attached. The only clitics found in the corpus
data are: -a, -tan, and -um, which mark an interrogative structure, the emphatic, and
inclusiveness, respectively. For instance, examples (49)- (42) shows how interrogative

marker -a is used along with the subject, the oblique noun, and the predicate to make

different questions.

(48)

Sjeuen  CsmIpdLEEGL Guimestment
avan kolumpukkup ponan
he.NOM colombo.DAT.SANDHI-P  g0.PAST.3SM

‘He went to Colombo.

Sjeuemm  GampbL&EL Guimestment
avana kolumpukkup ponan
he-who colombo.DAT.SANDHI-P  g0.PAST.3SM

‘Is he who went to Colombo?’

Sjeuen  QsmIpdLEST Guimerrment
avan kolumpukkup ponan
he.NOM colombo.DAT.-where go.PAST.3SM

‘Is it to Colombo he went?’
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Sjeuen  CsmIpdLEEGL Gumrertmeurm

avan kolumpukkup ponana

he.NOM colombo.DAT.SANDHI-P  g0.PAST.3sM-did he
‘Did he go to Colombo?’

4.3.8 Coordination

Conjunctions in Tamil can be marked with the use of the clitic -um or the token
mattum. While the conjoined construction using mattum is straightforward, -um is
ambiguous in many cases, as it has at least eight different functions in syntax such
as in-completion, superiority, doubt, negation, completion, number, definiteness, and
that which is to come Senavaraiyar (1938).° The conjunction works in the same way
for nouns, adjectives, adverbs and verbs. Apart from these markers, a coordinate
structure can also be marked using sociative cases on the coordinating noun phrases.
When conjoined noun phrases occur as the subject, subject-verbal predicate agreement

will follow the precedence shown below, where rationality (rat) always takes precedence.

NPipisa/pLiRat + NPipisa/pLiRat (+ NP3pysa/pLitrrat) > VC1P+PLARat
NPipisa/pLiRat + NPopisa/pLirat (+ NP3pysa/pLitrrat) > VC1P+PLtRat
NP2pisa/pLiRat + NPopisa/pLirat (+ NP3pysa/pLitrrat) > VCoP+PLtRat

NPypisa/prarat + NP3pisa/prirat (+ NP3pisa/pritrat) > VO2P4+PLARat

~— ~— ~— ~—

NP3pisa/pLiRat + NP3pisa/pLirat (+ NP3pysa/pLitrrat) > VC3P+PLtRat

NP3p sa/pLitmat + NP3pisa/PLitrat > VC3P4PLAImat

Disjunction is marked with the use of the clitic -0o0 or the token @16'1)61)5] allatu. As
in the case of coordination, this works in the same way irrespective of the disjunction
of nouns, adjectives, adverbs, and verbs. Unlike the conjunction, it is unclear how the
agreement between disjoined subjects and verbal predicates works. Since there were no

such constructions in my corpora, I will not explore disjunction any further here.

4.3.9 Interrogatives

There are six types of interrogative structures in mentioned nannul (Thesikar, 1957).
Their choice is based on the semantic nature of the question. Syntactically, all these
questions can be constructed with the use of question particles or clitics 0 and a, or

with the use of an in situ question pronoun, as shown in (52) and (53), respectively.

9http://www.tamilvu.org/courses/degree/a021/a0213/html/a021331 . htm
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$  Cgrewswr Cerpr  emiG@Epm

(52) ni tocaiya cora cappitukiray

you Dosa-a Rice.a  eat.PAST.2S

‘Do you eat dosa or rice?’

Wy BIenerd @ Qarupwys@l  Curdlmmy
(53) yvar  nalaikkuk kolumpukkup pokirar

who tomorrow.DAT Colombo.DAT g0.FUT.3SER

‘Who is going to Colombo tomorrow?’

4.3.10 Complex clauses in Tamil

Complex sentences are constructed with the use of one or more subordinate clauses.
The embedded clause or the subordinate clause is a subconstituent of the main clause.
Mostly, the subordinate clause precede the main verb of the main clause. However,
since Tamil displays free word order, subordinate clause can also follow the main verb
of the main clause. This section briefly discusses the key types of complex sentence

constructions I have encountered in the data I dealt with.

4.3.10.1 Non-finite clauses

Tamil has several types of non-finite clauses, including infinitives, adjectivals, adver-
bials, and conditional clauses. The infinitive clause can mark the semantic interpreta-
tions of the verb, including perception and cognitive. The infinitives are marked with

-a and mostly analysed as open clausal complement structures.

BT (&LOMEnTy Colas  oumSlCmer
(54) nan kumarai ketk-a  varukiren
I.NoMm Kumar.Acc ask.INF  come.PRES.1S

‘T come to ask Kumar’

Adjectival clauses function like relative clauses, which will be discussed separately in
Section 4.3.10.2. Adverbial clauses are constructed using the Verb+Adverbial-marker
-u that modifies verbs, as shown in (55). These clauses are also used to construct the

serial verb construction, as shown in 4.3.6.5.

LD ITGB0T 6L 63T L5S5SMES SwBa) LI &8 mei
(55) manavan puttakattait tirantu parttan
student.NOM  book.ACC.SANDHI-T open.VPART see.PAST.3SM

‘The student opened the book and looked.

Conditional clauses are formed by Verb+Conditional-marker -al that modify verbs, as
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shown in (56). This should not be confused with the -al marker used to mark various

aspects, including the instrumental case and the agent in passive constructions.

5 GHT GBOT 60T QUBSTE®  Brem ey o GLer
(56) kannan vantal nan vara matt.en
Kannan.NOM come.CND [.NOM come.INF will-not.1s

‘T will not come if Kannan comes.

4.3.10.2 Relative Clauses in Tamil

Relative pronouns do not introduce relative clauses (RCs) in Tamil as in English. RCs
are formed by adding an -a morpheme to the verb (57), which Butt et al. (2020) refer
to as a relatives. The relative marker is null in the future participle form with -um, as
shown in (58).

(57)  [angu nin-r-a] paiyan-ai naan paar-t-en
there stand-PAST-REL boy-AcC I.NOM.1S see-PAST-18
‘I saw the boy who stood there.’

(58)  [angu nirk-um-() paiyan-ai naan paar-pp-en
there stand-FUT-REL boy-AcC I.NOM.1S see-FUT-1S
‘T will see the boy who will stand there’

The head noun of the RC in (58) is ‘boy’, with the relative clause directly preceding
the head. One also finds RCs without a head noun in predicative contexts, as in (59).
In this case, the verb in the RC instead carries the pronominal form -atu, apart from
the relativiser -a. This -atu is form-identical with the indefinite pronoun athu, hence

the English paraphrasing with the use of ‘one’.

(59)  [angu nin-r-a-athul] en thambi
there stand-PAST-REL-PRON.3SN my brother
‘The one who stood there is my brother’

(60) involves a full head noun ‘boy’ in the accusative as the matrix object, while (61)
involves the substitution with the accusative pronoun -avan ‘he’ within the relative

clause.

(60) [angu nin-r-a paiyan-ai naan paar-t-en
there stand-PAST-REL boy-ACC I.NOM see-PAST-1S
‘I saw the boy who stood there’

(61)  [angu nin-r-a-van-ai] naan paar-t-en

there stand-PAST-REL-PRON.3SM-ACC I.NOM see-PAST-18
‘T saw the one (he) stood there.
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We have done an initial study on relative clauses and reported it in Butt et al. (2020).
However, a more in-depth study on relative clauses is required before handling relative

clauses in my grammar-driven or data-driven parsers.

4.3.10.3 Complimentisers in Tamil

Tamil does not have complementisers of the that-type as in English. Rather, it uses a
grammaticalised form of the verb en ‘say’, with the frozen past participle form enru,
which has been analyzed as a type of quotative (Amritavalli, 2013; Balusu, 2020). (62)
displays the ambiguity which results between a quotative use and a complementiser
function. (63) illustrates a pure complementiser reading. Note that the matrix comple-
menting verb can also take an accusative object as a co-referent for the complementiser
clause (64). The pure complementiser form enru becomes enra by taking the relative

marker -a. For further discussion on complementisers, see Butt et al. (2020).

(62) ravi [naan  en nanban-ai santhi-tt-en] enru so-nn-an
Ravi.3sM.NOM [Pron.1s my friend-ACC meet-PAST-1S| QUOT say-PAST-3SM
‘Ravi said that — “I met my friend”’

‘Ravi said that I met my friend.

(63) ravi [mazhai var-um enru] ninai-tt-aan
Ravi.3SM.NOM rain come-FUT.3SN COMP think-PAST-3SM
‘Ravi thought that it will rain.

(64) [avan pizhai sey-tt-aan  enr-a] unmaiy-ai ram nirupi-tt-aan
he  mistake do-PAST-3SM COMP-REL truth-Acc Ram.NOM prove-PAST-3SM
‘Ram proved the truth that he made mistakes.

4.4 Summary

In this section, I have discussed the background work that has been done on the basis
of which parsing in Tamil could be made possible. I have also covered the Tamil syntax
background required in order to understand the sentences found in the data collected
from the Grade 1 Tamil textbook, ParGram sentences, grammar books, and short news
texts. Among these different types of data sources, I have used the ParGram sentences
and Grade-1 sentences to write rules for the grammar-driven parser and used the other
data sources to train and evaluate the data-driven parser. Further to the given outline
on Tamil syntax in this chapter, more details on complex predicates, complimentisers,
and relative clauses in Tamil can be found in two research articles Sarveswaran and
Butt (2019) and Butt et al. (2020) that we published in recent years. The following

chapters will outline how I developed the grammar-driven and data-driven parsers.
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5 GRAMMAR-DRIVEN PARSING

5.1 Lexical Functional Grammar (LFQG)

Lexical-Functional Grammar (LFG) is a constraint-based non-transformational, gener-
ative formalism that uses a parallel architecture to model a grammar and represents
different levels of linguistic information. LFG captures syntactic phenomena such as
precedence, dominance, constituency, grammatical functions, predication, subcategori-
sation, and bounded and unbounded dependencies by using two representations, namely
constituency structure (c-structure) and functional structure (f-structure) (Dalrymple,
2001; Falk, 2011).

The c-structure captures the phrase structure of the given sentences using a tree.
The f-structure consists of functional information of a sentence/clause. This structure
is called functional structure because, like in mathematical function, this structure also
maps attributes to values (Dalrymple, 2001). An Attribute-Value-Matrix (AVM) struc-
ture is used to represent f-structure in LFG, as shown in (1). These AVMs structures
can also be added inside another, as shown in (2).

As shown in (2) the f-structure also shows the grammatical function, where it has
the syntactic head and the list of arguments it takes. In this example, it is just one
argument — SUBJ. This argument structure can be changed based on the nature of
syntactic construction during the parsing time using the restriction operator, which

will be discussed in detail in Section 5.3.10.

(1) PRED ‘lemma’
ATTRIBUTE1 valuel

The f-structure can also contain sets to capture another f-structure consisting of
attribute-value pairs and modifiers like adjectives and adverbs. (2) shows how two

adverbs are captured using a set, which is given as a value of the attribute ADJUNCT.
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(2) Sentence = ‘He cried’

PRED ‘cry <(T SUBJ) >’

TNS-ASP |TENSE past}
[PRED ‘he’ ]
NTYPE {NSYN pronoun
SUBJ PERS 3
GEND-SEM male
CASE nom

VIYPE main

(3) Sentence = ‘He cried a lot yesterday’

PRED ‘ery <(T SUBJ)>’
TNS-ASP TENSE past]
[PRED ‘he’ ]
NTYPE [NSYN pronoun]
SUBJ PERS 3
GEND-SEM male
CASE nom
PRED ‘a lot’ || PRED ‘yesterday’
ADJUNCT
ADV-TYPE vpadv||ADV-TYPE vpadv

VTYPE main

Although c-structure and f-structure use two completely different representations, namely
a tree and AVM, to capture information, these two are linked together via projection
functions (Butt et al., 1999; Dalrymple, 2001).

LFG is treated as a deep grammar formalism where what is captured using the
f-structure is regarded as being mostly invariant among languages (This aspect has to
do with the Universality principle of LFG). On the other hand, c-structures vary across
languages and may display great variation in the syntactic structures they employ.
This element of Universality makes it possible to develop parallel grammars. There has
already been an effort to build a parallel LFG grammar for various languages (Butt
et al., 1999), including South Asian languages such as Urdu and Hindi (Butt and King,
2002), as expanded upon below.
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Beyond the c-structure and f-structure, other structures are used to capture sev-
eral phenomena, such as anaphora, semantics, and the information expressed by the
discourse. While LFG analyses have been extended beyond syntactic analyses, I have
not addressed or made use of these structures in my account since the essence of this
research is the development of a syntactic parser.

The LFG formalism will here be used to model Tamil structures. It has been suc-
cessfully employed to model the grammar of morphologically and morphosyntactically
complex languages, including South Asian languages such as Urdu and Hindi (Rehman
and Kazi, 2017; Butt and King, 2002) and other complex and morphologically rich lan-
guages such as Murrinh-Patha (Seiss, 2012). Further, the Dravidian language scholar
K.P. Mohanan has contributed to the development of LFG (Mohanan, 1997) as a con-
temporary of Prof. J. Bresnan, who co-invented LFG. Associated with the theoretical
framework, an industry-grade grammar development environment called Xerox Lin-
guistic Environment (XLE) is available to write grammars and parse text. LFG com-
putational grammars have been created with the aid of XLE (Crouch et al., 2017; Butt
et al., 1999), which also supports parsing and parse-bank generation (Sulger et al.,
2013).

LFG further supports morphology integration, so we do not require developing a
full-form lexicon. In a full-form lexicon, we would need to include each and every
word in the grammar, which would be time-consuming and may make the grammar
unnecessarily large for computation. In Tamil, a verb can take several hundred inflected
forms (in common usage)(Annamalai et al., 2014). Even the morphological analyser I
developed is able to handle 200+ forms for a single verbal lemma. Therefore, we can
easily use a morphological analyser to handle all the required verb forms instead of
writing every verb form. I have already developed a morphological analyser for this
purpose, and I am now in the process of integrating it into the grammar, as I have

described in this chapter.

5.1.1 ParGram project

The Parallel Grammar (ParGram) Project (Butt et al., 1999; Butt and King, 2002)
aims to develop and implement large and wide coverage grammars for languages of
different families. These parallel grammars are written collaboratively within the LFG’s
linguistic framework and an agreed set of grammatical features by the project group
members. XLE is then used as a grammar development platform. In addition to
putting effort into feature standardisation, the project also promotes similar analyses
for similar phenomena across languages (Butt and King, 2002).

Since many languages are being parallelly modelled using LFG, machine transla-

tion has become easier, even if the languages involved have different features or are
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typologically different. For instance, a machine translation system has been success-
fully developed between English and Murrinh-Patha using LEG (Seiss and Nordlinger,
2012). LFG has also been used in other language applications. For instance, it has
been used to develop a fully-fledged, commercial-grade, question-answer system for the
English language at the Palo Alto Research Center (Bobrow et al., 2007).

5.2 Methodology

To develop the Tamil grammar-driven parser, I first chose different corpora to identify
different grammatical constructions. I then wrote phrase structure rules and lexical
rules to parse each construction. This section describes each of the different construc-
tion I have been able to handle in my grammar as I then discuss the rationale behind

the analysis and areas requiring more linguistic exploration.

5.2.1 Data

The ParGram project makes use of 100 sentences that cover important and most gener-
ally occurring syntactic structures in German' with which to develop parallel grammars
in several languages. The sentences are translated into the respective languages before
writing grammars. I translated these 100 sentences into Tamil and got those transla-
tions reviewed with a linguist’s and two translators’ support. These sentences do not
cover all interesting syntactical constructions in Tamil. Therefore, apart from these
100 sentences, 1 have also used another 100 sentences from a school Tamil language
textbook that is aimed at five-year-old children (Grade 1) by the Sri Lankan govern-
ment on the basis of which to write my grammar rules. It was interesting that even the
Grade 1 textbook offered a number of complex constructions, with some even requiring

deep linguistic analyses.

5.2.2 Development Environment

I used the Xerox Linguistic Environment (XLE) (Crouch et al., 2017) to implement the
parser, which is also used for the ParGram project. XLE is a re-implementation of the
LFG Grammar Writers Workbench(Kaplan and Maxwell III, 1994) aimed at achieving
more efficiency and production requirements. For instance, XLE can handle large online
lexicons and can parse complex forty-word sentences in a reasonable amount of time
(Butt et al., 1999).

XLE parses and generates sentences on the basis of the resources that are fed into it,

namely phrase structure rules or grammar rules, lexicons, modules, namely tokenisers

thttps://www.ims.uni-stuttgart.de/en/research/projects/pargram/

99


https://www.ims.uni-stuttgart.de/en/research/projects/pargram/

Other

A Morph
Input Tokenizer Analyzer Transducers
String 1‘ l l
R Morph L Other
Tokenizatio . ™
char fm Analysis fom Transducers
fsm
Unification
Lexical
Chart
Look-up Initial Chart deconered Complete
. . .om
Chart Parser with constraints ‘ An al;sis
Graphical
User
Interface

T |

LFG
Lexicon Rules

Figure 5.1: XLE architecture
Image source: (Butt et al., 1999)

for pre-processing and post-processing, and a Finite-State morphological analyser. In
XLE, modules are developed using a device called a Finite-State machine. Besides
these resources and modules, XLE uses a Chart parser with which to parse phrase-
structure rules. Interactions between these modules and resources are shown in Figure
5.1, obtained from Butt et al. (1999).

Tokenisers are used in order to segment given texts into sentences. All the punctu-
ations and multi-word syntactic tokens are separated within the sentence, while multi-
word expressions are merged. This tokeniser is developed using a Finite-State machine.
I have not developed a new tokeniser for Tamil. Instead, I have used the tokeniser that
has been developed for the ParGarm project. Consequently, multi-words are currently
not handled properly. The development of a good tokeniser would, in turn, require a
corpus linguistic study, which is not within this study’s scope.

The Finite-State morphological analyser is a morphological analyser that has been
developed using the Xerox Finite-State Transducer (XFST) that supports analysis and
generation. However, in the case of Tamil, the XFST did not help much due to its
incompatibility issues for complex Unicode letters. I have instead made use of another
FST tool called Foma (Hulden, 2009) on the recommendation of Lauri Karttunen. The
development of the morphological analyser is discussed in detail in Chapter 3.

XLE has a graphical interface that is written using C and Tecl/Tk. However, the
current version of the XLE interface has problems in rendering complex Unicode scripts

like Tamil. Even after the software version and Tcl upgrades, vowel modifiers were
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not correctly rendered. I spent a significant amount of time sorting this problem out
with the help of various technicians who have worked with XLE. Eventually, I had to
make use of the Infrastructure for the Exploration of Syntax and Semantics (INESS)
platform? (Rosén et al., 2012) to write and test my grammar. INESS is a web interface
that is written on top of the XLE framework, and this web interface renders Unicode

scripts without any problem.

5.2.3 Annotation scheme

The ParGram project proposes an annotation scheme that documents morphosyntactic
features to be used when writing a grammar that is being developed as part of a cross-
lingual study.? I have primarily made use of this ParGram annotation scheme, but, I
have then also extended some of these features and added a few new ones with which to
capture the idiosyncratic morphosyntactic features found in Tamil, which are presented
in Table 5.1.

5.2.4 Implementation

Phrase structure and lexical rules are written as plain text files and then fed to XLE
for parsing and generation. Annotated phrase structure rules are used to capture
the syntactic structure and primarily construct the c-structure. This also defines the
constraints and mapping between the c-structure and the f-structure. Example (4)
shows a simple phrase structure rule for English. This rule captures the fact that the
head verb optionally consists of an object which is marked with accusative and zero or

more post-positional phrases as a set.

VP —> Vit =
(NP: (1 OBJ) =1
(4 CASE) = ACC)
PP*:| € (1 ADJUNCT).

(4)

Lexical entries can be written in one or multiple text files, making lexicon management
easier. I used separate lexicon files for nouns, verbs, and other word categories. (5)
shows an example of a lexical entry for a given word form. This lexical rule for the
lemma ‘walk’ denotes that the word can function as a verb or noun. The rule also
marks the verb use of ‘walk’ as an intransitive verb that can take only a SUBJ. The ‘*’
in the rule identifies the lexical entry as a complete one, and the parser is not required

to do any lookup in the morphological analyser.

’http://clarino.uib.no/iness
3https://ling.sprachwiss.uni-konstanz.de/pages/xle/doc/
PargramStarterGrammar/starternotes.html
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()

walk V * (1 PRED)
N * (+ PRED)

= ‘walk<(1 SUBJ)>";

= ‘walk’

Table 5.1: The Tamil language specific morphosyntactic features

New features added

Feature

Values

Description

RATIONALITY

+ /-

Rationality is an important morphosyntactic
feature that is in Tamil used to classify entities
which are rational or irrational. For instance,
verbs agree with the subject on the basis of ra-
tionality, in addition to person, number, and
gender. In subject-verb agreement, irrational
entities take a specific number of gender suf-
fixes, and rational entities take a distinct set.
Therefore, while the nature of the gender suffix
can decide whether a given subject is a rational
entity or an irrational one, we wanted to mark
rationality separately. This will be useful for
cross-lingual analysis and helps reduce discourse
analysis ambiguity.

Apart from the subject-verb agreement, the ra-
tionality feature plays an important role when
it comes to object marking. A rational object of
a sentence is suffixed with the a¢ marker. On
the other hand, this is not obligatory for irra-
tional objects which are indefinite. However, an
ai marker is obligatory if we want to mark the

definiteness of irrational objects.

SANDHI

SANDHI-K
SANDHI-P
SANDHI-C
SANDHI-T

Sandhi is another important morphosyntactic

feature required for Tamil grammar.

Extended features values

GENDER

EPI

Epicene is used to refer to the conflation of both

masculine or feminine genders. It is also used as

the gender in the case of honorific.
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Templates in XLE are a useful resource that reduces a significant amount of man-
ual work. I have taken the template file developed for ParGram®* and extended it
to accommodate the extended features that I have required explicitly for the Tamil
grammar.

Finally, because of the rendering issues in XLE, I have made use of the INESS
platform to test the rules by parsing text from the Grade 1 textbook and the ParGram
project. The current INESS implementation makes use of the GIT platform® to feed
rules and lexicons to the INESS platform. When I eventually got a proper parse, 1
downloaded the parsed data in Prolog format and added this Prolog file to the Tamil
LFG treebank in the INESS platform. Since, at times, I got several parses for a given
sentence, I was required to manually verify and choose the correct one to be added to
the Tamil treebank.

The bigger challenge in implementing the grammar parser was the inadequate and
confusing studies for the Tamil language. For this reason, I could not quite cover all
of the ParGram and Grade 1 textbook sentences since these require more in-depth
linguistic explorations which go beyond the remit of this work.

Section 5.3 below provides an outline of some of the constructions that have been

handled in the grammar.

5.3 The LFG analysis of concepts and syntactic constructions

5.3.1 Sandhi

The CHECK feature, which was initially defined within ParGram to ensure morphosyn-
tactic well-formedness, has been extended to include the relevant Sandhi information.
The treatment of internal Sandhi is relatively straightforward in that words with an
incorrect Sandhi pattern are not analysed and are thus identified as misspellings. How-
ever, external Sandhi had to be dealt with carefully. While we can find whether the
given word has a Sandhi letter at the end or not, we cannot check whether the Sandhi
used is correct prior to the syntactic analysis as it is contextual. I have therefore
extended the CHECK feature to additionally check the well-formedness of the mor-
phophonology by ensuring that the correct Sandhi letter is indeed available.

For example, for words with a Sandhi & (k), I associate the f-structural attribute
information (1 CHECK _ Sandhi-k) = 4, which require the presence of this particular
Sandhi. Tt is used to constrain the possible syntactic analyses in the grammar and to

check whether the correct Sandhi has indeed been used in the syntactic context across

‘https://ling.sprachwiss.uni-konstanz.de/pages/xle/doc/
PargramStarterGrammar/starternotes.html
Shttps://git.app.uib.no/iness/pargram
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ROOT PRED "l smemunifpi=[4:pon]>"
TNS-ASP | TENSE fut, MOOD indicative |
S
S ADJUNCT { PRED 1@&UI.!'_I"_I }
Np \‘,rc ADVCTYPE time
. PRED ‘'pub'
PRON  ADV Vv SUBJ RATIONAL +, PRON-TYPE pers,
PERS 1, NUM pl, GEND =i,
. . . CASE nom
emr  Eerm  dlleremonfidaims
VTYPE main, PASSIVE -

Figure 5.2: Analysis of an intransitive construction

two separate syntactic tokens. Instances of SANDHI-P, SANDHI-C, and SANDHI-T are

treated similarly.

5.3.2 Intransitives

Example (6) provides a demonstration of an intransitive construction. Its analysis is
illustrated in Figure 5.2. I have tried to include as many features as possible in the
f-structure as proposed in the ParGram standards. The RATIONALITY, a feature we

introduced, is used here to mark the subject of this construction as a rational entity.

Brd  @emm  edenerwm(HGeumd
nam inru vilaiyatuvom
(6)

We today  play.FUT.1PLEPI
‘We will play today’

5.3.3 Ditransitive construction

Ditransitive constructions have an indirect object, which is always marked with the
dative case in Tamil.® (7) shows an example for a ditransitive construction found in
ParGram, and Figure 5.3 and Figure 5.4 show the c-structure and f-structure of (7),
respectively. This construction has the following important features that are captured

in f-structure:

6 As discussed in Chapter 4, in Tamil dative marker functions in different ways. Therefore,
dative markers do not always mark indirect objects. If there are two NPs marked with the
dative marker in construction, then the word order determines the indirect object; the first
dative case marked noun phrase will serve as the subject, and the second one will serve as the
indirect object. However, we have not handled the second pattern in our grammar yet as we
did not find such construction in ParGram or in the Grade-1 textbook.
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« Ditransitive verbs subcategorise for three arguments: subject, object, and indi-
rect object or secondary object. In Tamil, the dative case of a noun phrase is used
to indicate its status as an indirect object. In example (7), ‘neighbour’ bears the
dative case marker, and the verb ‘give’ is a ditransitive verb. Therefore, ‘neigh-
bour’ is marked as an indirect object. Indirect objects in ParGram specification

are marked with a relation name OBJ-TH.

o ‘tillage’ is a nominal noun that modifies the following token ‘machine’, even
though it is not overtly marked. This kind of nominal noun modification is

common in Tamil.

e ‘machine’ bears an accusative case to mark the object of the construction. It
also has CHECK is used to denote that it has a SANDHI-K marker; this is used to
check whether the following token starts with SANDHI-K

ROOT
N o ___ﬂff____-____-___;fc:
N POSSMP NOM ap M'DDN v
alllevismil F'DSSFI‘IL'EL;}.T\; N (T A N... N QarREsETy
&ang) uEsESFHElHESTTHED uenpw 2 pa|  @unSrsmes

Figure 5.3: c-structure of (7)

(7)

clleusmudl  seg) L&ESSSIL NESTI(HESE @ Ll
vivacayi tanatu pakkattuvittukkararukku oru palaiya
farmer his neighbor.DAT a old
RIY Quipdlrsamss CEUCT )

ulavu iyantirattaik kotuttar

tillage machine.ACC.SANDHI-K  give.PAST.3SRE

‘The farmer gave his neighbor an old tractor’
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PRED "Aanpel24: el ausmdl], [14:GwiEdrn], E':':uéﬁg'.gafl'_@é-srr T

THS-ASP TEMNSE past, MOOD indicative |

PRED ‘G’
SPEC DET | DET-TYPE indef |
NTYPE NSEM | COMMON count |
NSYN common
DET | DET-TYPE dell
OBJ
PRED 'L!EE.»;_"
ADJUNCT | { | PRED "Lianipus | NType | NSEM . | COMMON count | }
. NSYN common
RATIONAL -, PERS 3, NUM =g, HUMAN -,
GEND neut, CASE nom, ANIM -
RATIONAL -, PERS 3, NUM sg, HUMAN -, GEND neut, CASE acc, ANIM +
PRED ‘LEssel Hesr]
NTYPE NSEM | COMMON count
NSYN commaon
OBJ.TH
PRED ‘'sar'
ADJUNCT { |PRON-TYPE refl, PERS 3. NUM =0, }
GEND epi
RATIONAL +, PERS 3, NUM s, HUMAN +, GEND epi, CASE dat, ANIM +
PRED el g s ull®
SUBJ NTYPE NSEM | cOMMON count
NSYN common
RATIONAL +, PERS 3, NUM so, GEND epi, HUMAN +, CASE nom, ANIM +

VTYPE main, PASSIVE -

Figure 5.4: F-Structure of Example (7)

5.3.4 Imperatives

Example (8) is a negative imperative construction in Tamil. Tamil verb lemmata are
imperatives. However, in this construction, an auxiliary is used to mark politeness
on top of the lemma. The whole construction is negated morphologically using a. I

have made use of the feature ADDRESS as defined in the ParGram template to capture

106




politeness/respectfulness. The analysis produced by my grammar for (8) is shown in
5.5. Furthermore, since the object is an irrational entity and is not overtly marked
for indefiniteness, the ai marker is used to mark definiteness in this construction, as

discussed in Chapter 4.

Qurssmenar  oi(p&SCeuemTLITLD
(8) pottanai alutta-vent-a-m

button.Acc push-would-not.2RE
‘Don’t push the button.

ROOT PRED “2jpEge[5:pro], [LeurEsns]"
] THS-ASP TENSE -, MOOD imperative
Simp
I PRED ‘Gungsmsr
MP W | . |
NTYPE MNSEM COMMOM count
| oBJ NSY¥M common
N 3G
| DET | DET-TYPE def |
. RATIONAL - PERS 3, NUM s0. HUMARM -,
G i GEMND neut, CASE acc, ANIM +
cUB3 PRED "pro
PERS 2

VWTYPE main, VFORM imp, PASSIVE -. NEG +,
ADDRESS respectiu

Figure 5.5: c-structure and f-structure analysis of (8)

5.3.5 Clausal argument structures

In addition to simple constructions that include arguments like SUBJ, OBJ, OBJ-TO, I
have also handled clausal arguments structures which include either the finite-clause
argument — COMP, or the non-finite-clause argument XCOMP.

coMP in Tamil generally behaves like that-clauses in English and is marked with
ererml ‘enru’, which is a frozen complementiser in Tamil (Amritavalli, 2013). As dis-
cussed in Chapter 4, the embedded clause is a subconstituent of the main clause and
can follow or precede the main verb of the main clause. Apart from this, there are
also constructions where the complementiser is not marked overtly. Figures 5.6 and
5.7 provide the analysis for (9). Here the complementiser is overtly marked. In this ex-
ample, antap is a demonstrative marker, and it is glossed as ‘that’. Although the main
verb follows the embedded clause in standard practice, the embedded clause can still

be present in the middle of the main clause, as shown in (10)— this is a scrambled ver-
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sion of (9). My phrase structure rules handle such word order as well. The c-structure
analysis of (10) is given in Figure 5.8. In (9) and (10), tan ‘self’ and the predicate in
the embedded clause have the first person agreement, although the antecedent of the

pronoun tan ‘self’ is the third person entity pillai ‘child’.

o 1pe| Qubsrsms srGer @ wisS Cererr
ulavu, iyantirattai tane iyakkinen

tillage  machine.Acc self. EMP start.PAST.1SG

9) TeTm  SAbSL Yetener  Flenarsslmsg
enru antap pillai ninaikkiratu
that that.SANDHI-P  child.NOM think.PRES-3SGN

lit: ‘[Tractor himself started] that that child thinks’
‘The child thinks that he(self) started the tractor.’

ROOT
s
o oW
s o oem W v
NP . r~i|:' | ‘-J’C mangy  Heel  (Oeterer  EerensAng

MODN N PRON v
N Busfiosess sl [Bluss G

S

Figure 5.6: c-structure of a COMP analysis of (9)
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PRED
THNS-ASP

COMP

sSUBJ

"lsmemr<[32 :(hetsman], [9: B>

TENSE pres, MOOD indicative

PRED  'Slusis<[28:guex], [15:Buwiibnn]>"
TNS-ASP _ | TENSE past, Hﬂﬂﬂindicati'ml

PRED  ‘Bluffal’
NTYPE NSEM | COMMON count
NSYN common
DET | DET-TYPE defl
083 PRED ‘aye!
- nType | NSEM | COMMON count |
NSYN commaon
RATIONAL -, PERS 3, NUM =g, HUMAN -,
GEMND neut, CASE nom, ANIM -
NUM 0, RATIONAL -, PERS 3, HUMAN -, GEND reut, CASE acc,
ANIM +
PRED "garent’
SUBJ RATIONAL +, PRON-TYPE refl. PERS 1, NUM sg, GEND epi.
FOCUS-TYPE emphatic, FOCUS-MARKER =, CASE nom

VTYPE main, PASSIVE -, COMP-FORM =0y

FRED ‘Hemsmen”

NTYPE NSEM | COMMON n:l:uuntl
MSYMN common

DET | POST-DISTAL pﬂst-distall

SANDHI p, RATIONAL -, PERS 2, NUM =g, GEND neut, DEF +, HUMAN +,
CASE nom, ANIM +

VTYPE main, PASSIVE -

Figure 5.7: f-structure of (9)
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<AHsL! Gerenar 2 e  Qupdlrsos

antap pillai ulavu, iyantirattai

that.SANDHI-P  child.NOM tillage  machine.AcC
(10) G QusdGarer  eream  Hlenansmg)

tane iyakkinen enru ninaikkiratu

self. EMP start.PAST.1SG that think.PRES-3SGN

lit: ‘that child [Tractor himself started] that thinks’
‘The child thinks that he (self) started the tractor.

ROOT
e e w
oEM N s i v
Sl Oeeven Np Ve B Y Y,
MODN N PRON v

N Burfirsems soler  [BlussGsme

S 0|

Figure 5.8: c-structure of (10)— a scrambled version of (9)

5.3.6 Oblique arguments in Tamil

Tamil has several types of OBLs, such as dative, locative, instrumental etc.. In this
sub-section, I will show how datives are handled in my grammar as OBL arguments.

Figure 5.9 shows how (11) is analysed.

eouwer  aIL(H&EL  Cumermer

paiyan vittukkup ponan

(11)
boy home.DAT g£0.PAST.3SMR

‘The boy went home.
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PRED "Cur<[32:muwen], [21:6G]>"

TNS-ASP TENSE past, MOOD indicative |

PRED '

NTYPE NSEM | COMMON countl
OBL NSYN common

RATIONAL -, PERS 3, NUM sg,

HUMAN -, GEND neut, CASE dat,

ANIM +

PRED 'souwer’

NTYPE NSEM | COMMON countl
SUBJ NSYN common

RATIONAL +, PERS 3, NUM sg,
GEND masc, CASE nom, HUMAN +,
ANIM +

VTYPE main, PASSIVE -

Figure 5.9: f-structure analysis of (11)

5.3.7 Interjection, Word-order, and Pro-drop

Interjections are commonly found in conversations in Tamil. Instead of just marking
the token with the INTJ label, the token itself has been added to the f-structure analysis
using the INTERJECTION-LABEL feature, as shown in Figure 5.10, as this information
would be helpful to for semanticists to get the better meaning of the construction.
The verb éru in Tamil has various functions. However, in example (12), it marks the
existence of the theme. In the proposed analysis, it is analysed as a semantic head of

the verbal predicate.”

<Csm, eumeplILIPL  @HEHDF
(12) ato, valaippalam iru-kkir-atu
There, banana exist-PRES-3SGN

"There, Banana available (is existing)’

"One can argue that this is a gerundive noun and propose a PREDLINK analysis for this
construction because -atu is a confusing suffix that is used to mark third-person, singular,
neuter pronoun and used to show person-singular-neuter agreement between subject and verb.
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HDDT PRED 'Ble<[t:ansgiupi]>"
—— TNS-ASP | TENSE pres, MOOD indicative |
INTJP 5
INTJ COMMA NP Ve . NTYPE _| NSYN proper |
RATIONAL -, PERS 3, NUM sg,
HUMAN -, GEND e,
G P N v CASE nom, ANIM -
VTYPE main, PASSIVE -,
amgings  Besing | INTERJECTION-LABEL (s

Figure 5.10: An example for an interjection

(13) involves yet another example of an interjection,® yet the word order involved
is different. More importantly, this is also an example of pro-drop construction. Since
the subject’s properties are included in the suffix of the verbal predicate, pronominal
subjects are not obligatory. Although the subject gets dropped, the sub-categorisation
frame carries the ‘pro’ label, and then the properties of the subject are defined under

suBJ (King et al., 2005), as shown in Figure 5.11.

veriupn  eumb@GGeurd ,  bom

(13) palappalam  vankuvom am’ma
Jackfruit buy.FUT.1PLE, mother
"Mother, we will buy Jackfruit’
ROOT PRED ‘aniig<[4:pra], [Luexiiagb]>"
— T TNS-ASP TENSE iut, MOOD indicative |
Snosub INTJP
e . PRED QICELTTTL
MNP WC O INTJ
o8 NTYPE NSEM | COMMON count |
NSYN common
M Vo Ay RATIONAL -, PERS 3, NUM =g, HUMAN -,
GEND neut, CASE nom, ANIM -
LIGOTLILILPLD GUITTELF gLy SUBJ PRED pro -
RATIONAL +, PERS 1, NUM pl, GEND epi
| VTYPE main, PASSIVE -, INTERJECTION-LABEL = non

Figure 5.11: example for an interjection with a different word order, along with
a representation of subject pro-drop

80ne can argue that ‘mother’ is vocative, not interjection, in this construction. However,
since the word does not have any particular grammatical relation to the main construction, I
have analysed it as an interjection.
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5.3.8 Copula and Null-Copula constructions

Tamil uses the copula aku, which forms N+N and N+A constructions. Null-copula
constructions are also typical in Tamil. The grammar can handle both copula and null
copula constructions. At times, we also found that the copula token is conjoined to
the nominal predicate. In such cases, I handled the conjoined token as a predicate and
analysed the structure accordingly.

Example (15) (a) shows how null-copula N+N constructions are analysed. Although
there are two primary analyses for copula structures involving an XCOMP-PRED or
a PREDLINK in association with the predicative material, since I am following the
ParGram specification, I chose the PREDLINK analysis for copula constructions (Butt
et al., 1999).

In PREDLINK analysis the subcategorisation frame of a copula verb (for instance,
aku in Tamil) is represented as in (14). This representation model the fact that a
particular property is predicated on the subject in a syntactically reasonable way. This
analysis provides enough information for subsequent semantic analysis (Butt et al.,
1999).

(14) (1 PRED) = ‘aku<(t SUBJ)(t PREDLINK)>";

Figure 5.12 shows the f-structure analysis for (15) (a). As shown in (14), the copula
verb aku is introduced as the head of the subcategorisation frame, even though it is
a null head that is not present in the sentence. This analysis can be interpreted as
there the subject of this construction Kumar of which a certain property, namely that
of being a boy, is predicated, as indicated by the grammatical function PREDLINK.
Example (15) (b) shows a parallel structure to (15) (a), but (15) (b) involves a
copula in the construction. From the analyses given in Figure 5.13 and Figure 5.12,
we can see that while the c-structures vary between both structures, the f-structure

analyses are the same.”

GWLIY LG
Kumar paiyan
(15)  (a).

Kumar boy.NOM

‘Kumar is a boy’

%In (15) (b) and in the analysis shown in Figure 5.13, Sleuliy civappu ‘red’ is marked as
a noun. In Tamil, red behaves as a noun and takes all the cases. Therefore, it is considered a
noun in this analysis.
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2 pa Quibdlrd  Heuly @D
(b) ulavu  iyantiram civappu akum
' tillage machine red be

‘The tractor is red.

ROOT PRED s <[Suimon], [2:emnsi]>"
THS-ASP TENSE pres
S
T PRED ‘AL
‘ : PREDLINK RATIONAL +, NUM =g, GEND masc, CASE nom,
NP NP NTYPE count
N N SUBJ PRED ‘gycur’
NUM sg, GEND masc, CASE nom, NTYPE name
VFLOMT LA

Figure 5.12: Analysis of the null-copula construction given in Example (15) (a)

ROOT PRED "Sue<l21: B isfni], [9:Main]>"
TNS-ASP TENSE pres, MOOD indicative |
Scop
T TR — PRED “Wady)
NP NP vC NSEM COMMON count
PN pReDLINK | NTYPE | |
- . NSYN comman
MODN N M W CASE nom, RATIONAL -, PERS 3, NUM sg, HUMAN -, GEND neut,
ANIM -
N Busfmn Aainy  Sygid PRED "Bhuisein"
NTYPE MSEM | COMMON count |
MNSYN comman
PRED ‘sigaf
SUBJ
soouncr | ¢ [P NSEM | COMMON count |
NSYN common

RATIONAL -, PERS 3, NUM sg. HUMAN -,
GEND neut, CASE nom, ANIM -

CASE nom, RATIONAL -, PERS 3, NUM s, HUMAN -,

GEND neut, ANIM -

| VTYPE main, PASSIVE -

Figure 5.13: Analysis of the copula construction given in Example (15) (b)

As shown in (16), Tamil also has N4+A construction. In this case, the copula verb
is conjoined with the adjective. Similarly, a copula verb can also be conjoined with
a noun. In this sort of construction, I have considered that conjoined token as the

predicate, as shown in the analysis in Figure 5.14.
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Camler Carypb 2 wiFTenNg

(16) koyil kopuram uyaramanatu
temple tower.NOM tall-be
‘The temple tower is tall’
ROOT PRED *savapLorent g <[ 9 e yrin] >
TNS-ASP TENSE pres, MOOD indicative |
5
T PRED Gy
MP WG
NTYPE NSEM | COMMON count |
/\ NSYN common
MODN N W
PRED “Gmmiis’
N Gamy SUBJ NSEM | COMMON |
Lo ELI_I:I'LIII'S\‘.‘ITg count
ADJUNCT | { NTYPE
NSYN commaon
Camila RATIONAL -, PERS 3, NUM sg, HUMAN -,
GEND neut, CASE nom, ANIM -
RATIONAL -, PERS 2, NUM sg, GEND neut, HUMAN -,
CASE nom, ANIM -
_| VTYPE main, PASSIVE -

Figure 5.14: Analysis of the N+A copula construction given in Example (16)

5.3.9 Dative Subjects

As discussed in Chapter 4, dative subjects are common in Tamil. The corpora I used
also has such constructions; one such instance is (17). Figure 5.15 shows how this is
analysed in my grammar. As in the analysis, dative subject trigger 3SN agreement
on the verb, even if the dative subject is a rational entity or has different PERSON or

GENDER feature values as in (17).

b, eTasE@Gs  Casldlpgl
am, enakkuk  ketkiratu
(17)
yes, I.DAT hear.PRES.3SN

‘Yes, I hear (it)’
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ROOT PRED  ‘Gasi<[Gimsi]>'
T TNS-ASP | TENSE pres, MOOD indicative
INTJIP S
A p PRED ‘sient'
. - : RATIONAL -, PRON-TYPE poss
SUBJ - ]
INTJ COMMA NP Ve CASE dat, PERS 1, NUM =g,
GEND epi
S , PRON W VTYPE main, PASSIVE -,
INTERJECTION-LABEL =5
SIS Bl Elme

Figure 5.15: Analysis of the dative subject construction in (17)

5.3.10 Complex Predicates and handling of multiple predicational heads

In LFG, semantic heads of complex predicates correspond to a single PRED at the

level of f-structure. C-structure does not determine complex predicate status, and the

elements contributing to a complex predication can be either morphological or syntactic

(Butt, 2010). However, regardless of whether the complex predication is morphological

or syntactic, the composition of the arguments of both of the predicational units works

according to the same principles (Alsina, 1996).

alilaveml

ROOT
s
NP NP w:
N NUM ..M'D:DN N v
wesdEs  gr 0 N Bukfodes LT 5L R B SR TiT
Spa

Figure 5.16: C-structure analysis of (18), where semantic heads of a complex
predicate are written together

When a complex predicate is written as one token as in eummaidl&QsT(OSSTT varnkikkotut-

tar ‘He bought for someone’, which is composed on buy-+give, we provide a subcate-

gorisation frame as part of the lexical rule and handle it as a regular lexical item where
aumadl&6&T() vankikkotu ‘buy-+give’ together is considered as the complex root of the

complex predicate wvankikkotuttar. In this case, all three arguments, namely subject,
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object, and indirect object, are categorised by this complex root. For the example in
(18) Figures 5.16 and 5.17 provide the respective c-structure and f-structure analyses.

Here wvankikkotuttar ‘he bought for someone’ is handled via a lexical rule.

PRED "aumrredl&GlamHe[20:e ausmul], [lﬂ:@u_lr_'r;.ﬂ miz], [16:waan]>"
VTYPE | COMPLEX-PRED wl
TNS.ASP | TENSE past, MOOD indicative |
PRED  ‘Buidrd’
SPEC | DET | DET-TYPE indef |
NTYPE NSEM | COMMON count |
NSYN common
DET | DET.TYPE dei |
OBJ
PRED ‘= ey
apaunct | { |wrvee NSEM | COMMON count | }
NSYN common
RATIONAL -, PERS 3, NUM sg, HUMAN -,
GEND neut, CASE nom, AMNIM -
RATIONAL -, PERS 3, NUM sg, HUMAN -, GEND reut, CASE ace,
ANIM +
PRED "\oEeT
OBJ.TH NTYPE NSEM COMMOM count
NSYN common
RATIONAL +, PERS 3, NUM s, HUMAN +, GEND masc,
CASE dat, ANIM +
PRED el eusmrudl”
SUBJ NTYPE MSEM COMMON count
NSYN common
RATIONAL +, PERS 3, NUM sg, HUMAN +, GEND egi, CASE nom,
ANIM +
| PASSIVE -

Figure 5.17: F-structure analysis of (18), where the semantic heads of the
complex predicate are written together
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cleusmd LSS Q@1

vivacayi makanukku or
farmer SON.DAT a

(18) o e .
2 106 QuBdrsmns  TESSAETHSSTT
ulavu iyantirattai vankikkotuttar
tillage machine.ACC buy-give.PAST.3SE

‘The farmer bought his son a tractor.’

When a complex predicate is written as two tokens, the two predicational units need
to be composed. For instance, when eumidl&Ca&rOSsTy vankikkotuttar ‘He bought
for someone’” written as two tokens, eummiidlg + QE&TOSSTT vankik + kotuttar ‘buy
+ give’, we need to find a way to do predicate composition. Because, as shown in
(19) and (20), subject and object are subcategorised by the main verb vanki ‘buy’, and
the indirect object is subcategorised by the light verb kotuttar ‘give’. However, in the

analysis, we need to compose them.
(19) aummidlgs V * (1 PRED)=‘eummii@<(tSUBJ)( tOBJ)>" .
(20) Qarhgsmy Vlight * (1 PRED)="CGar(h<(tOBJ-TH)>" .

The Restriction Operator (Kaplan and Wedekind, 1993) allows for the manipulation
of f-structural information. For instance, Attribute-feature values may be “restricted”
out as shown in the f-structures in (21) and (22), where the CASE feature has been
restricted out of (21) via an application of the Restriction Operator ‘/’: (1/CASE).
This type of restricting out might become necessary if a value for CASE had already
been assigned by one part of the grammar but needed to be changed by another.
This restrictive nature of Restriction Operator can also be extended to do predicate

composition.

(21) [PRED ‘Ram’

PERS 3
NUM sa
_CASE NOM

(22) [PRED ‘Ram’
PERS 3
NUM sc

I follow studies that use the Restriction Operator in the context of complex predicate
formation (Butt et al., 2003; Butt and King, 2003; Butt et al., 2008) and passivisation
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(Wedekind and Orsnes, 2003). The Restriction Operator has also been used to imple-
ment the grammar when the light verb subcategorises for regular arguments as well as
a variable %PRED2. The main verb’s subcategorisation frame substitutes this variable
as part of the complex predicate composition. For instance, in our grammar, I have a
lexical entry for a light verb with its functional features Gar(H&Cserm kotutten ‘I gave’,
as shown in (23). I have then used the template in (24), obtained from Dalrymple et al.

(2004) in the grammar rules for the light verb to compose arguments.
(23)  @sr@® Vlight * (+ PRED)='Qsr®<(tOBJ-TH) %PRED2>’ .
(24)

VV-ANNOTATION =
(Il CHECK _RESTRICTED) = +
(1t PRED ARG2) = (| PRED)
J\PRED\SUBJ\CHECK\ = $\PRED\SUBJ\CHECK)\
OBJ-TH\OBJ\PASSIVE OBJ-TH\OBJ\PASSIVE
(1 OBJ) = (L OBJ)
(1 SUBJ) = (| SUBJ)
(t VTIYPE COMPLEX-PRED) = vv.

5.3.11 DPassives

Passive constructions in Tamil are realised via a V-V construction and the verb L
padu ‘be touched/be experienced/sleep’ is used to passivise constructions, where padu
is an auxiliary verb. Together with an infinitive form of the main word, it gives the
meaning of ‘be subjected to’ (Annamalai, 2013).

For instance, consider (25) and its passive version in (26). As per the standard LFG
lexical rule for passivisation, the original OBJ becomes the nominative SUBJ and the orig-
inal SUBJ is realised as an instrumental adjunct (OBL-INST). Passives can be written as
one word; for our example, in (26) this is eurRISlGCsTOSS LI L g vankikkotukkap-
pattatu ‘was bought’. The passiviser padu can also be written as separate words as
shown in (27). However, in the corpus, the passive auxiliary is always written together
with it, as in (26).

LD UGG @ ST aummidls  CQasr(hssmer
(25) ram avanukku  oru car vangki-k  koduththaan

ram.Nxom  he.par a car.Nom buy.vp-saN  give.vP.PAST.35G

‘Ram bought a car for him.
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grone eSS @0 ST
ramaal avanukku oru car
ram.iNst  he.par a car.Nom

‘A car was bought for him by Ram.

QsTH&sL
kodukkap

give.INF.SAN

UL g
paddatu
do.pasT.3s¢

‘was given’

aummidls  QarsslulLg
vangki-k  kodukkappaddathu
buy.vr-san  give.INF.SAN.PASS

(28) shows a passive construction found in our corpora, and Figure 5.18 gives the

illustration of c-structure and f-structure analyses.

(28)

NP

LD LD

LOILD

Crhm

maram nerru vettappattatu

tree.NOM yesterday cut.PASSIVE

‘The tree was cut yesterday.

Ceul il gy

ROOT
PRED 'gm;uﬂi[,-:mgm]}'
S TNS-ASP | TENSE past, MOOD indicative |
VCpass ADJUNCT | { PRED 'Goog’ }
g ADV-TYPE time
ADW Vpass
PRED "Wy
Crhm  Geul L ool g SUBJ NTYPE | NSEM | COMMON count
NSYN common
RATIONAL -, PERS 3, NUM sg, HUMAN -,
GEND neut, CASE nom, ANIM -
VTYPE main, PASSIVE +

Figure 5.18: c-structure and f-structure analyses of a simple passive

construction given in (28)

If the predicational units of a verb are written together, they can be dealt with the

morphological analyser as shown in (29).' The surface form of the word is associated

with tags shown in (29) via a series of rules. The analysis provides the information

that this was a passive verb in the past and combined with a ‘give’ light verb.

0Effects of assimilation and Sandhi are shown within parentheses.
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(29)

UMTRIFEQSTHSSILL L G|
vangikkodukkappattathu
vang-i-(k)kodu-(k)k(ap)-pattatu
vangu +verb 4+vp +give +past +pass

The stem (vangu) and the tag for the light verb ‘give’ are straightforwardly as-
sociated with the subcategorisation information via the stem lexicon contained in the

grammar, as shown in (23) and (30).
(30)  eummi@ V* (T PRED)="aumi@g< (T SUBJ)(1 OBJ)>".

Most of the attendant morphological tags are also straightforwardly associated with
the corresponding f-structure information, e.g., (1 TNS-ASP) = pAST for the ‘+past’
tag (Kaplan et al., 2004). However, treating the passive is interesting.

Classically, the passive is treated via lexical rules (Bresnan, 1982) in the ParGram
grammars. These lexical rules are coded as part of the lexical entries, allowing for either
an active or passive verb version. The passivised version of vangu ‘buy’ in (31), for
example, would result in the subcategorisation frame (1 PRED) = ‘vangu<(1 SUBJ)>’

due to the application of the passive lexical rule.

vangu (T PRED) = ‘vangu<(1 SUBJ) (1 OBJ)>’
(31) +past (T TNS-ASP TENSE) = PAST
+3sg (1T PERS) =3
(

1T NUM) = sg

Passivisation can also be applied to a composed complex subcategorisation frame.
The composed subcategorisation frame of the complex predicate eummigl&Q&T(HSSmer
vankikkotuttan ‘(he) bought for someone’ is ‘give-buy <(1 OBJth) (1 SUBJ) (1 OBJ)>’,
for instance. When it is passivised, the resulting subcategorisation frame would be
‘give-buy <(1 OBJth) (1 SUBJ)>". Passivisation via lexical rules is straightforwardly
implementable when the parts of the verbal sequence are contained within one lexical
item. In this case, the lexical rule can be applied to the whole composed subcategori-
sation frame that is coming out of the lexicon.

However, an analysis via a passive lexical rule is impossible when the predicational
heads are realised as two or more separate tokens. This is because the passive morpheme
is morphologically attached to only one of the items in the verbal sequence and would
naturally apply to only the subcategorisation frame of that item (Cetinoglu, 2009).
However, passivisation needs to be applied to the composed subcategorisation frame of
the complex predicate (which is distributed across two separate tokens — vangu and

kotu — in this case).
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Therefore, the existing lexical rule treatment of passivisation has been modified
and instead, an analysis in terms of the Restriction Operator was developed (cf. also
Wedekind and Orsnes (2003)). The advantage of this analysis is that all operations
or subcategorisation frames are now treated via the same mechanism, and predicate
composition can be treated in the same way irrespective of how the parts of a complex
predication are realised: as two separate tokens or as a single complex verb, expressing
the intuition that morphological and syntactic complex prediction involves the same
mechanism (Alsina and Joshi, 1991). In the modified passivisation rule, we first restrict
everything and then define the passive transformations.

The passivisation template below in (32) shows how the Restriction Operator is
integrated into the PASSIVE frame. The template (32) ensures that passivisation is ap-
plied to the whole complex predicate and not only to the light verb. Templates in XLE
are used to define common functional patterns or generalisations that can be reused
whenever necessary (Crouch et al., 2017). The PASS template takes one argument:
an instantiated variable labeled “_ SCHEMATA”. This represents the subcategorisation
frame of whatever verb is being dealt with (e.g. vangu ‘buy’). The first disjunct of the
PASS template just gives back the active version, and nothing happens except that the
structure is marked as [PASSIVE —]. In the second disjunct, the structure is constrained
to be passive, the SUBJ is suppressed (NULL) or is realised as an instrumental OBL

(OBL-INST) and the OBJ is realised as the SUBJ.
(32)

PASS (_SCHEMATA) = {

_SCHEMATA “active version”

(1 PASSIVE)= -

| _SCHEMATA “passive version”

J \PRED\SUBJ\CHECK\OBJ-TO\OBJ\PASSIVE =
1 \PRED\SUBJ\CHECK\OBJ-TO\OBJ\PASSIVE
(1 PASSIVE)=c +

{(1 SUBJ) —> NULL

| (+ SUBJ) > (1 OBL) }

(1 OBJ) —> (1 SUBJ) }

5.3.12 Causatives

A causative in Tamil can be realised either morphologically or syntactically (Nuhman,
1999; Paramasivam, 2011), as discussed in Chapter 4. However, in either case, the

causative is realised as a monoclausal complex predication (Annamalai, 2013).
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5.3.12.1 Morphological Realisation of Causatives

The example in (33) shows how the morpheme 6l (vi) is used in causatives. As shown
in (34), the f-structure for (33) analyses the morphological causative as a complex
predicate (Butt, 2010; Butt et al., 2003); the argument roles in this causative are
causer.NOM and causee.INST. The case marking of the patient is NOM. The causative

morpheme co-predicates together with the main verb.

eummI@ellssmen (vankuvittan)

aummiE  -edl - -§ -}, G0
(33) vangu -vi -t -t -aan

buy -CAUS -SAN -PAST -3SMR

‘he made somebody buy (something)’

(34)

PRED ‘caus <(T SUBJ),vangu ((1 OBL-INST), (1 OBJ)>’>’1

The example in (35) illustrates how a light verb and a causative can be stacked
in the sense that the causative applies to the entire complex predicate construction,
irrespective of whether the two predicational units are written together or separately.

The corresponding f-structural analysis is shown in (36).

BeT  Sjeuaarsesmanm(h  eUasE,

naan avalaikkontu avanukku
I.xom  she.accinst he.pat
(35) Q@@ &MY UMk & QarHLasGsen
oru car vangi-k koduppitthen
a Car.NoMm buy.vp-san  give.caus.pasT.isG

‘I got her to buy a car for him.

1 Causatives in Tamil require in-depth linguistic exploration. For instance, it is not clear why
OBL-INST takes an accusative case marking before the instrumental marking. This accusative
marking is done only when kontu, a derived form of kotu, is used as the instrumental marker.
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PRED ‘caus <(T SUBJ),‘kodu <(T OBJ-TH),*vangu <(¢ OBL-INST), (1 OBJ)>’>’>’
[PRED PRO" |
PRON-FORM naan
SUBJ CASE NOM
NUM sG
PERS 1
[PRED PRO’|
OBJ-TH PRON-FORM avan
_CASE DAT |
[PRED PRO’]
OBL-INST PRON-FORM aval
_CASE INST |
[PRED ‘car’
OBJ CASE w~owm
DEF -
TENSE pasT
TNS-ASP
MOOD inDICATIVE
VTYPE COMPLEX-PRED w}
PASSIVE -
[STMT-TYPE  decl ]

5.3.12.2 Syntactic Realisation of Causatives

As discussed in Chapter 4, causatives in Tamil can also be realised syntactically by
adding one of the following verbs after an infinitive form of the main verb: Q&g (sei)
‘do’, emau (vai) ‘put’, Lewremy pannu ‘do’. These verbs have the character of light verbs,
expressing the meaning ‘make’. When one of these three verbs is used as the main
verb of predication, the other two verbs function as causativising light verbs in the
combination. As shown in (37), we again face a by now well-known implementational
challenge: the main verb and the causative light verb can be written together as one
token or separately as two. Further, 11 (p) or & (c¢) will be added as a Sandhi to the
main verb as part of the causativisation, for pannu ‘do’ and sei ‘do’, respectively. There

is no Sandhi for vai ‘put’ as it begins with a consonant eu(v).
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Sjeuanen & ST aummigsg  QeuiGgen
avan-ai oru car vanga-c seithen
he-acc a car.nom buy.nr-san  make.pasT.asm

‘(I) made him buy a car’

5.3.13 Coordination

Conjunction and disjunction in Tamil can be realised morphologically or syntactically,
as discussed in Chapter 4, in addition to the use of punctuation. The -um suffix has
several functions, including conjunction and focus-marking, both of which are available
in my corpora. I used the METARULEMACRO macro to handle coordination. The
METARULEMACRO is a special macro defined in ParGram,'? and if this macro is
present in grammar, it is applied to all of the rules in the grammar. The reason to use
this is that when we add in new rules, we do not have to remember to add in calls to
other rules or macros that should apply to them, such as coordination. Instead, XLE
will do this automatically for us. This particular macro is used in most ParGram gram-
mars to handle coordination.'® Therefore, I have also used the METARULEMACRO
to handle NP coordination and Adjectival phrase coordination without much hassle.
(38) is one such coordination example, and its analysis is shown in Figures 5.19
and 5.20. Here comma is used to conjoin NPs. However, the very last NP — cassava
— takes on the -um suffix. In this analysis, I consider -um as a focus marker. That
-um takes a focus function can be observed from certain constructions available in my
corpora which only involve one NP that includes a -um suffix; in this case, -um is a
focus marker. In (38), I maintain a similar analysis, where I consider -um as a focus

marker since I take the coordination to be achieved through commas.'

2https://ling.sprachwiss.uni-konstanz.de/pages/xle/doc/
PargramStarterGrammar/eng-pargram.lfg

3https://ling.sprachwiss.uni-konstanz.de/pages/xle/doc/
PargramStarterGrammar/starternotes.html

4One can still argue that -um functions as a concatenation operator that applies to all
preceding entities to conjoin them. In general, the -um suffix and the coordination require
further exploration.
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INTIP S
AN T ' ---
INTJ COMMA MP WC
2o , NP COMMKMA MNP COMMA NP W
N, N, N Blssdsme
L A SR Lerarfilsasml LCTeLsTSTLLD

Figure 5.19: C-structure analysis of Example (38)- A Coordination example

PRED "Blm=[22]>
THS-ASP TENSE past, MOOD indicative |

PRED 'geusnsfil’
PRED '(pnmesmeism PRED 'usenfimami PE | NSYN proper |
NTYPE NSYN proper | NTYPE NSYN proper RATIONAL -, PERS 3.

SUBJ { RATIOMNAL -, PERS 3, +  |RATIOMAL -, PERS 3, + |HUMAN -, GEND neut,

NUM 57, HUMAN -, HUMAN -, GEND neut, FOCUS-TYPE emphatic,
GEMD neut, CASE nom, CASE nom, ANIM -, FOCUS-FORM um,
ANIM - NUM =g CASE nom, ANIM -,

NUM sg

PERS 3, NUM pl, GEND neut, COORD-LEVEL MF, CASE nom

VTYPE main, PASSIVE -, INTERJECTION-LABEL =&

Figure 5.20: F-structure analysis of (38)

(38)
ST,  (WPOHRIMSSSTL , YFamlssml , relereafluybd  @)\medlermer
am’ma, murunkaikkay, pucanikkay, maravalliy-um irukkinrana
mother, drum-stick, pumpkin, cassava-and exist.PRES.3PLN

‘““Mother, drumstick, pumpkin, cassava-and exist (i.e are available)”’

5.4 LFG Treebank

In addition to the grammar, I have also created a treebank with LFG annotations that is
now available on the INESS treebank repository. Currently, it has 100 sentences taken

from the ParGram project and Grade-1 textbook with LFG annotations. In order to
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generate this treebank, I first parsed a sentence, and then I manually disambiguated
generated parses to get the correct one/s. I then exported the parsed output as a Prolog
file that was then uploaded to the INESS treebank repository.

5.5 Evaluation and Discussion

My corpora have 100 sentences from the ParGram project corpus and 100 sentences
from a Grade-1 educational Tamil textbook, which is meant for native Tamil students
aged five. Section 5.3 provided an account of the different types of constructions that
the grammar I have developed can handle. This analysis still does not cover all of
the constructions in my corpora, especially due to a lack of linguistic clarity regarding
certain constructions. Verbal or gerundial nouns, serial verbs, and suffixes like -um
are some areas or concepts that require deep linguistic exploration. For instance, in
(39), iruppataik and perravar are gerundial nouns that can function as nominalised
verbs. These show mixed properties (Butt et al., 2020), specifically, both nominal
and verbal properties. For instance, iruppataik shows nominal properties by taking an
accusative case marking and verbal properties by taking an OBL argument. Similarly,
perravar takes nominative case marking, and licenses for the OBJ — patam. These
Tamil structures require more linguistic exploration and studies on how they can be

analysed within the LFG formalism.

uLd  Guppeur SHled  QBLUUMNSE  FmmIBIGET
(39) patam  perravar atil iruppataik kurunkal
picture receiver.NOM it.LOC  do-exist.ACC  say.2PL

‘Persons who received the picture say what is in it’

In general, I found that the grammar handles free-word order well and parses all valid
constructions formed using the lexical items found in the lexicon. I have not tried
sentence generation yet as I have been using INESS interface for grammar writing that
does not support generation. However, I will try with XLE toolkit to see whether I
can do generation in the future. If that works, it will be a good asset for generating
artificial data for machine learning purposes.

The grammar rules will need to be optimised, and more constraints need to be added
to reduce the number of possible analyses. For instance, certain complex constructions
generated 20 solutions that needed to be manually disambiguated. One main reason
for these generations of all solutions is our flexibility in CASE marking and word order.
As T discussed in Chapter 4 and Section 5.3, nouns are not always overtly marked for
case; still, they can function differently. For instance, irrational nominative entities can
always be confused when they do not take object case marking, which marking is in

turn not required for indefinite irrational nouns. The case syncretism in Tamil adds
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another level of ambiguity; dative subjects, indirect objects and benefactive objects are
always confusing. Tamil also has nominal modifiers, in which two nouns marked for the
nominative case can modify one another. At times, there are no syntactic clues with
which to decide whether nouns are modifying one another.

Pro-drop and elision, which are very common in Tamil, add another level of com-
plexity in defining constraints. For instance, consider (40). One of the available readings
is that the tractor has been bought for the farmer’s son (where suBJ is dropped, and
genitive marking on the farmer is elided) or that the farmer is the SUBJ of the buy-give
complex predicate. Nevertheless, this can also be analysed where ‘farmer’ is the subject
of the construction. Writing rules to solve this ambiguity requires a finer exploration
of how modification works and how different associated interactions can be captured

with LFG.

(40)
clleugmuldl  a@IGHES, @F 26 Qubdlrsans eumhSsCsThSsTT
vivacayi makanukku or ulavu  iyantirattai vankikkotuttar
farmer Son.DAT a tillage  machine.ACC buy-give.PAST.3SE

‘The farmer bought his son a tractor / (someone) bought a tractor for farmer’s son’

5.6 Conclusion

This chapter outlines how I developed the first rule-based grammar for Tamil using
Lexical-Function Grammar. This is the only rule-based Tamil grammar publicly avail-
able for others to use and build upon. The current grammar version can handle common
syntactic constructions found in Tamil using the given vocabulary, including the dif-
ferent word orders of these constructions. The grammar is helpful for deep syntactic
analyses of the Tamil language. As I have set out to show in Section 5.3, very detailed
syntactic information can be obtained from the grammar, even if other interesting con-
structions can be handled with the current grammar, as it is much wider and can parse
more constructions. In order to provide more precise syntactic information, I have
added features to the ones proposed in the ParGram project specification.

In order to increase the usage of this grammar, I have written the grammar using
the sentences from the ParGram project using the ParGram specification. With this,
one can now do a cross-lingual study by comparing the parses of Tamil with other
languages that are documented as part of the ParGram initiative. In addition to the
ParGram sentences, I have also used sentences from a native Tamil textbook so that I

can capture the native structures in Tamil.
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The current version of the LFG parser can be accessed via the INESS platform.'?

However, to use the parser, one needs to know the vocabulary list. Therefore, I have
also developed a web interface to form sentences based on the available vocabulary and
then parse them using the parser. I am confident that this grammar would be a useful
resource for people who would like to do deep syntactic analyses to understand different
Tamil constructions or carry out cross-linguistic studies.

I have made the following contributions with respect to rule-based grammar devel-

opment:

1. created the first rule-based Tamil grammar using Lexical-Functional grammar
formalism. This grammar is the only publicly available rule-based grammar with

significant coverage.
2. published a treebank annotated according to the ParGram specification

3. shed light on complex predicates in Tamil based upon the grammar that has been
developed, with the output of that having also been published in Sarveswaran
and Butt (2019).

5.7 Future work

This work can be further extended computationally and linguistically. From the com-
putational point of view, this grammar can be further optimised by adding further
features. Although I have made an initial attempt to integrate the morphological anal-
yser into the grammar, more work still needs to be done. Integrating morphological
guessers may improve the robustness of the grammar. While I have been using the de-
fault tokeniser for pre-processing, one can invest further time in this in order to clean
and prepare inputs. Moreover, one can look into the idea of multi-word tokenisation
proposed in the Universal Dependencies and see whether adapting such multi-word
tokenisation would make grammar writing easy and help to capture more syntactic
information. I have also tried to develop a bridge between LFG and the Universal
Dependencies so that I can migrate the treebank I generate in LFG to the Univer-
sal Dependencies to make more use of LFG grammar. This is, however, yet to be
completed.

More broadly, much more work needs to be done from a pure linguistic angle,
especially given the lack of deeper and more analytic yet less confusing studies on certain
aspects of Tamil grammar. For instance, complementation, nominalisation, complex
predication, syntactic properties of clitic like -um, postposition, etc. all require further
in-depth research. A study on Tamil language change and the grammaticalisation of

different words is also necessary in order to better understand certain constructions.

5https://clarino.uib.no/iness/xle-web
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6 DATA-DRIVEN PARSING

This chapter describes how I have developed a data-driven parser using the Universal
Dependencies (UD) framework. The chapter includes a background to the UD, the
data-preparation approach, the training and evaluation of the parser, and a conclusion.
In addition, the chapter also includes a detailed discussion on the analysis of different

constructions using UD.

6.1 Universal Dependencies (UD)

The Universal Dependencies (UD) is a framework used for consistently annotating Parts
of Speech, morphological features, and syntactic dependencies across human languages.
UD has been evolving as an open community effort producing nearly 202 treebanks in
over 114 languages as of May 2021. The main goal of this project is to facilitate
multi-lingual parser development, cross-lingual learning, and parsing research from a
typological perspective.! The UD annotation scheme has been evolving since 2014 on

the basis of the following key principles (de Marneffe et al., 2021):
e it has to be cross-linguistically consistent;
e it scheme should facilitate multi-lingual research studies;
e it should as much as possible be derived from existing standards.

Since its initial release in 2014, the specification has evolved and been extended to
accommodate new languages and new features within the existing languages.

The UD annotation follows a lexicalist view of syntax, where dependency rela-
tions hold between syntactic words. Other information such as morphology, POS and
lemma information are given as properties for each word. Since dependency relations
are established between syntactic words, words with more than one set of associated
syntactic information or words that a single POS cannot adequately represent are bro-
ken into separate words or individual syntactic units before the dependency relations
are established. Tokens with more than one set of syntactic information are called

multi-word tokens, and the process which uses these multi-words and then separates

Thttps://universaldependencies.org/introduction.html
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them in accordance with their syntactic units is called multi-word expansion (de Marn-
effe et al., 2021). For instance, clitics are considered multi-word tokens and are, in
most cases, broken up, i.e. segmented as shown in (1), so that syntactic words and
their dependency information can be marked clearly. For instance, in this example,
since the multi-word token is segmented into syntactic words, we can identify different
syntactic elements such as predicate, object, and beneficiary and can be able to mark
the dependency among them.

However, UD does not lose the orthographic structure of the multi-word in the
original text. In addition to the expanded syntactic tokens, the original orthographic
form is also included in annotations; see (2), for example. This information is all
captured in the format presented in (2) (see Table 6.1 for the information about each
column, which will also be discussed in later sections). In (2), it’s in one line is expanded
to multiple lines, as ¢t and s. This multi-word expansion constitutes an important phase
for Tamil since words in the language are frequently concatenated in Tamil. In older
times, Tamil was written without any spaces, and it was up to readers to decide where

to pause or break.
(1) ddamelo® ‘give it to me’ ==> da me lo (Spanish)

(2)

#Text = ‘It’s just fun’
1-2 It’s o . o o o
1 It it PRON PRP Case=Nom| 4  nsubj 4:nsubj
Gender=Neut|
Number=Sing|
Person=3|
PronType=Prs
2 s be  AUX VBZ Mood=Ind| 4  cop 4:cop
Number=Sing|
Person=3|
Tense=Pres|
VerbForm=Fin
3 just just  ADV RB 4 advmod 4:advmod

4 fun fun ADJ JJ 0 root 0:root

All these annotations are documented in a format called CoNLL-U. CoNLL-U is a
derived version of an annotation format proposed in the Conference on Natural Lan-
guage Learning - 2010 called CoNLL-X. The annotation scheme has ten fields, as shown
in Table 6.1. If a field value is null, this is filled with an underscore (‘_’).

’https://universaldependencies.org/u/overview/tokenization.html
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Table 6.1: CoNLL-U annotation style - used in UD treebanks

Field/Column Description

1D Word index - an integer reset to 1 for each new sentence

FORM Word form / punctuation symbol

LEMMA Lemma / stem of word form

UPOS Universal POS tag

XPOS Language-specific POS tag

FEATS List of morphological features

HEAD Head of the current word - either a value of ID or zero (0).

DEPREL Universal dependencies relation to the HEAD - ‘root’ iff
HEAD=0

DEPS Enhanced dependency graph - a list of head-deprel pairs.

MISC Any other annotation - transliteration etc

UD treebanks represent different genres of text, including spoken corpora, translit-
erated corpora, code-mixed corpora, and others. The largest UD treebank in the cur-
rent version is German HDT, which has around 3.5 million tokens annotated with POS,
morphology and syntactic information. However, most other treebanks are small; for
instance, Tamil has around 12K tokens. There are only three Indic languages: Hindi,
Urdu, and Sanskrit, each with a relatively large dataset: 375K, 138K, and 28K tokens,
respectively, in UDv2.8. All the other six Indic languages, including Tamil and Telugu,
have less than 12K tokens in UDv2.8.

6.2 Levels of annotation in UD

6.2.1 POS annotation

UD uses a derived POS tagset from Google’s Universal POS (UPOS) tagset (Petrov
et al., 2012). This tagset consists of 17 tags which have been elaborated upon in
Chapter 2. The challenge in POS annotation is capturing the context of words. As in
other languages, the context change in Tamil can change the grammatical category of
a word. For instance, words such as <j,erL_mer (antal) ’a proper name’ or ‘(she) ruled’
and Ulg (pati) ‘step’ or ‘study.imperative’ can be nouns or verbs depending on the
context. Therefore, POS taggers should capture as enough information about different
usage of these kinds of words as possible. This UPOS is used to annotate only the
high-level grammatical categories. The finer levels of information is captured using

morphological features.
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6.2.2 Morphological annotation

Morphological annotations in the UD represent the contextual lexical and grammat-
ical properties of words. Morphological annotations are stored as key-value pairs, as
inspired by the format in Prague Dependency treebank (Bohmova et al., 2003; Zeman,
2008). The morphology labels are derived from the UniMorph project (McCarthy et al.,
2018). UniMorph (Kirov et al., 2016) or Universal Morphology is a Universal annota-
tion scheme for morphology that renders morphological feature labels for inflectional
morphology. It is claimed that the inflectional morphology of any language can be
defined using this scheme (Sylak-Glassman, 2016). However, I have shown in Chapter
3 that this is not true when it comes to Tamil. It does not, for instance, capture the key
feature called Sandhi. The morphological scheme in UD has been revised regularly to
accommodate new morphosyntactic features. In addition to these documented features,
one can introduce any of the language-specific features to capture new language-specific

morphosyntactic features if required.

6.2.3 Syntactic annotation

Syntactic information is the crucial annotation scheme in UD and is what is required for
syntactic parsing. According to the annotation scheme, content words such as nouns,
verbs, adjectives, and adverbs are associated with syntactic relations. The rest are
modifiers connected with respect to content words via functional relations. Relations
between words always start from a predicate, the root of the clause or sentence. Other
content words and function words are connected with the use of a directed arrow start-
ing from the root (de Marneffe et al., 2021). In UD, propositions are also considered
modifiers or function words and are linked to respective content words using the label
called ‘case’.

Annotation in UD always starts with a predicate, and it is marked as the Head of
the construction. All other constituents are marked as directly or indirectly dependent
on the Head. In UD, the predicate can be either nominal or verbal, unlike formalisms
such as AnnCorra where the predicate has to be a verb. Punctuations are also attached
to the Head as a dependent. The UD borrows the annotation scheme from Stanford’s
syntactic relations (de Marneffe et al., 2006) to mark syntactic relations. There are
37 universal syntactic relations specified in UD version 2.8. These are listed in Figure
6.2. The relations are a closed set, yet they can be extended in different ways. For
instance, relative clauses can be marked as acl:relcl and pre-determiners are marked as
det:predet. However, in my research, I have not made use of EUD as this scheme came
recently, and the Tamil language still requires further research to be pursued before

exploring these extended features.
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Table 6.2: The list of dependency relations in Universal Dependencies (de

Marneffe et al., 2021)

Dependency | Description

relation

acl adnominal clause; finite or non-finite clause modifying a nominal.

advcl adverbial clause modifying a predicate or modifier word.

advmod adverb or adverbial phrase was modifying a predicate or modifier
word.

amod adjectival modifier of a nominal.

appos appositional modifier; a nominal used to define, name, or describe
the referent of a preceding nominal.

aux auxiliary; links a function word expressing tense, mood, aspect,
voice, or evidentiality to a predicate.

case links a case-marking element (preposition, postposition, or clitic)
to a nominal.

cc links coordinating conjunction to the following conjunct.

ccomp clausal complement of a verb or adjective without an obligatorily
controlled subject.

clf (numeral) classifier; a word reflecting a conceptual classification
of nouns linked to a numeric modifier or determiner.

compound any kind of word-level compounding (noun compound, serial verb,
phrasal verb).

conj conjunct; links two elements that are conjoined.

cop copula; links a function word used to connect a subject and a
nonverbal predicate to the nonverbal predicate.

csubj clausal syntactic subject of a predicate

dep unspecified dependency, used when a more precise relation cannot
be determined.

det determiner (article, demonstrative, etc.) in a nominal.

discourse discourse element (interjection, filler, or non-adverbial discourse
marker).

dislocated a peripheral (initial or final) nominal in a clause that does not
fill a regular role of the predicate but has roles such as topic or
afterthought.

expl expletive; links a pronominal form in a core argument position but
which is not assigned any semantic role by the predicate.

fixed fixed multi-word expression; links elements of grammaticalised ex-

pressions that behave as function words or short adverbials.
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flat flat multi-word expression; links elements of headless semi-fixed
multi-word expressions such as names.

goes with links parts of a word that are separated but should go together
according to standard orthography or linguistic wordhood.

iobj indirect object; nominal core argument of a verb that is not its
subject or (direct) object.

list links elements of comparable items interpreted as a list.

mark marker; links a function word marking a clause as subordinate to
the predicate of the clause.

nmod nominal modifier; a nominal modifying another nominal.

nummod numeric modifier; numeral in a nominal.

nsubj nominal subject; a nominal core argument which is the syntactic
subject (or pivot) of a predicate.

obj object; the core argument nominal, which is the most basic core
argument that is not the subject, is typically the most directly
affected participant.

obl oblique; a nominal functioning as a non-core (oblique) modifier of
a predicate.

orphan links orphaned dependents of an elided predicate.

parataxis links constituents placed side by side with no explicit coordination
or subordination.

punct punctuation attached to the Head of its clause or phrase.

reparandum | repair of a (normally spoken language) disfluency.

root root of the sentence

vocative nominal directed to an addressee.

xcomp clausal complement of a verb or adjective with an obligatorily
controlled subject.

6.3 Tamil Universal Dependencies Treebanks

Tamil has been included in UD treebank releases since 2015. The initial version was

populated from the Prague Style Tamil (PDT) treebank (Ramasamy and Zabokrtsky,

2012), and since then, the dataset has been part of the UD. Tamil-TTB? in UDv2.6

has tokenisation and tagging inaccuracies and inconsistencies. For instance:

3https://github.com/UniversalDependencies/UD_Tamil-TTB/tree/master
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e certain words are segmented incorrectly:

— eremefllLd ennitam ‘L.LOC’ is tokenised to erevey + @L Lb. Segmenting
case markers is unnecessary as case information is captured under morpho-
logical features. Further, in this case, the segmentation is also done in the
wrong way. Similarly, several other case markers are also segmented and

segmented in the wrong way.

— Qaeevembd cellalam ‘can-go’ is segmented as GQFeed cellal ‘act of going’
+ b am ‘yes’. This is also incorrect. There are similar segmentations
with verbs that can be found in Tamil-TTB.

— tokens are not segmented in the right place in some cases. For instance,
euwgnem vayatana ‘age-adjectivisor’ has been broken up as euwg *vayat
+ e ana ‘become’ . Because, @wg *vayat does not mean anything in

Tamil, it has to be euwig vayatu ‘age’.

e nouns in Tamil with dative case marking can be used to mark a subject, oblique
and indirect object; this case marking is misused to mark an object in the tree-

bank in most cases

I corrected some of these issues and made them available in UDv2.7. However,
there are still more issues that need to be solved. Tamil-TTB in UDv2.6 has sentences
for training, development and testing. Further, Tamil-TTB has very long sentences;
some of them are even 40 words long sentences.

In addition to Tamil-TTB, together with scholars at the University of Hyder-
abad, India, I created a new treebank in 2020 called Modern Written Tamil Tree-
bank (MWTT). Tamil-MWTT is now part of the UDv2.7 (Zeman et al., 2020) release.
Tamil-MWTT has 534 well-structured sentences taken from a book called Modern
Tamil Grammar (Lehmann, 1993), covering most of the single clause sentence con-
structions. We took sentences from the textbook so that there would be less ambiguity

regarding the structure, which is good for us to kick start the annotation.

6.4 Tools for syntactic parsing

This section gives an account of existing parsing tools that are widely used when de-
veloping dependency parsers. I will specifically discuss three such tools, namely Stanza
(Qi et al., 2020), TranKit (Nguyen et al., 2021), and uuparser (de Lhoneux et al., 2017a)
as these are the ones I have used specifically for my experiments.

Zeman et al. (2017) and Zeman et al. (2018) have shown the evaluation of 33 and
17 tools, respectively, which were submitted to shared tasks. From the results, it

is clear that most of these tools are built on top of a tool called UDPipe, and do not
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consist of components with which to do all the annotations as required for the Universal
Dependencies treebank. In the 2017 shared task, Stanza (Qi et al., 2020) showed the top
performance for parsing, and in the 2018 edition, it performed better when there was
a significant amount of data. It does not support multi-lingual learning. On the other
hand, uuparser (de Lhoneux et al., 2017a) showed comparable performance to Stanza
in 2018 shared task (Zeman et al., 2018) supports for multi-lingual learning. However,
the uuparser does not do POS, Morphology and Lemma annotations. A recent arrival

in this respect is TranKit, a transformer-based natural language toolkit.

6.4.1 Multi-lingual learning

Multi-lingual learning is an approach primarily used in the context of low-resource lan-
guage development. The major obstacle in the development of tools and systems for
a low-resource language is the lack of annotated resources. Therefore, multi-lingual
learning is used to transfer linguistic knowledge between high-resource language and
low-resource language. The key assumption in this approach is that specific distri-
butional linguistic properties, language relatedness, script closeness, and geographical
closeness (de Lhoneux et al., 2017a) are invariant across languages. This approach has
been used in syntactic parsing as well. However, this has not yet been used for syn-
tactic parsing of the Tamil language. In this research, I have also tried to make use of

multi-lingual training in order to see whether this improves the parsing score in Tamil.

6.4.2 uuparser

uuparser is a syntactic parsing tool (Kiperwasser and Goldberg, 2016; de Lhoneux
et al., 2017a,b) that does not use POS, morphological features, or lemmas to parse
text, although these sets of information are favoured in pipeline-based parsing devel-
opment approaches, which are followed in most of the other parsing tools. uuparser
is a deep neural network-based tool that does parsing in two steps: 1. sentence and
word segmentation, and 2. transition-based approaches to predict the dependency tree.
Sentence/word segmentation has been modelled as a character-level sequence labelling
problem in a Bi-RNN-CRF model. This model simultaneously predicts sentence and
word boundaries and identifies multi-word tokens. The transition-based approach re-
lies on a BiLSTM to learn information features of words in context. A feed-forward
network is then used to predict the next parsing transition. These two approaches have
been discussed in detail in de Lhoneux et al. (2017a). The latest version of uuparser

also supports graph-based parsing.
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6.4.3 Stanza

Stanza is a natural language toolkit consisting of tokenisation tools, POS cum morpho-
logical parsing, lemmatisation, dependency parsing and a Named Entity Recognition
(NER). Among the NLP toolkits available until April 2021, Stanza was the only fully
neural-based toolkit that provided all the features required to process raw text. It
uses a Bi-LSTM-based deep biaffine neural network to implement dependency parsing
using a transition-based approach (Qi et al., 2020). I have used Stanza to do every-
thing from tokenisation to parsing. Chapter 2 outlines how Stanza has been used to
implement a POS tagger. Stanza does both POS tagging and morphological analysis
together. I have, however, handled these separately and discussed these two processes

and developments in Chapter 2 and Chapter 3, respectively.

6.4.4 TranKit

TranKit (Nguyen et al., 2021) is a natural language toolkit introduced in April 2021
that uses multi-lingual transformer language models to implement parsing. This is
a development based on the concepts and algorithms proposed in Stanza, and it even
borrows Stanza’s lemmatiser to do the lemmatisation. However, unlike Stanza, TranKit
performs POS, Morphology and Dependency parsing together as one task. Since this

toolkit was published very recently, I could not do any detailed evaluation of it.

6.5 Evaluation metrics for data-driven parsers

Several evaluation metrics evaluating different aspects of tagging or annotations are
being used to evaluate parsers. Among these, there are four approaches that are being
used widely in papers and shared tasks, namely: UAS (Unlabelled Attachment Score),
LAS (Labelled Attachment Score), MLAS (Morphology-aware Labelled Attachment
Score), and BLEX (Bi-Lexical dependency score). All of these metrics reflect word
segmentation and relations between content words. UAS and LAS also include relations
between other words but do not consider morphology and lemmas when calculating the
final score. Since my focus is on evaluating dependency relations, UAS and LAS have
primarily been used to evaluate proposed parsers.

Labelled Attachment Score (LAS) is a widely used evaluation metric in dependency
parsing. This metric evaluates the percentage of words assigned both the correct syn-
tactic Head and the correct dependency label. For scoring purposes, only universal
dependencies labels will be taken into account, which means that subtypes such as
acl:relcl (relative clause) will be truncated to acl both in the gold standard and in the

parser output during the evaluation. All nodes, including punctuation, will be reflected
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in LAS. This metric also takes word segmentation mismatches into account. There-
fore, a dependency is scored as correct only if both nodes and relationships match the
existing test set or gold-standard nodes. Precision P is the number of correct relations
divided by the number of system-produced nodes; recall R is the number of correct
relations divided by the number of test-set or gold-standard nodes. LAS is defined as
the F1 score = 2PR / (P+R).

Unlabelled Attachment Score (UAS) is also a widely used evaluation metric in
dependency parsing. Unlike LAS, in UAS, the percentage of words assigned with the
correct syntactic Head is considered for evaluation. All nodes, including punctuation,
will be counted for UAS. This metric also takes word segmentation mismatches into
account. A dependency is scored as correct only if both nodes of the relationship match
existing gold-standard nodes. Precision P is, therefore, the number of correct relations
divided by the number of system-produced nodes; recall R is the number of correct
relations divided by the number of test-set or gold-standard nodes. UAS is defined as
the F1 score = 2PR / (P+R).

6.6 Design choices

6.6.1 Approach

The deep learning approach is state-of-the-art for natural language application devel-
opment, including the development of syntactic parsers. This approach has also been
used in shared tasks and competitions. Language models that are trained using millions
of sentences give very accurate contextual information of the language data. Some of
these multi-lingual models are trained with hundreds of languages together, and these
models have proven to have better scores. All these are required for parsing, especially
for the parsing of morphologically rich and relatively high free-word order language
(Futrell et al., 2015) such as Tamil. Therefore, I have made use of a deep learning
approach to develop my data-driven parser.

We do not need to develop these deep learning-based systems from scratch. Li-
braries such as PyTorch, TensorFlow, Keras and toolkits such as Stanza, NLTK,
and TranKit make the implementation easy and fast. Among these, Stanza and
TranKit have all the required tools, namely tokenisation, a POS tagger, a Morpho-
logical analyser, and a Named Entity Recogniser with which to develop a parser. I
made use of the Stanza toolkit for the development of my Tamil dependency parser
— ThamizhiUDparser. In addition, I also used uuparser to carry out multi-lingual
training, given the insufficient Tamil data with which to train a parser. Section 6.7

outlines how all these toolkits are used to build a parser for the Tamil language.
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6.6.2 Dataset

Training a deep learning-based system requires a significant amount of data. Transfer
learning, data augmentation, and multi-lingual learning are some of the approaches
used when there is insufficient training data. Since this research aims to build a deep
syntactic parser, it is important to ensure that all required syntactic structures are
captured and correctly annotated. This is not always possible with transfer learning
and multi-lingual learning techniques, which will not capture language-specific con-
structions. Therefore, I decided to compile and annotate a dataset manually and then
extend it with the use of multi-lingual learning along with Telugu, Hindi, and Turkish.

I first compiled a news corpus consisting of news text from different web pages
belonging to 18 different genres as derived from the British National Corpus (Consor-
tium, 2007) annotation scheme. I crawled only the text published after the year 2000 to
ensure that the text contained only Modern Written Tamil text. Since Tamil sentences
are usually long, and the handling of long sentences is challenging, the task becomes
even more challenging if the language has free-word order. Further, more data is needed
in order to train a parser to handle long-distance dependencies. Therefore, specifically
for my research, I extracted and used sentences with a maximum of 15 tokens. The
following issues have been identified during the tokenisation and cleaning phase of the

process:

e while Tamil Unicode has become the de-facto standard for text encoding, some
people, including publishing agencies, still use ASCII encoding. For this reason,
all the text had to be checked for ASCII encoding.

e the shapes of some Tamil number symbols and the Tamil alphabet may look
similar to those unaware of Tamil numbers. Therefore, there is sometimes a mix
of both symbols and alphabet, and these have different code points in Unicode
space and are considered as different characters by computers. All the text thus

needed to be checked for this kind of glyph issue.

e due to the nature of the Tamil Unicode encoding and input methods, all the
inputs are needed to be Unicode normalised before being fed to the web interface
for analysis or generation. Multiple code sequences can form the same character
in Tamil if the keyboard input driver is not controlled or handled. For instance,
the letter Gl&m can be entered by users using the following sequences: & + Gl::m
or & + @ + o:m . However, it is only the first sequence that is acceptable
and logical, as in Tamil, a composite character such as Q& is formed by adding
a vowel to a consonant. In Unicode, vowels are denoted by vowel modifiers.
Therefore, a consonant cannot be followed by two vowel modifiers. However, in

the case of & + Gl + :m, the two vowel modifiers are followed by a consonant,
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and this is thus impossible in Tamil. It is for this reason important to convert all
the unacceptable formations to acceptable formations; the process of converting

other forms to Unicode normalised form is called Unicode normalisation.

Machine learning systems require three datasets. These are usually non-overlapping
sets, namely training, validation and testing. The data I crawled from the Web is
primarily used for training and validation.

The new dataset collected was cleaned and annotated with POS, Morphological and
Dependency information according to the Universal Dependencies version 2.0 scheme.
As outlined in Section 6.7, I have used a development pipeline with which to do the
annotation. Table 6.3 gives an outline of the size of data, source etc, and the purpose

for which each dataset is used.

Table 6.3: Datasets used to implement the syntactic parser

Dataset Source | Task to which | no. of sen- | Description
it is used tences
ThamizhiTB | News Training and | 1,000 Taken text from news-
text Validation papers published after

the year 2000
ThamizhiTB | Book Development 275 4+ 135 Text are from a gram-

+Tamil- or Validation mar book by Nuhman
MWTT (1999)
ThamizhiTB | Book Testing 275 4 400 Text are from a gram-
+Tamil- mar book by Lehmann
MWTT (1993)

For testing, it is always good to use a widely accepted public dataset that is care-
fully prepared. Unfortunately, no such datasets are available for Tamil, except Tamil-
MWTT, which has recently been published.* Tamil-TTB has a lot of inconsistencies
and errors, as discussed Section 6.3. Apart from sentences from Tamil-MWTT, I cre-
ated another test dataset, called ThamizhiTB-Testing, based on data from a Tamil
book called Basic Tamil Grammar by Nuhman (1999) which consists of more complex
constructions than what is covered in Tamil-MWTT, including coordination and em-
bedded constructions. However, I needed to have these annotated with the help of
linguists and language experts.

ThamizhiTB-Training and ThamizhiTB-Testing consists of several types of syntac-
tic constructions. ThamizhiT B-Testing, in particular, has most of the different syntac-

tic constructions available in Tamil since these were part of all the examples present

‘https://github.com/UniversalDependencies/UD_Tamil-MWTT/tree/master
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in the modern Tamil grammar (Nuhman, 1999), which consists of the most common
occurring constructions in modern Tamil, and has been used as a textbook for people
who specialise in Tamil in their advanced level of studies in Sri Lanka. I have also made
use of Tamil-MWTT, which has only single clause constructions.

There are different classifications of syntactic categories as proposed in the litera-
ture. For instance, Jurafsky and Martin (2017) propose declarative, imperative, yes-no
question and wh-questions as possible classifications. Butt et al. (1999) listed high-level
categories such as declarative, interrogative, imperative, and embedded clauses. The
latter is categorised further in Butt et al’s (1999) classification. I have proposed a
categorisation shown in Table 6.4, considering the nature of Tamil syntax. It is also
important to note that the high-level categories proposed here can be further broken
down. For instance, the nominal predicate category consists of the following non-
canonical subjects: NPnom + NPxom, NPpar + NPrnowm, NPxom + NPnowm + COP,
and NProc + NPyom- This categorisation was useful to ensure that the parser cap-
tures most of the constructions found in Tamil and checks which types of constructions
the parser fails. A more granular level will be useful for detailed analysis. However,
preparing data covering such a granular level of constructions will require good linguis-

tic clarity and significant effort.

Table 6.4: Categorisation of syntactic constructions

Syntactic category Description

Nominal predicate linking verbs or copula are optional in most com-
mon cases.

Intransitive sentences verbal predicates with only one core argument.

Transitive sentences transitive and di-transitive sentences are part of

this category.

Coordinated sentences | both conjunctions and disjunctions that are re-
alised syntactically or morphologically are part

of this category.

Complex sentences sentences with embedded clause/s.

Tamil is a wh-in-situ language where interrogatives are marked morphologically or
syntactically using wh-pronouns. Interrogatives are, therefore not categorised sepa-
rately. Instead, they have been included in other given categories. Similarly, pro-drop
is very common in Tamil; this has, however, not been categorised as a separate cat-
egory. We need to use the Extended Universal Dependencies (EUD) if we need to
capture pro-drop and elisions in detail. Therefore, I will refrain from engaging further

on this here.
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6.7 Methodology

Most of the dependency parsers use information such as POS, morphology and lemma
to determine dependency labels (Qi et al., 2020; Nguyen et al., 2021). A recent survey
on unsupervised dependency parsing (Han et al., 2020) compares the parsers developed
from 2004 until 2019 for English and concludes that the parsing results are not com-
parable to supervised approaches. According to this paper, to generate a dependency
parse tree, significant linguistic information is required to determine the functions of
each word. This information has so far not been captured best by using unsupervised
approaches. If an unsupervised approach fails for structured languages such as English,
then it will perform even worse for morphosyntactically complex free-word order lan-
guages such as Tamil. It is for this reason that I opted to make use of a supervised
approach.

As discussed in this Chapter and previous chapters, Tamil does not have sufficient
annotated data to train a parser. Annotating data from scratch requires significant
person-hours, and it’s a tedious task. Therefore, I first decided to train a parser step
by step, using existing tools and resources, and I adopted the development pipeline
used by Stanza (Qi et al., 2020), which is shown in Figure 6.1. Instead of training
a parser end to end, training it step by step through a pipeline of this type is more
useful for languages such as Tamil because there is not much dependency annotated
data available publicly.

On the other hand, essential tools such as a POS tagger and a Morphological
analyser are already available (Sarveswaran et al., 2021; Sarveswaran and Dias, 2021).
Therefore, these can be used to prepare data if a step-by-step process is followed. Table
6.5 shows how different tools and resources were used in order to prepare data. Since the
current release of the Stanza, toolkit does not have support for multi-lingual training,
I also used uuparser with the multi-lingual training for dependency parsing to develop
a dependency parser for Tamil. Each of the phases within the pipeline is explained in
the following sub-sections.

I developed — ThamizhiUDparser — the first version of the Universal Dependencies
parser as the baseline system. Because annotating data from scratch consumes much
time, this initial version was trained using the Tamil-TTB treebank, even though this
is not perfect training data. The development of the baseline system has been reported
in Sarveswaran and Dias (2020). I later used this first version of ThamizhiUDparser to
prepare data for training and evaluation sets. After that, these two machine-annotated
datasets were verified manually by linguists. Finally, the corrected training and devel-
opment data were used to train several dependency parser models using two training
approaches, such as monolingual training and multi-lingual training, and two parsing

algorithms, such as graph-based algorithm and transition-based algorithm. Eventually,
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| Tokenization & Sentence Split |
| Multi-word Token Expansion |
| POS & Morphological Tagging |
Dependency Parsing
DEPPARSE

Figure 6.1: Phases of the Parsing Pipeline
Image source: https://stanfordnlp.github.io/stanza

Table 6.5: ThamizhiUDparser process pipeline

Step or task Tool Dataset
Tokenisation Own scripts and Stanza | Tamil-TTB
toolkit
Multi-word tokeniser None (did manually) Tamil-TTB
Lemmatisation Stanza toolkit Tamil-TTB
POS tagging ThamizhiPOSt Amrita Data
Morphological analysis | ThamizhiMorph News text and Word lists
Dependency parsing uuparser UD treebank of various lan-
guages

I found that the parser implemented using Stanza toolkit using monolingual training
using transition-based parsing gave better results — this I consider as the version two
of ThamizhiUDparser. Finally, I also evaluated version two of ThamizhiUDparser us-
ing a categorical evaluation dataset I prepared. This step-by-step process has been

elaborated on in the following sections.

6.7.1 Tokenisation

First, the training, validation and testing datasets (except Tamil-MWTT) were Unicode
normalised, tokenised, and then broken up into sentences. I have developed a script® to
do Unicode normalisation. During this phase, punctuations were also separated from
words. Then texts were broken down into sentences using the model trained using the
Stanza toolkit. Finally, all sentences were converted to the CoNLL-U format, which is

used to mark annotations in the UD treebanks.

Shttps://github.com/sarves/thamizhi-validator
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Table 6.6: Multi-word tokens handled by the parser

Multiword Token | Example

N+um avan+um | he+CONJ | ‘Also he’

N+tan avan+tan | he+EMPH | ‘Only he’

N-+tan+e avan+tan+eé | he+EMPH+WHQ | ‘Only he, isn’t he?’
N+psp avan-ai+parri | he-Acc+about | ‘About him’

V+tan va-nt-an—+tan | come-PST-3.8G.M.+EMPH| ‘He only came’
V+a va-nt-an+a | come-PST-3.SG.M.+QUES | ‘Did he come?’

+ = multiword boundary; V = Verb; N = Noun; PSP = postposition

6.7.2 Multi-word tokenisation

After the initial tokenisation, syntactically compound words or multi-word tokens were
broken into syntactic units as discussed so that syntactic dependencies could be marked
precisely, an important task for further cross-lingual analyses. Syntactically compound
constructions are common in Tamil. Yet, not all of such compounds need to be seg-
mented or expanded. This is because certain constructions, specifically V+V paux con-
structions, can be morphologically marked. In the current scope, constructions shown
in Table 6.6 are considered multi-word tokens, and the training data were preprepared

accordingly. Multi-word expansion necessitates further research.

6.7.3 Lemmatisation

UD Treebanks also have lemmas marked in their CoNLL-U format. This is used to
determine suitable dependency labels in Stanza. Therefore I made use of the Stanza
toolkit to train a lemmatiser using the Tamil-TTB UDv2.5 dataset to do the initial

annotation. Like in other stages, this dataset is also then verified manually.

6.7.4 POS tagging using ThamizhiP OSt

In Chapter 2, I have discussed how the POS tagger ThamizhiPOSt has been developed
with the orchestration of various resources and tools. This has been used to conduct
POS annotation in the CoNLL-U format, which already has lemma information. Even
though ThamizhiPOSt can be used to annotate data with the UPOS and Amrita tagset,
the UPOS annotation has been used as it is the one used in Universal Dependencies

treebanks.

6.7.5 Morphology annotation using ThamizhiMorph

I made use of a rule-based approach to do the morphological annotation, as outlined

in Chapter 3. The tokens are tagged using the morphological features outlined in the
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Universal Dependencies framework. This was later reviewed. As discussed in Chapter
3, since contextual tagging was not possible with rule-based tagging, all the annotations
had to be manually reviewed once again to ensure that the morphological annotations

were done correctly.

6.7.6 Dependency annotation using the version 1 of ThamizhiUDparser

The datasets, which is CoNLL-U formatted, now consist of POS, lemma, and morpho-
logical information. At this stage, dependency information can now be added to fulfil
the UD annotation requirement. I made use of the UD 2.0 scheme for the annotation,
which requires the following two pieces of information about dependency included in
the CoNLL-U: 1. the token id of the Head of the given word and 2. the respective
dependency label. Instead of doing this dependency annotation from scratch, I used
version 1 of the ThamizhiUDparser to do the initial dependency annotations and then
verified them manually. This section outlines this annotation process in detail and
discusses how I annotated training, validation, and testing datasets.

There are existing trained models available for dependency parsing of Tamil. How-
ever, those models are trained on Tamil-TTB, which has issues as discussed. Therefore,
I trained my own dependency parser on top of the POS and morphology annotations.
Again to do the initial dependency annotations, I made use of the available Stanza
pre-trained model® on the data I had annotated with POS and Morphology. Then
I got the annotations fixed manually. With this annotated dataset, I made use of
uuparser and multi-lingual training to develop a new dependency parser for Tamil —
version 1 of ThamizhiUDparser— as the next step. This has been reported as a part of
Sarveswaran and Dias (2020). I tried multi-lingual training along with Hindi-HDTB,”
Turkish,® Arabic,” and Telugu,'® which I found would be relevant, and which are avail-
able in UDv2.5.

Table 6.7 outlines the number of sentences used to do multi-lingual training and
the results. As shown in the table, I made use of multi-lingual training with different
combinations of languages and the number of sentences to develop different models.
Then I tested all these models using the Tamil-TTB'! test set, which is used by other
parsers as well as for evaluation. This initial experiment shows better results when
compared to all available parsers, which were built around UDv2.5. For instance,
Stanza’s pre-trained model gives a score of 57.64, and uuparser’s pre-trained model
shows a score of 55.76 for the Tamil-TTB test set.

Shttps://stanfordnlp.github.io/stanza/download models.html
"https://github.com/UniversalDependencies/UD_Hindi-HDTB/tree/master
8https://github.com/UniversalDependencies/UD_Turkish-IMST/tree/master
“https://github.com/UniversalDependencies/UD_Arabic-PADT/tree/master
Ohttps://github.com/UniversalDependencies/UD_Telugu-MTG/tree/master
Uhttps://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-3105
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Table 6.7: LASs of Multi-lingual models

Languages | (# of sent.) | (LAS)
Telugu 100 58.91
Telugu 1050 59.22
Hindi 1600 62.39
Telugu 100

Arabic 100 58.04
Telugu 100

Turkish 100 58.43
Telugu 100)

Hindi 100 59.07
Hindi 13,300

Telugu 1050 60.65

I found that the parser performs better when trained with 1,600 sentences from
Hindi-HDTB than when trained with Telugu, another Dravidian language. I have
also trained the tagger with the whole Telugu and Hindi treebanks, along with Tamil.
However, the score was less than what we got when we trained it with 1600 sentences
from Hindi-HDTB. Telugu UDv2.5 is small in size and has around 1050 sentences when
compared to Hindi-HDTB UDv2.5, which is 16,647 sentences. Moreover, the Telugu
dataset had very short sentences without any morphological feature information in
UDv2.5. On the other hand, some sentences in Tamil-TTB in UDv2.5 have more than
40 tokens. More importantly, Hindi-HDTB is a well-researched and quality dataset and
includes of all the annotations.

Finally, I used version 1 of ThamizhiUDparser to add dependency annotations to
training, validation, and testing datasets. I later had these annotated datasets reviewed
by three people, two annotators and one trained linguist. Section 6.9 will discuss how
I used these datasets to train a new set of dependency parsers, including version 2 of

ThamizhiUDparser, which is implemented using the Stanza toolkit.

6.8 Analysis of datasets

This section describes the datasets used to train, evaluate, and test the data-driven
parser. The datasets that are annotated using the CoNLL-U format have ten different
data fields. Among these seven columns are the ones key for the UD annotation scheme
2.0, which I used to annotate data. These fields include token id, a surface form of
the token, lemma, POS, morphology, dependency id, and dependency relation name,

as shown in 6.8.
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Table 6.8: Fields used in CoNLIL-U data format

#Text = It’s just fun

Token Sur- Lemma POS XPOS Morph Dep. Dep.
id face id name
form
1-2 It’s o o o o o - -
1 It it PRON PRP Case=Nom]| 4 nsubj

Gender=Neut|
Number=Sing|
Person=3|
PronType=Prs
2 s be AUX  VBZ  Mood=Ind| 4 cop
Number=Sing|
Person=3|
Tense=Pres|
VerbForm=Fin
3 just just ADV RB 4 advmod __

4 fun fun ADJ JJ 0 root

6.8.1 Part of Speech information

The Universal Dependencies uses the Universal POS tags, which include 17 tags. Table
6.9 shows that out of the 17 tags, 14 tags are used in my datasets. Interjection (INTJ),
Symbols (SYM), and Unknown (X) POS are not present in the datasets. All other
POS are otherwise found with good counts in the datasets, including subordinating
conjunction. Only ten instances of particles (PART) are found; however, this is a

closed category, and usually, not many particles are available in texts.

Table 6.9: Part of Speech tags used in the Tamil annotations

ADJ 257 || NUM 364
ADP 179 || PART 10
ADV 444 || PRON 799
AUX 273 || PROPN | 576
CCONJ | 151 || PUNCT | 1850
DET 169 || SCONJ 77
NOUN | 3443 || VERB 1988

6.8.2 Morphological features

The datasets consist of the list of features shown in Table 6.10. The first column of
the table shows the list of features, the second shows their associated values, and the

final column shows the number of times the feature has been used in the datasets. In
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addition to the features proposed by UD,'? I have incorporated features such as Sandhi
to capture Tamil morphology. UD uses the UniMorph (Kirov et al., 2016) to define
morphological features. However, features such as Sandhi are missing in the UniMorph

specification as well.

Table 6.10: Morphological features used in the datasets

Feature Counts | Feature value | Description
AdpType 122 Post adposition type postposition
Animacy 34 Anim Animate
Aspect 143 Hab Habitual
Prog Progressive
Prosp Prospective
Case 4606 | Abl Ablative
Acc Accusative
Ben Benefactive
Com Comitative
Dat Dative
Gen Genitive
Ins Instrumental
Loc Locative
Nom Nominative
Definite 21 Def Definite
Deixis 225 Prox Proximate
Remt Remote
Gender 5417 | Com Common gender
Fem Feminine
Masc Masculine
Neut Neuter
Mood 193 Cnd Conditional
Ind Indicative
Nec Necessitative
Opt Optative
Imp Imperative
Pot Potential
Number 5770 | Plur Plural
Sing Singular

2https://universaldependencies.org/u/feat/index.html
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NumType 344 Card Cardinal number or corresponding inter-
rogative / relative / indefinite / demon-
strative word

Ord Ordinal number or corresponding inter-
rogative / relative / indefinite / demon-
strative word

PartType 332 Int Particle type Interrogative

Person 3593 1 First person
Second person

3 Third person

Polarity 2062 | Neg Negative

Pos Positive

Polite 447 Form Formal form

Poss 22 Yes Possessive

PronType 330 Dem Demonstrative pronoun, determiner, nu-
meral or adverb

Emp Emphatic determiner

Int Interrogative pronoun, determiner, nu-
meral or adverb

Prs Personal or possessive personal pronoun
or determiner

PunctType 1299 Comm comma

Peri Period
Qest Question
Reflex 3 Yes Reflexive
Sandhi 252 C Sandhi &
K Sandhi &
P Sandhi LI
T Sandhi &
Tense 1720 | Fut Future
Past Past
Pres Present
Fin Finite
VerbForm 2258 | Conv Converb, transgressive, adverbial partici-
ple, verbal adverb
Ger Gerund
Inf Infinitive
Part Participle, verbal adjective
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Vnoun Verbal noun, masdar
Act Active

Voice 146 Pass Passive

6.8.3 Dependency relations

Table 6.11: Dependency labels used in my datasets

Dependency label | Count || Dependency label | Count
acl 69 dep 12
advcl 377 det 67
advmod 331 flat 201
amod 48 iobj 28
appos 5 mark 50
aux 227 nmod 592
case 35 nsubj 396
cc 166 nummod 64
ccomp 59 obj 374
compound 477 obl:tmod 1275
conj 8 punct 348
cop 60 root 1825
xcomp 1542

Dependency annotations constitute the key annotation that captures the syntactic
relationship among tokens. Table 6.11 shows the list of labels used in the datasets
and the number of times each of them occurred in the datasets. The UD has 37
dependency labels derived from de Marneffe et al. (2014). These 37 dependency la-
bels can be extended via the use of sub-types to capture language-specific dependency
information. For instance, in my case, I have extended the nsubj to nsubj:nc (27
instances) and nsubj:pass (40 instances) to mark the non-canonical subjects and sub-
jects of passive constructions, respectively. I have used the following 21 language-
specific extended dependency annotations: acl:relcl, advcl:cond, advmod:emph, ad-
vmod:lmod, advmod:tmod, aux:neg, aux:pass, compound:lve, compound:redup, com-
pound:svc, nmod:poss, nsubj:nc, nsubj:pass, obl:abl, obl:agent, obl:arg, obl:cmpr, obl:inst,
obl:loc, and obl:soc. Table 6.11 gives an aggregated count of these extended annota-
tions. For instance, instead of giving nsubj:nc - 27, nsubj-40, and nsubj-329, I have
given a grand total of 396 on nsubj. These extended annotations will be shown in the

dependency structures discussed in the following sections.
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Table 6.12: Details of Training, Development and Testing datasets

Dataset Corpus Size - no of sentences
Training ThamizhiTB 1000

Development | ThamizhiTB+MWTT | 2754135

Test ThamizhiTB+MWTT | 2754400

6.9 Training and Evaluation

As discussed in Section 6.7, the training and development datasets have been prepared
using ThamizhiPOSt, ThamizhiMorph, ThamizhiUDparser, and verified manually. The
details of the prepared data are outlined in Table 6.12. This section outlines how I have
trained the syntactic parser — version 2 of ThamizhiUDparser — with newly prepared
datasets as outlined in the previous sections.

I have tried three tools and two parsing approaches in order to develop the parser.
Further, I have also experimented with multi-lingual parsing along with Telugu and
Hindi. As briefed in Section 6.7, I have also tried multi-lingual parsing with other
languages such as Turkish and Arabic. However, I have found Hindi and Telugu to
provide a relatively better scores. Therefore, for this second development stage, 1
simply used Hindi and Telugu languages.

I kept the initial weight initialisation the same when training models using a seed,
and I tried changing hyper-parameters such as epochs, learning rate, batch size etc..
However, I found that the default values for most of these parameters give a better per-
formance. These tools also have built-in support for techniques such as early stopping.
Therefore, even if we set a higher epoch, the training is stopped if convergence occurs
early. For instance, I set the number of epochs to 1000 when training a model using
the Stanza toolkit, but it always completes the training before that, i.e. when the loss
stabilises. Therefore, I mainly focused on different approaches and training-validation
datasets for the parser development instead of tweaking these parameters further.

Table 6.13 outlines the parser I have trained, datasets, type of algorithms, and the
score. As shown, the Stanza-based parser provides a better LAS 75.53 when testing it
using the Tamil-MWTT treebank. As can be observed from the table, I used Stanza,
TranKit, and the uuparser to implement the transition-based parsing models and uu-
parser to implement graph-based and multi-lingual training-based parsing models since
other tools do not support these approaches.

Table 6.14 represents the results of experimentation with uuparser-based multi-
lingual parsing. As shown, I also have applied varied approaches to see which com-
bination works better, apart from varying languages. According to the results, the
graph-based approach gives a better score.

Beyond these coarse-level evaluations, I have also tried a fine-grained evaluation to
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Table 6.13: The performance of different tools and approaches

Parser implementation Approach LAS

Stanza-based ThamizhiUDparser version 2 | Transition-based | 75.53
TranKit-based Parser Transition-based | 70.70
uuparser-based Parser Transition-based | 69.76
uuparser-based Parser Graph-based 69.07

Table 6.14: The results of multi-lingual parsing using uuparser

and transition-based algorithms

and graph-based

Training dataset Approach LAS

Tamil+Telugu Transition-based | 71.35
Tamil4+Hindi Transition-based | 70.77
Tamil+Telugu+Hindi | Transition-based | 70.77
Tamil+Telugu Graph-based 73.53
Tamil + Hindi Graph-based 69.55
Tamil+Telugu+Hindi | Graph-based 73.42

check the score of different syntactic constructions. Instead of doing this experiment

with all the trained models I have tabulated, I solely made use of the best performing

ThamizhiUDparser version 2.0, which is based on the Stanza toolkit. In the previous

experiment reported in Sarveswaran and Dias (2020), a uuparser-based multi-lingual

parser gave better performance. However, in this new experiment, the Stanza-based

parser gives better results. Several factors may have contributed to this observation,

including, the amount of data, quality of annotations, and the length of the sentences.

Following that, I made use of a test set I had prepared, using sentences taken from

a Tamil grammar book for this evaluation. All these sentences are classified into five

categories, as shown in Table 6.15.

Table 6.15: The fine-grained evaluation results

Data-set LAS
MWTT 75.53
Thamizhi+MWTT 68.98
Nominal predicated sentences | 78.74
Transitive sentences 77.19
Intransitive sentences 74.37
Complex sentences 56.76
Coordinated sentences 60.56
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6.10 Error Analysis

In addition to the evaluation I have shown in the previous section, in this section, I
discuss how version 2 of ThamizhiUDparser — ThamizhiUDparserV2 — analyses dif-
ferent constructions and what could be the possible reasons for the score I got for
each construction category. This analysis will give a better understanding of how the
ThamizhiUDparserV2 performs with different types of syntactic constriction. I have
additionally compared these results with the analysis of Stanza’s pre-trained parser

14

available online.'® I have used CoNLL-U viewer,'* a web-based viewer for documents

in the CoNLL-U format with which to draw the dependency diagrams.

6.10.1 Nominal predicates

ThamizhiUDparserV2 gets the dependency analysis correct for the nominal predication
(3), in as shown in Figure 6.2. The Stanza’s pre-trained parser gets the NUM wrong
and marks it as ADJ. Due to this, the dependency annotation also ends up wrongly

marked as AMOD.

BTG (T  LDITGOTGU GO
(3) nan oru  manavan

I a student.NOM

‘T am a student.

nsubj root
nummod punct
PRON NUM NOUN PUNCT
RiTE0T 05 LOTETaYEaT .

Figure 6.2: Dependency analysis of (3) using ThamizhiUDparserV2

Bhttp://stanza.run/
Mhttps://urd2.1let.rug.nl/~kleiweg/conllu/
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nsubj root

: amod \I l punct

PRON H NOUN H PUNCT ’

ARiTe0T LOTERTELIET

Figure 6.3: Dependency analysis of (3) using Stanza parser

However, the ThamizhiUDparserV2 fails when a copula is present. For instance,
in (4), although the analysis gets the Head of the construction correct, the parser
mistakenly identifies the NSUBJ as an OBJ. The Stanza’s pre-trained parser does not

even get the root correct.

> GUOT GUOT 60T @  selll@Epem  <j,eumen
(4) kannan oru kavilan avan
kannan.NOM a poet be.FUT.MASC

‘Kannan is a poet.

root punct
:f nummeod \ l , compound :
PROPN NOUN PROPN PUNCT
EBTaTTE0T 5}4_._'5 eralllsheat 2 et

Figure 6.4: Dependency analysis of a nominal predicate shown in (4) using
ThamizhiUDparserV2

Dative subject constructions are also included as part of the nominal predicating
constructions in the categorisations. While the ThamizhiUDparserV2 gets most of the
dative subject constructions right, and identifies the NSUBJ and the PREDICATE right,
as shown in (5) and Figure 6.5. The Stanza’s pre-trained parser identifies the NSUBJ
wrongly as either OBL or the NMOD. This wrong annotation may well be the result of
the deficiency in the Tamil-TTB treebank, in which dative subjects are not properly

handled.

TaHGL LS

enakkup  paci

(5)
I.DAT hungry.NOM

‘I am hungry.
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nsubj root  punct

{1 [

PRON NOUN PUNCT
] Ll .

Figure 6.5: Dependency analysis of the nominal predication in (5) using
ThamizhiUDparserV2

In general, the ThamizhiUDparserV2 performs better for nominal predication and

dative subject constructions compared to Stanza’s pre-trained parser.

6.10.2 Transitives

The ThamizhiUDparser gets most of the constructions in the category of transitives
right, as can be observed in Table 6.15. This category also consists of constructions
with dative subjects and interrogatives. The analysis of (6) is shown in Figure 6.6.
Stanza’s pre-trained parser fails to pass it. While it gets most parts of the analysis
correct, it fails because of wrong multi-word tokenisation — it breaks the last token
sramedleeney kanavillai ‘see-no’ in a wrong way as &renredled 2 _eney, which does not
make any sense, and then establish the dependency relation on top of it.

Further, in (6) the suBJ is dropped. Since I use the UD version 2.0 specification,
the subject elision is not captured as part of the annotation. Additionally, the predicate
can be segmented into V4+Aux, if necessary, where AUX is then used to mark negation.

This is marked morphologically in my case.

aagl  Cuemarerwsd srewrelildvency
(6) enatu  penaiyaik kanavillai

I.GEN  pen.AcC see-no
‘did/do not find my pen’

nmod obj root punct
PRON NOUN VERB PUNCT
ST GismeamiLic T aEY .

Figure 6.6: Dependency analysis of the transitive construction in (6), using the
ThamizhiUDparserV2
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root

= (A=

FRON NOUN FROEN NOUN F'UNCT
ST 5 GusmentsoLich eTsTalls) 2560 .

Figure 6.7: Dependency analysis of the transitive construction shown in (6),
using Stanza’s pre-trained parser

The ThamizhiUDparserV2 additionally gets the light verb constructions right, as
shown in Figure 6.8. As illustrated, the construction has a compound predicate headed
by a noun and a light verb which marks the functional details. The Stanza’s pre-trained

parser fails to get this kind of construction parsed.

@&Lomy TIOEETS SM6U6T &Sl emen
) kumar ramanait  talaivan akkinan

Kumar.NOM ram.ACC leader.NOM make.PAST.3SGM

‘Kumar made Raman the leader .

root punct
nsubj compound
PROPN PROPN NOUN VERB PUNCT
(@O TLOGEIT LRSI W, e laiTeo -

Figure 6.8: Dependency analysis of an N+V predication for (7) using
ThamizhiUDparserV2

6.10.3 Intransitives

This construction category in the test dataset has several sub-types, including simple
constructions such as subj+verb, subj+obl+verb, and dative-subj+verb. This category
also includes interrogatives and passive constructions. Simple constructions are mostly

handled by both Stanza’s pre-trained parser and the ThamizhiUDparserV2.

@y ULITEITED  <Dilq &HSLILIL_L_T6
kumar appaval atikkappattan

(8)

Kumar.NOoM father.INST beat.PASSIVE.PAST.3SM

)

‘Kumar was beaten by his father.
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nsubj root

=] =

PROPN NOUN VERB PUNCT
(GO S wiTaued o shert i 1 itear .

Figure 6.9: Dependency analysis of the passive construction in (8) using
ThamizhiUDparserV2

Both analysers get the passive analysis correct, as shown in Figure 6.9. However,
we can improve this analysis by marking OBL as OBL:AGNT to make the analysis more
explicit.

The test set has several interrogatives, but neither ThamizhiUDparserV2 nor Stanza’s
pre-trained parser gets the interrogatives right. The training dataset mainly contains
news text, and this text genre may not consist of interrogatives. Therefore, it is impor-
tant to add more interrogative data to the training corpus to improve the parsing. For
instance, the test set has a declarative sentence (9), and seven interrogative construc-
tions that are derived from (9); these include three wh-questions and four different
yes-no questions. However, the training dataset does not have such constructions.
Therefore, the training dataset has to be improved to handle such different interroga-

tives and achieve a better parsing score.

<um BTG ETE S Qampbus@l  Curdpmy
(9) appa nalaikku kolumpukkup kolumpukkup

father.NOM tommorrow.DAT Colombo.DAT g0.PRES.3SE

‘Dad is going to Colombo tomorrow ’

6.10.4 Conjoined sentences

The category of conjoined sentences has conjunction and disjunction. The conjunction
and disjunction can be realised morphologically in the part of speech level by involving
the key part of speeches such as nouns, verbs, adjectives, and adverbs. Similar construc-
tions can be formed at the sentence level using conjunctive and disjunctive tokens. In
addition, this category also consists of other types of constructions such as conditional
constructions and interrogatives. Serial verb constructions also fall under this cate-
gory, in addition. The category has several different syntactical constructions, yet the
training dataset does not have instances for all the construction types listed here. For
instance, according to Table 6.11, the training dataset has only eight instances of CONJ
relations. Because of all of these, the parser does not perform well for this category.

For instance, (10) shows a sequence of actions, and the ThamizhiUDparserV2 gives the
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analysis as shown in Figure 6.10. This analysis is wrong because the SUBJ is identified
as OBJ, and the dependency is not marked correctly. The parser has, however, cor-
rectly marked the OBL relation. The proper noun &ewrewrest Kannan has been wrongly
identified as an OBJ in most of these constructions. In the proposed analysis, each verb
in the sequence of actions is considered an adverbial clause. Instead of establishing a
separate relationship with the root, these relations can be merged via a sub-relation
called compound:svc, as this is a serial verb.'® I found this imbalance in the training
dataset only when studying why the category of conjoined constructions showed low
performance compared to other construction types.

5 GOOT GHOT 60T AluhE — eubgl Gaflsg NG

kannan vittirku vantu kulittu cappittu

Kannan.NOM house.DAT come.VPART bath.VPART eat.VPART

(10) o | Ger Fl(mb9F Qg aumest
utane tirumpic celvan
immediately  turn.vPART go.FUT.3SM

‘Kannan will come home, take a bath, eat and go back immediately’

obj advcl

abl advcel
PROPN NOUN VERB VERB
SHETGOTE0T Loy Ul (e &

root
advcl punct
advmod { compound }
VERB ADV VERB VERB PUNCT
SO (R 21 Geor SH s Glersteutsor .

Figure 6.10: Dependency analysis of a serial verb construction in (10) using
ThamizhiUDparserV2

The UD follows the head-initial analysis when it comes to coordination, whereby
it is always the first element that is considered as the Head, and others are dependent
on the Head. This is illustrated in Figure 6.11, which is an analysis of (11). In the
analysis, the first VERB is related to the root, and the other conjoined phrases are

related to the Head of the coordination using CONJ. As can be observed, the -um

5https://universaldependencies.org/u/dep/compound-svc.html
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markers are separated using multi-word tokenisation and marked with cC as these
function as coordination markers in this context. This construction yet again requires
a more deep linguistic analysis; for instance, while the root here is ‘be’, and marked
with present tense morphology, the whole construction is, however, considered as having
happened in the ‘past’. It may thus be the case that a different analysis altogether may

end up being necessary.

(11)
gsm LIMTig-U{LD BETDTS <l UL{LD @m&SHmmer

rata patiyum nanraka  atiyum irukkiral
Radha.NoM sing.vPART-and well.ADV dance.VPART-and be.PRES.2SGF

‘Radha has sang and danced well’

nsubj root
J—
// advcl
/ conj
[ cc advmod cc punct
/———\\ -, —
[ V4 [
NOUN VERB ADP ADV VERB ADP VERB PUNCT
TTEHT Liig L) BRI g p Blgsdmmar .
( umgugh J [ Apue ]

Figure 6.11: Dependency analysis of (11) using the ThamizhiUDparserV2

This umbrella category also includes a structure such as (12), involving the coordi-
nation of two clauses which appears to involve a gap in the first clause. Schuster et al.
(2017) made a proposal to analyse gapping constructions of different types within the
UD framework with the use of Extended Universal Dependencies. However, a parallel
or similar analysis could not be applied to the Tamil construction in (12). In this case,
one cannot just replicate the predicate to fill the gap as proposed in Schuster et al.
(2017), because the predicate carries a plural marking because this has two SUBJs. In-
stead, I proposed an analysis as in Figure 6.12; I understand that this does not capture
all linguistic information, and the dependency arcs that cross each other make this
analysis a non-projective parse. Note that here -um is suffixed to the DAT-marked OBL
nouns. It is not clear whether these -ums mark phrasal coordination or superiority.
Further linguistic explorations are required on this type of gapping constructions and

functions of -um.
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(12)
& GOT GO 63T CasTIpbL&@LD  &Homed ST g &(GHLD Gumenmiaer
kannan kolumpukk-um kamal kantikk-um ponarkal
Kannan.NoM Colombo.DAT-and Kamal.NOM Kandy.DAT-and go.PAST.3PE

‘Kannan went to Colombo and Kamal to Kandy’

—

nsubj root
obl
conj
\
l pun ct
PROFN PROPN ADP PRO PN PROPN ADP VERB PUNCT
BemTETeT Qﬁn@mﬁ@ B GumeaTiyasaT

Figure 6.12: Dependency analysis of (12) using the ThamizhiUDparserV2

6.10.5 Complex constructions

In addition to simple sentences, the ThamizhiUDparserV2 is also trained with complex
sentences, which include structures where more than one clause is present. Although
the ThamizhiUDparserV2 renders a correct analysis for some sentences, the parser
shows a relatively low score in comparison to other constructions. Figure 6.13 shows
the analysis of (13), where the predicate of the embedded clause has a cCOMP relation
with the matrix clause predicate. This embedding is marked by the complementiser,
which establishes the MARK relation with the predicate of the embedded clause. The
lack of training data could once again be the main reason for the score obtained; as
Table 6.11 demonstrates, there are only 59 instances of complex constructions present

in the training dataset.

(13)
Srtienu &S  Fapl (HD  ererm  Aeuf  CgFlelgsmy
tirppai makkal kurattum enru  avar terivittar
verdict.AcC people telllmay  that he tell.PAST.2SGE

‘He told that people may say the verdict’
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obj ccomp root

e

/" nsubj d mark nsubj l punct
1 VL il

‘ NOUN H NOUN H VERB H PART H PRON H VERB H PUNCT ‘

SLism LB o (BLD TSI e Gl

Figure 6.13: Dependency analysis of a complex construction in (13)

6.11 Conclusion

This chapter has outlined how I have developed the ThamizhiUDparser using the data-
driven approach and the Universal Dependencies formalism. There are several off-the-
shelf parsers and multi-lingual pre-trained models available (Qi et al., 2020; Kiperwasser
and Goldberg, 2016; Nguyen et al., 2021) which have been trained using the Tamil-TTB
treebank. I created a new dataset with more data —ThamizhiTB — to train, validate,
and test the ThamizhiUDparser.

To create the required data, I adopted a hybrid approach. I first developed version
1 of the ThamizhiUDparser as the baseline dependency parser using multi-lingual train-
ing. In order to prepare data for this baseline system, I made use of ThamizhiPOSt and
ThamizhiMorph, outlined in Chapter 2 and Chapter 3, respectively. I then made use of
this initial version of ThamizhiUDparser to annotate ThamizhiTB, and then validated
it with two annotators and a linguist. The ThamizhiTB datasets consist primarily of
news texts and texts from a grammar book.

Instead of developing a parser from scratch, I used the existing tools and resources
to train the parser. I tried both graph-based and transaction-based parsing approaches
to do the parsing. I have additionally tried these in different hyper-parameter settings
to find the optimum parameters. Since the dataset I developed was small, T tried
multi-lingual training along with other available languages and found that the model
performs well when trained with Telugu. However, overall, the transition-based parser
built using the Stanza toolkit showed better performance, as shown in Section 6.9.

Instead of just finding an overall evaluation, I have evaluated different types of
syntactic constructions separately in order to be able to gauge how the parser performs
on each type. As expected, when the complexity increases, the parser’s performance
decreases. For instance, it shows the lowest performance for complex constructions
where we have two or more clauses in a sentence. The other reason for this observation
could be the lack of adequate training data covering all these different categories.

All the data I have created and the parsing models are publicly available via the

Web!6 for others to use and build upon. In addition, I have also incorporated this

Ohttps://github.com/sarves/thamizhi-udp
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parser into the Tamil Linguistic Information Processing toolkit!” I have developed it
so that people can use it easily in their Python environment.

The experimentation with different parsing algorithms and multi-lingual training,
which are done for the first time for Tamil syntactic parsing, are also reported in this
chapter. It is also observed that while the monolingual training experiment shows bet-
ter performance with the transition-based algorithm, the graph-based algorithm gives
better scores for multi-lingual training. Based on the evaluation, it is made clear that
the ThamizhiUDparser, which is implemented using Stanza toolkit and transition-based
algorithm, performs better when compared to other pre-trained multi-lingual parsers
which handle Tamil dependency parsing. Apart from this coarse-level evaluation, I
have done a fine-grain evaluation for Tamil using a categorised test set for the first
time. This analysis was very useful to see when the parsers fail. This fine-grain anal-
ysis clearly shows the unbalanced nature of the test set I used. I used five umbrella
syntactic categories for this purpose. However, dividing this further may be useful to
identify more complex issues in syntactic parsers.

I have made the following contributions with respect to data-driven grammar de-

velopment:

o compared transition-based and graph-based algorithms for the syntactic parsing

of Tamil;

o for the first time, I have applied multi-lingual training for the parsing of the

Tamil language;
 first time analysed how well parsers work for different syntactic constructions;

e created 1500+ sentences with the Universal Dependencies annotations and made

them publicly available;

e trained and published a syntactic parser for Tamil — ThamizhiUDparser.

6.12 Future work

This work can be extended in at least four ways. Firstly, more data will need to be
created covering different syntactic categories. The current dataset is not even, and as
a result, it does not show a good performance with the complex categories. It does
not, for instance, have long sentences; most of the sentences in the dataset have less
than fifteen words. At the same time, significant linguistic support is also required to

annotate and validate the data sets; this may be a critical factor when preparing data.

Thttps://sarves.github.io/thamizhilip/
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Secondly, the newest version of the Universal Dependencies annotation scheme
called Extended Universal Dependencies'® (EUD) allows us to capture more syntactic
information such as ellipsis, conjoined subjects/objects, relative clauses, and others.
This extended annotation scheme will help to capture more deep syntactic informa-
tion. One can also think of improving the language-specific dependency relations; for
instance, one can mark oblique agents, serial verb constructions, light verbs etc. in the
constructions. While these are captured in the current scheme, they are not explicitly
marked using dependency sub-types. This would also improve the syntactic richness of
the parsing output.

Thirdly, I have primarily used the neural-based Stanza and uuparser toolkit to
implement the parsers reported in this chapter. Both of these are built on Bidirec-
tional Long Short-Term Memory architectures. I have used the fastText pre-trained
model to obtain vector representations for words before processing them. As deep
neural approaches are being developed quickly, several newer models and approaches
are available, such as Trankit, a transformer-based Python toolkit for multi-lingual
language processing. Although I have tried TranKit, there is more that can be exper-
imented with, indeed. Also, one can try different pre-trained models and embedding
approaches. In my case, transition-based parsing worked well. However, according
to the literature, graph-based parsing would have been more useful when using long
sentences. This claim can also be tested for Tamil.

Fourthly, structural ambiguity is a serious problem that may have also contributed
to the performance of the parser. Jurafsky and Martin (2017) have identified the
following types of ambiguity in parsing related to English, namely, prepositional phrase
attachment ambiguity, coordination scope ambiguity, adjectival modifier ambiguity, and
verb phrase attachment ambiguity. One can invest time in exploring this direction for
the Tamil language. For instance, I have come across at least the following instances
of structural ambiguities. However, there may be more such ambiguities specific to the
Tamil language; therefore, a detailed study on this topic is required. Such a study is

important even to compile balanced datasets for training and testing.

e Subject-Object ambiguity:
Gebos ups  elloanumgug)
kulantai pantu vilaiyatiyatu
Child.NOM  ball.NOM play.PAST.3SGN
‘Child played a ball.

In this construction, there are no syntactic clues to tell whether the interpreta-
tions should be such that ‘child played a ball’ or 'ball played a child’. Since Tamil

is a free word order language, word order also does not help in this regard.

Bhttps://universaldependencies.org/u/overview/enhanced-syntax.html
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e Subject-Oblique ambiguity:
TAGE uTLsmeods@ GCumeug Yig&ED
enakku  patacalaikku povatu pitikkum
I.DAT school.DAT go.NMLZ like.PRES.3SGN

‘I like going to school’

In this construction, syntactic clues alone would not be enough to disambiguate
what the SUBJ could be, since there is no subject-verb agreement. We might thus
need to go beyond the mere syntax; and, further, delve into the semantic realm.

This will, in turn, requires more exploration.
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7 CONCLUSION

The primary objective of this study was to develop a deep syntactic parser for the Tamil
language. Throughout this work, I have discussed the development of a grammar-
driven parser using the Lexical-Functional Formalism and a data-driven parser —
ThamizhiUDparser— using the Universal Dependencies formalism that captures deep
syntactic information such as argumentative, attributive, and coordinative relations
between the words of a given sentence. I have also discussed the development of
a Part of Speech (POS) tagger — ThamizhiPOSt, and a Morphological analyser —
ThamizhiMorph, along with other preprocessors that were used to aid the develop-
ment of the deep syntactic parsers mentioned above. I have elaborated on each of
these tools in detail in the different chapters, including the necessary background and
contributions.

ThamizhiPOSt is a state-of-the-art Part of Speech tagger implemented with the use
of the Deep Neural Network (DNN) based toolkit called Stanza. This tagger gives the
best score of 93.27% when compared with other taggers available online. Chapter 2
outlines the complete development and the result analysis of the ThamizhiPOSt tagger.
The chapter additionally refers to a detailed account of what future work can be carried
out.

ThamizhiMorph is a Finite-State Transducer based morphological analyser for Tamil
implemented with the use of the Foma language. A paradigm-based approach has been
used to capture the rich agglutinative morphology of nominal and verbal forms, in par-
ticular. Since no morphologically annotated Tamil data existed online, ThamizhiMorph
has been used to bootstrap data for the data-driven parser and aid grammar-driven
parser. ThamizhiMorph has been released publicly for others to make use of and build
upon. The details of the implementation, along with future directions for the develop-
ment of Tamil morphological analysers and generators, can be found in Chapter-3.

A grammar-driven parser based on the Lexical-Functional Grammar formalism was
developed using the Xerox Linguistic Environment (XLE) toolkit. This grammar-driven
parser covers common syntactic constructions derived from a Gradel Tamil textbook
and the ParGram project. Since this is implemented with the use of the ParGram
specification, linguists can do a cross-lingual study along with other languages found

within the ParGram project. I have made the grammar public so that others can reuse
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it. In addition, I have parsed 100 sentences and published them in the Infrastructure
for the Exploration of Syntax and Semantics (INESS) repository. Chapter 5 gives a
detailed account of this grammar parser development, the required background theories
and information to better understand the parser development, along with possible
extensions to this grammar-driven parser.

ThamizhiUDparser is a Universal Dependencies (UD) based parser implemented
using the Stanza toolkit. I annotated more than 1,500 sentences according to the UD
annotation scheme to train the parser. I have also compared transition-based and
graph-based parsing approaches. In order to implement the graph-based parser, I used
uuparser. In addition to these, I also made use of multi-lingual training to train version
1 of the parser for the first time using Telugu, Hindi, and Turkish. Overall, however, the
parser was developed using the Stanza toolkit, and the transition-based approach gave
the current best score for parsing. In addition to this overall score, I have also tested
the parser for different syntactic categories and found that its performance varies due
to the complex nature of the different syntactic categories and the lack of annotated
data related to certain syntactic constructions available in the training data. These
details have been discussed in Chapter 6. Since the Universal Dependencies and the
field around it are very active areas, several extensions to ThamizhiUDparser can be
done; Chapter 6 also outlines some of these extensions.

Apart from all these tools and resource development, I have also spent a significant
amount of time on linguistic analysis, as before writing grammar rules and training in
neural networks, we should understand the data and different levels of linguistic anal-
ysis, including the morpheme level, word level, and sentence level and the contribution
of each. Chapter 4 gives an account of Tamil syntax. Other chapters also provide the
relevant linguistic background with which to understand and appreciate the develop-
ment of the different tools and resources. This study finds that we require a proper
linguistic analysis of modern Tamil in order to understand the linguistic structures and
model them computationally.

I have found that although the data-driven parser is robust and handles unseen
words well because of the power of the Deep neural network architecture, the grammar-
driven parser gives a more detailed output to each construction. The success of the
data-driven parser is, however, heavily dependent on the training data. It is for the
reason that the parser does not perform well for certain categories due to the unbalance
in datasets related to different syntactic constructions in the training data. Since both
types of parsers are based on a formalism that supports cross-lingual analyses, these
parsers are also useful for linguists and technologists to develop Natural Language

Processing applications.
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7.1 Software and Resources

Table 7.1: List of tools and resources have been developed in this study

Tool / Resource

Location

Description

Preprocessor

https://github.
com/sarves/

thamizhi-preprocessor

This Python script helps to
validate a word according to
the nannul (Thesikar, 1957)
— a well-accepted Tamil
grammar written in the 130
century. This script will pro-
cess the combination of vow-
els and consonants in a given
word as it checks whether
it is acceptable, according to
nannul. In addition, this
script is also useful for doing

the Unicode normalisation.

ThamizhiPOSt

1. http://nlp-tools.uom.
1k/thamizhi-pos/

2. https://github.com/

sarves/thamizhi-pos

1-2. Here we can find rel-
evant data and more infor-
mation about the resource
used to develop the parser.
I have also published 10,000
sentences with POS annota-

tions.

ThamizhiMorph

1. http://nlp-tools.uom.
1k/thamizhi-morph

2. https://github.com/

sarves/thamizhi-morph

1-2. Has all the resources, lex-
icons, and Finite-State Trans-
ducer models that T have cre-
ated in order to develop the
morphological analyser that is

now available.
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ThamizhiUDparser

. nlp-tools.uom.1lk/

thamizhi-udp

. https://github.com/

sarves/thamizhi-udp

1-2. These two links have all
the resources that I have used
to train models, instances of
the trained model, and how to

make use of them.

ThamizhiLFGparser

. https://clarino.uib.

no/iness/xle-web

. https://git.app.uib.

no/iness/pargram/-/

tree/master/tamil

. https://clarino.uib.

no/iness/treebanks

1. This includes the inter-
face to parse Tamil text. 2.
This link points to all the LFG
rules and the lexicon I have
written in order to develop
the grammar-driven parser. 3.
This link points to the LFG
treebank. However, you need
to have a username and pass-
word to access the Tamil tree-
bank. I will find a workaround
and publish the LFG treebank
publicly.

Table 7.1 presents the list of tools and resources I have developed, created, and

co-created. In addition, I have developed a package installer for Python (pip) called

thamizhilip —Thamizhi Linguistic Information Processing package with which to carry

out POS tagging, Morphological analysis, and syntactic parsing. The version 0.11 of

thamizhilip can be found here: https://sarves.github.io/thamizhilip

7.2 Publications

Several publications have emerged throughout this study, jointly with my advisors and

collaborators. Table 7.2 lists only those publications that are directly relevant to the

tools and resources that I have developed as part of this study.
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Table 7.2: List of publications that are directly related to my PhD research
study

Publication

Description

Building a Part of Speech tagger for
the Tamil Language (Sarveswaran and
Dias, 2021).

This publication outlines the develop-
ment of the ThamizhiPOSt — the POS
tagger.

ThamizhiMorph:

cal parser for the Tamil language

A morphologi-

(Sarveswaran et al., 2021).

This journal paper discusses the pro-
cess employed in the development of

the morphological analyser.

ThamizhiUDp: A Dependency Parser

for Tamil

2020).

(Sarveswaran and Dias,

This discusses the initial data-driven
parser I developed — the version 1 of

ThamizhiUDparser.

Computational Challenges with Tamil
Complex Predicates (Sarveswaran and
Butt, 2019).

This paper accounts for complex pred-
icates in Tamil and how it can be anal-
ysed within the LFG formalism.

Using Meta-Morph Rules to develop
Morphological Analysers: A case study
concerning Tamil (Sarveswaran et al.,
2019).

This paper outlines the proposal for
meta-morph rules that help making
rules for the Finite-State Morphology

development.

ThamizhiFST: A Morphological Anal-
yser and Generator for Tamil Verbs

(Sarveswaran et al., 2018).

This outlines how I have developed an
inflectional morphological analyser for

Tamil verbs using Finite-State Mor-

phology.
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