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Abstract
Research on natural language processing applications (NLP) is a very important topic in our daily
life, by enabling computers to understand human languages. Such researches has come a long way
in foreign languages like English, Japanese, Chinese, Portuguese and Arabic. NLP applications
such as include machine translation, question answering, knowledge extraction and information

retrieval are some of the fruits of such researches.

Discourse parser is one of the main components that enables the realization of such NLP
applications. For foreign languages like English and Arabic, many discourse parsers are developed
in different approaches. However, in the case of Amharic, there are no works done, to the best of

the researcher’s knowledge, on Amharic discourse parser so far.

In this study, a Penn Discourse Tree Bank (PDTB) style sentence level shallow discourse parser
for Amharic is developed. We have used machine-learning algorithms to accomplish the subtasks
of discourse parsing. The algorithms utilize lexical and positional features of the discourse marker
and related words for segmentation and identify associated discourse relation. The parser is tested
on test sentences, which are extracted from different sources. Encouraging results are observed

from the experiments performed,

Keywords: NLP, Discourse, Discourse Parser, Discourse Marker, Elementary discourse unit,

sense, argument, machine learning
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Chapter 1: Introduction

1.1 Introduction

In linguistics and computational linguistics, the term “Discourse” refers to a text that has coherent
and structured group of sentences [1]. This implies that a text is not just a simple sequence of
sentences and clauses, but rather a complex structure [2]. This structure is called discourse
structure. It is a hierarchical structure of the text according to discourse relations [3]. Having a
discourse structure of a text is very important for many natural language processing (NLP)
applications like question answering, text summarization, information extraction and machine
translation. For example, in text summarization if we recognize that a unit of text further elaborates
an already stated fact, then it is possible to disregard the elaborated unit and generate a concise
summary based on the stated fact only [4]. In the above example, the availability of discourse
parser highly facilitates the recognition of the coherence relation “elaborate” and hence the

summarization task.

Discourse parsing is the task of automatically building discourse structures [3]. Hernault et al. [6]
mentions that a number of attempts have been made to create discourse parsers using the
framework of Rhetorical Structure Theory (RST). RST is the most widely used theory of text
organization that formally expresses the relationship between textual units. These non-overlapping
text chunks are called elementary discourse units (EDU). The process of dividing a text into EDUs
is called discourse segmentation and it is the preliminary task of discourse parsing. Once a text is
divided into consecutive EDUSs, the rhetorical or discourse relations between these EDUs are
identified and labeled with the help of pre-defined set of rhetorical relations. Finally, the discourse
parser produces a tree structure as a representation of how all the EDUs relate to each other [6].
Such kind of discourse parsing that demand the establishment of a global data structure like tree

or graph is called deep discourse parsing [16].

More recently, other variant of discourse parsing, shallow discourse parsing (SDP), has gained a
lot of attention. Shallow discourse parsing (SDP) targets to discover the local coherence relations
within text without assuming any tree or graph structure between the relations, hence the name
shallow. SDP started with the the release of Penn Discourse Tree Bank (PDTB2.0) in 2008 and

lately attracted more attention since it has been proposed as shared task of CoNLL 2015 and



CoNLL 2016[56,57]. In PDTB style parsing, discourse relations are viewed as binary predicate-
argument, where a connective act as a predicate that takes two text spans as its arguments. The
span to which the connective is syntactically attached is called Arg2, while the other is called
Argl[52,53].

Mainly two kinds of approaches are used for constructing discourse parsers: statistical and rule
based. Statistical approaches are used where a large amount of discourse annotated corpus is
available for training the models. Soricut and Marcu [7] used statistical approaches to build their
discourse parser. Rule based discourse approaches are a valuable alternative where such corpus is
not available. Marcu [8] and LeThanh [9] used such approaches to prepare discourse parsers. A
discourse parser for English, Japanese and Brazilian-Portuguese is available. However, to the best
of our knowledge there is no Amharic discourse parser developed so far.

It is important to understand the difference and similarities between discourse parsing and syntactic
parsing or sentence parsing or simply parsing. Both parsing techniques are similar in that both
techniques take text input and produce a tree structure as output. However, syntactic parser breaks
down a text into its component parts of speech with an explanation of the form, function,
and syntactic  relationship of each part according to a given grammar while discourse
parser derives a structure that depicts the semantic relationship among parts of a text according to

the semantic content of the text segments.

However, it has to be noted that this does not mean a full semantic understanding is needed to
derive discourse structures. Marcu [2] argues that, despite this assumption among researchers, it is
possible to automatically derive discourse structures even in the absence of full semantic analyzer.
Consequently, the author presented a semantic free theoretical framework that is general enough
to be applicable to naturally occurring texts and facilitate algorithmic approach to discourse
analysis. Therefore, even if the issue of semantic understanding is not yet addressed in Amharic,

we believe it is possible to develop a discourse parsing algorithm for Amharic.

1.2 Motivation

Currently, various researches are being conducted in the area of NLP applications like question
answering, text summarization, machine translation, etc. for Amharic language. Such applications
require the analysis and understanding of written language higher than sentence level. This

requirement shows that research interest is moving towards discourse which is essentially a text
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more than a single sentence.

In contrast, the area of Amharic discourse research is untouched. In fact, there is no research
conducted so far, that we know of, regarding Amharic discourse parser or its subtasks. This
problem is the main motive that inspired us to investigate the nature of Amharic discourse and
possibilities of developing Amharic discourse parser.

1.3 Statement of the Problem

Discourse parsing or its subtasks i.e discourse segmentation and discourse relation labeling has
been addressed for other languages like English [2,3,6,7,9,11,12], German [61], Chinese [60],
Spanish [62], and Portuguese [10], Arabic [20], etc. according to the special characteristics of the
languages. While the early attempts employ rule based techniques using orthographical features
of cue phrase and punctuation marks [2,9], recent works are mainly based on data driven
approaches and use lexical and syntactical features of the specific language
[7,3,11,12,60,62,10,20]. However, to the best of our knowledge, there is no such tool developed
for Amharic so far.

Therefore, a discourse parser that considers the special features of Amharic language has to be
developed for Amharic. In this study, we will investigate discourse parsing techniques in other
languages and try to develop the design of a PDTB style sentence level shallow discourse parser for
Ambharic. The problem is “Given one or two Amharic sentence along with POS tags of tokens and
other features to identify the discourse connective, the arguments or elementary discourse units (EDU)

and the discourse relation in between.”
1.4 Objectives
General Objective

The general objective of this research is to design a PDTB style sentence level shallow discourse

parser for Amharic.
Specific Objectives

» Study Amharic texts, text structures, identify Amharic discourse markers and

associated discourse relations.



» Review related works in other languages.
» Prepare a corpus annotated with discourse units and discourse relaions.
» Design the full discourser parser for Amharic.

» Build and evaluate the performance the component of the parser
1.5 Methodology
Literature Review

In order to understand the research topic and to be familiar with the achievements of previous
efforts a number of literatures has been studied, reviewed and analyzed. The literatures reviewed
include journal articles, theses, conference papers and various websites related to the subject
matter. Further review has also been conducted in order to identify language dependent properties

of Amharic discourse.
Data Collection

In order to study Amharic discourse and evaluate the parser developed, Amharic text corpus is
required. In this regard Amharic articles written on various issues has been used as data source for
this research. Therefore, documents have been collected from various Amharic newspapers,

websites, and blogs history books and Amharic Bible.
Tools and Techniques

In order to achieve our objectives, specific techniques and tools has been used. Primarily we

followed data driven machne learning approach to tackle the research problem.

The python crfsuite and sklearn packages are used to apply multiple machine learning algorithms,
specifically Conditional Random Fields (CRF), Logistic regression, Naive Bayes and Random
Forest classifiers. In addition, Python programming language with Visual Studio Code (VSC)

integrated development environment (IDE) is used as developmental tool for the prototype.



1.6 Scope of the Study

In order to meet the objective in the given period and to have a clear understanding of the works
that have to be done it is essential to specify the scope of the thesis. The scope of this study is to
detect discourse connective, identify the two arguments argl and arg2 or elementary discourse
units (edus) and the discourse relationship or sense between the edus or arguments found within a
sentence (Intra- Sentential) or between two consective sentences (Inter- Sentential). In this study
discourse relations only signaled by explicit discourse connectives or words having a discourse

function due to various morphological inflections are considered.
1.7 Limitations of the Study
This study has the following limitations:

» Texts having multiple (more than two) elementary discourse units or argumets are not
included in this study. All the sentences used for training and testing only have two

elementary discourse units.

» This study follows a PDTB style shallow discourse parsing approach and do not assume

building of a tree or graph structure

» The size of the corpus is very small. The corpus is prepared manually for the purpose of the
work.

> Implicit relations that are not explicitly marked by a discourse connective or words having a

discourse function due to various morphological inflections are not included in this study.
1.8 Application of Results

Developing a discourse parser is not an end by itself. Rather, it is a means to achieve effective and
efficient NLP applications. As it has been mentioned in the first section of this proposal, discourse
parser can be used in many applications. In essay scoring, discourse parser helps to evaluate the
coherence of the essay. In question answering, it helps to answer a series of questions in context.
Therefore, the development of Amharic discourse parser highly compliments the effort of

developing Amharic NLP applications.



1.9 Organization of the Rest of the Thesis

The remaining part of the thesis is organized in to five chapters. Chapter 2 covers literature review
in which different definitions and theories related to the thesis are presented. Chapter 3 covers
related works done by other researchers in other languages. Chapter 4 deals with the describing
the architecture and components of the proposed system. It presents the general architecture of the
system with its basic components and the discussion of the components and their interaction in the
system. Chapter 5 focuses on details of data preparation and analysis, experiments to evaluate the
proposed system and the results obtained together with their explanations. Chapter 6 presents

conclusion and future work recommendations for the improvement of the system.



Chapter 2: Literature review

2.1 Discourse Overview
According to [14], discourse usually refers to a form of written text or spoken language used to

communicate ideas or beliefs to be recognized by the hearer/reader. The concept of discourse deals
with three dimensions of [40]: (1) language use, (2) communication of beliefs, and (3) interaction
in social situations. Given these dimensions, it is not surprising that several disciplines are involved
in the study of discourse including linguistics, psychology (study of beliefs), social sciences
(analysis of interaction in social situations), and computational linguistics (to enhance language
technology).

Discourse is not just a random sequence of sentences and clauses; rather, it is a coherent,
understandable text for the reader or the hearer. Discourse studies have tended to agree on the
notion that discourse has a genre-based structure which formalizes how discourse is constituted;
thus, the structure of academic writing/speech differs from that of story, political, or news texts.
The structure is taking into account lexical items, grammatical and morphological features, and
semantic and pragmatic features such as intention and attention of propositions and the relations
between them. Consequently, discourse studies in computational linguistics attempt theoretically
to specify the relationships between the discourse units in a way that can be applied empirically in
language applications such as text generation, summarization, argument evaluation, machine

translation, speech recognition, essay scoring and question answering systems [2][41][42][43].

2.1.1 Discourse Coherence and Structure

In the introduction section we have stated that discourse has coherence and structure. According
to [14] there are two aspects in which a discourse can be coherent. The first is based on the content
of discourse segments. In this approach a discourse is said to be coherent if there is frequent
reference to the same group of entities through “semantic congruence”, “argument overlap” or “a
pattern corresponding to stereotypical situations”. The second is based on relation that exists
between two or more discourse segments. The discourse segments connected by the relation could
be two or more clauses, paragraphs or even chapters. These relations are called coherence relation

after Hobbs [15].

On the other hand, Webber stated that there are four bases of discourse structure [16]. The first



bases are topics. When discourse is structured by topics, it will be comprised of a set of entities
with concise explanation of them. Webber suggests that expository texts found in textbooks and
encyclopedias are typical examples of discourse with topic structure.

Secondly, functions can also be a basis for discourse structure. News reports are good examples
of discourse structured by the functions served by its elements, i.e., by their role(s) in
communication. Conventionally, news reports have inverted pyramid structure comprising of three
elements: lead paragraph, body and tail. Each element describes a summary, detail and less
important information about the event in the report, respectively.

The third basis, eventualities, describes events and states. Discourse can be structured by these
descriptions and their spatio-temporal relations. Such structure can be found in narrative texts such
as accident reports.

The fourth basis of discourse structures are discourse relations. Since our study is concerned with

discourse structure based on these elements we will discuss them in detail in the next section.

2.1.2 Discourse Relations

Discourse relations have been studied for over the last three decades with various labels, i.e.,
coherence relation, rhetorical relation, and cohesion relation. In this research, we use the terms

coherence relation and discourse relation interchangeably.

Hobbs [15] stated that many researchers have pointed out the existence of discourse relations in
various terms and listed some of them without comprehensive theoretical basis. However, later on
various studies formalized the concepts and categorized them into classes. Although, theories of
discourse and text structure differ in formalizing the definition of discourse relations, they all agree

that their essential purpose is to create logical or semantic association between discourse segments.

Discourse relations can be classified as explicit and implicit based on whether they are signaled
by a discourse connective or not. According to Fraser [17] these discourse connectives can be
conjunction (and, or, but), adverbs (because, instead, since) and prepositional phrases (in contrast).
Some discourse connectives signaling explicitly various discourse relations in different location in
sentences are shown in example 1 while example 2 shows a sentence with implicit “ because”

discourse connective.



Example 1
e Yared played tennis, and Hana read a book.
e While she is pregnant, Selam will not take a plane.
e We left late. However, we arrived home on time.
e We don’t have to go. I will go nevertheless.
Example 2

But a few funds have taken other defensive steps. Some have raised their cash positions to
record levels. High cash position helps buffer a fund when the market falls.

In example 2, the discourse is still meaningful without the relation being signaled explicitly. Knott
and Sanders [18] and Knott [19] argue that this is because “a discourse should be as informative
as required but no more information than required.” In this study discourse relations explicitly

signaled with discourse connectives only will be dealt with.

On the other hand, on the basis of the message inferred from the discourse relations they are

classified as intentional and informational relations [20].

Informational relations are semantic relations that relate different content or meaning of text
segments. The segments could be propositions, facts, events or situation. For example, in example
3, the first sentence expresses an event, and the second expresses the writer’s opinion while the
last presents a fact that the color red indicates love. This discourse can be understood as that the
second sentence reasons out the event in the first sentence and the third sentence elaborates the
writer’s opinion and conclusion in the second sentence that Daniel and Helen are in a love
relationship [20].

Example 3
e Daniel gave Helen a red rose.
e He loves her so much.

e The red color often indicates love.



Intentional relations, as it can be inferred from the name, relate intentions. By that we mean a
writer/speaker aims to influence the hearer/reader, for example to increase his/her belief in some
proposition. In example 4 the writer tries to increase the belief of the reader in his assertion thereby

creating a justification relation between the two segments [20].
Example 4

Dr. Yohannes is serving a 7-year jail sentence for medical errors. Two nurses saw him

mixing up drugs with names that sound alike.

2.1.3 Discourse Connectives

Similar to discourse relations a variety of terms are used in the literature for lexical elements that
have identical function to that of discourse connectives. Fraser [17] defined discourse connectives

as follows

“a class of lexical expressions drawn primarily from the syntactic classes of conjunctions,
adverbs, and prepositional phrases. With certain exceptions, they signal a relationship
between the interpretation of the segment they introduce, S2, and the prior segment, S1” (S1

and S2 representing discourse segment 1 and 2 respectively)

Fraser also suggests from a study regarding the grammatical status of discourse connectives, that
the syntactic categories conjunction, adverbial, and prepositional phrases are the ones most
discourse connectives belong to. This is complementary with Asher [21] who categorized

connectives in English into four main categories as follows.
e Coordinating conjunctions
Examples: - “and”, “or”, “but”

Associated discourse relation functions: Conjunction, Alternative and Contrast,

respectively.
e Subordinating conjunctions
Examples: - “because”, “although” and “if”

Associated discourse relation functions: Causal, contrast, and condition
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e Adverbial connectives
Examples:- “therefore”, “then”
Association discourse relation: causal and conditional respectively
e Prepositional phrases
Examples:-“In contrast” and “as a result”
Associated discourse relation function: “contrast” and “consequence”

With regard to this classification, Alsaif [20] argues that it could be generalized to other languages
and the categories are not necessarily the only syntactic categories possible for connectives in all
other languages.

The second issue addressed regarding discourse connectives is their position within sentences. As
it is evident in the examples mentioned so far, discourse connectives can be found in different
locations within a sentence. Fraser [17] suggested a range of canonical forms to formalize the
position of discourse connective and its arguments Al and A2. Discourse arguments are the two
discourse segments a discourse relates. Most discourse processing studies consider arguments to
be non-overlapping text spans of clauses or sentences. The forms suggested by Fraser [17] are

shown in Table 2.1.

Table 2-1 Canonical Forms of Discourse Connectives

Sentence Canonical forms

e While she is pregnant, Selam will not take a plane | <DC+ A1, A2>

o \We left late. However, we arrived home on time. <Al DC, A2>

e We don’t have to go. I will go nevertheless. <Al1.DC+A2>

e Yared played tennis, and Hana read a book. <Al, DC+A2>

2.2 Theories of Discourse structure

2.2.1 Rhetorical Structure Theory

Linguists and computational linguists have proposed a number of theories to represent discourse
structure over the last three decades. The theories proposed so far differ in the type of discourse,

i.e., written text or dialogue, the type of organization, i.e., intentional or informational and their
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background and objectives. Among these theories rhetorical structure theory (RST) is the most
popular, especially within the area of computational linguists [20].

RST was developed in the 1980s by a group of researchers interested in natural language
generation. It describes natural texts by characterizing their structure primarily in terms of relations
that hold between parts of the text. According to RST these relations exist between two adjacent
and non-overlapping text spans [22].

There are four elements defined in RST independently of the particular language and text types to
which it has been applied: relation, schemas, schema applications, and structure.

Relation definitions identify particular relationships that can hold between two non-overlapping
segments of a text. The portions of a text can be nuclei, the most important and essential to the
writer's purpose, and satellite, the element less important to the writer's purpose. Based on this
definition discourse relation in RST are divided into paratactic (multinuclear) and hypotactic
(mononuclear or nucleus-satellite) relations. In paratactic relation both spans of the text are
important. Examples of paratactic relations include: contrast, disjunction, and sequence. In contrast
in hypotactic relation only one segment is important and the other is not. Examples of hypotactic
relations include: background, circumstance, elaboration and purpose. The original RST defines
24 relations based on their analysis of texts from various genres including memos, news articles,
advertisements, etc. However, the authors have explicitly suggested that the relations are not
closed list and are open to extension [22]. The full list of relations including extensions can be

found in Appendix A.

Schemas are defined as “abstract patterns consisting of a small number of constituent test spans,
a specification of the relations between them, and a specification of how certain spans (nuclei) are
related to the whole collection.”[22] RST identifies five schemas represented by the examples
shown in Figure 2.1 [22]. N and S in the figure represent nucleus and satellite respectively. The
curved arrows represent relations holding between text spans and they are always drawn pointing

towards the nucleus. Straight lines represent identification of the nuclear spans [22].

Schema application conventions are used to accommodate the variations of the five schemas
defined. This is needed because schemas that appear in text structures are not always exact copies

of the schemas as defined. The possible applications of schema are defined by three conventions
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below [22].

1. Unordered spans: The schemas do not constrain the order of nucleus or satellite in the text
span in which the schema is applied.

2. Optional relations: For multi relation schemas, all individual relations are optional, but at
least one of the relations must hold.

3. Repeated relations: a relation that is part of a schema can be applied any number of times
in the application of that schema.

The structure of an entire text is defined in terms of composition of schema applications. RST
structure is simply an arrangement of regions where schemas apply such that the following four

constraints hold true.

Completeness: the arrangement contains one schema application that contains a group of text
spans that constitute the entire text.

Connectedness: Each span, except for the span that contains the entire text, is either a minimal

unit or a constituent of another schema application.

Uniqueness: Each schema application represents unique text span, even in multi-relation schemas

each relation applies for different text spans.
Adjacency: the text spans of each schema application constitute one text span.

The above definitions and constraints are sufficient to cause RST structures to be trees and to
define a certain structure as RST structural analysis of a text [22]. An example text and its RST

diagram is given in Figure 2.1 [22].
Example 5

Although Dioxin is toxic to certain animals, evidence is lacking that it has any serious long-term

effect on human beings.
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Figure 2-1 The Five Schemas of RST

In the example above the clause containing ‘although’ signals a Concession relation. Concession
is an example of hypotactic relation defined in RST. The first step in analyzing text in RST is
segmenting it to elementary units. In the original RST the size and type of elementary units is not
strictly defined. However, in their analysis clauses are considered elementary units except for
clausal subjects and complements and restrictive relative causes which are considered as parts of
their host clause rather than as separate units. Following this convention, the segmented form of

the text and its RST diagram is given as follows.

[Although Dioxin is toxic to certain animals,]* [evidence is lacking that it has any serious long-

term effect on human beings.]?
1-2

Concession

Figure 2-2 RST Diagram for Example 5
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2.2.2 The Linguistic Discourse Model (LDM)
The Linguistic Discourse Model (LDM) is a theory of discourse interpretation and parsing to build

a structural and semantic representation of text. The main components of LDM are discourse
constituent units (DCUs- carrying propositional information such as events, facts and states), and
discourse operators (DOs — carrying non-propositional information such as logical operator and
connectives). The discourse parsing consists of two parts. First, the discourse units (sentences or
clauses) are parsed using traditional syntactic theories. Second, these discourse units are then
combined using semantic context-free relations (discourse grammar) into a tree structure. There

are only three discourse grammar rules in the LDM:

- Discourse coordination is an N-ary branching rule where all RHS (Right-handsister) nodes

have the same relationship to the common parent such as a list of elements and narratives.

- Discourse subordination is a binary elaboration relationship between a subordinate node (one
sister) and dominant nodes (other sisters). The interpretation of the parent is the interpretation
of the dominant daughter.

- Logical or rhetorical relations are derived between RHS sisters in an N-ary branching rule.
The interpretation of the parent derives from the interpretation of each daughter and the

relationship between them.

Polanyi and colleagues proposed an implementation of a parser based on the LDM. Nevertheless,
LDM is a syntactically informed, semantically driven model, thus adopting this parser to work

with other languages is a complex process [44].

2.2.3 Discourse Graph Bank Theory
Wolf and Gibson [45] introduced a “relatively shallow” and recursive graphical structure of

discourse spans, with discourse relation anchoring among the siblings. Graph Bank theory, rather
than analyzing a text as a binary tree structure of discourse spans built recursively via discourse

relations between adjacent segments, it represents discourse as a chain graph.

In this approach, a text is analyzed by grouping the segments into topic and sub-topic segments,
linking the non-adjacent segments or groups, if possible, using any of eleven broad classes of
binary relations: Same, Condition, Attribution, Cause-Effect, Contrast, Similarity, Example,

Expectation, Temporal sequence, Generalization, and Elaboration.
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It appears that groupings could determine a partial hierarchical structure for parts of a text, and
that grouping is a matter of constituency. But this is the only hierarchical structure in [45]
approach: unlike RST and the LDM, the existence of a coherence relation between two segments
does not produce a new segment that can serve as argument to another coherence relation.
Moreover, this theory claims to leap upward in complexity from trees to chain graphs as a model

for discourse structure.

2.2.4 Intentional Discourse Model
Grosz and Sidner’s theory [46] also features recursively defined relations. In this account,

discourse segments (dss) are the principal units of structure, and relations hold between these to
form larger dss. However, the primitives used to define relations make reference solely to the

intentions a writer has in creating a text.

Relations actually apply between discourse segment purposes (dsp); an assumption is made that a
single overriding intention can be specified for each segment, and it is these intentions which are
connected by relations. The fundamental metaphor is of a text embodying the execution of a plan
pursued by the speaker. A point to be noted is that although Grosz and Sidner frequently use
examples from task-oriented dialogues, they take care in such cases to distinguish the plan required

to carry out the task from the plan required to create the text.

Using intentions in relation definitions follows quite naturally from thinking of them in the context
of a recursive planning paradigm. Plans are produced to achieve user goals (or in the present case,
writer goals); and do so by decomposing a principal goal into a hierarchy of sub goals.

There are only two relations in this theory: dominance and satisfaction-precedence. These are the
first intentionally defined relations. Thus, dspl contributes to dsp2, and dsp2 dominates DSP1,
when the intention dsp1 may be intended to provide part of the satisfaction of dsp2. The dominance
relation invokes a partial ordering on DSPs, the dominance hierarchy. Also, dspl satisfaction-
precedence dsp2 is true whenever dspl must be satisfied — recognized- before dsp2. There is no

finite list of discourse purposes as there is of syntactic categories.

Another attractive feature of this theory is its account of the interaction between relations and
focus. Associated with every discourse segment is a focus space, and at every point in a text a
focus stack is given which models the reader’s focus of attention as the discourse proceeds. The

metaphor of a stack is another import from computational theories. Its pushes and pops are
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determined by the dominance relations in the text: if the segment dsp2 dominates a sub-segment
dspl, then moving into dspl causes the focus space associated with dspl to be pushed onto the
stack, and leaving DSP1 causes it to be popped off the stack.

2.2.5 Segmented Discourse Representation Theory (SDRT)
Rhetorical relations are also a fundamental aspect of Segmented Discourse Representation Theory

(SDRT) [47]. The logical form of discourse, according to their perspective, consists of a set of
labels and a mapping of those labels to logical forms, which can consist of rhetorical relations
between the labels (arguments). A hierarchical structure is then created over the labels, allowing
rhetorical relations to relate the contents of individual clauses or extended text spans. SDRT’s
rhetorical relations are less fine-grained than those used, for example in RST. The SDRT’s
Rhetorical relations must connect propositions, questions or requests. The contents of text spans

can participate in more than one rhetorical relation unlike in RST.

2.2.6 Discourse Lexicalized Tree-Adjoining Grammar (D-LTAG)
Discourse Lexicalized Tree-Adjoining Grammar (D-LTAG) is a lexicalized approach to discourse

relations [48][50][51]. The main belief here is that establishing relations between discourse units
is based on a similar concept as establishing relations within the clause. LTAG is a tree
representation of syntactic and lexical items of part of a text. However, lexicalization in D-LTAG
means that each elementary tree in D-LTAG is anchored by a discourse connective which indicates
adiscourse relation, and links other trees for other parts of the text (arguments), using two language
independent composition operations, namely substitution and adjunction. These predicate-
argument trees are recursively linked to present the discourse structure. However, LTAG trees are

not annotated to be linked with left and right adjacent trees, as RST does [49].

2.3 Manual Discourse Annotation

2.3.1 The RST Discourse Treebank

The RST Discourse Treebank corpus is the first publicly available, manually annotated discourse
corpus grounded in the RST framework [23]. During the annotation process the annotators aimed
at creating a corpus grounded in specific theory and sufficiently large to perform statistical
analysis. The corpus was also limited in that it only addresses monologue textual materials,
ignoring spoken language resources. The corpus primarily consisted articles from Wall Street

Journal. It has been used in developing natural language applications such as summarization [2],
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question answering [24], and text generation [25]. Carlson et al. [23] argue that the discourse
structure of a text can be represented as a tree defined in terms of four aspects:

e The leaves of the tree correspond to text fragments that represent the minimal units of the

discourse, called elementary discourse units.
e The internal nodes of the tree correspond to contiguous text spans.

e Each node is characterized by its nuclearity — a nucleus indicates a more essential unit of

information, while a satellite indicates a supporting or background unit of information.

e Each node is characterized by a rhetorical relation that holds between two or more non-
overlapping, adjacent text spans. Relations can be intentional, semantic, or textual in

nature.

Based on the above framework, a group of annotators, which were all professional language
analysts trained on RST theory, tagged the corpus in three phases. During the initial phase they
created 100 tagged corpuses. It took about four months. The second phase was a reassessment
phase, during which they measured consistency across the group and refined tagging rules. The
second phase lasted one month. In the final phase (about six months) all 100 documents were re -
tagged with the new approach and guidelines. The remainder of the corpus was tagged in this

manner [23].

2.3.2 The Penn Discourse Tree Bank (PDTB)
The PDTB project began with the D-LTAG representations in mind. However, the annotation

guidelines were subsequently made as theory independent as possible so that the corpus would be
usable by a wide range of users [52] [53]. The latest version of the Penn Discourse Treebank
(PDTB2) contains annotations of discourse relations and their arguments on the one million words
syntactically annotated of the Wall Street Journal in the Penn Treebank. The annotation contains
mostly informational discourse relations with a few pragmatic relations yielding for low-level
discourse structure. The relations are mainly elementary predicate-argument relations whose
predicates come mainly from discourse connectives and whose arguments come from units of

discourse expressing abstract objects (AOs).
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Discourse relations in the PDTB might be signaled explicitly by discourse connectives such as
subordinating or coordinating conjunctions or discourse adverbials. Implicit relations are also
annotated, but only between adjacent text spans. For the latter, the implicit inferable relations are
annotated by inserting a so-called implicit connective that best expresses the inferred relation.

2.3.3 Dependency Tree Banks
The Copenhagen Dependency Treebank [54] consists of 480 annotated parallel texts in Danish and

English, and 300 annotated parallel texts for German, Italian, and Spanish. Both syntactic and
discourse annotation were done in the form of a tree dependency structure, linking up the top
dependency node of each sentence with those of other sentences and labeling the relation between
them.

The Prague Dependency Treebank, PDT 3.0, has a layer of annotation which captures discourse
relations. The difference between the PDTB and the PDT is that the annotator links the mega tree
of sentences (a tree structure of syntactic dependency in the PDT2) as arguments of an inter-
sentential relation. For intra-sentential relations, such as clausal coordination, the syntactic
annotation is already annotated in the PDT2 and should be transformed automatically into the

discourse layer.

2.4 Automatic Discourse Parsing

In order to use discourse structure in developing NLP applications, it is important to develop
automatic discourse parsing algorithms based on discourse structure theories. Automatic discourse
parsing algorithms are used for recognizing and generating various forms of discourse structure.
Mainly there are two prominent styles of parsing in the literature. This classification is based on
the corpus used in the parsing. As it has been explained in the previous section, there are two
discourse-annotated corpuses that are available for research purposes: RST and PDTB. While the
RST corpus is based on the RST theory and demands the specification of a tree structure PDTB
corpus do not demand the specification any graph or tree structure. Therfore, discourse parsing
that follows RST are called Deep Discourse Parsing. In contrast, PDTB style parsing is called

Shallow Discourse Parsing [55].

There are two major subtasks of discourse parsing, namely: discourse segmentation and discourse
relation labeling. Discourse segmentation refers to the process of segmenting text into suitable

elementary discourse units or arguments. This task shouldn’t be confused with segmenting a text
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into paragraph size chunks reflecting the topic structure as it is used in Hearst [26] and Eisenstein
[27]. Discourse relation labeling, based on the output of segmentation algorithm, gives the
discourse realtion or sense that exists the elementary discourse units or arguments linked by local

and global discourse relations.

The CoNLL 2015 and CoNLL 2016 Conference [56] [57] organized in 2015 and 2016 focused on
Automatic Discourse Parsing and Argument Segmentation and labeling as the subject of its shared
task. In essence, this was designed as a standardized competition geared to push the state of the art
for discourse parsing and attract attention and further interest in the topic. Both competitions
provided the PDTB 2.0 dataset for training and development of the models. As is standard with
this dataset, Sections 2-21 of the PDTB were set aside for training only, Section 22 was marked
for development and Section 23 for testing of the models. In line with standard machine learning
tests, the organizers have created a separate dataset which is composed of English Wikinews. The
separate dataset was annotated by two different annotators independently according to the PDTB
2.0 guidelines. The inter-annotator agreement between the two was 96% overall indicating a high
degree of adherence to the PDTB 2.0 standard.

Both the 2015 and 2016 competitions were divided into two streams, the Closed and the Open
tracks. The closed track was restricted on the usage of extraneous data beyond the PDTB 2.0
dataset and was only allowed to utilize phrase structure parses predicted via the Berkeley parser
and dependency parses that were produced by the Stanford parser using the former dataset as input.
In contrast, the open track was allowed to use any dataset or extraneous knowledge to dynamically
build the model or algorithm for the task. The task also required the development of an end-to-end
system that attempted full discourse parsing of explicit and implicit relations, segmenting out the
arguments as well as the connectives for the explicit relations along with defining the sense of the

relation.

For argument extraction, most participants resorted to casting the problem as a sequence labeling
task at the token level while a few teams, in contrast, applied rule-based approaches to extract the
arguments. For the sequence labeling approach, a popular choice of learning algorithm was the
Conditional Random Fields (CRFs). These are types of probabilistic undirected graphical models
that are discriminative and rely on the Markov Property to establish a relationship between current

and historical inputs and outputs. As a result, they can account for and learn dependencies between
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words of a relation that appear in a non-consecutive format thereby learning the start and end points
of an argument span. For defining the sense of the relation most participants resorted to casting
the problem as a multi-class classification problem. For the classification approach various
classifiers, including Maximum Entropy, SVM, AdaBoost, NaiveBayes and Weka are used.

The actual scoring system was based on the F1 score which is defined as the harmonic mean of
Precision and Recall. Precision focused on the ratio of true positives over all positive signals
emitted by a given system whereas Recall focused on true positives over true positives and false
negatives identified by the given system. The scores are very low, with the top system achieving
an overall parsing score of 24.00% (F1) on the blind test set and 29.69% (F1) on theWall Street
Journal (WSJ) test set. However, in terms of subtasks the tops system achieves argument labeling
score of 46.37%(F1) on the blind test and 49.42%(F1) on theWall Street Journal (WSJ) test set
and connective classification of 91.86%(F1) on the blind test and 94.21%(F1) on theWall Street
Journal (WSJ) test set.

2.5 Amharic Discourse
Unlike the prominent western languages, there is no much work done regarding Amharic discourse

except Getachew Endalamaw [34, 38]. In [34], the author studied the distribution and function of

common Amharic discourse markers in Amharic narrative textual units written by college students.

The author argues that Amharic conjunctions and conjunctive phrases (a20-99°¢-7 AS ao(vt’ 1942
e t) like AARY, AS, 12/71C 17, etc., have to be studied in relation with Amharic discourse rather
than as part of grammar. The author based the argument on the suggestion made by Baye Yimam
[35] and his own observation of traditional grammatical classification of Amharic words by
Mersiheha’zen Weldekirkos [36] and Fantaye Teklehawaryat [37].

Consequently, the author analyzed 38 narrative textual units and studied 8 most frequently used
Ambharic discourse markers (?A71C5 4.0n-C AaeAnF-F). In addition to their frequency of distribution,

the author has explained their function and the discourse relation they are associated with.

Another work we have come across is a book by Dereje Gebre [39]. In fact this book is not about
discourse but writing and composition as a whole. However, in the part of the book that discusses
about cohesion/coherence in writing, the author lists words and phrases that are called

connecting/co-relating phrases (“?av1,014¢ A1) and states that they are very helpful in creating
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coherent text and lists some of them along with their role (“?aP0,014¢ et @1.57). We have
observed that the list of “ear{ip14¢ he T and “eavr(in1se et 1.5 in the book includes the
discourse markers and associated discourse relation mentioned in [34]. From our observation of
the lists and discussion with the author and other linguists, it is appropriate to consider the words
and phrases listed under “0av{ip14¢ Al and “PaPi148 heért 1.5 as discourse markers and
discourse relation respectively viewed in context of composition. Accordingly, the lists are used

as input in this research work.

The objective of Getachew Endalamaw’s second work [38] is to identify the different types of
Ambharic discourse markers and analyze their part of speech and discourse functions. Since there
is no Amharic corpus that can be used for such kinds of study, the author has prepared a mini
corpus consisting of texts from ‘Addis Zemen’ and ‘Addis Admas’ Newspaprs editorial, letters
written by Addis Ababa University's Human Resource Directorate and excerpts from the books
‘01 K& aPALTDLT, Ch% BPLEN AT CATCEEL AL and ‘§PC Anh e PNC

Based on this corpus the author has identified 75 Amharic discourse markers with various
distribution frequencies. Consequently, the discourse markers part of speech tagger is analyzed
and each of the markers is categorized into words, phrases and sentences. Out of the 75 discourse
markers identified, 24 (32%) are words, 29 (38.67%) are phrases and 22 (29.3 %) are sentences.
Here, it is important to mention that the discourse markers categorized as ‘sentences’ are not as
such sentences known in common sense. For example, the discourse marker ‘?Ag°° is one of the
discourse markers categorized as sentence (a2 42§+ 11C (92-%1). The discourse marker ‘GAUr19™’
is another discourse marker categorized as a sentence (715 %.&t 1C (174%1)). In both cases the
author argues that these discourse markers can not be categorized as words or phrases by providing
grammatical structure analysis of the discourse markers. The detail of the argument is not included
here since it is beyond the scope of this study. It is only mentioned to avoid the confusion that
might arise from the general understanding of the structure of the sentences and the context it is

used in this study.

The other major contribution of this work is analysis made on the discourse functions of the
identified discourse markers. According to the analysis, the author has identified 10 discourse
functions namely: 07t/ @mt: +en 167 TIMPANT AT T7190CT AT TIMNEG6LT TANTHE

190099, and aaet. According to the analysis there is no one to one relation between the discourse

22



markers and discourse relations and a single discourse marker can exhibit multiple discourse

functions. For example, the discourse marker “°17” is found to exhibit five discourse relations.

In addition, according to literature, discourse markers can be found in the middle of a sentence
(Intra sentence), between sentences (Inter sentence) at the beginning of the second discourse
segment and at the end of the sentence. Similarly, the study has confirmed that Amharic discourse
markers are found in the middle of sentences and between sentences at the beginning of the second
discourse segment. In contrast, no occurrence is found in which Amharic discourse markers are

found at the end of the second discourse segment.

2.6 Summary
In this chapter we presented an overview of discourse structure. Even if there are many aspects a

discourse can be structured, most of the reviewed works consider discourse relations between
arguments as a central base. Discourse relations might be signaled explicitly by discourse

connectives or implicitly implicated.

RST and PDTB are the two most popular corpuses used in computational studies and applications
such as text generation, automatic summarization and machine translation. Attempts also have
been made to develop automatic discourse parsing algorithms in order to use discourse structures
in developing NLP applications. While the discourse studies and resources discussed focused on

English, the basic concepts can be generalized to other languages.
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Chapter 3: Related Works

Most prominent works regarding discourse structure are based on the English language. Such
algorithms developed for English language have achieved good performance and are even used in
NLP applications like document summarization. The algorithms developed are also capable of
analyzing discourse ranging from complex sentences to full documents. There are also attempts in
Dutch, German, Brazilian-Portuguese, etc. In the following two sections related works in other
languages based on the RST as well as PDTB style discourse parsing are reviewed briefly.

3.1 RST Style Discourse Parser
Soricut and Marcu [7] introduced two probabilistic models that can be used to identify elementary

discourse units and build sentence level discourse parser. Their segmenter consists of two
components: statistical models and segmenter. The statistical model assigns a probability to the
insertion of a discourse boundary after each word in a sentence while the segmenter uses the
computed probability to insert discourse boundaries. The input to the discourse parser is a
lexicalized syntactic parse tree in which the discourse boundaries have been identified. Their
discourse parser also consists of a parsing model and parser. Parsing model assigns a probability
for every potential candidate tree while the parser finds and chooses the discourse tree that scores

the highest probability. The authors used the RST-DT corpus to train both of their models.

Le Thanh et al. [9] argue that cue phrases are insufficient for some segmentation because only
50% of clauses contain cue phrases. Consequently, they designed an algorithm that takes a
syntactic structure of a text as input and generate EDUSs, in addition to the cue phrase-based process
used in other works. To hypothesize rhetorical relations for sentence level discourse parsing, the
authors combined syntactic information, cue phrases and WordNet. It is not indicated in the article

what kind of algorithm is used for deriving the discourse structure.

Joty et al. [28] proposed a complete probabilistic discriminative framework for performing
sentence-level discourse parsing. The authors claim that their work addresses the two key
limitations found in previously proposed solutions, i.e., [7, 11]. According to the authors those
limitations are: first they make string independence assumptions on the structure and the labels of
the resulting discourse tree and typically model the construction of the discourse tree and the
labeling of the relations separately. Second, they apply a greedy, suboptimal algorithm to build the

structure of the discourse tree.
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The first limitation is addressed by representing the structure and the relation of each discourse
tree constituent jointly and by explicitly capturing the sequential and hierarchical dependencies
between constituents of a discourse tree. The second limitation is addressed by using a bottom up
parsing algorithm which is non-greedy and probably optimal. Their work is based on RST and also
used the RST-DT and Instructional corpora developed in [23,11] to demonstrate their work.
However, Feng and Hirst [12] claim that even if they achieved a state of the art overall accuracy
in relation assignment of 55.73%, their model suffers from a high order of time complexity and
thus cannot be applied in practice.

Hernault et al. [6] presented the first fully implemented feature-based discourse parser. Unlike the
traditional single multi-class classifiers, they used two classifiers in cascade: a binary structure
classifier to determine whether two adjacent text units should be merged to form a new sub-tree
and a multi-class classifier to determine which discourse relation label should be assigned to the
new subtree. Their work is unique in introducing the novel idea of using two cascaded classifiers
and applying a variety of lexical and syntactic features. They achieved 93.8% F-score for EDU
segmentation, 85.0% accuracy for structure classification, and 66.8% accuracy for 18-class

relation classification. Their system was trained on the RST-DT corpus.

Feng and Hirst [12] focused on improving the performance of HILDA’s tree building step by
incorporating rich linguistic feature. In their study they combined linguistic features used in
previous works, i.e., Hernault et al. [6] and Lin et al. [13] and contextual and other set of features
of their own. With this approach they have achieved considerable improvements both in structure
and relation classification. In addition to this, Feng and Thirst analyzed the difficulty of extending
traditional sentence level discourse parsing to text level parsing by showing that using the same
set of features, the performance of Structure and Relation classification on cross-sentence instances
is consistently inferior to that of within-sentence instances. They used the RST-DT corpus for their

study.

Subba and Eugenio [11] argued that rich linguistics information helps discourse parsing and that
the state-of-the-art machine learning supports such approach. Consequently, they proposed a shift-
reduce parser that relies on a classifier to find the appropriate relation between two text segments.
Their classifier, which is based on inductive logic programming, learns first order logic rules from

a large set of features including compositional semantics derived from semantic parser. They have
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shown that the compositional semantics improves the classification performance. The corpus used

is instructional texts annotated with compositional semantics and rhetorical relations.

Pardo and Nunes [10] presented a Brazilian Portuguese discourse parser called DiZer. DiZer uses
the RST framework and is comprised of three main processes: segmentation of the text, detection
of rhetorical relation, and building of the rhetorical structure. First, for the segmentation process,
DiZer assigns morpho-syntactic categories to each word in the text using a POS tagger. Then the
text is segmented everywhere a punctuation signal or strong cue phrase is found. DiZer makes use
of discourse templates which are prepared using manually annotated corpus of discourse trees to
detect rhetorical relations. It does a pattern matching process between text segments and the
templates. If no relation is detected heuristics are applied. Marcu’s [2] algorithm is used for

building rhetorical structures with some modifications.

Li et al. [29] proposed a recursive neural network (RNN) based algorithm for text level discourse
parsing. RNNs constitute a type of deep learning framework which was first proposed by Goller
and Kucher [32]. In the beginning, the algorithm obtains the distributed representation for each of
the sentences of a given document using recursive convolution based on the sentence parse tree.
Then it determines the probability of two adjacent discourse units being merged to form a new
subtree and selects the appropriate discourse relation label by using binary and multi-class
classifier respectively. Finally, the algorithm calculates the distributed representation for the
subtree so formed, gradually unifying subtrees until a single overall tree spans the entire sentence.
They used the RST discourse tree bank to train the classifiers along with parameter involved in
convolution. The proposed framework, evaluated based on three matrices: span, nuclearity and
relation, achieves overall high performance, although it fails to score top performance on any of

the parameters.

Liet al. [30] argued that previous researches which are based on constituency structure suffer from
certain limitations and proposed to adopt the dependency structure in discourse representation.
According to the authors, previous researches have explored different constituency based syntactic
parsing techniques and various features for discourse parsing. However, in discourse parsing it is
difficult to design a set of production rules as in syntactic parsing, since there are no determinate
generative rules for the interior text spans. In addition, it is hard to develop a uniform framework

to represent the different levels of discourse units, which are better represented with different
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features. State of the art constituency based parsing techniques also have high time complexity and
approximate parsing approaches are prone to trap in local maximum. The basic idea of
dependency-based parsing is that discourse structure can be seen as a set of head-dependent links,
which are labeled by functional relations. Unlike syntactic parsing the dependency relations are
formed between a subordinate EDU called the dependent and another EDU called the head. This
makes it possible to analyze the relations between EDUs directly, without worrying about any
interior text spans. In addition, since dependency trees contain much fewer nodes and on average
they are simpler than constituency-based trees, the proposed dependency parsers have a relatively
low time complexity. Compared to sate of the art constituency-based parsers, i.e., [2, 6],
dependency parsers exhibit higher overall performance.

Extending their work on sentence level discourse parsing Joty et al. [31] proposed a two-stage text
level discourse parser. In this work, in addition to the two problems mentioned in their previous
work, a third problem that comes with text level discourse parsing is addressed. They argued that
existing discourse parsers do not discriminate between intra-sentential and multi-sentential
parsing. However, distinguishing between these two conditions can result in more effective
parsing. This is so because two separate parsing models could exploit the fact that discourse
relation are distributed differently in intra-sententialy and multi-sententially. This also gives the
models the freedom to choose their own informative features. Accordingly, the authors have
developed intra-sentential and multi-sentential parsers and combined them effectively to obtain
substantial improvements over existing methods. Unlike previous methods they have evaluated
their parser on two very different text types: news and instructional how-to-do manuals, and

successfully demonstrated the parser’s consistency over various text genres.

3.2 PDTB Style Discourse Parser
Lin [56] investigated a natural language problem of parsing a free text into its discourse structure

according to Penn Discourse Treebank representation in a fully data-driven approach. The author
proposed a classifier-based parser that makes use of contextual features, word-pairs, and
constituent and dependency parse features. Then, designed a parsing algorithm and implement it
into a full parser in a pipeline. In addition to that the author has given a comprehensive evaluation
on the parser from both component-wise and error-cascading perspectives. This research work is

the first work to develop a parser that performs end-to-end discourse parsing in the PDTB style.
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Ghosh [58] employs a data driven approach to identify arguments of explicit discourse
connectives. The author designed the argument segmentation task as a cascade of decisions based
on conditional random fields (CRFs). The CRFs is trained on lexical, syntactic and semantic
features extracted from the Penn Discourse Treebank and evaluate feature combinations on the
commonly used test split. According to the results, the best combination of features includes
syntactic and semantic features. The evaluation results on the standard test set of the PDTB has
achieved a rebalancing of precision and recall with improved F-measures across the board.

3.3 Summary
In this chapter we reviewed related works on automatic discourse parsing. The related works are

classified, according to the discourse corpus and associated theory they rely on, in to two: RST
and PDTB style discourse parser. The availability of large discourse annotated corpus has inspired
researchers to conduct various studies and helped so much in achieving near human standard
results. However, compared to sentence level discourse parsers, still there is a lot to improve in

document level discourse parsers.

To the best of our knowledge, there is no study conducted on automatic discourse processing of
Ambharic labguage and there are no corpora and tools to be used as basis for the study. Therefore,

in this study a PDTB style sentelnce level discours parser for Amharic is proposed.
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Chapter 4: Design of Discourse Parser for Amharic
This chapter is dedicated to explain the architecture of the proposed PDTB style sentence level
Amharic discourse parser. In the first section, explanation of full architecture of the system is given
along with the specific components it consists of. Then, the following subsections elaborate on
each components and algorithms. Finally, a summary of the chapter is given in the second section.

4.1 Architecure of the System

In this section an overview of the architecture of the parser is discussed in detail. The architecture
of the parser follows a PDTB style approach in which the arguments, discourse connective and
discourse relations between the arguments is given as output. Unlike RST style discourse parsing
this style do not assume a tree of graph structure. The parser consists of three main components:
connective identifier, argument labeler and sense classifier. In each component, different machine
learning approaches along with lexico syntactic features generated by a preprocessor are applied.
The purpose of connective identfier is to decide wether an explicit discourse marker or
morphologicaly inflected word in the given text is functioning as discourse connective. Argumnet
labeling is to identify both argumens of the input text using a statistical model and features
generated from the prerpocessor. Sense classification classifies the discurse relation (sense)
between the arguments based on the identified discourse connective and other features fom the
preprocessor. Full architecture of the Amharic discourse parser is showm in figure 3-2. In the rest

of the sections, each component and the relevant features used will be discoussed in details.

4.1.1 Feature Extraction

As shown in figure 3-2 the first component of the Amharic discourse parser is feature extractor.
This component is used ot extract the lexical and mporphological features required for the training
of the three models. It is composed of seven algorithms namely: tagger, stemFetcher, affixFetcher,
romanFormFetcher, argumentFeature, connectiveFeature and senseFeature. The tagger algorithm
is used to generate word-PoS tag tuples using the Habit Amharic tree tagger. The stemFetcher,
romanFormFetcher and affixFetcher algorithms extract stem, roman form and affix repectively for
each input word using the HornMorpho morphological analyser. The rest three algorithms combine

the results of the above mentioned algorithms and for the purposes of the connective indentifiction,
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argument labeling and sense labeling tasks. The algorithms used for feature extraction are listed
ing Algorithm 4-1 and 3-5. A sample output of extracted features is shown in figure 4-2.

Figure 4-1 Full Arcitecture of the Amharic Discourse Parser
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###Feature Extraction Algorithms
function tagger (Word):
read Word
Call the PoS tagger (Habit Tagger)
Open filePOS
For each Word
Write Word, PoStag tuple into filePOS
Close filePOS
return Word, PoStag tuple

function stemFetcher(Word,tag):
read Word,tag
Call Morphological Analyzer (Horn Morpho)
For each Word
check for stem output
If found
return stem
else
return none

function affixFetcher(Word):
read Word
Call Morphological Analyzer (Horn Morpho)
For each Word
Check for prefix of Word
If found
affix=prefix
else
return none
Check for suffix of Word
If found
affix = affix+suffix
else
return none
return affix

function romanFormFetcher(Word):
read Word
Call Morphological Analyzer
For each Word
extract romanForm
return romanForm
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function argumentFeature(Word,tag)

Call affixFetcher

Call romanFormFetcher

Features = [affix,romanForm,Word,PoS]
return Features

##Input - A nested array which contains a list of sentences where each sentence is a list of word-
pos tag tuples
function ConnectiveFeatures(Sentence)
For each sentence
for each tuple
call affixFetcher
call romanFormFetcher
If Word is not the initial word
return previous word and previous PoS tag
If Word is not the final word
return next word and next PoS tag

Feature = [affix, romanForm,Word,PoS,previous word+Word,previous PoS,previous PoS+
PoS,Word+next word,next PoS,PoS + next PoS]
return Feature

##Input - A nested array which contains a list of sentences where each sentence is a list of word-
pos tag tuples
function senseFeatures(Sentence)
For each sentence
for each tuple
If Word is not the initial word
return previous word and previous PoS tag
If Word is not the final word
return next word and next PoS tag

Feature = [Word, PoS,previous word+Word]
return Feature

Algorithm 4-1 Feature Extraction Algorithms
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[['prefix=None', 'suffix=nI', 'romanForm=andIn’, 'postag=NUMCR', ‘word=hA7T£%", 'prev+currbord=h7£%", 'prevposta
A", "nextpostag=AD]", "curr+nextPos=NUMCR ADI1"], [ "prefix=None’', 'suffix=None’, 'romanForm=alemawi’, 'postag
prevpostag=NUMCR", ’prev+currPos=NUMCR ADJ]", °curr+nextWord=hA"E hiiT", "nextpostag=N", 'curr+nextPos=AD] N'],
t", "postag=N', ‘word=hi-Hi', prev+currbord=hA"E hi-', "prevpostag=AD]°, ‘prev+currPos=AD03 N', °curr+nexthord
J°], ['prefix=None’, ’"suffix=None’, 'romanForm=Tegami', ‘postag=AD]', ‘word=mg®i, ’prev+currbord=hosi ML, "p
rd=mFLoe , "nextpostag=CON]", 'curr+nextPos=AD] CON]'], [ prefix=None’, "suffix=None’, "romanForm=weynIm’,

BT, 'prevpostag=AD]", 'prev+currPos=AD] CON1', 'curr+nexthord=me®4E: ", "nextpostag=AD]1', 'curr+nextPos=CON
rm=goji; ", 'postag=AD]", 'word=%E:’, ‘prev+currbord=meR® 1E: ", 'prevpostag=COM]°, 'prev+currPos=COM] AD]', "cu
+nextPos=AD] PUNC'], ['prefix=None', 'suffix=None', 'romanForm=yemidegef", "postag=PUNC", 'word=f"E1®', 'prev+
rPos=AD] PUNC', °curr+nexthord=t"E1s® @ , "nextpostag=VREL', °'curr+nextPos=PUNC WREL'], [ prefix=None', "suff
=meg” | previcurrbord=fTETf @Y, ‘prevpostag=PUNC’, 'prev+currPos=PUNC WREL', 'curr+nexthord=med® fogers’, "ne
fix=None', "suffix=None', 'romanForm=yemaydegef’, ‘"postag=CON]’', ‘word=P"ER1®’', 'prev+currhord=med® PogLie’, 'p
+nextWord=F"EL1e v, "nextpostag=NP°, "curr+nextPos=CON] NP"], ['prefix=None’, ‘suffix=None’, °romanForm=teb
21e 4y, "prevpostag=CON]", "prev+currPos=CON] NP', 'curr+nextWord=+ir P78, "nextpostag=V', "curr+nextPos
rm=yemiferejew’, '"postag=\V', "word=PTELE®* , ‘previ+currbord=+e PTELED , "prevpostag=NP", "prev+currPos=NP V',

s curr+nextPos=V VREL'], [ 'prefix=None", 'suffix=None", "romanForm=kehaymanot', 'postag=VREL', ‘word=hZ&"%%',

‘prev+currPos=V VREL®, "curr+nextWord=n3e ¥4 e, 'nextpostag=NP", 'curr+nextPos=WREL NP'], ['prefix=Mone’,
rd=mef™ , "previcurrbord=N3e % @ef™ , "prevpostag=VREL', ‘prev+currPos=VREL NP', 'curr+nextbWord=mef® han', "next
Mone®, 'suffix=None®, 'romanForm=kelEla’, 'postag=CON]1', ‘word=hAd°, 'prev+currbord=mes™ hhd", °prevpostag=NP°,
', "nextpostag=ADIP", 'curr+nextPos=C0ON] ADJP"], [ "prefix=None’, "suffix=None', ‘romanForm=memezeMa', 'postag=
revpostag=CONJ]", ‘prev+currPos=CON] ADIP', "curr+nextWord=sems nogat’, ‘“nextpostag=N", °curr+nextPos=ADIP N'],
esat’, ‘postag=N‘, ‘word=n#%4a+F', ‘previcurrlord=remE ey ad’, “prevpostag=ADIP°, ‘prev+currPos=ADJP N', ‘curr+n
Pos=N NP'], ['prefix=sI', ‘suffix=MNone"', ‘romanForm=sayhon®, "postag=NP", 'word=Agf}", °prev+currbord=netat 4g
nexthWord=4g0/% N&BET', 'nextpostag=VP', 'curr+nextPos=NP VWP'], ['prefix=None', 'suffix=na’, 'romanForm=belmata
d=AgFr N&TBET ", "prevpostag=NP", 'prev+currPos=NP VP', "curr+nextWord=n&"ges EMeafe”, "nextpostag=NP', 'curr+
"romanForm=dimokerisiyawi’, "postag=NP", ‘word=EfMsAfE", 'previcurrbord=ndTEET Bfheafe”, prevpostag=vP', “pre
"nextpostag=AD]", "curr+nextPos=NF AD] "], [ prefix=Mone®, 'suffix=None®, 'romanForm=alamaw’, 'postag=AD]1", "wo
tapg=NP', 'prev+currPos=NP AD]", 'curr+nexthord=hA\"I0-DTEALZ@* , "nextpostag=N", "curr+nextPos=AD] N'], ['prefix=
‘postag=N", ‘word="FALZ@*, "previcurrdord=hATI0-NTEASZ@ , ‘prevpostag=AD]", ‘prev+currPos=AD] N, °curr+nextho
=N VP"], [ prefix=None', 'suffix=None', "romanForm=teS 'Inc”, "postag=\"P", 'word=t&A?", °prev+currbord=h"pafrao-
r+nexthord=1&hT Y@, "nextpostag=N', 'curr+nextPos=VP N']]

Figure 4-2 Sample Screen shot of Extracted Features
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4.1.2 Discourse Connective Identification

There are 75 types of discourse connectives identified in Amharic [38]. However, for the corpus
prepared for this study we are considering only thirteen (13) discourse connectives. As per the
corpus analysis made the occurrence of a connective do not necessarily dicate a discourse function
and the connective may have sentential function. Therfore, given a connective occurrence the
parser needs to disambiguate the connective i.e wether the connective has a discourse function or
not, before using it in argument labeling and sense classification tasks. In addition, in a situation
where discourse relation is not indicated by explicit discourse marker but words having a discourse
function due to various morphological inflections, it is necessary to detect such words. Hence, both
identifying the function of an occurence of a discourse marker and detection of a word having a

discourse function is formulated as a sequence labeling problem.

In order to resolve this sequence labeling problem Conditonal Random Field (CRF) is used in this
study. CRF is a type of probabilistic graphical model that can be used to model sequential data,
such as labels of words in a sentence. In CRF, a set of features are extracted for each word in a
sentence. During model training, CRF will try to determine the weights of different feature
functions that will maximise the likelihood of the labels in the training data. In this study, a

manually labeled data set is used for training the CRF model.

In statistical models, selecting appropriate feature is the primary determining factor of the
performance of the model. Therefore, it is necessary to extract as many features as possible and
train the model with various combinations to achieve an optimal performance. Various studies
show that lexical and syntactic fatures are very useful in disambiguating discourse connectives.
[13] has said that lexical features like the connectives context and POS tags give a strong indication
of its discourse usage. [59] on the other hand has showed that syntactic features are a crucial role
in disambiguating discourse connectives. In this study, since there is no Amharic syntax parser
only the lexical features suggested by [13] are used. Table 4-1 shows the features and their

description and algorithm 4-2 shows the connective identification algorithm.
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Table 4-1 Features used for connective Identification

Features Desciption
1| CPOS Connectives Part of Speech
2| Prey+C Connecitive and the preceeding token
3 | prexy POS Part of Speech of the previous word

4 | Prey POS and C POS Part of Speech of the connective and preceding token

5| C+ next Connective and the next token
6 | Next POS Part of Speech of the next word
7 | CPOS +Next POS Part of Speech of the connective and next token

##Discourse connective ldentification Algorithm

##Input-Marked sentences with N and D for Non-discourse and discourse markers respectively
###Output- Discourse Connective dentification Model
For each sentence in marked sentences

Append a word, marker 2-tuple array of the sentence to 'sentence’ array
For each 2-tuple sentence in "sentence' array
call tagger function to fetch PoS tag for each word
append a word, PoS,marker 3-tuple array of a sentence to 'data’ array
For each 3-tuple sentence in 'data’ array
call ConnectiveFeatures function to fetch *Features’
Separate marker information and append to FullSentenceMarkerData array
append 'Features' to FullSentenceFeatureData array

Split the two arrays into train and test sentence
train and test the model
save the final mode.

Algorithm 4-2 Discourse Connective Identification Algorithm
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4.1.3 Discourse Argument Labeling

The next component of the discourse parser is argument labeler. Argument labeling is concerned
with correctly identifying the position of the arguments. In this study, argument labeling is also
formulated as a sequence-labeling problem. The problem is to assign each word in the input text
an observation category ¢ € {B, |, E}, where B denotes a beginning of arguments, | denotes a
continuation of argument and E an end of argument. In order to resolve this sequence labeling
problem Conditonal Random Field (CRF) are used in this study. CRF is a type of probabilistic
graphical model that can be used to model sequential data, such as labels of words in a sentence.
In CRF, a set of features are extracted for each word in a sentence. During model training, CRF
will try to determine the weights of different feature functions that will maximise the likelihood of
the labels in the training data. In this study, a manually labeled data set is used for training the
CRF model. Tabel 4-2 shows the features used for argument labeling and the algorithm used for

argument labeling is shown in algorithm 4-3.

Table 4-2 Features used for Argument Labeling

Features Desciption

1 | TokenT Each token in the give text

2 | TPOS Part of Speech of the each token in the given text

3 | T Stem Stem of each toke (where applicable)

4 | T Prefix Prefix of each token

5 | T suffix Suffix of each token
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##Argument labeling algorithm

##Input labeled sentences with Argl-N, Argl-l, Argl-E,Arg2-B,Arg2-1,Arg2-E to indicate
the begining ,Inside and Ending of

###Output — Argument Labeling Model

Argl and Arg2

for each sentence in labeled sentences

append a word-label 2-tuple array of the sentence to "sentence’ array
for each 2-tupled sentence in a 'sentence’ array

call tagger function to fetch PoS tag for each word

append a word, PoS, Label 3-tuple array of a sentence to ‘data’ array
for each 3-tupled sentence in 'data’ array

call argumentFeature function to fetch 'Features’

separate label information and append to FullSentenceLabel array

append 'Features' to FullSentenceFeatureData array

split the two arrays for train and test set
train and test model
save the final model

Algorithm 4-3 Discourse Argument Labeling Algorithm

Figure 4-3 describes the discourse connective identification and argument labeling components.
The two tasks are casted as a sequence labeling problem and the process is similar inboth cases.
During the training stage a discourser marked and argument labeled corpus is given to the
preprocessing component. The preprocessing component extracts feature relevant for each tasks
using the algorithms described in section 3.3.1. Using the input corpus and relevant features a CRF
model is trained and saved. During the testing stage unlabeled text is given to the preprocessor to
extract relevant features. Then, using the features extracted and the previously trained and saved

model the labeling for the input text is predicted.
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Labeled Training Stage
Training Text

|| Preprocessing

Preprocessin
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Tnlabeled Test
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Parsing Stage

Figure 4-3 Discourse Connective Identification and Argument Lableling Component

In the test and training corpus used for this study discourse relations appears at two positions: in
the same sentence (SS) and in two consecutive sentences (2CS). Therefore, our system focus on
identifying these kinds of discourse relations by building a model for recognizing discourse

relations in the same sentence (SS) as well as two consecutive sentences (2CS).

4.1.4 Discourse Sense Classifcation

In this study, the discourse sense classification is formulated as a multi-category classification
problem. The purpose of the sense classifier is to determine the discourse relation between the the
discourse arguments, given both of the discourse arguments and the discourse connective. This is
important because a given connective may indicate multiple relation sense under different
circumstance. The sense classifier has a training stage and testing stage. In the training stage a
classifier is trained with a text with its arguments labeled, discourse connective identified and
sense labeled is and relevant features. In the test phase, a text with its arguments labeled, discourse
connective identified but sense not labeled give to the model after the relevant features are

extracted. Based on the features and given input the model labels the sense from the known list of
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senses identified in the corpus analysis. As the discourse connective is a strong feature by itself,
we have trained the classifier using the following three features shown in table 4-3.

Table 4-3 Features used for Sense classification

Features | Desciption

1(C Connective

2 | CPOS | Part of Speech of the connective

3| C + prev | Connective and the previous token

### Discourse Relation Labeling
### Input - A sentence with Arguments Argl Arg2, Connective and Sense Identified
###0utput — Relaion Labeling Model
function senseClassifier (sentence)
For each sentence
separate sense and append to ‘sense’ array
call senseFeature and get connective POS and connective and previous word and append
into 'FullSenseFeature’
append the rest of the input and 'SenseFeature’ into ‘text' array
Assign 'sense’ and "text" arrays to 'sensedf’ and "textdf' data frame
Split the data frame into train and test set
vectorize the "textdf' dataframe train and tes the model using classifierl, classifier2 and
classifier3
save the final models

Algorithm 4-4 Discourse Relation (Sense) Labeling algorithm

Figure 3-10 and figure 3-11 describes the discourse relation labeling component and the algorithm
used for discourse labeling. This tasks is casted as a multi class classification problem. During the
training stage a sentence corpus labeled with argument, connective and sense is given to the
preprocessing component. The preprocessing component extracts feature relevant for sense
labeling task using the algorithms described in section 3.3.1. Using the input corpus and relevant

features multiple (three) classifier models are trained and saved. During the testing stage
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arguments and connective are extracted from the previous models are given to the preprocessor to
extract relevant features. Then, using the features extracted and the previously trained and saved
model the labeling for the input text is predicted.

Argument 1,

Argument 2, Training Stage

Connechive,
Zense

'7 Preprocessing -
| (Feature Extraction) m

Preprocessing
| (Feature Extraction)
Argument 1, Argument 1,
_ Argument 2, Argum erllt 2,
Testing Stage Connective Connective,
SENSE

Figure 4-4 Sense Labeling Component

4.2 Summary

In this chapter full architecture of the proposed PDTB style sentence level discourse parser along
with the three components of the Amharic discourse parser and the approaches used in these
components is explained in detail. In addition, the algorithms used in each componets are presented

and explained in detail. In the next chapter, the experiements conducted on the prototype will be
discussed.
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Chapter 5: Experiement
In this chapter the experiemnts conducted on the proposed system is presented. The first section
explains the preparation process of the data used for the experiement. Section two presents the
analysis reslutls obtained from the corpus preparation. In section 3 the implementation of the
prototype and the development tools used are described. The evaluation metrics and results are

given in section 4. Finally, a discussion on evaluation results is provided.

5.1 Corpus Preparation
The corpus preparation for this study is performed in collaboration with two linguists, both PhD

candidates (During the course of this study) in Addis Ababa University and currently working at
Debrebirhan University, on a News corpus taken from Ethiopian News Agency (ENA). The ENA
corpus was classified into 12 genres namely: Accident, Health, Sports, Politics, Social, Science
and Technology, Economy, Education, Environment Preservation and weather condition, Law and

Justice, Foreign relation, and Culture and Tourism.

Taking the list of words and phrases labeled as cohesive devices by Dereje Gebre [39] and Amharic
discourse markers used in his MSc thesis by Getachew Endalamaw [38] we collected 70 potential

words and phrases that can be used as discourse markers.

First we recorded the distribution and occurrences of each potential discourse marker in each genre
of the ENA corpus using a concordance tool. From this record we selected the potential discourse
markers to use for our purpose based on two requirements. The first requirement is that the total
number of occurrences of the potential discourse markers should be more than 1000. The second
requirement is that each potential discourse marker should have at least one occurrence in each
genre. In addition to this we have included potential discourse markers which exhibited
occurrences lower than 1000 but have distribution in each genre. Accordingly, we selected 24
words and phrases that can be used as discourse markers. Table 4.1 shows the list of words and

phrases selected for the study.

Consequently, we automatically extracted text fragments containing each potential discourse
markers selected based on the previous requirements. We extracted as small as 6 text fragments
for rarely used potential discourse markers and as big as 30 text fragments for frequently used

ones. Totally, we extracted 503 text fragments for this purpose.
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Table 5-1 Lists of potential discourse Markers and their distribution list in the corpus

No. | Words and Phrases Accide Culture | Economy | Educatio | Environment | foreign | Health Law and Politics | Scienceand | Soci | Sport Total
nt and n preservation | relatio Justice Technology al
tourism and weather n
condition
1| Wit 426 | 1527 | 3596 1363 583 876 | 1911 887 4108 356 5| e | 18273
2 L9 491 1053 2911 960 330 479 1206 808 2650 228 %O 1142 13366
3 WG 180 751 878 667 314 823 719 1042 2803 273 934 649 10033
4 (1) 224 548 699 458 150 583 503 583 2069 148 463 518 6946
e 16V TR 16 140 468 1372 640 155 204 850 192 859 126 535 196 5737
6 T 136 495 785 169 192 301 714 395 1518 103 466 229 5503
7 ne+ 137 468 932 338 167 299 750 259 1265 157 434 266 5472
8 AUt 45 496 861 316 143 231 634 138 1360 113 454 104 4895
9 PLI(LA 59 209 1102 445 110 110 749 237 763 112 402 51 4349
10 | vatd 22 174 243 1082 42 59 105 154 426 30 167 607 3111
11 | Qeerroe 68 247 339 191 129 95 256 198 672 9 295 69 2568
12 | Qhv-riub 35 71 693 252 43 58 269 36 280 35 171 8 1951
13 | ncAh-a 61 101 323 120 74 38 181 108 449 20 92 88 1655
14 | nod* 59 82 358 44 58 81 112 120 362 23 134 43 1476
15 | OAHY 2 51 54 8 126 16 32 86 315 6 30 6 732
16 | A7819 14 54 91 40 29 67 44 41 249 13 61 21 724
17 | AHY 8 121 98 15 50 47 37 48 195 5 47 28 699
18 | Othrre 22 33 83 124 17 35 68 22 162 10 44 33 653
19 | Navgavse 3 26 60 230 18 19 46 17 108 11 37 8 583
20 | ¢Toe 11 44 36 7 14 15 22 19 86 8 15 111 388
21 | Novgn.ldge 5 50 19 13 3 12 20 22 172 2 31 16 365
22 | havie 5 36 28 14 19 24 28 47 131 4 22 6 364
23 | 087 1 20 81 60 16 8 35 6 25 4 36 10 302
24 | QU 10 21 39 18 19 9 26 15 50 8 16 10 241
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Next, the text fragments were given for the linguists for analysis. The linguist job was

1. To identify whether the potential discourse markers have discourse function or not in the

given text fragments
2. Ifthe potential discourse markers have discourse function,
a. to identify what discourse relation, the DMs are implying, and
b. to identify which text spans are related by the discourse relations

3. Finally, to draw a classification of the discourse markers according to their associated

relation

5.2 Analysis Results
According to the analysis, out of the 24 words and phrases considered in this study, nine of them

are found to have no discourse function and should be studied in relation to their grammatical
usage. These words and phrases are $29° (LA, Av~7, ALY, A115, &4 NOPE, NAv-*+ 1H , 0257,
and 0 -+hJJ2. In addition to this, the phrase (NA&A h-Q) is removed from the list of potential
discourse markers because the linguists concluded that the text fragments are not properly
constructed to do the analysis. The rest fourteen phrases and words have exhibited single or
multiple discourse functions. The linguists have also prepared a classification of the discourse
markers that exhibited a discourse function based on Getachew Endalamaw's [38] work.
According to their classification, the selected Amharic discourse markers are categorized into three
major discourse relations and five specific discourse relations. Their classification is shown in
Table 5-2 and Figure 5-1.

Samples of the text fragments that are identified to show a discourse usage of the discourse markers
listed in Table 5-1 are shown in Appendix B. The linguists have identified 88 text fragments to
show discourse usage of the discourse markers listed in Table 5.2. The linguists were unable to
provide a conclusive suggestion on whether the discourse marker’s usage is sentential or discourse
on the other text fragments having the same discourse markers except the three discourse markers
(-0 FEE (1147 (e Bavs f) in which they concluded that the usage of these phrases in the rest of the

fragments is clearly sentential.
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Table 5-2 Classification of selected Amharic Discourse Markers

+/e | AT TeRo14 TaAMTS T ohIet-o-mAt | °1198C
1 7 LaP Xy NoogR.LA9° | NaPrPrgP 7

2 OUr79° (e Na7n,LA9° | AAHY AAHY LA
3 ArR.U-9° (ovgavse | AP QAAUI°

4 T3 0A

5 PP

6 U-ATE

Eventually, the analysis results of the linguists were given to an expert on the subject area to be
corrected and verified. According to the verification one additional discourse marker, i.e., 4§ is
identified by the linguist from the text fragments given do not actually show discourse usage and
recommended to drop the results of the analysis. The expert recommended using well-written texts,
for example, History and Fiction Books, inorder to appropriately show the discourse usage of the
mentioned discourse markers. Therefore, the total number of remaining verified discourse markers
used in this study is thirteen. A closer look at the fragments shows that only three discourse markers
(rata's (RAT arBarg ) out of 13 exhibit a sentential usage in addition to a discourse usage. The
other discourse markers only exhibit a discourse usage. Accordingly, additional corpus that
consists of texts from history book and bible is added to improve the corpus. Finally, a corpus

having 250 sentence is prepared.
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Ambharic Discourse
Connectives and

relations

f_‘ﬁ l
Comparison Reason Add on
—
| 1 |
ause - .
Contrast B Generalize Sequence Addition
\ y, L J U J \ )
) ( )
38 A7V = e dir: [ e ) LI
LI AARLY? AAP1I°: AAHY (10 av( Qs W39.U-90%
AU PPl © rhan 16
o ALIRT
- ) — J Y— )

Figure 5-1 Classification of selected Amharic Discourse Markers

Consequently, the final corpus is manually tagged for three computational purposes as follows.

» For Connective classification
As per the experts’ analysis the discourse connectives in the text were tagged with two labels D

and N; D for discourse function and N for non discourse function.

Example -1
a et N At N eaP9® N @-a7rt N A79¢ N A1Hu? N vt N +0s-+ N A.om N eo7e+ ANt
N v23 N Aa N aarig® D He9° N (L.r N 2904 N ase N &C8+F N 965 N AtrtPga N
L4020 N

Example 2
ANNere N 291.0A@< N AHAP N 177 N Av<79° N eAae-7 N eaade N (LP79° D +A+ N A2 N
7 N oA 22+ N 905477 N +G16-0-F

Example 3
N Fena69° N nAne-CS N 422828+ N 2¢ N 0220 N hrthdaes, N A7aC N ¢Ce N L N
FAP N 79900 N 178827 N héZ° ¢t N a8t N avF79° N 1AAPA N 0+AL9° N (aveanse D
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2.8 N ¢ce N 0+ N evaets N et N 782 N A% N +hd+ N +ariFo- N 278732 N
av@/ oFm- N e99.023F N +a0¢ N 1@+ N Q1aPA N

Example 4

e7Ct@ N hoveC N &htC N oo-é- N 145 N QHo- N @P+ N 27845151 N ao&h N (Lovlr
N a2+ N 27907 N A79.A07 N £2CoA N Neorrrg® D ANA-ES N £.94PE N ngecena. N 29+
N Qaodtg N &¢Fat N A78.0a N mePPA N
» For Argument Labeling
The sentences in the training set were tagged using —B, -1, -E label set, represent Beginning of
Argumement, Inside of Argument and End of Argument, along with the prefix Argl and Arg2 as

shown in the following two examples.
Example -1

a7t Argl-B hank Argl-l ead9® Argl-l1 @-a7rk Argl-l A79C Argl-l1 A7 Argl-l
v Argl-l 0et Argl-l aom Argl-l eegfant Argl-l vid Argl-l Aa Argl-E
QA1 Arg2-B  H&9® Arg2-l (e Arg2-1 e Arg2-1 ase Arg2-1  ece-tt Arg2-I
L0264 Arg2-1 AdtPah Arg2-1 24020 Arg2-E
Example 2

anagwre Argl-B eriaao- Argl-l anHa® Argl-l we? Argl-l hAv79° Argl-l ¢aav<7 Argl-
| eandd Argl-l e Argl-E #A+ Arg2-B A2 Arg2-1 a7 Arg2-1 avafet Arg2-I
a4y Arg2-1 +e1e0T Arg2-E

» For Sense Classification

Example -1
a7t Argl-B hak Argl-l ead9e Argl-l @-a7rk Argl-l A79C Argl-l1 A1 Argl-l
vte Argl-l et Argl-l aom Argl-l eoiefant Argl-l vid Argl-l Aa Argl-E
aArT® Arg2-B  H&9 Arg2-l (L Arg2-1 ead Arg2-1 ase Arg2-l1  ecetf Arg2-I
£966 Arg2-1 hatPh Arg2-1 24024 Arg2-E [“1m>Af]

Example 2
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anaewre Argl-B eeia0am- Argl-l cvnq® Argl-l we? Argl-l Av-79® Argl-l ¢ae><7 Argl-
I eaadd Argl-l (ur9® Argl-E A+ Arg2-B A Arg2-1 17 Arg2-1 aoAfet Arg2-
¢y Arg2-1 +910F Arg2-E [aeagt]

5.3 Implementation
The proposed amharic discourse parser is developed using the python programming language.

Python programming language is a widely used programming language in used in the development
of natural language processing applications. In particular, we have used Python version 3 and the
sklearn python package which is a python library for machinle learning offered free of charge [63].
In addition to this, we have used two previously developed amharic NLP tools: namely the Habit
Amharic POS tagger and HornMorpho version 2.5. The IDE used for the development is visual
studio code which is also a free software. The physical machine used during implementation is
Laptop installed with Windows 10 Operating system.

The prototype is implemented as an interactive application that can be launched from the windows
operating system command line. It prompts the user to enter a text and return the parsed output on
the same command line after processing th input amharic text. Figure 5-2 shows the screen shot of

the prototype prompting a user for input text

% python3 ASDP.py

This is L3Morpho, version 3.8 <«
and HornMorpho, version 2.5 <
Please enter the Amharic Text to be parsed: l

Figure 5-2 PDTB Style Shallow Amharic Discourse Parser Prototype
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5.4 Evaluation
The evaluation of the system is given using the three well known measures: precision, recall and

F1 measures. To compute the precision and recall of the system we have used the scemes suggested
by [57]: exact and overlap. In the exact scoring scheme, an argument extracted by the system is
counted as correct if its extent exactly coincides with one in the manulay-annotated corpus. In the
overlap scheme, an expression is counted as correctly detected if it overlaps with an expression in

the manulay-annotated corpus, i.e. if their intersection is nonempty.

Therfore,

True Posetive

Precision = - :
True Posetive + False Posetive

True Posetive

Recall =
ecad True Posetive + False Negative

Precision * Recall

F1=2
X Precision + Recall

Where,

Precision — the proportion of predicted or classifed posetives tht are are truly positive

Recall — the proportion of actual positives that are predicted or classified correctly

F1 — the harmonic mean of precision and recall

Accordingly, for each component the result obtained using the training dataset is presented below.

5.4.1 Evaluation Results of Discourse Connective detection
The connective detection component is measured for the labels D and N which represent given

token has a discourse connective function or not respectively. Accordingly, it has achieved 85%

precision, recall and f1-score for label D and 99 % precision, recall and f1-score for label N.

precision recall +i-score

0.99 8.99 8.99
.85 8.85 8.85

accuracy 0.99

Figure 5-3 Connective Detection Result
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5.4.2 Evaluation Results of Argument Labeling
The argument labeling componets is measured for each label used i.e Argl-B, Argl-l, Argl-E,

Arg2-B, Arg2-1 and Arg2-E which represent wether each word is found at the beginning, inside or
end of argument 1 or 2.

precision recall fi-score

Argi-B 1.00 0.88 .94
Argl-T 8.99 8.97 .88
Argl-E 0.91 0.80 .85
Arg2-B 8.91 0.80 .85
Arg2-T .93 8.99 .96
Arg2-E 1.00 1.00 .08

accuracy .96

Figure 5-4 Argument Labeling Result

5.4.3 Evaluation Results of Sense Classification
The sense classification component is measure interms of the the six senses identified oA+t

16, TANTE, TImPAL, PN H-O-m and 97196C. A comparison of three classifiers namely
Naive-Bayes, Logistic Regression and Random Forest is presented here. According to the result
the Logistic Regression classifier performs best by achieving 71% of accuracy. The Naive Bayes

and Random Forest classifier has achieved 62% and 67% accuracy respectively.

LR, Count Vectors: precision recall fl-score support

IS 7 .88 .8 16
NPT O .55 .79 .65 14
oMeF : : .57 9
Hrd .58 .88 .70
Ttz
“396C

dCCuracy

Figure 5-5 Sense Classification with Logistic Regression
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RF, Count Vectors: precision recall fl-score support

gL
TP M-
THE T
Temng
¥98C

16
14

]

oW 6o
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o
o

oo
O D

fod

aCCuracy

NB, Count Vectors: recall fl-score support

TIEE i .81 .79 16
NPT .55 .43 . 14
TRT+ 1. i g
T g . o a8
T¥96C

dCcuracy

Figure 5-7 Sense Classification with Naive Bayes

5.5 Discussion
The following screenshots show sample of texts that are correctly identified using the two trained

CRF models and the Logistic Regression classifier. The samples consist of correctly parsed
sentenece i.e the arguments, connective and relation is correctly identified and classified. In
addition, the time it took for each parsing is give using linux time command. Based on the length
of the word count a time between 1 minute and 14 seconds and 3 minute and 41 seconds is

registered for the sample sentences.

Example-1
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A% ELLCH NATINET 2C MCTE 1TaP®- W87 AAATI® NAD- LL-NFD-F -0 N&AVFD- A NehAm-PT
A 220N HHFLETFO- P A% hA 1.8CLAO 104

% Argl-B +22ch Argl-I hAT9AHT Argl-I 2C Argl-I oCi+ Argl-I 199®-Argl-I A%? Argl-I A

AAT® Argl-I M@ Argl-I P4AT0% Argl-I &0 Argl-I (2470 Argl-I 477 Argl-I heda®Pt Argl-I
0%\ Argl-E A9 Arg2-B heTo-Arg2-I Cvrt Arg2-I A% Arg2-I +ha Arg2-I 19C1a Arg2-I
Y04 Arg2-E ,02A

[*hamg' ]

real 2m30.315s

Figure 5-8 Screenshot of correctly parsed sentense with the sense '+amté
Example 2
et A7 A% PUAN WL $P PO APA hPPINGT WP LL 9P LAT° NG E@- av

Hk Argl-B A%7& Argl-I a%t Argl-I Pud Argl-I A72 Argl-I ¢ Argl-I @4 Argl-I AfA
Argl-I AP®109 Argl-I APc4 Argl-I %22 Argl-E Neexa? Arg2-B hehi@-Arg2-I $o0 Arg2-E
, R A

[Tomang’ ]

real 1ml4.868s

Figure 5-9 Screenshot of correctly parsed sentense with the sense '“Im>a¢
Example 3

NGPC o110 0LFF7 AB ATLEPUNT QATPEE LAFTTYT AeNHIT (LBLI° NH NHIP? (A v\ 738 AST
ATIG e TATA

N§$C Argl-B 21110 Argl-I FT7 Argl-I AF Argl-I A%%0T Argl-I QAowr Argl-I La5F77
Argl-I AS{WHT Argl-I (#e Argl-E W Arg2-B NH1?2% Arg2-I (A Arg2-I vdAt Arg2-I o3
Arg2-I AET Arg2-I AE4+ Arg2-I TAGA Arg2-E ,08L9

[omet ]

real 1m31.582s

Figure 5-10 Screenshot of correctly parsed sentense with the sense '@eA¢-+ '
Example 4

&TYP 19 AATIPR LIPN-LEPS NehH: HYL: 49Tt PAD- JPCoRY Z18.N%L av<PP 918, 3177 Nh90(
ATOMAT NAPA A8.0-9° h7Ath TCHEPT o1+ 1048 oAl FhhAS TLHSPS CMNbTT PAD- avlF
ATNEFAN ATLCANT (LAIP QATD-PPE AR avo)\sepFD- TNOPA
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/e Argl-B 11 Argl-I QAR Argl-I £9NOP9S Argl-I (lanit Argl-I W22 Argl-I 497%Y+ Argl-I A
"Argl-I U Argl-I ARNhEE Argl-I o®@ Argl-I 98097 Argl-I OAM(F Argl-I A30MY Argl-I e
Argl-E A¥p9® Arg2-B honth Arg2-I JU49F Arg2-I andYi+ Arg2-I NeA Arg2-I o\ Arg2-I hhA

y Arg2-I "4Ses Arg2-1 704t Arg2-I SA®Arg2-I ov¥ Arg2-I AYMIE Arg2-I AGTLCAAT Arg2-I AA

Arg2-I NAoPFE Arg2-1I (ARY" Arg2-1I owidear Arg2-1 10870 Arg2-E W HApe"

['hatr' ]

real 3m41.526s
Figure 5-11 Screenshot of correctly parsed sentense with the sense "temn974 '
Example 5

A28HY CAD<T SNAUPTTG CHHPTT 1€ (LT aP4MC7 LOTPACISA 078 D17 LA° LIEFTS CTHVANT?
U5k rArkt HPET PAmAL

A18Hy Argl-B PA®@F Argl-I P0WFIS Argl-I V400 Argl-I »C Argl-I APe+ Argl-I o®ac? Argl-I

PO SA Argl-I 038 Argl-E a7 Arg2-B £99° Arg2-I PAYEHMS Arg2-I PYWAATY Arg2-I o4t Arg2-I
Akt Arg2-T Maey Arg2-I Paaid Arg2-E 2990

['"¥96C"]

real im36.172s

Figure 5-12 Screenshot of correctly parsed sentense with the sense '*7196¢’'

Example 6

0LC AN A°CoF 07891 19T ANINEI® NP rg° BT AIIHF@<7 &M~ PANT COPF-FATP
AWTRNER 0P2A PH1L50T ADMOL, 0PCN L o T -
NLCT Argl-B PAI4Y Argl-I +€%F Argl-I VY % Argl-I Y9%7 Argl-I AQY(Z9™ Argl-E Nowrd™ Arg2-B

Wit Arg2-I A9% FFon Arg2-1I h&o-Arg
P47 280% Arg2-I AD9FLArg2-I P¥CA

1
2-1 TAYY Arg2-I COP-9A7" Ar Ny Arg2-1I 2840 Arg2-I1
A
(o)

rg2-I 14 Arg2-I W) Arg2-1I o Arg2-E ,(owpy"

['hyet-amd' )

real 1m33.376s

Figure 5-13 Screenshot of correctly parsed sentense with the sense '9*h7¢+-o-m-t'

Unlike the above samples we have also encountered incorrectly parsed sentences. Incorrectly
parsed texts are text in which the argument is incorrectly identified or connective is incorrectly
identified or sense is classified incorrectly. Certain samples of incorrectly parsed sentences is give

below

Example 1
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AHH aon(1C PA° oo (1C PTLFAD- WC 1@< AAHLY U-e9° QD AgPNAB°1S ATPNOC +o1 a0 21 hANT PTLA
&'t A9k AN

AHH Argl-B ohNC Argl-I PA9° Argl-I onNc Argl-I P99\@- Argl-I vCF Argl-I 1@-Argl-E QAHY
Arg2-B uvi® Arg2-I a®-Arg2-I AdA89S Arg2-I Aoh(ic Arg2-I 49F Arg2-I opgd Arg2-I AAQ+
Arg2-I o\ Arg2-I &'r Arg2-I h9%+ Arg2-I AN Arg2-E ,0AHY

[‘ome' ]

real 1m56.411s

Figure 5-14 Screenshot of Incorrectly Parsed sentense with the sense 'apAg-H

In figure 4-12 even if the arguments and discourse connective are correctly identified, the sense
is classified incorrectly as ‘@A’ while the correct sense is ‘“Im AL,

Example 2
Nt PPLavF PLC LLATT 104 PPAe NHT PAD* K915 (MC +Hhta

et Argl-B f420% Argl-I dC Argl-I 420%T Argl-I 104 Argl-I ¢70 Argl-E {H+ Arg2-B fA@
Arg2-I AT Arg2-I oC Arg2-I Hhih Arg2-E ,+Tic

[ Hhams' ]

real em55.164s

Figure 5-15Screenshot of Incorrectly Parsed sentense with the sense "tam 4’

In figure 4-13 while the sense is classified correctly as ““+AM$’ and the discourse connective is
identified correctly the span of the first argument is incorrectly identified. The correct span of the

first argument ends at the word ‘104",

In this chapter the evaluation metrics used for evaluation is introduced and results are given. In
addition, sample outputs of correctly and incorrectly parsed sentence area discussed. Even if the
results are encouraging, the incorrectly parsed sentences clearly show that there is a lot of room

for improvement in the future.
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Chapter 6: Conclusion and Future Work

6.1 Conclusion
In this study, the design and development of Amharic shallow discourse parser is described. The

thesis began with a brief discussion on the concept and applications of discourse, discourse
structure and discourse parsing. In this discussion, it is indicated text is not just a sequence of
sentences but an entity that has a complex structure having a vrious meaningful relations called
discourse relation. In addition, it is shown that knowledge and understanding of this structure is

very useful for the development of various NLP applications.

Consequently, a literature review is conducted on various theoretical frame works of discourse that
are used as a basis for the manual annotation of discourse tree banks and development of automatic
discourser parsers. In addition, the prominent styles of automatic discourse parsing and the
approaches used are discussed. Finally, research works on Amharic discourse are reviewed in
consideration with identifying language specific features of Amharic to be used in designing the
and development of the parser.

Next, the preparation and analysis of the corpus used for the study is described in detail. Due to
the absence of a discourse annotated corpus of Amharic, the corpus is prepared by the researcher
in collaboration of linguistic experts. This discourse annotated corpus is used as an input for the
parser. The thesis has also presented the model and approach used to design and develop the
Ambharic shallow discourse parser. The visual studio development platform with sklearn python

package and Habit Tagger with HornMorpho is used as a development tool.

Experiments were conducted on the parser by splitting the corpus in to training and testing dataset
by 70/30 ratio. Based on the results from the experiemtns the discourse parser has given

encouraging results. However, there is a lot that has to be done to improve the discourse parser.

6.2 Contribution of this work

In this thesis, two important contributions are made to the field of Amharic discourse parser. In
chapter 4, the architecture of a PDTB style sentence level Amharic discourse parser is given along
with components and their specific role. In addition, three algorithms that are used for discourse

connective identification, argument labeling and sense labeling are developed. To the best of our
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knowledge there is no discourse parser designed or algorithms developed specifically for Amharic
so far.

In Chapter 5, we have explained the preparation of the discourse corpus used for experiment
purposes in which a corpus consisting of 250 texts is prepared. This corpus can be used in future
works to improve the proposed system or develop a new one buy applying alternative approaches.
Therefore, we believe design of Amharic discourse parser architecture and algorithm and
preparation of Amharic discourse corpus are the major contributions of this study.

6.3 Recommendation
Discourse parsing is a difficult task, which requires more time and needs more linguistic resources

to make it full-fledged. Hence, further improvements and modifications are required. Below,
additional features that can be added to increase the performance of the system and future research

directions are listed.

» Improving the current discourse parser by including syntactic information: The
discourse parser proposed in this study can be improved by taking advantage of

syntactic information gathered from syntactic parsers.

> Replicating the work in other local languages: Since Ethiopia is a multilingual country,
implementing the sentence level discourse parser for languages other than Amharic is

a potential future work.

» Preparation of manually annotated Amharic syntactic as well as discourse tree bank
corpus: Even if the research in computational linguistics in Amharic language is
improving from time to time, there is still a big gap that needs to be filled in relation to
manually annotated corpus that can be used in natural language processing studies.

Therefore, preparing such corpus can be a future work.

» Text level discourse parser: The discourse parser presented here only works for
discourse relations within a sentence or between two sentences. However, discourse
structure is not limited to sentence level but spans paragraphs and the whole text.
Therefore, developing a text level discourse parser for Amharic is also another future

work.
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Appendix A

A total of 53 mononuclear and 25 multinuclear rhetorical relations are listed here. Table 1 below
is a complete listing of all the relations, arranged alphabetically by mononuclear relation.
Mononuclear relations are listed in Column 1 if the satellite is the unit that characterizes the
relation name. For example, in a BACKGROUND relation, the satellite provides background
information for the situation presented in the nucleus. Mononuclear relations listed in Column 2
are those in which the nucleus characterizes the relation name. For example, in a CAUSE relation,
the nucleus is the cause of the situation presented in the satellite. Column 3 lists the multinuclear
relations. Corresponding mono and multinuclear relations are shown across a single row. (In some
cases, this results in the multinuclear relations appearing out of alphabetical order.)

Mononucleus (Satellite) Mononucleus (Nucleus) Multinuclear
analogy Analogy
antithesis Contrast
attribution attribution-n
background

Cause Cause-Result
circumstance
comparison Comparison
comment

Comment-Topic

concession

conclusion Conclusion
condition

consequence-s consequence-n Consequence

contingency

Contrast (see antithesis)

definition

Disjunction

elaboration-additional
elaboration-set-member
elaboration-part-whole
elaboration-process-step
elaboration-object-attribute
elaboration-general-specific
enablement
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Mononucleus (Satellite)

Mononucleus (Nucleus)

Multinuclear

evaluation-s

evaluation-n

Evaluation

evidence

example

explanation-argumentative

hypothetical

interpretation-s

interpretation-n

Interpretation

Inverted-Sequence

List

manner
means
otherwise Otherwise
preference
problem-solution-s problem-solution-n Problem-Solution
Proportion
purpose
question-answer-s question-answer-n Question-Answer
reason Reason
restatement
result Cause-Result
rhetorical-question
Same-Unit
Sequence

statement-response-s

statement-response-n

Statement-Response

summary-s

summary-n

temporal-before

temporal-same-time-s

temporal-same-time-n

Temporal-Same-Time

temporal-after

TextualOrganization

Topic-Comment

topic-drift

topic-drift

topic-shift

topic-shift
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