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ABSTRACT

Sentence Boundary Detection (SBD), also known as sentence boundary disambiguation,
is a key underlying task for Natural Language Processing (NLP). Although SBD is considered
to be a simple problem, it becomes more complex in other domains due to unorthodox use
of punctuation symbols. For example, drug hames in medical documents, case citations
in legal text and references in academic articles, all use punctuation in ways which are
uncommon in common documents such as the newswire documents. SBD is also a task
that is language dependent. Every language brings its own unique problems when it comes
to SBD. SBD has generally not received much attention in the field of the NLP research.
The current thesis examines different ways SBD can be applied to the Raptarchis Dataset.
We develop two SBD systems, each based on a different approach, and we analyze their
advantages and disadvantages. We conclude, by using the SBD system that performed
better, and provide a new version of the Raptarchis dataset with its sentences annotated.

SUBJECT AREA: Atrtificial Intelligence
KEYWORDS: Natural Language Processing, Legal Documents



NEPIAHWH

H avixveuon opiwv TTpotdocwyv (SBD) yvwoTA Kal WS aTTo0a®AVIOT OpiwV TTPOTACEWY,
Kal 1110 a1TAG AlaxwpIouog Mpotdoewy, gival hia Bacikr) UTTOKEIPEVN Epyaadia yia ToV KAGSO
NG Emegepyacia Puoikig MNwaooag (NLP). Av kai o Alaxwpiopdg Mpotdoewy Bewpeital
atrAG TTPORANMA, yiveTal o TTEPITTAOKO 0€ GAAOUG ToUEIG Adyw TNG avopBAdogng xprnong
TWV CUPBOAwV oTigng. MNa TTapadelyua, Ta ovopaTa @apUaKwy O€ 1aTPIKA £yypaga, ol Ti-
TAOI O€ VOUIKA KEIPMEVA KO OI TIAPATTOUTTEG O€ AKAdNUAIKG ApOpa XpNOILOTIOIOUV Ta ChEIa
oTi¢ng pe TpdTTOUG TTOU B¢V gival ouvnBiopévol GO0 gival oI TPOTTOI TTOU XPNOIUOTTOIOUVTAI
O€ KOIVA £yypaga OTTwG oTa Eyypaa €10noewv. O diaxwpIouog TTPOTACEWY Eival £TTIONG
MIa epyacia TTou e€aptaTal atrd T YAwooa. Kabe yAwooa @épvel Ta OIKA TG Jovadikd
TTpoBAAuaTa dTav TTPOKEITAI YIa TO dIAXWPICHO TTPOTACEWYV. O dlaxwpIoPOS TTPOTACEWV
YEVIKA Oev €xel AaBel Toon upeydAn mmpoooxr otov Topéa TnG €psuvag NLP. H trTuxiakn
QUTH €CETACEI DIOPOPETIKOUG TPOTTOUG PE TOUG OTTOIOUG O SIOXWPICHOG TTPOTACEWY UTTOPEI
Va EQAPUOOTEI 0TO OUVOAO dedouévwy Raptarchis. Avatrtuoooupue dUo ocuoTApaTa Alaxw-
piouou Mpotdoewyv, To KaBEva Pe BAon SIOPOPETIKA TTPOCEYYIOHN, AvAAUOVTAG TO TTAEOVE-
KTAMATA KAl TA PEIOVEKTANATA TOuG. OAOKANPWVOUNE, XPNOIUOTIOIWVTAS TO CUCTNHA TTOU
amédwaoe KAAUTEPA, KAl TTAOPEXOUME I VEQ €kdoon Tou ouvoAou dedopévwy Raptarchis
ME TIG TTIPOTACEIG VA €XOUV XWPIOTEI .

OEMATIKH NMEPIOXH: Texvnti Nonuoouvn
AEZEIZ KAEIAIA: Emreéepyaaia duaoikng MNwooag, Nouikd ‘Eyypagaga
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Techniques for sentence-boundary detection in Greek legal text

1. INTRODUCTION

Natural Language Processing (NLP) includes all the processes performed by computers
working with natural language, like speech and written text. NLP manipulates textual
data and the multiple steps of this process build a pipeline. Most pipelines begin with the
fundamental task of identifying sentences, or as it more formally referred to as Sentence
Boundary Detection(SBD). SBD at first seems like a trivial problem, you simply have a
number of candidate boundary points (i.e “.”, “1", “?”) and need to decide whether an
occurrence of these points in your text will be classified as a sentence ending marker or
not. In reality, the use of these candidate points is ambiguous, because they can be used
for purposes other than ending sentences. For example, periods can be found at the end
of a word signaling that the word is an abbreviation, close to numbers when used as a
decimal point or as an indicator of position in a sequence and many other examples.

While SBD is an important task, it has not been receiving the attention it deserves from the
NLP community, for a variety of reasons [12]. Previous work in SBD is mostly restricted
to the news domain and limited datasets such as the Wall Street Journal [8]. The problem
with such work is that focusing on the news domain has some benefits for SBD because
the text is of good quality when it comes to formatting, spelling, grammar and sentence
construction making SBD less ambiguous. There are however many domains that do
not share the same benefits. For example, the medical and legal domains are filled with
abbreviations and use punctuation in ways that are uncommon for news articles, not to
mention the fact that the underlying structure of the documents of said domains is some-
times loosely followed. For instance, in legal text a document may be missing the date
a law was passed or have missing references. Besides the aforementioned difficulties,
language also poses a problem for SBD, as each language comes with its own set of punc-
tuation marks and has subtle differences that have an impact on SBD[1]. Some examples
are provided below:

* The Greek language uses the English semicolon (;) as a question mark (?)

* In German and French there are significant differences when writing numbers. The
period (.) is used as a thousand separator (English 1,000 turns into 1.000) and the
comma (,) is used as a decimal point.

This demonstrates that SBD systems are genre- and domain-dependent, but also language-
sensitive. This dependency also makes portability hard.

The Raptarchis Dataset is a novel dataset consisting of more than 47 thousand official,
categorized Greek legislation resources [11]. In this thesis, we will examine the methods
that have been applied for SBD in the literature, decide which approach is the best for
splitting the Raptarchis Dataset into sentences, and at the end enhance the Dataset by
providing an updated version of it with our sentence boundaries.

This thesis is divided in chapters, each one of which is listed below:

* In chapter 2, we take a look at the approaches taken to tackle the SBD problem, we
examine approaches that focused on the legal domain, and approaches that were
designed to work for a variety of domains.

* In chapter 3, we decide what are the best approaches we can take to split the Rapt-
archis Dataset into sentences given our limitations and we built two SBD systems.

|. Papastamou 12
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* In chapter 4, we examine the performance of our two SBD systems, and we choose
one to annotate our Dataset.

* In chapter 5, we elaborate on our conclusions and give our thoughts about SBD
moving forward.

|. Papastamou 13
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2. BACKGROUND AND RELATED WORK

In this section, we will provide an overview of the approaches used to tackle the SBD
problem. Over the years, several methods have been used to solve SBD, all of whom
have had their moment in the spotlight. These methods take one of 3 approaches:

1. Rule-based, using a combination of hand-crafted rules and fixed lists of lexical items
in order to decide which punctuation marks in the text signal sentence boundaries.
They can work on raw unannotated text.

2. Supervised, making use of annotated datasets which already have their sentence
boundaries marked.

3. Unsupervised, which do not operate on annotated datasets nor require hand-written
rules. They instead make use of information derived from the text.

We are also going to take a look at how some researchers segmentend a dataset of US
adjudicatory decisions into sentences [3].

2.1 Ruled-based approaches

2.1.1 Document-Centered Approach

Mikheev [9] focused their efforts on the two major sources of ambiguity when it comes to
SBD, those being abbreviations left of a potential boundary point, and proper names that
appear to the right of a potential boundary point. The method they used relied upon a small
set of rules to disambiguate sentence boundaries supplemented by support resources in
the form of 4 word lists that can be easily derived from unlabeled text, which include:

1. a list of english common words,

2. alist of common words most frequently used in sentence starting positions,
3. alist of single word proper names, and finally,
4.

and most importantly, a list of known abbreviations.

What makes their method distinct is the way they disambiguate whether or not a word
token is actually a proper name or an abbreviation. Instead of looking at the word token’s
immediate local context, they look at the unambiguous usages of the word tokens in the
entire document (hence the name Document-Centered Approach). For instance, given
the sentence “The state of South Cal. decides that”, we want to decide whether or not the
“.” after Cal is a sentence ending marker or is part of the abbreviation Cal.. Looking over
the entire document to see if the word Cal is found in a different context without having a
trailing period attached to it, we can lean more towards the idea that the period in question
is actually part of an abbreviation, or vice versa, if we find Cal with a trailing period next

to it, then we would lean more towards the ides that it is an abbreviation.

All'in all, the method they presented showed promising reporting error rates depending on
the quality of the information derived from the text, and varied between 0.01% and 2.0%

|. Papastamou 14
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on the Brown Corpus [5], and 0.13% to 4.0% on the WSJ Corpus [8]. The real advantage
of this approach is that it is domain independent, one can take the principles of this ap-
proach and apply them to a corpus of any domain since all the support resources needed
can be generated automatically from the corpus, without human intervention. Moreover
the authors investigated the portability of this method to other languages and obtained en-
couraging results on a corpus of news in Russian (this is a custom corpus they compiled
from BBC news articles in Russian and is not publicly available). This seems to suggest
that this method can be used for other european languages, although anyone wishing to
use this method must take into account the uniqueness of their language and the way
punctuation is used in the said language. This would make the DCA an independent
semi-language, in a sense, which would be extremely helpful for low-resource domains in
different languages, for which it would be hard to find annotated datasets with sentence
boundaries.

2.1.2 PySBD

PySBD [14] is one of the most recent instances, where a rule-based approach has been
applied to the SBD problem, despite the fact that these days Machine Learning approaches
are at the forefront for any NLP task. Rule-based approaches are mostly rejected due to
them needing a lot of effort to set up the rules that are going to be used, as well as the need
for supporting resources around the rules like a potential abbreviation list. Furthermore,
rule-based systems are considered to be non-robust in that they usually do not perform
well outside the language and domain that they were developed on. However, the au-
thors of this paper focus on the positive features of the rule-based systems, namely that
unlike Machine Learning models, the errors produced by a rule-based SBD system are
interpretable, the system does not rely on training data, and that the rules and support
resources of such a system can, to a certain extent, be adjusted for a different language.

PySBD makes use of a set of rules, designed to cover sentence boundaries across a
variety of domains. These rules are interpretable since each rule targets a specific kind
of sentence boundary, and the rule set is easy to extend with new examples of particular
sentence boundary markers. For their experiments the authors used a rule set for each of
the 22 languages they covered. These rules are derived by considering possible sentence
boundaries per language, as well as considering different domains. For example, the
English rule set consists of 48 different rules that were derived from many domains to
cover a variety of phenomena. They evaluated the performance of the English version
of their system on their own Golden Rules Dataset and the GENIA corpus [6], reporting
97.92% and 97% accuracy respectively. When it comes to languages other than English,
they tested on the OPUS-100 multilingual corpus [15] getting decent results, excluding
certain languages like Polish and Burmese, citing the lack of language specific knowledge
to form rules and abbreviation lists as the reason for the said performance.

2.2 Unsupervised approaches

2.21 Punkt

The most notable of the unsupervised approaches is Punkt [7] which is also used by the
Python NLP library NLTK [4]. Punkt is based on the assumption that a large number

|. Papastamou 15
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of ambiguities in the determination of sentence boundaries can be eliminated once ab-
breviations have been identified. The authors note that abbreviations can be defined as
collocations consisting of truncated words and periods. To detect the abbreviations, the
system collects statistics about occurrences of tokens, punctuations, token length, cas-
ing, and also the collocation bond between tokens. It calculates probabilities based on
these statistics and uses them in testing heuristics. These heuristics are basic rules that
are used to decide if a token is, e.g., a frequent sentence starter, or build a collocation
with a period. The results are used to classify a token as a sentence boundary. For the
learning process, it requires only a larger amount of unlabelled text from the same domain
as the target text. Their reported rates of errors on ‘classic’ test sets are 1.02% (Brown)
and 1.65% (WSJ).

Type-based Classification Stage

Abbreviation Detection
- Collecational Bond
- Length

= Internal Periods
= Occurrences without Final Period

\

Initial Annotation
<A>, <E>, <5>

\

Token-Based Classification Stage

Detection of Abbreviations Detection of Ellipses Detection Detection of
at the End of Sentence at the End of Sentence  of Initials Ordinal Numbers
A = SArCS > <E= = <Ex<S> 5> > ZA> 5> == <A>

<> > <h>

l

Final Annotation
<hs, <E>, <%=,
{A}{S}-, CEr=5n

Figure 2.1: Architecture of the Punkt System

Each corpus goes through certain stages in the Punkt system. In the first stage, a resol-
ution is performed on the type level to detect abbreviation types and ordinary word types.
After this stage, the corpus receives an intermediate annotation where all instances of
abbreviations detected by the first stage are marked with the tag <A> and all ellipses with
the tag <E>. All periods following non-abbreviations are assumed to be sentence bound-
ary markers and receive the annotation <S> . The second, token-based stage employs
additional heuristics on the basis of the intermediate annotation to refine and correct the
outputs of the first classification for each token. The token-based classifier is particularly
suited to determine abbreviations and ellipses at the end of the sentence giving them the
final annotation <A><S> or <E><S>. But it is also used to correct the intermediate an-
notation by detecting initials and ordinal numbers that cannot easily be recognized with

|. Papastamou 16
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type-based methods and thus often receive the wrong annotation before the first stage.

2.3 Supervised approaches

2.3.1 SATZ

The SATZ system [10] makes use of a multi-stage architecture that ends with the classi-
fication of tokens as sentence boundaries by a neural network. The architecture of SATZ
is shown in figure 2.2. The method starts with tokenizing the input text, which is done
with their own custom tokenizer. After that, the system looks at the context preceding
and following a punctuation mark, and uses probabilities of all parts-of-speech to tag this
word. The system uses a lexicon that contains part-of-speech frequency data for each
word with which it calculates the probabilities. In the case where the word is not present
in the lexicon, the system uses heuristics to assign the most likely part-of-speech tag for
that word, following that a vector of probabilities is constructed to describe each token,
which is then fed as input to a feed-forward neural network. The SATZ system recorded
slightly worse error rates than the previous attempt at a supervised model at the time [13].
More specifically, the error-rate increased from 1.1% to 3.3% on the WSJ corpus, but
overall, the system benefits from being more robust and portable to new languages. The
authors adjusted the lexicon and the heuristics to use the model in other languages such
as French and German and got encouraging results.

Input Text

¢

Tokenization

!

Part—of—speech Lookup

|

Descriptor array construction
Classification by neural network

¢

Figure 2.2: Architecture of the SATZ System

While SATZ system is a supervised model that makes use of a labeled dataset, it still relies
on some external resources, mainly when it comes to the lexicon and the heuristics that
are used to assign probabilities to each token, so, despite the fact that SATZ is supervised,
it still needs some adjustments to work for other domains and languages.

|. Papastamou 17
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2.4 Dataset Annotation

2.41 Savelka

While supervised systems are a great choice when it comes to applying an SBD method,
they have one distinct drawback, and that is that in order to apply a supervised method
you are in need of a dataset with its sentences annotated, something that is hard to come
by when you want to apply a supervised method in a low resource language or domain.

Since our SBD system system is going to be developed for the legal domain, we will take
a look at the way a dataset of US adjudicatory decisions was annotated [3], and see what
we can take away for our endeavors. The authors adopted the protocol for sentence an-
notation developed by Research Laboratory for Law, Logic and Technology (LLT Lab) at
the Maurice A. Deane School of Law at Hofstra University [2]. Such annotation protocols
provide methods and criteria for manually annotating texts, and a set of conventions gov-
erning the generation of annotation data. Protocols are developed in two stages. First,
from a sample of documents containing a variety of decisions, examples are collected that
display normal forms of the annotation type, linguistic variants of those normal forms, and
aberrant forms. Second, those examples are used to derive general guidelines, criteria
and conventions for manually annotating these types within texts.

For the annotation type “Sentence”, the normal form is a grammatical subject con- sisting
of a noun phrase followed immediately by a grammatical predicate consisting of a verb
phrase - i.e., <grammatical subject noun phrase><grammatical predicate verb phrase>.
Example normal form:

The Veteran’s chronic adjustment disorder with depressed and anxious features is
related to service.

A span of text that is a “linguistic transform” of a normal form is one for which also con-
stitutes an annotation of the type “Sentence”. Finally, there are spans of text that have a
very particular linguistic structure (being neither normal form nor linguistic transform), but
still constitute an instance of the type “Sentence”. We introduce all these spans of texts
found in legal documents , that constitute an annotation of type “Sentence”.

The title of a legal document should be considered a single sentence. Titles usually have a
distinct format, express a single thought and they can span multiple lines of text. Headings
are also annotated as sentences. They are used to determine the structure of the text
and the relation between the different segments of the document, which in term gives us
information about the overall structure of the text (i.e for this thesis INTRODUCTION is
considered a heading).

Ellipses usually occur in legal documents in one of two ways. Firstly, they can appear
within a sentence indicating missing words from within the sentence, in which case the
ellipses are included within the overall sentence span. Secondly, they can occur between
sentences, which means that they should be annotated as separate sentences. This way
of using ellipses gives coded information to the reader, like that sentences have been
deleted from this passage and ellipses are used in their place.

Parentheticals inside sentences are widely used in the legal domain. The authors chose
an approach to always annotate parentheticals within the span of an overall sentence.
This in term means that even if the parentheticals contain other sentences inside them.

|. Papastamou 18
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These sentences will never be separately annotated. For example, the following is a single
sentence:

Id. at 576, 128 S. Ct. 558; see also id. at 575, 128 S. Ct. 558 (“The District Court began
by properly calculating and considering the advisory Guidelines range. It then addressed
the relevant § 3553(a) factors.”)

Colons as sentence-ending punctuation can sometimes occur as an exception to the nor-
mal presumption that a colon is not sentence-ending punctuation. This mostly happens
when the colon is used as the last punctuation mark in a paragraph and is immediately
followed by a line break. For the most part the use of colons is stylistic. The author makes
the choice of using the colon instead of the period to express that what comes after the
colon is related to what came before. Moreover, the colon followed immediately by a line
break is used to introduce a block quote or an enumerated list of items, thus making the
colon a good place to end a sentence. The block quote and enumerated lists can later be
annotated into separate sentences themselves.

Enumerated lists are widely used in legal documents and they can be both numbered and
lettered. Their treatment largely depends on whether or not the list items themselves are
sentences or not. If the list item is a sentence then the list item is annotated as a stand
alone sentence without the list number. For example:

1. This is a sentence.

The above example contains two sentences, one being the “1.” and the other being “This
is a sentence”. This way of thinking about annotating enumerated lists helps in the case
of numbered lists. The authors note that this is better for Machine Learning, as the num-
ber introducing the list item should always be its own sentence. If the list items are not
themselves sentences, then there is one overall sentence that includes the list items, and
the list numbers or letters occur within that overall sentence. In such a case, there is only
one sentence. For example, the following is a single sentence containing an enumerated
list:

Supermarket list: 1) eggs 2) milk 3) ham 4) chicken.

|. Papastamou 19



Techniques for sentence-boundary detection in Greek legal text

3. APPLYING SBD ON RAPTARCHIS
In this section we are faced with the task of applying SBD on the Raptarchis Dataset.

3.1 About Raptarchis

The “Permanent Greek Legislation Code - Raptrachis3” contains Greek legislation until
2015, since the creation of the Greek state in 1834. It includes laws, decrees, regulations
and decisions with their respective amendments such as replacements, modifications and
deletions, while its only source of information is the Official Government Gazette. It con-
sists of 47 legislative volumes and each volume corresponds to a main thematic topic.
Each volume is divided into thematic subcategories which are called chapters and sub-
sequently, each chapter breaks down to subjects which contain the legal resources. The
total number of chapters is 389 while the total number of subjects is 2285. Each legal doc-
ument resource is a json file whose structure is best explained by figure 3.2. It contains
several fields, but for our purposes we only use the fields title, header and articles.

RAPTARCHIS47k

Y
— // '-\_. -
Valume 1 Volume 2 Valume 3 - | Wolume <V=
L T "~ s
Chapter A | | Chapter B | ... |Chapter <C» Eegi Roscircal
o= = - - title
AN T - type
pd ., T - year
Subject a Subject p | ... |Subject <S> -rWJd
— - leg_uri
/’m""'x:_"'-i\.___ . - wvolume
o S e - chapter
Legal Resource | Legal Resource | | Legal Resource - Subjact
1 2 <L - headar =
gy ey B o

Figure 3.1: Raptarchis dataset structure

{
"title™: "17. NPOEAPIKO AIATAMMA um ap1f. 2347,
type™: "NPOEAPIKO AIATAIMMA™,
year": "1988",
aw_id 234",
"leg uri": "http://legislation.di.uca.gr/eli/pd/1996/234",
"volume”: "BIOMHXANIKH NOMOBEIIA™,
"chapter”: "AIAQOPEX BIOMHXANIEZ™,
"subject™: "AHMOEIIA ENIXEIPHEH NETPEAAIOY™,
"header”: "AOEnon kata dexoamévts [...] A.E.».7,
"articles™: [
"\nEykpivetal n ano 22 [...] Opoypwv n xkabs pia.”,
"\nTo Aldtaypa auto woyusl amd tnv [...] Sraraypatog.”
]
}

Figure 3.2: Raptarchis dataset legal document-resource example

|. Papastamou 20



Techniques for sentence-boundary detection in Greek legal text

3.1.1 Sentence Boundaries on Raptarchis

Since we are in the legal domain and in the Greek language we want to define which char-
acters we will consider as candidate sentence boundaries. Below is a table of characters
we might want to consider as Sentence Boundaries along with their counts.

Table 3.1: RAPTARCHIS Candidate Sentence Boundaries

Name Symbol  Count
Fullstop/Period . 1839432
Colon : 9511
Exclamation Mark ! 29
Question Mark ? 68
Semicolon/Greek Question Mark X 288

’

As expected, the period character ‘.’ is by far the most common character, makes sense
since it is the main indicator of end of sentence and should always be considered as
a sentence boundary indicator, colon ‘.’ also seems to be common enough that it makes
sense to be included as a candidate sentence boundary (itis used to introduce enumerated
lists more on that later). As for the rest of the characters, their usage is way too low to
warrant consideration, and when taking a look into how they are utilized in the dataset,
they are almost never used to end sentences.

3.1.2 Abbreviations in Raptarchis

When it comes to finding sentence boundaries, abbreviations are a major source of am-
biguity, the types of abbreviations found in Raptarchis are the following:

* Type 1: “O.A.LE.A. - “KATT.
Uppercase-lowercase letters that are separated by periods and end on a period.

* Type 2: “NOMOOET.” - “Ammo¢.” - “amog.”
Uppercase-lowercase letters that end in a single period.

» Type 3: “EMIN” - “BBC”
Uppercase letters that are not separated by periods.

Abbreviations introduce ambiguities for sentence ending marking simply by ending on
periods, this means that we cannot be certain that a period ends a sentence if it is part
of an abbreviation, moreover abbreviations do not form a closed set, that is one cannot
list all possible abbreviations. The identification of abbreviations is gonna play a major
role in developing an SBD system and is something that we will deal with in the following
Sections.

3.1.3 Capitalized Words/Proper Names in Raptarchis

Like abbreviations, capitalized words are a source of ambiguity when it comes to detecting
Sentence Boundaries. In mixed-case texts like Raptarchis, capitalized words usually de-
note proper names (names of organizations, people, locations etc.), but there are special
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positions in the text where capitalization is expected. Such mandatory positions include
the first word in a sentence, words in titles with all significant words capitalized and the
first word in a list entry among others. Capitalized words in these and some other po-
sitions present a case of ambiguity, since they can stand for proper names, or they can
just be capitalized common words. The disambiguation of capitalized words in ambiguous
positions leads to the identification of proper names. Disambiguating capitalized words in
Raptarchis is important to us since if we know that a capitalized word that follows a can-
didate sentence boundary is a proper name, we can make a better decision on whether
or not that candidate sentence boundary should end a sentence.

3.1.4 Similarities between Raptarchis and U.S. legal decisions

What we took away from the Savelka paper [3] is that there are certain spans of text
found in legal documents that could constitute sentences in U.S. legal documents, moving
forward we would like to identify which of these sentence types appear in Raptarchis.

3.1.4.1 Case names in Document titles

Raptarchis documents do have titles. In particular the title can be found in the “title” field
and is most of the time also included in the header. Titles in Raptarchis follow a consistent
format, they start with a number, a sequence of capitalized letters, and then a number after
that (an example of a title can be seen in figure 3.2).

3.1.4.2 Enumerated Lists

Lists, whether we are talking about numbered or lettered lists, appear commonly in Rapt-
archis. Enumerated lists are the reason we include the colon in our candidate sentence
boundaries, since almost always enumerated lists in Raptarchis are introduced after a
colon.

Figure 3.3 shows an example of two enumerated lists, one is numbered the other is
lettered, there are also other ways enumerated lists are introduced, but in general enu-
merated list entries follow these rules.

» The first character of each entry will be a number or a letter immediately followed by
either a period ‘.’ or a right parenthesis ‘).

* When it comes to letters those can be uppercase or lowercase greek letters like A),
a) or B), B) respectively.

 Also there are times where Latin numbers are used in the place of regular numbers
for example list entries will be introduced with either the uppercase version of 1) II)
1) IV) ... or the lowercase version i) ii) iii) iv) and so on.

Ideally we would like to be able to identify enumerated lists of all types so that we could
split them into sentences.
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Figure 3.3: A Raptarchis enumerated list

3.1.4.3 Typos/Grammatical Errors/Missing text

While most of the documents in our dataset are of decent to good quality, there are many
documents that have typos like missing the date in which the document was written, list
entries not having periods, at the point where the list entry ends and a new one begins, and
documents not having correct spacing between words, which leads to a slew of other prob-
lems like misrecognition of abbreviations and proper names. Errors like these propagate
to other stages of the NLP pipeline, but most importantly, they make our efforts of disam-
biguating sentence boundaries harder, because we cannot always rely on our input texts
being of good quality.

3.2 Building a SBD system for Raptarchis

As we discussed in Section 2, there are 3 approaches for SBD, supervised, unsupervised,
and rule-based. Any supervised SBD method would need a dataset with its sentence
boundaries already marked. To our knowledge there is no dataset in the Greek Legal
Domain with its sentences already annotated that could be used to train a model which
would be subsequently be used to split Raptarchis into sentences. This means that a
supervised approach is off of the table. This fact leaves us with the other 2 options. In
the following subsections we will describe how we built 2 SBD systems, one will be a rule-
based statistical system mainly drawing inspiration from Mikheev [9] and using information
about how the authors of [3] tackled the problems with SBD when it comes to the legal
domain, and the other will be an unsupervised model based on the algorithm presented
in Punkt [7] which is provided with the Python library NLTK [4].
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3.2.1 Rule-based Approach

If we had at our disposal entirely correct information about the words that appear in the
same local context as our potential boundary points, deciding on if those potential bound-
ary points are indeed sentence ending would be easy because we would know every time
whether or not a word left of a potential boundary point is an abbreviation and a word right
to the right of it is a proper name.

Our rule-based system will mainly rely on three things when it comes to deciding whether
or not a candidate boundary point is in fact a sentence boundary, first is a list of sup-
port resources that we will derive from our dataset that help us decide if certain words
in ambiguous contexts should end/start sentences, second is an abbreviation guessing
heuristic that helps us identify abbreviations left of candidate boundary points and third is
all those decisions we make about words that can be Sentence Starters.

3.2.1.1 Setting up Our method

In this subsection we will describe all the things we do before applying the main heuristic
that splits our text into sentences.

3.2.1.2 Boundaries Tagging

Raptarchis documents are given to us in the form of json files, out of each json file we
concatenate the title (if it is not included in the header) the header and the articles, forming
a single string. To mark which characters of that string are sentence ending we will tag
each character with a label. This label will also denote if the character in the text starts
a sentence (label ‘B’), is included in a sentence (label ‘I') and ends a sentence (label ‘L’).
Below is a list of things we gain by using this supplementary tagging method.

* Firstly, we make it possible for sentences to be included into other sentences, mean-
ing that we can start from 1 sentence that spans our text, and then further segment
it into more sentences by updating the labels.

* We can initialize the end of the header and the end of each article with a ‘L’ label
already segmenting these parts of our text as sentences.

* We do not allow sentences to be less than two characters long, so a ‘B’ label needs
to be followed by zero or more ‘I’ labels and then one ‘L’ label, in other words we
cannot have consecutive ‘B’s and ‘L’s.

» We do not allow the update of labels that are not ‘I’, this means that once a label is
tagged with ‘B’ or ‘L’ it cannot be changed.

* When our heuristics find that a certain character is sentence ending we update its
label to’L’ and the label of the next character to 'B’. This is done to maintain a balance
between the ‘B’ labels and the ‘L’ labels.

* We can always check if our segmentation is valid by checking whether or not the
number of ‘B’ labels is equal to the number of ‘L’ labels.
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* When all our heuristics are applied we can simply refer to the tags of each character
to provide the text splitted into sentences.
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Figure 3.4: Example of an input text with a header and 3 articles before applying SBD

3.21.3 Building Support Lists

Our rule-based approach will also make use of four word lists. Each list is a collection of
words that belong to a single type. This fact does not limit a word from appearing in more
than one list, four lists means four types those being:

« common word
+ common word that is a frequent sentence starter

* single word proper name

abbreviation

These four lists will be acquired by making use of the raw text provided by our dataset
more or less in the same way the authors of this paper did [9]. This also helps our lists to
be of better quality since we are getting from the same dataset that we are gonna apply
them to, as opposed to using another dataset in the Greek legal domain.

Getting a list of common words is simple, we simply count the times we found a word
lower-cased in the text, and then include in the common-words-list those that were found
at least 3 times. The list of common words that we ended up with had close to 123.000
Greek words.
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The frequent starters list is a list of common words that are most frequently used in sen-
tence starting positions. The problem here is that again we have no dataset with its sen-
tence boundaries marked, so the question is how can we get a list of greek common
words that are used as sentence starters. The authors of [9] compile that list by tagging
capitalized words in sentence-starting as sentence-starters if they were found in the list
of common words. To get a good quality list, one must know that the words that are
considered for the frequent starters-list are in positions that can start sentences. To get
the best quality list we can for our dataset, we are going to get a bit more creative. As
mentioned before typos can be found in Raptarchis. Looking into the text, one can find
improper spacing, missing characters amongst other things, but the good thing is that the
majority of examples have good formatting. In other words, there are more “good apples”
than “bad apples”, so we want to target these examples that have good formatting.

apov un' oy1v:
1.Tag Braraketc tov apbp. 1 (mep. 1) tov N.A.
3745/1957 "nept exbooeuc evtokuy ypauuariny',
2.Tov un' amd. 13/9/23.10.1971 amogaoty Tou
katapyndevroc Kufepuntikod MoAitiked Euiouhiov "mepi avaBeoeuc appoBrotituy KatapynBevTuy
Kugepuntikdy LupBovhiuv ke Emtpomdv £1¢ €tepa KuBepuntika EvMoyika Opyava® (4EK
22151071 LAY,
3.Tac Guaragec twv apdp. 5 kan 44 tov N.A.
175/1973 "nep{ Ynopykod Zuuouhiou Kt
Tovpyetuy'.
4. Mpotaoty Tov Tnoupyoy Zuvtoviopod kat Mpoypauyatiopod nept aoknoeuc uno e Nopopatikng Emtpomc ket ovyl umo povov qutad Tg ek Ty
Bratatey tov apfp. 1 (map. 1) tov N.A. 3745/1957
anoppeotiong appobroTnroc, nepi kaopiopol
EKQOTOTE TOV Opuv K1 TipodoBeoewy exBooEuc
EVTOKUY Ypapuatiuv O1a Aoyapiaopov Tov EMnvikod Aquootou, Aoy g 10refodone onueatoc Tov
QUTIKELEVOY TotTo, anogaoilen:
OpiZen omuc, n Nopoparikn Emitpom, aokn Kat
Y ek v Giatabeav Tov apdp. 1 (map. 1) tou N.A.
3745/1957 "nepi exbooeug evtokuy ypapatiuy"
anoppeovoay eppobrotnra mept Kkeboptopod
EKAOTOTE Tuv Opuv ka1 podmoBEaewy exBoDEuC
EUTOKGY Ypaypatiuv B1a Aoyapraopov tou EMnuikod Aqpooiov.
napotoa Gnyootevdiw Bra e Egnuepifog
¢ KuBepyioeuc,

Figure 3.5: Text in Raptarchis that is well formatted

The Figure 3.5 shows what we consider good formatting. Every candidate sentence
boundary point for our task is immediately followed by a line break, so the author of this
has already in a sense given us the sentence boundaries. Applying a simple heuristic
of marking a sentence boundary, whenever we encounter a candidate boundary point,
immediately followed by a line break, while making sure that word left of it is not an abbre-
viation would give us the correct sentence splitting on this piece of text. So, for compiling
our frequent-starters list, we want to make use of examples like this. We are going to use
the Python string split method to split on line breaks (“newline character”) and then on
spaces. This gives us the text in a list of strings, which we iterate over. For every step
of the iteration, we are going to maintain in a variable the last word of the previous line.
When that word ends on one of our candidate sentence boundary points and is not an ab-
breviation (we check this by using the abbreviation list we already 3.6 have in conjunction
with our abbreviation heuristic 3.2.1.4) we know that we can look at the first word of the
current line, to add that word in our frequent-starters list. The following two things must
be true for the word to be added to our frequent-starters list:
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1. The word must not be fully capitalized(i.e EXAMPLE) because we treat fully capital-
ized words as proper names and proper names do not start sentences by default.

2. The word needs to start with a digit followed by a .’ or a ‘) and an uppercase letter
or the word needs to start with an uppercase letter, while in both cases the word
must be in the common words set.

We count the words that fit the above criteria, and the 200 most frequent of them are
added to our frequent-starters list.

The single-word-proper-name list includes the 200 words that were most frequently seen
as single capitalized in unambiguous positions, and at the same time, were present in
the common words list. What we deem as unambiguous positions for proper names are
those where the word in question is found capitalized while being preceded and followed
by lowercase words.

Finally, for our fourth and final list, we compiled statistics about which words appear left
of periods and went through the statistics to see which ones were actually abbreviations.
This task requires human effort because recognizing abbreviations of type 2 like “amég.”
cannot be done automatically since any sequence of letters followed by a period could
be an abbreviation. This goes back to what we mentioned earlier about abbreviations not
forming a closed set. We also added to the list all uppercase and lowercase letters of
the Greek alphabet, since it is clear to us that a sentence should never end on a single
letter followed by a candidate boundary point. This process leaves us with a list of 224
abbreviations.

Figure 3.6: Our abbreviation list
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3.2.1.4 Abbreviation guessing heuristic

As we mentioned earlier, we recognize 3 types of abbreviations in the Raptarchis dataset
3.1.2. Itis very difficult for a guessing heuristic to recognize type 2 abbreviations because
virtually any sequence of letters that ends with a period can be an abbreviation. This is
also a good time to mention that type 3 abbreviations do not impact SBD since they don’t
end on periods. The guessing heuristic we developed is 100% accurate when it comes to
identifying type 1 abbreviations like “O.A.E.A.”, and will decide whether or not a word left
of a potential boundary point is an abbreviation. This means that if the word given to the
heuristic is an abbreviation it will be missing its last period. Our checks go as follows:

1. If the word ends on a period, it is not considered an abbreviation, since as we men-
tioned we get words to the left of periods. This also means that we treat ellipses as
non abbreviations.

2. If the word is only made up of letters, it is not recognized as an abbreviation. This
is done so that common words left of a boundary point are recognized as non-
abbreviations.

3. And lastly, if the word contains characters other than periods and letters, it is recog-
nized as a non-abbreviation.

When a word passes all these checks it is considered an abbreviation by our heuristic.
If we look at our heuristic’s rules, we can see that there are some strings that are non-
abbreviations that still pass from all the checks. For example, a string that is made up
of letters and periods like “.E.A” will be recognized as an abbreviation despite the fact
abbreviations can’t start with periods, the reason we allow this is because due to improper
spacing in some Raptarchis documents, there are abbreviations that are splitted by a
space character, allowing string like “.E.A” to be recognized as abbreviations. This allows
our heuristic to perform better on our dataset. The fact that our heuristic can recognize
all abbreviations of type 1 is the reason that there are no abbreviations of type 1 in our
abbreviation list 3.6.

3.2.1.5 Splitting Raptarchis into Sentences with our Rule-Based Method

At this point we have everything prepared to start applying our heuristics for splitting each
document into a sentence. We load our support lists and then we load each document
one by one. We make a boundaries tagging representation for the current document, and
then apply our main heuristic for sentence splitting.

3.2.1.6 Marking the Title

Before applying our main heuristic we are gonna first try to make more use of the ‘title’
field of the document. As described in Savelka, the title should be considered its own
sentence. With Raptarchis we have access to the title field so we can always mark the
title as its own sentence, but if we look more closely to the ‘header’ of the document, we
can make the case that the actual ‘title’ of the document continues into the header, so we
will try for each document to find the limits of the expanded title in the header and mark it
as a sentence.
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title : “8. BAZINIKON AIATAIMA”
header : “8. BAZIAIKON AIATAIMA 1ng 18 lav./3 ®eBp. 1954 (PEK A" 20)”

As the above example shows the expanded title usually has a date associated with it and
ends on code which in the example is denoted by “OEK A"20”, to find the limits of the
expanded title we are going to search for the string “©OEK” in the header. If that string is
found early in the header, then we mark the first line break after it as a sentence boundary.
If the string “PEK” is not found or is found far from the ‘title’ then we default to using the
‘title’, as a our first sentence.

3.2.1.7 Main Heuristic

For each text, we start by searching for occurrences of these strings {“[period or colon][line
break]”, “[period or colon][space][line break], [period or colon][space]’}. Whenever we
match one of these strings in our text, we examine its local context to see if we will end a
sentence.

e _word Leondate BounJm/ poinf] rlalnt_worcf

Left Corfiext: Rigt, Cortdt

When ve ok o the e corterd When e lock £o the Rt cortodt we
v wout, Bo know D et word wart o know i the gt vord s  sertence
is an abbreviation, orter based on our Sequert It

Iookup sty

bepemling on the Candidate
Bomlm/ Polnt e look 1o gither
he left corfext, the r]ght corfext
or both cortexs,

Figure 3.7: All cases encountered by our main heuristic

When the candidate boundary point in Figure 3.7 is a colon (*:’) we only look at the right
word. If that right word is found to be a sentence-starter, then we mark that colon as
a sentence boundary. In the case where we matched a colon, and then a line break
immediately after it, we don’t even make use of the right word, because we consider the
colon followed by a line break (or space and then line break) a heavy indicator that an
enumerated list follows the line break. The reason we only look at the right context is
because even if an abbreviation comes before the colon, it has no impact on whether or
not that colon is sentence ending.

When the candidate boundary point in Figure 3.7 is a period (*.’), we will make use of both
the left and the right word. We again consider line breaks as a strong indicator of new
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sentence introduction, so whenever our period is followed by a line break (or space and
then line break) we are going to look only to the left context. If the left word is not in our ab-
breviations list and our abbreviation guessing heuristic recognizes it as non-abbreviation,
we mark the line break as a sentence boundary. Only when the word is in fact an abbre-
viation will we look to the right context to see if the right word can start a sentence. In the
case of the candidate boundary point being a period only followed by space, we are going
to look only to the right context to see if the right word starts a sentence. The reason we
only look to the right in this case is because even if the word to the left is an abbreviation
we still have to decide if the period we matched is sentence ending and in this case there
is no line break to help us decide, so looking to the right word is necessary.

Deciding if a right word is a sentence-starter When given with a word to the right of a po-
tential boundary point, we have to decide if that word is sentence starting. We are going to
make use of the frequent-starters-list and our single-word-proper-name-list, but first every
word that is found to be fully capitalized (i.e “EXAMPLE”) is considered a proper name by
default, and therefore cannot start a sentence, and second if the word to the right starts
with a digit or letter (uppercase or lowercase) immediately followed by a ‘), we recognize
the right word as sentence starting. This second rule secures that we can recognize enu-
merated lists that use right parentheses ‘)’ to introduce list items (the reason this rule does
not work for enumerated lists that use periods ‘.’ instead of right parenthesis because it
missclassifies some right words as sentence starting when they are not). Finally, we need
to do something about the case where the right word is found on both the frequent-starter
and single-word-proper-name lists. This is truly an ambiguous case which we choose to
resolve by classifying the word as a proper-name. On the other hand, if the right word
is found on only one of the two lists, the corresponding list-type is returned. Additionally,
after examining the words that appeared on both lists, we found that these words were
some of the most frequent sentence starters and some of the most common sentence
starters of the Greek language in general. These words were usually no more than 3 let-
ters long. Examples include, ‘Oi, ‘To’, ‘Ta, ‘M¢g’, the equivalent scenario in English would
be finding a word like ‘The’ in the single-word-proper-name-list. To reduce the number
of words that appear in both lists we substitute such words with the next higher counted
single word proper names to still have a list that has 200 words. In total we reduced the
number of words that appear on both lists to only three.

3.2.1.8 Parentheticals within Sentences

One last thing is that sentence boundaries are only marked when the candidate sentence
boundary point exists outside of parentheses. We take this directly from the Savelka paper
[3] where the authors chose to never annotate sentences that were inside parentheses,
choosing to always treat them as part of the overall sentence that the parenthese are in.

3.2.2 Punkt Approach

Punkt is an unsupervised model that is available in Python through the NLTK library and
can split text into sentences. When one wants to use Punkt to split texts of a certain
domain it is best to train a custom Punkt model for better results. Luckily for us, Punkt
simply needs raw unlabeled text to be trained on.

To train Punkt we are going to use all of the fields we extracted from each Raptarchis
document whose total data equals 340MB, but this is a bit too much for Punkt to train
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altogether. So we will split the 340MB worth of data into smaller chunks of files so that
Punkt can train on each one separately. Each file that we create will be a certain number
of lines long. After a Punkt model completes its training it will have produced three lists,
which it will make use of to disambiguate sentence boundaries. So we need to decide
on how many lines each file should contain. After trying many different configurations for
what that line limit should be for each file, we decided that we would cap each file at 1000
lines (the entire dataset is 3 million lines long). This is done on our part for two reasons.
The first reason is that we noticed that the quality of the lists that Punkt builts to decide
later on where to split sentences worsened the more lines we added to each file. The
second reason has to do with the time the model takes to train. Punkt models that were
trained on files that were tens or hundred of thousand lines long trained for only 3 minutes,
while the model we went with, which was trained on files capped at 1000 lines took half
an hour. In other words, we think that by making Punkt train longer we would be able to
achieve better quality support lists for Punkt. After the training is done, we simply save
our Punkt model and load it when we want to split a text into sentences.
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4. MODEL EVALUATION

In this chapter we are going to judge the quality of each model’s sentence splitting. We will
do this by using certain examples taken from the dataset, and discuss how close each SBD
model will be to the optimal sentence splitting. After weighing each model’s shortcomings
we will choose one of them to produce an annotated version of our dataset with sentence
boundaries.

4.1 Rule-based Model Evaluation

4.1.1 Example 1: Simple Sentence Splitting

1 Given Text:

] krkkkkkkkkekrrkrrkcR kb kR kR bR

3 H Suaypagn yivern pe onogaon tov Aotkqrq tov 0.A.E.L.

4 M anopaon v Tmoupyaw Qukovopta kat Oukovoutkav ket Epyaotac kan Kowavurdv Aopahioewy owvoravtat ot T.E.E. tov O.ALEA., pena
ano mpotaen tov Aoy tov 0.A.E.A., opyavikeg Beoenc exnaiBeutixod mpooumtkod ket katavepovtal Kand khaGo kan e1dukotrec. Tporomolnan
- TuumAnpuon 0.AE.Q. Gramagewy Tou N, 264371998 (8EK 220 A')

Rule-based Sentence Splitting:
FrkkrkkxkRrkkxkkekbrkkkekbkkk ik

Sentence: 1
H Guaypaen yivetat ye anogaon tov Mowknty tov 0.A.E.L.

)
b
1
§

0 drkkRkRkRRERRRRRRR A R R R Rk R R

0 Sentence: 2

1 e amopaon Tav Ynoupydv Otkovoptac kan Okavopkdv kmn Epyasiac ket Kowavikdv Aogahioewy swiotdvin ova T.EE. tov 0.AE.A., peta
ano mpotaon Tov Aoy tov 0.A.E.A. , opyavikeg 6eoerc exnaiBeuTixod Mpooumtkal ket KeavepovTa Kand khabo kan e1dukotrec. Tpomomoinan
- Tuumhnpuon 0.AE.A. Gramaéeav tou N, 264371998 (8EK 220 A')

Figure 4.1: Example 1 splitted by our Rule-based Method with Numbered Lines

In this example, our rule-based method almost achieved the entirely correct outcome.
The first case of ambiguity is the period that ends the line number 3. Here, the rule-based
method recognizes that the word of this potential boundary point is an abbreviation of
type 1 so it looks to the first word of the line number 4. Since the word ‘Mg’ is a frequent-
sentence starter, the heuristic marks the period of the last line as sentence ending.

The second case of ambiguity is the ‘T.T.E.” abbreviation found in line number 4. Here,
the rule-based method recognizes that the last period of the abbreviation does not end a
sentence, since the word ‘Tou’ is not deemed to be a sentence starter.

The case where the method fails to mark a sentence boundary is towards the end of line
4, where we have a period followed by the word “Tpotrotroinon”. Since that word is not
a sentence-starter based on our method the period is not marked as sentence ending,
the problem here is that the period is sentence ending and “Tpotrotmoinon” starts the next
sentence.
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4.1.2 Example 2: Recognizing Enumerated lists

1 Glven Taxt:
2 ﬁHHH#ﬁHtﬁﬁkﬁtﬁﬁkﬁtkﬁtﬁﬁkﬁtﬁﬁk

Figure 4.2: Example 2 before being splitted

In this example, our rule-based method achieves the entirely correct outcome. The tricky
thing here is to recognize each member of the enumerated list. The important thing here
is that the heuristic we used for recognizing enumerated lists that use right parentheses
works and correctly marks each member as its own unique sentence, furthermore its able
to recognize the words ‘Tpotrotroii@nke’ and ‘Eriong’ as sentence starters. This is a great
example that showcases the ability of our rule-based method to split sentences that are
not separated with newlines. One last thing is that sometimes this method fails to identify
some enumerated lists. In particular, when the start of each member is not included in the
frequent-sentence starters, or they are not introduced using right parentheses, making our
ability to recognize enumerated lists not always perfect.

4.1.3 Example 3: Recognizing Enumerated lists with periods introducing its list
item

Example number 3 is one big sentence that has many enumerated lists. Here, we start
noticing the limits of our rule-based approach. Our rule-based approach fails to recognize
that in line number 7 we have an enumerated list introduction, simply because the right
word (‘1.To’) is not present in our frequent-sentence-starters list. In comparison, line num-
ber 10 shows the second list entry being recognized. This happens a) because there is
a period and a space before it, which makes our main-heuristic identify it as a candidate
sentence boundary point, and b) because ('2.TnVv’) is present in our frequent-starters-list.
Whenever (a) or (b) happen, we miss a potential sentence boundary point. As we can
see in line number 13, there are many list entries that are not being identified, because,
while there is a period before introducing them, there, starting words are not considered
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ent. 1974 (®EK B° 862 y)#®.16/3922 1ng 17/25 Okt. 1974 (PEK B’ 1086).

ep. 1974 ($EK B 1159).

5 (#EK B’ 868) n)#.16/5249 tng 18/27 Iav. 1977 (SEK B~ 45).

220/77).

, KHYKT/913/19 MapT.-23 A

MopT. 1987 ($EK B 158), &.KHYKY/6798/4-31 Mapt. 1987 (®EK B 158) ka1 $.16/1955/5 Mapt.-6 Amp
c, Mpévotag kal Kolvwv. AcgaAiccwv.

Zent.-11 Okxt. 1988 ($EK B° 741) kal $.KHTKY/2294/15-19 Maiov 1989 ($EK B° 371) amog. Ym. Yyeiag,

2 Noep. 1989 (®EK B’ 838), ® KHYK /14 #eBp.-6 MopT. $EK B’ 135), #16/0IK 1685/12-14
1990 (®EK B’ 598) kol & K 22 Maiov 1991 ($EK B® 342) omop. Ti tog, Mpévolag Kat AcpahiGEWY .

Figure 4.3: Example 2 splitted by our Rule-based Method with Numbered Lines

I Glven Text:

PRR AL Rt s LA AT

3 Exovwr unoyn: 1.To oy, 958/79 (9K 191/79 T.A"). 2.Tnu Kot w1 Yroupyukq anogaon [4/8.420/owk. 1143/85, (8€K 228/85 1.8°), openika
e TV nwcnon OV YonuaTikiy Bo ﬂ)nenumww rarafahovtat ovouc Toghotc k.Am. 3.Tnw Kown Yroupytn amogaan owk. 1273/86 (4K 836/86 1.8°),
OJETIR g T Gukmodoyqrika mov anattobviat yia A nexepuiann Ty oBeoeay T mokvtav e o Tropyeto Myeiac, Mpovotac Kat Kow. Aoga
Moeun. 4.Tn T48/8.32/0w. 3298/87 (4EK 30/88 1.8°) vown un)muon ~Tpmm 1001 ke ouj M]puon unomuocuv OYETIY i€ Yopnynon EmGouaroc o
Tojlr e €ndkee avaykeey. 5. T4B/8.421 o, 2209/ 88 (6EK 559788 1. 8°) Kotun Ynovpyukn anooaon, ww:non im f:ouurwu:u karoBahhovtan € T
Uphoic KM.mﬁle T4/0.32/0ux. 91789 (4K 174789 1. ') Ko w] Tnoupym] un)muon «Kuwpynen Kpunpt 1y 01 Kovept kg ufxwuu ¢ yid T yop1
1o €mBopatav oe 0 o je € 161KEC vayKecy, an (4678420 ok, 538/80 (46K 174/89 1. B') Ko Ynoupyn Kl] nogean, «abénon emBapatoc v
kv Buknyopuy ket uom:uucvw Gunyopus. 8.Tny wctw(n Y10 Tnpeotepn Kahuyn Twv avaykdv Tuv Tuphiy, anopaifouge: Kevapyivtac v map. L 1
0 upep 1 ¢ Kotung ome q}aoqr g HMM 2209/88 (46K 559/88 1.B°) optToupe T efnc: IAnt'x 1.18.89 10 enifo nov katophAeran kad
E IV 0T0UC wm&mf \aopgdvera ot e cﬂ ncf:ct Kad KLW]YM* Kunw:puwmhw g umviatov emg :um 1. Tughot cp\(uT Quevot ket )
Tughot owwcwuxm mucou Ko €pseon) Gpy. 12,000 Tnoue owwuouxow unayovTal kan ot qvaogakuator Tughot o Twv 68 xpovw oT0u¢ onotouc
0 OTA yopnyet suvrokr ouupave Jé 10 Nop. 1196 82 (§EK 128 BTN, ¢ mwm om0 anKc U 1o Nop. 1422/84 (8EK 27/84 T.A'). bﬁ)chY W
uomuh 1001 Bpy. 33.000 B)avepyot uucou dogakigyevor nov c}(JUU anokule{ ano Ty cpwour:w o\ Granpol v poucuo Ypovikd Oty 6
Tat uuu WELovoLK1e nepibakung ano tov aomah OTIKD Touc gopea Bpy. 33,000 y|Tugho epipeon aogakt GUcUO ov Gev neipvow o1 {6y owwcnf
1. 33,000 6)un cpyu( QuEvat Tughot 1 qoues hvwrepay kat Avanary Exmond. ipuuara g npeBamc peypn v ougminpdoouy ta 25 ypowa By, 3
000 c)wq};\u a6 peyp ket 18 ypovaw mov Gev gorradv ot oyoheia n Gev guhoEevoivran ota owkotpogei Tov KEAT kau tou I6pipatoc <HAIOE»
Bea/vixne, aveEaptta av elvan aogahiopeve 1 avaoeahiota Gy, 33,000

Figure 4.4: Example 3 before being splitted
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4 Rule-based Sentence Splitting:
KhkRR KRR ERERRERR KRR R AR Rk
Sentence: 1
Eyovtac vmoyn: 1.To Nop. 958/79 (@EK 191/79 t.A").
KhkRR KRR ERERRERRRRRRR R AR ER Rk
Sentence: 2
2.Tnv Kown Yrovpykn anogaon [4/8.421/01k. 1143/85, (8EK 228/85 1.B"), oxetika pe v avEnon Twy Yenuatikiv Bonbnudtwy mov katapdA
0T0UG TUPAOTG K. ATL.
KEKERRKRRR KX RR KR RR TR TR I KR KR IRk
Sentence: 3
3.Tnv Ko Yrovpyikn anogaon oik. 1273/86 (BEK 856/86 1.B"), oyetikd pe Ta GikaroAoyntikd mov amottodvrat yia ) Gieknepaiuon Ttwy
unoBeoewy Ty moAlTv pe To Ymoupyeio Yyeiag, Mpovotag kot Kotv. AogoAioewv. 4.Tn 4B/8.32/01k. 3298/87 (8EK 39/88 1.B") kouvn amogaon «Tpo
monoinon Kal OUUTANAUON AMOACEWY OXETIKA PE Yopfynon embBopatoc 0f dTopa PE E161KEC avdykec». 5.Tn M4B/8.421/01k. 2200/88 ($EK 550/88 1. B
") Ko Ymoupy1kn andpaon, «aignon embopdtuv mov KatoBdAAovtal oe TugAoug KAM.». 6.Tnv M4B/8.32/01k. 591/89 (@EK 174/89 1. B”) Kowvn Ymov
py1ki amogaon, «Katapynon kpitnpiuv otkovoptkng abuvautag yia T yoprynon emibopdtuy ot dTopo pE E161KEC avaykec».
14 *kxxddkkkkxrdhkkkkkkrkkrkkkkxrdhk
15 Sentence: 4
16 7.Tnv 4p/8.421/01k. 538/89 (BEK 174/89 1. B') Kowvn Ymoupyikn anopaon, «avgnon emibopatoq Tughiv Giknyopuv kat aokovuevwy G1knyopw
v». 8.Tnv avdykn yia mANPEOTERN KAAUYN TWY avaykiy Twv Tuphiv, omopaoilovye: Katapywvtac tnv map. 1 tou dpBp. 1 g Kowwnc omopaong poc 4B
/9.421/01k. 2209/88 (8EK 559/88 1.B") opifoupe ta €EAc: I.And 1.10.89 to emifopo mov katefEAAETal KdBE WAve 0TOUC TUGAOUC Glopopo@veTol OTQ
eEnc enineba katd katnyopia:
17 *kxrkkkkkkxrdhkkkkkkrrkrkkxkxrrhk
18 Sentence: 5
19 Katnyopia Tughiv Uyoc pnviaiov emibopatoc 1.a)Tuphoi epyalopevot kot B)Tuphol ouvtagiloUyol (dpeoa kol Epueoa) Gpy. 12.000 Ztove owv
TaE 100)0UC UMAYOUTAL KOl 01 avaopdAloTol Tuphoi dvw Twv 68 ypdvwv otouc omofouc o OFA yopnyel avvtagn oluguva pe To Nop. 1296/82 (8EK 128/8
2 T.A"), OMuC TpomomolABnKe pe To NOu. 1422/84 (BEK 27/84 T.A"). 2.a)dvepyol avaogdAtotol Bpy. 33.000 B)dvepyol dueoa aopaAlOHEVOl TOV EYOV
v anoAvel amd v £pyacia Toug, aAd Biatnpolv yia oplopevo ypoviko Gidotnua Gikaiwpe uyziovoptkic mepiBaAync ano Tov agguAloTIKO TOUC gop
£a Gpy. 33.000 y)Tughoi éppeca aopahiopévol mov Gev maipvovy o1 6101 odvtagn Gpy. 33.000 6)un epyalopevol Tuphoi gorTnTéC AvwTépwy Kol Ave
tdtwy Exnatd. I6pupdtwv Ttng nuebomAc péxpt va ovpmAnpoouv Ta 25 ypovia Gpy. 33.000 €)tugAd monbid péxpl kat 18 xpovwy mou Bev go1tolv OTQ
oyoAeia fj 6ev prhofevoival ota olkotpogeia Tou KEAT kot tou IBpipatoc «HAIOI» €eo/vikng, aveEdptnta av eivol aogaAiouéva n avaopdAtota Gpy
. 33.000

Figure 4.5: Example 3 splitted by our Rule-based Method with Numbered Lines

sentence starters. The only one being recognized is the one in line 16. Finally, the enu-
merated list contained in line number 19 is not being recognized because the list entries
are separated by space characters, but there is no heuristic method that could pick up on
this, because of the lack of a candidate sentence boundary points.

4.1.4 Performance

We consider the sentence splitting of the rule-based method to be above average. For
starters, our rule-based method performs better than sentence segmenting tools that have
not been developed for our specific domain, and simply require more effort to get them
to work well for a specific domain and language, like PySBD [14]. Furthermore, there are
some cases where, the combination of our support resources along with our heuristics
fail to recognize some sentence boundary points, but we still consider our method well
performing on the Raptarchis dataset because all support lists and heuristics are built
around words that are most commonly seen in the dataset, whether those are the most
common sentence-starters or the most common ways abbreviations appear in the text. In
other words, we can miss sentence boundaries but we do not miss the maijority of them.

4.2 Punkt Model Evaluation

4.2.1 Example 1: Simple Sentence Splitting
In this example, our Punkt Model gets the disambiguation of the first candidate sentence

boundary point in line 8 incorrect. The reason why this happens is the fact that the ab-
breviation ‘O.A.E.A.’ is present in Punkt’'s abbreviation list, therefore, Punkt will look to the
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1 Glven Text:

3 H Ouarypagn yiveran e anogaon Tov Aoty tov 0.A.E.A.

4 Me anogaon v Yroupydv Oukovopiac ket Ouwovoyukdv km Epyaotac kan Kotwwvikav Aopakioew owvotiviat ota T.EE. 1o 0.AE.L., pera
ano mpotaon Tov Mokt tov O.A.E.A., opyavikec Beoerc exmuBeviod mpooumkod Kt KaTaveuovTan ket khabo kan enbikottec, Tpomonotnon
Topmhpuon 0.A.E.0. GuanaBeuy Tou N, 2643/1998 (46K 220 A')

5 Punkt Sentence Splitting:

T --- Sentence | ---

8 H Buaypagn yiverar e anogaon tou Aotwnty tov 0.A.E.L.

9 Me amopaon Tav Ymoupydv Owkovoutac ket Owkovoukdv kan Epyootac kan Kowavikdy Aogakioewy sunotavtar ota T.E.E.

10 --- Sentence 2 ---

1 1o 0.AE.L., era ano mpotaon tov Mokt tov 0.A.E.A., opyavikes BEoeic eknaidevTIKol Mpooumikod ka1 KaTaveuovTal katd KAdbo kat
gifkotec,

12 --- Sentence 3 ---

13 Toononotnon - uuminpuon 0.A.E.A. Grarabeav o N, 2643/1998 (9EK 220 A')

Figure 4.6: Example 1 splitted by our Punkt Model with Numbered Lines

right word ‘Mg’ to decide if it will the last period of ‘O.A.E.A.” as sentence ending. Since
‘Mg’ is not included in that list, Punkt decides not to mark a sentence boundary here. The
second mistake is on line 9 and is the fact that the last period of the abbreviation ‘T.E.E. is
recognized as sentence ending, this happens simply because the Punk model we trained
does not include this specific abbreviation to its abbreviations list. Punkt is able to recog-
nize the last sentence in the text correctly which is something our Rule-based model failed
to do.

4.2.2 Example 2: Recognizing Enumerated lists

In this example, our Punkt Model fails to recognize that in line 7 there is an enumerated
list introduction, but succeeds in recognizing all the other list entries of the enumerated
as their own sentences, but we start noticing some incorrectly tagged boundaries. In
particular, in lines 15 and 23 we notice that our Punkt Model did not recognize some of the
most common type 2 abbreviations, which are month names and again, the same problem
seems to be repeated on subsequent lines like 49,51, and others.

4.2.3 Example 3: Recognizing Enumerated lists with periods introducing its list
item

Again we have the problem that some type 2 abbreviations that have not been recognized
end sentences, but we see that Punkt is able to recognize the start of every list entry of
the enumerated list in the example not including the first one in line 7. Another thing is
that in lines 53, 55, 57, 61, Punkt fails to recognize that we have enumerated list entries.
The only reason that the enumerated list is separated is because each abbreviation that
is part of the previous list entry is classified as a sentence boundary, which is incorrect.
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Figure 4.7: Example 2 before being splitted

(®EK B 825).

=
~
o
-
3
<

13/23

NG

a)E4/$.16/2533 1

T. 1974 (®EK B® 1086).

g 17/25 Ok

y)%®.16/3922

/6 Zent. 1974 ($EK B’ 862

974 (®EK B’ 1159).

oEp.

3 -
™G 15/15 N
15/15 Noep.

974 ($EK B® 1159).

Avy. 1975 (@EK B’ 868) n)®.16/5249 tng 18/27 Iav.

OVA./13

220/77).

p6. nuapt. $EK B”

T. 1977 ($EK B’ 1000).

Touv

3-30 Noep. 1978 (®EK B" 1041), A2a/12881/18-23

A20/27495/2

/25 Okt.-14 Noep. 1978 ($EK B’ 1004),
0/2-12 Noep.1979 ($EK B 1049) omde.

/16/4422

Anp.

Nogp. 1980 (®EK B° 1103, A2a/20397/3-11 Noep. 1980 ($EK B° 1123), A2a/8093/13-23

A2a/15867/19 Zent.-3

Figure 4.8: Example 2 splitted by our Punkt model with Numbered Lines
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--- Sentence 25 ---

Tpomomotnénke entong amo Ti¢ &.KHYKY/o1k.

--- Sentence 26 ---

3620/15-16 Maiov 1985 (8EK B* 300) Ymovpy. Kowvwv. Aogahioewv, &, KHYKY/913/19 Mapt.-23 Anmp.

--- Sentence 27 ---

1986 (®EK B 241) ka1 @. 16/433/2-11-Towv. 1986 (®EK B 402) amogacelc Ym.

--- Sentence 28 ---

Tyetag, Mpovotac ko1 Kotvwv. Acgahicewv.

--- Sentence 29 ---

Entong amd ti¢ &.KHYKY/01k./320/4-31 Mapt. 1987 (8EK B* 158), @.KHYKY/6798/4-31 Mapt. 1987 (8EK B" 158) kau @.16/1955/5 Mapt.-6 Anp

--- Sentence 30 ---

1987 (®EK B" 185) amogdoeig Yroupy. Yyelac, Mpovotac ko Kotvwv. Aopahicewv.

--- Sentence 31 ---

Enfong ka1 ano Ti¢ @.KHYKY/3839/28 Zent.-11 Okt. 1088 (8EK B° 741) ka1 &.KHYKY/2204/15-19 Matou 1980 (8EK B* 371) amog.

--- Sentence 32 ---

m.

--- Sentence 33 ---

Yyetag, Mpovotac kat Ko,

--- Sentence 34 ---

Aogahioewy.

--- Sentence 35 ---

TporonouiBnke and T1¢ 7/1064/30 Okt.-2 Noey. 1989 (EK B” 838), & KHYKY/5337/14 9eBp.-6 Mupt. 1990 (8EK B™ 135), 916/0IK 1685/12-14
Tent. 1990 (8EK B* 598) ka1 & KHYKY/1455/3-22 Matov 1991 (8EK B* 342) amog.

--- Sentence 36 ---

n.

--- Sentence 37 ---

Tyetag, Mpovotac kat Kow.

--- Sentence 38 ---

Aogohioewv.

Figure 4.9: Example 2 splitted by our Punkt model with Numbered Lines

I Glven Text:

PRR AL Rt s LA AT

3 Exovwr unoyn: 1.To oy, 958/79 (9K 191/79 T.A"). 2.Tnu Kot w1 Yroupyukq anogaon [4/8.420/owk. 1143/85, (8€K 228/85 1.8°), openika
e TV nwcnon OV YonuaTikiy Bo ﬂ)nenumww rarafahovtat ovouc Toghotc k.Am. 3.Tnw Kown Yroupytn amogaan owk. 1273/86 (4K 836/86 1.8°),
OJETIR g T Gukmodoyqrika mov anattobviat yia A nexepuiann Ty oBeoeay T mokvtav e o Tropyeto Myeiac, Mpovotac Kat Kow. Aoga
Moeun. 4.Tn T48/8.32/0w. 3298/87 (4EK 30/88 1.8°) vown un)muon ~Tpmm 1001 ke ouj M]puon unomuocuv OYETIY i€ Yopnynon EmGouaroc o
Tojlr e €ndkee avaykeey. 5. T4B/8.421 o, 2209/ 88 (6EK 559788 1. 8°) Kotun Ynovpyukn anooaon, ww:non im f:ouurwu:u karoBahhovtan € T
Uphoic KM.mﬁle T4/0.32/0ux. 91789 (4K 174789 1. ') Ko w] Tnoupym] un)muon «Kuwpynen Kpunpt 1y 01 Kovept kg ufxwuu ¢ yid T yop1
1o emoparon ot im0 o je € EBIkeC quayKegy, an [48/0.424/oux. 536/80 (4K 174/80 1. B') Kowwn Tnoupyt Kl] nogaon, «auénon embaparoc
ohiv Buknyopay ket uom:uucvw Gunyopus. 8.Tny wctw(n Y10 TnpeotEpn Kahuyn Twv avaykdv Tuv Tuphdy, anopaoifouge: Kevapyivtac v map. L 1
0 upep 1 ¢ Kotung ome q}aoqr g HMM 2209/88 (46K 559/88 1.B°) optToupe T efnc: IAnt'x 1.18.89 10 enifo nov katophAeran kad
E IV 0T0UC wm&mf \aopgdvera ot e cﬂ ncf:ct Kad KLW]YM* Kunw:puwmhw g umviatov emg :um 1. Tughot cp\(uT Quevot ket )
Tughot owwcwuxm mucou Ko €pseon) Gpy. 12,000 Tnoue owwuouxow unayovTal kan ot qvaogakuator Tughot o Twv 68 xpovw oT0u¢ onotouc
0 OTA yopnyet suvrokr ouupave Jé 10 Nop. 1196 82 (§EK 128 BTN, ¢ mwm om0 anKc U 1o Nop. 1422/84 (8EK 27/84 T.A'). bﬁ)chY W
uomuh 1001 Bpy. 33.000 B)avepyot uucou dogakigyevor nov c}(JUU anokule{ ano Ty cpwour:w o\ Granpol v poucuo Ypovikd Oty 6
Tat uuu WELovoLK1e nepibakung ano tov aomah OTIKD Touc gopea Bpy. 33,000 y|Tugho epipeon aogakt GUcUO ov Gev neipvow o1 {6y owwcnf
1. 33,000 6)un cpyu( QuEvat Tughot 1 qoues hvwrepay kat Avanary Exmond. ipuuara g npeBamc peypn v ougminpdoouy ta 25 ypowa By, 3
000 c)wq};\u a6 peyp ket 18 ypovaw mov Gev gorradv ot oyoheia n Gev guhoEevoivran ota owkotpogei Tov KEAT kau tou I6pipatoc <HAIOE»
Bea/vixne, aveEaptta av elvan aogahiopeve 1 avaoeahiota Gy, 33,000

Figure 4.10: Example 3 before being splitted
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Punkt Sentence Splitting:

--- Sentence 2 ---

958/79 (®EK 191/79 T.A").

--- Sentence 3 ---

2.Tnv Kowvi Ymovpyikn amogacn M4/®.421/01kK.

--- Sentence 4 ---

1143/85, ($EK 228/85 T1.B'), oxeTika pe Tnv avEnon Twv XpnHATLKGY BonBnudtwv mou kaTafdAAOVIAL OTOUG TUPAOUG K.AM.

--- Sentence 5 ---

3.Tnv Kowv Ymoupy1ikf ambgacn o1K.

--- bentence 6 -—-—-

1273/86 (®EK 856/86 1.B'), oxetika pe Ta bikaiohoyntikd mov amaitovvial yia Tn Oieknepaiwon Twv wnoBEcEwv TwWV MOALTOV pE To Ymoupye

{0 Yyeiag, Mpovolag kKat Kotv.

--- Sentence 7 ---

AcoaAiogwy.

--- Sentence 8 ——-

4.Tn M4p/®.32/01k.

--- Sentence 9 —--

3298/87 (®EK 39/88 1.B") kowvi andgoaon «Tpomomoinon Kal GUUMANPUON QMOQGAOEWY GYETIKA PE Yoprynon emibipaTtog Ot dTopa PE €181KEG avd

--- Sentence 18 --—-

5.Tn F4p/9.421/01k.

--- Sentence 11 --—-

2209/88 (®EK 559/88 t. B') Kolvij Ymoupy1ikifj amdgaorn, «abEnon emiBoudTWY MOV KaTaBAAAOVTAL OF TUQAOUG KATL.».

--- Sentence 12 ---

6.Tnv F4p/9.32/01K.

--- Sentence 13 ---

591/89 (@EK 174/89 t. B') Kolv Ynoupylki amogacn, «Katdpynon kpitnplwv 0lKovoplkfg aduvapiag yla Tn Xopriynon emibopdtwv of dTopa W

£ E101KEG QUAYKEG».
32 --- Sentence 14 --—-

7.Tnv T4p/%.421/01k.

--- Sentence 15 ---

538/89 (@EK 174/89 t. B') Kowv Ymoupyikf amdégacn, «avgnon emibopatog TU@ADY Biknydpwv Kol QOKOUMEVWY Blknyopuvs.
--- Sentence 16 ---

8.Tnv avaykn yla MANPECTEPN KAAUYN TWV QUOYKWOY Twv TUQAWv, amogaoifovpe: Katapywvrtag tnv map.

--- Sentence 17 ---

1 Tov apbp.

--- Sentence 18 ---

1 tng Kowvng andgaciic pag M4p/$.421/01k.

--- Sentence 19 ---

2209/88 (®EK 559/88 t.B") opifouue ta €Efg: I.And 1.10.89 to enibopa mov KaTaBAAAETal KABE WAiva OTOUC TUPAOUG GlauoppuveTal ot EEN

¢ emineba kata katnyopia: Katnyopio TugAwv Uyog pnviaiov emibopatog 1.a)Tuphoi epyalopevol kat P)Tughoi ouvtaflouyol (dpeca ka1 €ppeoa) bpy

Figure 4.11: Example 3 splitted by our Punkt Model with Numbered Lines

--- Sentence 20 ---
12,000 Ltouc ouvtag1oyouc umayovtan ket o1 avaogaAtotor Tughot awa Twv 68 ypovwv otoug omotouc o OTA yopnyel olvta€ olpguvar e To

--- Sentence 21 ---

1296/82 ($EK 128/82 T.A"), omuc Tpononotndne pe To Nop.

--- Sentence 22 ---

1422/84 (4EK 27/84 T.A').

--- Sentence 23 ---

2.a)avepyor avaogahoton Bpy.

--- Sentence 24 ---

33.000 B)avepyor aueoa aopahiopevor mov €xouv anohvbel amo Ty epyaoia Touc, aMa Bratnpodv yia optapevo ypoviko GraaTnpa Gukaiupa

yEL0vOpKAC MepiBalyne and Tov eogatoTIKG TOUC gopéq fpy.

%
n
%
A
%
Bl
60
61

--- Sentence 25 ---

33.000 y)Tughol €uueon aopehiopevor nov Gev maipuowy o1 Brov obvran Gpy.

--- Sentence 26 ---

33.000 6)un epyalouevor Tughof gortréc Avatépu kat Avutdtay Exmmd,

--- Sentence 27 ---

Ibpuuanav ¢ nueBom)c pexpt v ouumAnpdoouy 1a 25 ypovia Bpy.

--- Sentence 28 ---

33.000 €)tuoAa mandrar peypt kat 18 ypovwy mov Gev gottodv ot oyoheia ) Gev grhofevoivtan otar orkotponeia Tov KEAT kan tou IBpdyaro

¢ «HATOL» Oeo/vikng, aveEdpryia av efvet oopahiouév ) avaopeAtota Gpy.

62
63

--- Sentence 29 ---
33.000

Figure 4.12: Example 3 splitted by our Punkt Model with Numbered Lines
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4.2.4 Analyzing Punkt Results

After Punkt is trained, it has created 3 lists, a list of abbreviations, a list of sentence-starters
and a list of collocations. Every time the Punkt model is used it will make use of these 3
lists to decide on sentence boundaries almost like our rule-based method.

Figure 4.13: Part of the abbreviation list of our Punkt Model

We are going to discuss the advantages and disadvantages of our Punkt Model, based on
how it performed on splitting the examples provided, what limits the system from getting
the best split on the sentences it was given, and how it compares with the rule-based
method.

Advantages:

1. One advantage of Punkt is that it can find abbreviations in the text that are not prop-
erly separated. For example: ‘y.€.c.,y.€.v’: here we have 2 abbreviations that are
comma separated and that Punkt is able to identify.

2. Another advantage is that Punk is in some way able to handle typos better than
our rule-based method. Punkt includes in its list of abbreviations a word like *.M.K’
which is a word that is difficult to classify as an abbreviation because it begins with
a period, but this word usually appears in the text with a Y .M.K.", so Punkt is able
to recognize a collocation between the 2 and thus classifies it as an abbreviation.

Disadvantages:

1. One disadvantage of Punkt abbreviations list is that its list includes a huge number of
abbreviations of type 2 that are sometimes found 2 or 3 times in the text, and fails to
include some important abbreviations like month names, or even type 2 abbreviation
that are found often, but for some reason are not included in the list.
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2. Second is the fact that Punkt recognizes some abbreviations that simply are not ab-
breviations of any type, but because Punkt sees a collocation of these abbreviation
with other characters, it includes them in its list, Example: ‘m.u.¢.»’, “.0.€.¢.3".

Allin all we believe that while Punkt does a good job with sentence splitting, it still has some
flaws. A lot of things that work in its favor seem to also work against it. The recognition of
certain unique kinds of abbreviations like those in the advantages also means that some
bad ones like those in the disadvantages are included. Moreover, it is troubling that Punkt
was not able to include some common abbreviations like month names. These are so
regularly seen in the text and Punkt is not able to identify all of them.

Maybe the fact that our Punkt model has some noticeable flaws has to do with the fact
that we did not train it on enough data. We did try to squeeze as much from our data as
we could by trying many ways of splitting our dataset in files.

Finally, the quality of Punkt’'s abbreviation list could have been improved manually by us.
Punkt allows users to add a custom list of abbreviations to Punkt's abbreviations. The
reason we did not do that is because the biggest advantage of Punkt is that it works on
raw unlabeled data, meaning that the user should not try to find abbreviations manually.
The only reason we have such a set is because of our rule-based method.

4.3 Annotating Raptarchis with our Sentence Boundaries

Both of our SBD models have benefits and drawbacks. We could say that Punkt deals
with edge cases in the dataset better with its ability to recognize some abbreviations that
are not so distinct for a rule-based-method, but due to its inability to recognize common
abbreviations its performance falls off a little. Furthermore, while Punkt is a great model
that is easy to train and easy to use, its performance is somewhat bounded by the data we
have available to train it. On the other hand, we have a rule-based system that was a bit
more difficult to develop, but due to it being highly specialized for our dataset, it seems to
get better results most of the time, as seen in the examples . In the end, we are choosing
our rule-based model to annotate Raptarchis with sentences. The ability to use basically
our support lists in conjunction with our heuristics gives us a more stable SBD system.
The final part of this thesis is to split every document into sentences, and then create a
‘.json’ file for each one.
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{"Sentnece 1": "4a. MPOEAPIKON ATATATMA\ntnc 18 Amp./30 Iowv. 1928\n(3EK A" 112)\n",

"Sentnece 2": "Mepi amayopeboeug aveyépoeug epyootaoiuy eni\ntuy obiv Kngrooiag, ANeEdvBpag, Mutnotuvinkat Zvyypod.\n",

"Sentnece 3": "Eyovteq un' oy taq Giatagei tov amd 17 IovA.\n1923 N.A/toq «mepi oyebiuv moAewv K.Am.» ka\niGovieq v vn' apif. 342 €.
€. yvupoBotnov tov\nEupRovAiov Twv Anpootwv Epywv, mpotdoet tov\nHuetépou emi tne Ivykowwviac Ymoupyod, amogaoilopev kal Giatdooopev:\n",

"Sentnece 4": "ApBpov povov.-Eni twv obiv Knoiordac, Motnoiuv, ANeEdvBpac kau Evyypod anayopeletal amd tnc\nioybo¢ Tov mepovtoc A/10C 1 VE
Yepol¢ olvBNnoTE\NEPY0OTAOTWY, EMMTPEMOUEVNC HOVOY TNC AVEYEPOEWC\NKATOTK1WY, 0 meptopiopac oUToc 1ayUel HOvov Wc\nmpog To EVTOC EYKEKPIME
vou oyebiov TuApata Twv\nTpdY mpwTwy 0By Kol 61" dmaoav v oBov Zuyypol. Mavtug eEaipovvral TOUTOU @l TUXOV UQLOTAPEvOl Blopmyavikai eyk
(1007401, WC enfonc\nkal a1 TUOV aveyepBnoopevan, 61’ a¢ pEypl TNg 1oxUoc ToU Topovtoc A/toc mapeoyedn apuodiuc oyeTiki\nabeia.\n",

"Sentnece 5": "E1¢ Tov awtov Ymoupyov avatiBeuev v Bnuooievoiv Kot ektéAeotv Tov mapovtog A/tog.\n",

"Sentnece 6": "E1d1koi mepiopiopotl twv opuv Goproguc emePAnBnoav Gla Twv:\n",

"Sentnece 7"t "Eed. 474(B)\nTelyoc 433-Zeh. 134\na)N.A. 6/9 Avy. 1923 mepi twv exatépudey tnc\nam' ABnviv 1 Knolotav obidv aveyeipopéviv
o1koBopidv. \n",

"Sentnece 8": "B)N.A. 6/25 Aex. 1923, ovumAnpwBevtog 1o twu\nB.A. 8/13 Auy. 1937 ka1 22/30 emt. 1952, Gix tnv\nmepioyv peta€d obiv Hpib
ov Attike, M. Apaavtivod (mpanv BakyuAiBou) ket tng mpo tov Ztafiov mAateiac.\n',

"Sentnece 9": "y)M.A. ¢ 17/31 dek. 1924 mepi twv G1aotdoewv\nkatl Tou eppadol Twv olkobopnolpwy otkomebwy emt\ntne obol ABnav - Melpauic
An',

"Sentnece 10": "6)B.A. 17/23 Mapt. 1936 mepi Beomioeuc ovvexoic oikobopikol ovotnuatog emi tuuatoc tng\nobov M. MeAd ev Kngiofa.\n',

"Sentnece 11": "€)B.A. 24 Amp. 1040 mepi emBoAnc meptoplopav\nug mpoc Ty B£01v Tou 1ooyeiou Twv olkoGopdv emi\ntwv o6y TogokAEouc Kai Ml
opatoyAov\n(AGnviav ). \n",

"Sentnece 12": "¢)B.A. 16 Iouh. 1940 mep{ emiPoAic otkoBoptkdv\nmepiopiopiv €1¢ v moapd to Noookopciov EpuBpod\nItavpol meproxfv tng mput
evovong.\n",

"Sentnece 13": "T)B.A. 7 Malov 1947 mepi tpomonotnoguc tov\noyebiov ABnviv e1¢ tnv meproyiv Kokkiva Xapata\nmapa to Noookopeiov Moibuv pet
 kaBoplopoU\nopuv Kal meploplopdv Goprnoewc.\n",

"Sentnece 14": "n)B.A. 15 Touh. 1947 nepi Grappubpiocuc Tov\noyediov Tuvoikiopol Zuypdpov (ATTIKAC) PeT@ kaBopiopol Opwy kat mepiopiopdy 6
ounoewc. \n",

"Sentnece 15": "8)B.A. 10/28 Auy. 1946 nepi opuv Gopoewc epyootaoiuv ehagpag Bropnyaviag e1¢ v meproyivin«Botavikogs tou oxebiov ABnuiv
An',

"Sentnece 16": "1)B.A. 30 Touh./7 Avy. 1952 mepl kofopropod moheoBoikav Opuv ka1 mepiopiopdy e1g mepoyivinkngrondc.\n",

"Sentnece 17": "w)B.A. 9/18 Aek. 1952 mepi koBopiopoy opuv\nGopnoeuc e¢ meproyiy KuyeAng, FaAatoiov - KumpiaBov tng moAewg ABnuiv.\n",
"Sentnece 18": "23.E.a.4a Exebuo Mohewc ABnvav Melpoac\n"}

Figure 4.14: Example json file
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5. CONCLUSIONS AND FUTURE WORK

At the beginning of this thesis, we examined all the approaches that have been used for
SBD over the years. We also explored how legal documents are annotated with sentences
in the U.S. We continued by applying the SBD methods that were best for the dataset
Raptarchis. We explored all the details about this dataset, the structure of it, and its distinct
points. After that, continued with the creation of two SBD models, one was a handcrafted
rule-based system and the other was one based on the Punkt architecture. We evaluated
both of the models and their shortcomings. Finally, we choose the Rule-based Method to
annotate Raptarchis with sentence boundaries.

For the future, this annotated dataset can provide a solid basis for any further SBD work
on the Raptarchis dataset.
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ABBREVIATIONS - ACRONYMS

NLP Natural Language Processing
SBD Sentence Boundary Detection
WSJ Wall street Journal

DCA Document Centered Approach
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