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ABSTRACT

Open Information Extraction is the process of discovering domain-independent relations by
providing ways to extract unrestricted relational information from natural language text. It has
recently received increased attention and applied extensively to various downstream
applications, such as text summarization, question answering, and informational retrieval.
Although a lot of Open Information Extraction systems have been developed for various
natural language text, no research has been conducted yet for the development of Amharic

Open Information Extraction (AOIE).

As litrature has shown, the rule-based approach operating on deep parsed sentences yields the
most promising results for Open Information Extraction systems. However, to the best of our
knowledge, there is no fully implemented deep syntactic parser available for Amharic
language. Therefore, in this thesis, we propose the development of a rule-based AOIE system
that utilizes shallow parsed sentences.

The proposed system has six components: Preprocessing, Morphological Analysis, Phrasal
Chunking, Sentence Simplification, Relation Extraction, and Post-processing. In the
Preprocessing, each word in the input text is labeled with an appropriate POS tag, and then
well-formed and informative sentences are filtered out for further processing based on POS
tags of words. The Morphological Analysis component produces morphological information
about each word of input sentences. The phrasal chunking component divides the input
sentence into non-overlapping phrases based on POS and morphological tags of words. The
Sentence Simplification component segments the sentence into a number of self-contained
simple sentences that are easier to process. In the Relation Extraction, relation instances are
extracted from those simplified sentences and finally the post-processing components prints

extracted relations in N-ary format.

The proposed method and algorithms were implemented in prototype software and evaluated
with a dataset from different domains. In the evaluation, we showed that the system achieved

an overall precision of 0.88.

Keywords: Open information extraction, chunking, sentence simplification, relation

extraction.
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CHAPTER ONE: INTRODUCTION

1.1 Background

With the increasing number of digital data sources and the rapid growth of data volume, there
has been an increase in interest for utilizing extracted information in everyday applications
[1]. Government agencies, research institutions, corporations, and even individuals are all
realizing the value of information in free text to make well-informed decisions and to maintain

a successful business [2].

Due to the diverse nature of data contained within digital data sources, searching and finding
appropriate information is becoming extremely challenging and it remains an open research
problem [1]. What makes information extraction difficult is the fact that data is initially
unstructured and is described using human-understandable language, which makes the data
limited in the degree in which it is machine-interpretable [1]. This problem drived the
automation of information and knowledge extraction. A lot of researches are still being
conducted to automate the extraction of information from the raw text in order to organize the

text in a structured format [3].

Information Extraction (IE) is the task of automatically extracting knowledge from text [4].
The primary goal of designing IE systems is to organize unstructured and semi-structured
representation of data into structured representations, such as templates and database entries
which makes further analysis or processing of this information easier because computers are
much better at processing structured information than they are at processing unstructured

information [2].

The core task of IE systems is to identify entities and relationships expressed using natural
language. However, the traditional paradigms of IE, which were initially proposed in the series
of Message Understanding Conferences (MUC) [4], require either hand-tagged training
examples for each target relation or pre-specified relations along with hand-crafted extraction
rules as input. Such inputs are specific to the target domain; shifting to a new domain requires
extensive human involvement in creating new extraction patterns or specifying hand-tagged

new training examples [5]. This approach to IE is not portable across domains and does not



scale to massive and heterogeneous corpora like Web where the relations are unanticipated
[6]. To overcome these limitations, Open Information Extraction (OIE) has become more
strongly suggested. It has made possible to process massive text corpora without restriction to
extract a certain type of relations and attributes, and without having to require much human
effort [7].

The OIE paradigm was introduced by Banko et al. [5] aiming to develop domain-independent
extractors of information by providing ways to extract unrestricted relational information from
text. According to [8, 9], OIE has several advantages over the traditional IE approaches. It
made easier to extract many kinds of relations without requiring manual labor for building
extraction rules and hand-tagged training examples for each relation. Because of its ability to
extract information for all relations at once without having them named explicitly, it also has
a significant scalability advantage over previous IE architectures. Traditional IE systems
usually search for entities that are associated with the type of relation which the system was
configured to extract; whereas an OIE system tries to find relations as well as the entities
taking part in those relations which are not predefined. Traditional IE systems require a
specific pattern for each relation. On the other hand, OIE systems need a set of patterns that
are not related to any specific relation, and these features are useful to extract relations of any

nature.

Moreover, according to the classification of IE given by Romadhony et al. [10], there are two
approaches to IE: template-based and relation-discovery approach. Most of the traditional 1E
systems were using template-based approaches. These approaches require predefined template
slots to perform IE tasks. On the contrary, OIE is a relation-discovery approach. Unlike
template-based, relation-discovery approaches do not require predefined template slots;
rather, they are designed to extract unrestricted types of relations and they represent the
discovered relations in the form of set of triples, {(argl, rel, arg2)}, where argl and arg2 are
entities and rel is a textual fragment denoting a semantic relation between the two entities. In
spite of their limitation of covering broader domain, templates-based approaches can extract
a richer and more readable representation of a particular domain than relation-discovery
because they extract only relevant information of interest from given text [11]. For that reason,

some researchers (e.g., Romadhony et al. [10] and Balasubramanian et al. [12] ) have



investigated methods of using OIE results to extract IE templates automatically. These works

showed that template structure can be created automatically from outputs of OIE systems.

The OIE paradigm has achieved a notable measure of success on massive and open-domain
corpora drawn from the Web [13]. Nowadays, OIE is extensively being applied to various
applications as an important intermediate step of the Natural Language Processing (NLP)
stack for many text mining tasks [14]. It has been used for text summarization [15, 16, 17,
18], ontology population [19], event schema induction (template extraction) [10, 12], question
answering [20, 21, 22], etc. In addition, according to [6], the output of OIE systems has been
used to support tasks like learning selection preferences [23], acquiring common-sense

knowledge [24], and recognizing entailment rules [25, 26].

Ambharic language, in a variety of respects, has different grammatical structures to other
languages like English. Although some efforts are made toward designing IE models for
Ambharic text, all of these works have used traditional approaches to IE. To the best of our
knowledge, no research works have been done on Amharic OIE yet. Therefore, in this thesis,
we propose to design an Amharic OIE system specially designed to meet the characteristics
of Amharic language.

1.2 Motivation

Amharic is an Afro-Asiatic language of the Semitic branch. It is the second most spoken
Semitic language in the world after Arabic [27]. The language serves as the official working
language of Ethiopia and it is also the official or working language of some of the states within

the federal system [28].

There is much Amharic text available online, which discuss all possible topics, written and
published every day by news agencies, governmental organizations, private companies,
bloggers, and users of Social Medias. With the dramatic increasing of these digital data
collections of different text types such as news messages, articles and web pages, automatic
support for the extraction of relevant information from these numerous unstructured texts has
become a critical need. In spite of the relatively large number of speakers, Amharic is still a
language for which very few computational linguistic resources have been developed, and

very little has been done in terms of making useful computer-based applications available to



those who speak Ambharic [28]. These gaps produce the drive and desire which motivates us

to engage in this research work.
1.3 Statement of the Problem

Traditional 1E was relied on a significant amount of human involvement in preparing hand-
crafted extraction patterns and hand-tagged training data. In recent years, on the other hand,
OIE has become more strongly recommended to overcome the limitations of traditional 1E
approaches [7]. TextRunner [5], WOE [29], ReVerb [13] and OLLE [30] are some of the most
representative examples of OIE systems that offer excellent performance in automatically
extracting structured information from unstructured natural language text. These systems have
been designed, implemented and evaluated predominantly for English. Unfortunately,
because of their heavy reliance on linguistic tools such as part-of-speech taggers and
dependency information as well as immediate lexical information to define patterns or
constraints for relations, all these systems cannot guarantee the same level of performance on
languages other than English. Due to the complexity of natural languages and differences in
linguistic characteristics and rules, it is difficult to design a solution that would be universal
and applicable to any language. This problem has enticed many researchers to come up with
a solution that fits a specific language. As a result, OIE systems for languages other than
English are currently being actively researched, e.g., Chinese Open Relation Extraction (RE)
[31] and Korean OIE [7].

Because of the advancement in informational technology, the number of Amharic documents
in electronic formats on the World Wide Web is rising very rapidly. In order to make use of
this growing resource, there is a need to extract useful and structured information
automatically. Since OIE systems use language-specific features, systems designed for other
languages are not applicable to Amharic. Getasew Tsedalu [32] and Bekele Worku [33]
designed IE models for Amharic text. However, both works have focused on small and
domain-specific corpora like Newswire articles on infrastructure domain, where the texts are
similar and a set of relations are pre-identified. The adaptation of these works to a new domain
requires manual labor preparing hand-crafted training examples and extraction patterns. Thus,
they are not scalable or portable across domains and not suitable for massive and

heterogeneous corpora like Web. Furthermore, both authors used template-based approaches.



In other words, templates were hand-crafted and focused on specific domains of interest which

also limits the applicability of IE to a new domain.

To the best of our knowledge, no research works have been done on Amharic OIE yet. The
aim of this research work is, therefore, to design an OIE for Amharic text that extracts un-

predefined and domain-independent information, and scalable to Web text.
1.4 Objectives

General objective

The general objective of the research work is to design a model for Amharic OIE which can
extract open-domain relations and their arguments automatically from Amharic text.

Specific objectives

In order to achieve the general objective stated above, the following specific objectives should

be addressed.

e Perform an extensive review on previous research works focusing on IE in general and
OIE in particular.

e Collect Amharic text corpus.

e Study the grammatical structure of Amharic language with respect to OIE.

e Design an OIE model for Amharic text corpus.

e Develop a prototype.

e Evaluate the performance of the system.



1.5 Methods

In this research work, we will design an OIE system for Amharic text. Towards achieving the

main objective, the following step by step procedures will be followed.
Literature Review

A literature review will be conducted to understand what is done and what is not done in
previous works. In this study, to understand the problem domain, works of literature that are
directly related to IE will be reviewed and we will give special emphasis to studies conducted
on OIE.

Corpus collection and Data preparation

Ambharic text data will be collected from different data sources and different facts about
Ambharic sentence structure will be studied to understand the nature of the Amharic languages

with respect to OIE.
Design

Methods used in OIE can be divided into data-based and rule-based. Data-based OIE generates
patterns based on training data represented using a dependency tree or PoS-tagged text. Rule-
based OIE relies on hand-crafted patterns from PoS-tagged text or rules operating on
dependency parse trees. By comparison, rule-based OIE systems achieved much better results.
So that the rule-based method will be used in designing OIE for Amharic text.

Prototype Development

In order to evaluate the performance of the proposed method, a prototype system will be
developed. Different appropriate tools will be selected and used to develop the prototype. We
will try to reuse different existing methods, frameworks and software components as far as

possible.
Evaluation techniques

The study includes designing OIE system for Amharic text and implementing a prototype of
the system. So, the performance of the system has to be evaluated. At the final stage of the
study, the test corpus will be prepared, queries will be constructed and relevance judgment

will be made for evaluating the effectiveness of the work.
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1.6 Scope and Limitations

The focus of the study is designing OIE system for Amharic language. The scope of the study

covers the extraction of information from only text data. Other data types such as video, audio

and graphics will not be the focus of the study.

1.7 Application of Results

OIE provides a way to find structured data from open text. The output of OIE can be used in

various applications. Some of the applications are the listed below:

Question Answering (QA): aims to automatically answer a user’s factual question in
natural language by extracting answers from web pages scattered across the internet.
QA systems require understanding and structuring the information in a form that can
be later mapped to questions and answers. OIE can be used to provide structured
information about the content of web pages of any domain.

Opinion Mining System: extracts opinion information about a particular object which
is available in blog posts, social media, and different websites. OIE systems can
provide structured information about the content of web pages.

Ontology Population: ontology is a collection of facts (i.e. entities and relations
between entities). Ontology can be populated either automatically or manually from
unstructured or semi-structured data sources. Since OIE systems are able to extract
relation instances from a large collection of documents, the output of these systems
can be used to populate the ontology of any domain. The applicability of OIE to the
ontology population is studied in [19].

Text summarization: relation instances extracted from OIE systems could be used to
infer or measure the redundancy between sentences based on the relation instances
extracted from the input corpora. The authors in [15, 16, 17] studied ways of

generating text summary based on relations that are more relevant to each query.

Therefore, NLP practitioners, researchers, government offices, traders, companies, managers

and even individuals will be the users that directly or indirectly benefit from the research

work.



1.8 Thesis Outline

The remaining chapters of this thesis are organized as follows. In Chapter 2, we review the
basic structure of Amharic language, the different approaches, methods, and challenges in
early work on IE and it also provides an overview of OIE and the state-of-the-art approaches
used in OIE systems. Chapter 3 discusses related work conducted in the field of OIE. In
Chapter 4, we introduce AOIE, the first Amharic OIE system that we proposed to perform
open information extraction from Amharic sentences. Chapter 5 describes the experiment and
discusses the results. Finally, In Chapter 6, we summarize the achieved results and the
conclusions about the performance of the proposed Amharic OIE system.



CHAPTER TWO: LITERATURE REVIEW

In this chapter, literature in Information Extraction (IE) as well as in Open Information
Extraction (OIE) are reviewed. First, the Amharic alphabet, word classes, phrases, clauses,
and structure of Amharic sentences are discussed. Then, the chapter provides a brief
introduction to IE, emphasizing its subtasks and the main classification of IE. The history of
IE development and the comparison between traditional IE and OIE can be traced through the
discussion. This is followed by a thorough discussion of OIE with the aim of identifying state-
of-the-art methods of IE. Finally, approaches and evaluation techniques used in OIE are

investigated.
2.1 Amharic Language

Amharic is an official working language of Ethiopia and it is a lingua franca by non-Amharic
native speakers in Ethiopian towns. Among the most widely spoken Semitic languages such
as Arabic, Tigrinya, Hebrew, Aramaic, Assyrian and Maltese, Amharic is the second most
spoken Semitic language in the world next to Arabic [27]. It is also the most widely spoken
Sematic language in the Horn of Africa. The majority of the speakers of Amharic are found
in Ethiopia, but there are also Millions of emigrants outside of Ethiopia speak the language.
Particularly, Most of the Ethiopian Jewish communities in Israel and emigrates in the USA,

Canada, and European countries speak Amharic [28].
2.1.1 Amharic Writing System

Amharic is written using Ethiopic script, a version of the Ge'ez script known as &.24 -Fidel
("alphabet", "letter", or "character") [34]. It is written in a tabular format of seven columns
where the first column represents the base characters and others represent their derived vocal
sounds. In addition, there are about two scores of characters representing labialized characters
such as 4. (lwa), 21 (mua), a. (sua), etc. There are 33 base characters in Amharic alphabet.
Each base character has six other forms which are derived by applying different vowels to the
base character. While the base characters have the vowel ‘A(&), its derived characters have
vowels in the order of &(u), A.(1), 4(2), & (€), & (), and 4 (0). For example, for the base character
(1 (sd) the following six characters are derived from the base character: - (su), a. (si), 4 (sa),

(- (Se), i (S), & (so0). Except from the two base forms (i.e., 4 and 0) which represent vowels (&),



the rest of 32 base characters are a pair of consonants and vowels. The vowels are not encoded

explicitly but appear as modifiers of the base characters. Therefore, these 33 basic characters

with their six derived forms will give (33 + 6*33) syllable patterns (syllographs) [33] (See

Appendix A).

The Amharic writing system also consists of punctuation marks. Some Amharic punctuation

marks are exactly the same as English punctuation marks, but there are also some punctuation

marks that are different from their English equivalent [34]. Table 2.1 lists frequently used

Ambharic punctuation marks, their equivalent in English, and their usage with examples.

Table 2.1: Amharic punctuation marks and their usage

No Name Amharic English  Usage Examples
Symbol  Symbol

1 Full stop =2 Marks the end v 9IcF avgye HT =/
(Period) of declarative Marta bought a
Heh ) sentences. book.

2  Comma H Show a separation TCH RYE T LATC
vnd ACH ’ of ideas or elements T OCA AG B M

within the structure /Marta bought
of a sentence. book, exercise book,
bag and shoes.

3 Question ) 2 Indicate a direct /0 avF  QavAAAN?
Marks ¢ question when /When will Yuhanis
ant placed at the end of return back?

a sentence.

4 Exclamation | | Used when a person ange 21cMn! NVery
point wants to express an Amazing!
PO hOF emotion or add

emphasis.

5 Semicolon % . Connect
ol ACT ’ independent

clauses.

6  Quotations ¢ 9 “ Used to mark quotes L7 “ics avgie
Mark MF=” AA =
ThIPCt PO

10



2.1.2 Word Classes

The most commonly used Amharic word classes are: Noun, Verb, Adjectives, Adverb,

Preposition and Conjuctions [36].

Noun

Nouns are words that are used to name or identify any of the categories of things, people,

animals, places, ideas, or a particular of one of these entities [33].

An Amharic noun consists of a stem and zero or more affixes. Despite some exceptional plural
forms exist in Amharic (e.g., ‘9?7912~ mengi”st-at (governments)’ is a plural form of a noun
‘a9t mengist (government)’), the most common plural form of Amharic noun suffix is “-
»T/-PF (-och/-woch)”. To convert nouns to their plural form, if a noun ends with consonant,
‘- (-och)’ will be added to the end of the noun and the vowels ‘O’ changes the structure of
the last letter (e.g., AT (a@< »TF) (sew-och). If a noun ends with a vowel, ‘-#¥F/-woch’ will
be added to the end of the noun [34].

There are many possible possessive suffixes for the different combinations of person, number,
and gender. Table 2.1 shows how Ambharic nouns can be affected for person, nhumber and

gender for the noun ‘@7%29° -wendim (Brother)’.

Table 2.1: Amharic noun affection

Person Gender
Singular Plural
Masculine Feminine Masculine Feminine
1st person O72:9°_h/@72:% (my brother) O8I W 0787
(our brother)
2nd person o789 v/ o7&9°-ti(your brother) | @7&9° Afo-/o7eo 1t
(your brother) (your brother)
3rd person O ke o729° P(her brother) | @& _KFO[OI2TVFD-
(his brother) Thier brother
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Verb

A verb is a word that expresses an action, an occurrence or a state of being. Amharic verbs
are very complex as in other Semitic languages [33]. A single Amharic verb may convey the
subject and object of the sentence [35]. For instance, the word “194%5°4” in English, it means
‘he will tell me’; the subject (he) and the object (me) is implicitly stated in a single word. This
verb “@19145°A” is analyzed as follows. Verbal root: ngr (‘to tell’). Verbal stem: negr (‘will
tell), subject: yi...al (he) and object: efi (me).

Ambharic verbs are consisting of a stem and ZERO or many affixes. Affixation can be prefix,
infix, suffix and circumfix. The stem of a verb is composed of a root and a template. The roots
represent the basic lexical component of the verb. It is characterized as a sequence of
consonants or "radicals"”. The template consists of slots for vowels which are inserted among
the consonants of a root to form a stem and it represents tense, aspect, mood, and one of a
small set of derivational categories: passive-reflexive, transitive, causative, iterative,
reciprocal, and causative reciprocal [35]. Amharic verbal stems consist of a root, vowels and
template. For instance, sbr + ee + CVCVC forms the stem seber (‘broke’). Each lexeme can
appear in four different tense-aspect mood (TAM) categories. They are perfect (ive), imperfect
(ive), jussive/imperative, and gerund (ive). Figure 2.1 [35] shows examples of Amharic verbs

for each category.

+ perfective: L0 der_es-e

« imperfective: exchi vi-ders-al

« jussive: £ 40 vi-dres
imperative: 24N dres

+ gerundive: LCih ders-o

Figure 2.1: Examples of Amharic verbs in four TAM categories

Amharic verb must agree with its subject. Subject-Verb agreement is expressed by suffixes
alone in some TAM categories (i.e., perfective and gerundive) and by a combination of
prefixes and suffixes in other TAM categories (i.e., imperfective and jussive/ imperative).

Baye Ymam [34] described these catagories of verbs as follow:
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Perfective verbs are formed by adding suffixes like h/ku, h/k, t/sh, &le, At/ch, hE/cu, Afu
that indicates person, gender and number to the perfect verb stem. For example, from a verb
stem 22: (‘hEd), perfective verbs such as 22n- (hEdku), 2&h (hEdk) , 281 (hEdsh), 22 (hEde),
%2 (hEdch), 4% (hEdacu) and %4 (hEdu) can be formed.

Gerundive verbs are formed by adding suffixes at the end of the gerundive verb to indicate
person, gender and number. Suffixes such as: Av-/ahu, Av/ah, A1, 4/a, AF/ac, A7/an, AFu-/chu
and atPéd/ewal can be added to a verb stem. For example, the stem “AC (sEr)”: gerundive
verbs such as acu-((sErahu),), acv(sErah), ac-a(sErash), ac-(SEra), ac-(serac) asz(sEran),
a¢-Fu-(sEracu) and act+Pa(sErtewal) can be formed.

Imperfective verbs are formed by affixing morphemes like A-a/l-i. t-/t-, F- AJt-i, &- Aly-i,
7 - & n-i, “t-&/ t-u and £- &/ y-u that indicates gender, person and number. The following are
examples of imperfective verbs which are formed from the steam %¢ (hEd): aZ/lhld,
TL&MhEd, F28/thEji, 87.8/yhld, 7ZL/nhld, +44. thEdu and £%4/yhEdu.

Jussive and imperative verbs are sometimes called mood and jussive verbs are used to
express command for first and third persons whereas imperative verb is used to express the
second person in the singular and plural form [34, 36].

Adjectives

Adjectives in a sentence modify nouns to denote quality of a thing which tells to what extent
a thing is distinct from something else [33]. It comes before a noun to qualify a noun with
some form of size, kind and behavior. For example, in the sentence “t®C 0ca (red bag)” the
word “r&C (red)” used to qualify the color of the noun “nca (bag)”. The morphology of

Ambharic adjectives is similar with Amharic noun.

Adverb

An adverb uses to qualify a verb by adding extra information to the sentence. Adverbs usually
precede the verbs they modify or describe [34]. The followings are examples of Amharic
adverbs: “tq7t (Yesterday)”, “fae/Quickly”, “h45/Hardly” and “AL15/Dangerously”.

Preposition

A preposition is a word that can be placed before a noun and perform adverbial operations

related to place, time, cause and so on; which can’t accept any suffix or prefix; and which is
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never used to create a new word. Prepositions could not have any meaning alone but they will
have meaning only when they are attached or used together with other words such as nouns
and pronouns. Some of the prepositions include “h/from”, “A/to”, “@L/to”, “hA/for”,

“hrLlike”,” pclwith”, etc.

Conjunctions

Coordinate conjunctions are words that used to join two equal words, phrases, clauses and
sentences. The most frequently used Amharic coordinate conjunctions are: “AS (and)”, “7%
(but)”, and “@g9° (or)”. For example, in the sentence, “A &L PAO AS 9°6P DLNT aPmPI°
+Fant: (Ethiopia can use both Aseb and Massawa Port.)” the conjunction “A§ (and)”
connects the two noun phrases “?A0-1 @2 (Aseb port)” and “?9°6P @&/ (Massawa port)”.

2.1.3 Phrases

A phrase is a structure in a language that is constructed from one or more words. In Amharic,
phrases are categorized into five categories: noun phrase, verb phrase, adjectival phrase,
adverbial phrase and prepositional phrase [34,36]. Each phrase type can be categorized into
“simple” (where only one word class is represented) and “complex” (where more than one

word classes are represented).

Noun Phrases

A noun phrase (NP) is a syntactic unit in which the headword is a noun or a pronoun. The
head of the phrase is always found at the end of the phrase. This type of phrase can be simple
or complex. The simplest noun phrase consists of a single noun or pronoun such as: “af (he)”,
“aq, (she)”, “Audr (they)”, etc. A complex noun phrase can consist of a noun (called the head)
and other word classes such as complements, specifiers, adverbial and adjectival modifiers.
These modifiers change the head from different aspects [34,36]. Table 2.3 shows examples of
simple noun phrases of Amharic language which take suffixes indicating definiteness (DFF),

accusative(ACC) case for direct objects, and prefixes representing prepositions.
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Table 2.2: Amharic noun phrases

Noun Phrases Ambharic NP English NP
Noun nca  (borsa) Bag
Noun + DEF nca-o- (borsaw) The bag
Noun + DEF + ACC nca-o<%  (borsawn) The bag (as object of a verb)
PP + Noun + DWF Anca-o- (leborsaw) To the bag

However, If the noun has a modifier, the modifier takes all these affixes. This situation is
depicted in the table below.
Table 2.3: Amharic noun phrases with modifiers

Noun Phrases Ambharic NP English NP

Adjective + Noun G 0ca  (tikur borsa) Black bag

Adjective + DEF + Noun TeC-A 0CA (tikuru borsa) The black bag
Adjective + DEF + ACC + 9¢c--&7 0Ca (tikurun = The black bag (as object of a

Noun borsa) verb)

PP + Noun + DEF + Noun  At¢C-A 0ca (letikuru borsa) | To black the bag

A complex noun phrase of Amharic language contains an embedded sentence within the
phrase. For instance, “1CJ ¢1HF@- P&4 0CA (the black bag that Martha bought)” is a complex
NP whose head is “0Ca /bag”. This head is combined with the complement “p#4¢/black” to
produce the simple noun phrase “7#4 0CA (a black bag)”. This noun phrase, in turn, has
combined with the dependent clause “o9¢J- ¢1H+@- (that Martha bought)” to produce the above
complex NP. The presence of a preffix “¢” that attached to the verb indicates that the clause

is a subordinate clause which cannot stand alone.

Verb Phrases

A verb phrase (VP) is composed of a verb as a head which is found at the end of the phrase,
and other constituents such as complements, modifiers and specifiers [34,36]. Verb pharases
also have simple and complex form as noun phrases. A complex verb phrase contains an
embedded sentence that plays the role of a compliment or a modifier. Consider the following
example, “Nerh.g @L +9°UCT (L 28+ (she went to school by car)”. The adverb “Nerh.q/by
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car” and prepositional phrase “@2 +9°UCt (L /to school” have modifyied the verb “28+

/went”.

Adjectival Phrases

The construction of Amharic adjectival phrase is similar to that of a noun phrase and a verb
phrase. It is composed of an adjective (head), and other constituents such as complements,
modifiers, and specifiers [34,36]. For example, “0M9° +AP-A [The very big”, “-h /that” is a
specifier, “0M9°/very” is a modifier modifying the head of the adjective “td#/big”.

Prepositional Phrase

A prepositional phrase is constructed from a preposition (head) and other constituents such as
nouns, noun phrases, verbs, verb phrases, etc [34,36]. Unlike other types of phrases, the head
of the phrase is found at the beginning of the prepositional phrases. For instance, in the
prepositional phrase, “hte12P+ 2¢ @L +9°UC+ (L /to school with students”, for instance, h
_2¢/ with” and “@f [to” are prepositions which are combined with the nouns “+994P+F
/students” and “F9°uCt (Lt [school”, respectively to form their prepositional phrase. The two
prepositional phrases, in turn, combine to result in the bigger prepositional phrase that is
provided in the example.

Adverbial Phrases

An Adverbial phrase is a phrase in which its headword is adverb [36]. It can be constructed
from one or more adverbs. Adverbs refer to places, time or circumstances of the action
mentioned by the verb. For example, “0gPrt apM+/she came quickly”, N&rrt ‘quickly is the

only adverb which describes the degree of the verb.
2.1.4 Clauses

A clause is a group of phrases. A clause should contain at list one verb phrase. There are two
types of clauses: Independent clause (Main clause) and Dependent clause (subordinate
clause).

Independent Clause (Main clause)

An independent clause is a clause that can stand alone and gives a meaningful and complete
message. It is a simple sentence that contains a subject and a verb. For example, the clause:
“@¢70 0 m/Yuhanis bought a ball”, has a subject, “®77%01/Yuhanis”; a verb, “mM/bought”; and
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an object, “a0/ball”. The structure and types of Ambharic simple sentence are discussed in the
next section in more detail.

Dependent clause (subordinate clause)

A dependent (subordinate) clause is a clause that depends on another clause to make a
complete sentence. Subordinate clauses contain both a subject and a verb, but do not express

a complete thought.

In English, subordinate clauses can be detected by subordinate conjunctions. Some of English
subordinate conjunctions are: “after”, “although”, “as”, “as if”, “because”, “before”, “even
if”, “even though”, “if”, “in order to”, “since”, “though”, “unless”, “until”, “whatever”,
“whether”, “when”, “whenever” and while. These types of clause act as an adverb in a
sentence. Like an adverb, they modify a verb of the main clause by adding information that
elaborates on when, where, why, how, how much or under what condition the action in the
sentence takes place. Unlike English, Amharic subordinate clauses are recognizable by
suffixes attached to the verb. For instance, the verb “am/gave” can be changed to different
forms by attaching affixes to it. (i.e., “0A-am/because he gave”, “Af-Gm/while giving”, “h-
am/if he gave”, “ML.-am-a9°/although he gave”, etc.).

A relative clause is a type of subordinate clause that acts as an adjective and describes a noun.
In English, relative clauses contain a relative pronoun such as “who”, “whom”, “whose”,
“that”, and “which”. On another hand, Amharic relative clauses can be identified by the

morpheme “fAthat” which is attached to a verb.

Examples of Amharic relative clauses:
o AT P-ooM@- fiw{ the man who came yesterday,
e AQN L-ATT®@% rtf the man whom Abebe met,
e (A e-mT@- 2-7the shoes which/that Selam bought,
e (T AL -0t 47/the woman whose daughter died,
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2.1.5 Sentences

A sentence is a combination of one or more clauses that give a meaningful message. Unlike
English which has a subject-verb-object sequence of words, Amharic language follows a
subject-object-verb (SOV) grammatical pattern. For instance, the Amharic equivalent of the
sentence “Martha went to school” is written as “e1C2 (Martha) @£ (wede/to) +7°vCt (.t
(timehretbet/school) 28+ (hedech/ went)”. The principal constituent of Amharic sentences is
subject and verb. The subject is a noun phrase that always precedes the verb of the sentence.
It can be simple, defined, complex or compound. In Amharic sentence, a verb is always placed
at the end of the sentence. Amharic sentences can be categorized into four based on their

structure simple, compound, complex and complex-compound sentences [51].

Simple Sentence

A simple sentence is a sentence that contains a single independent clause. An independent
clause is a group of words that has both a subject and a verb and expresses a complete thought.
It is constructed from a simple noun phrase followed by a simple verb phrase that contains
only one verb [51]. For example, “@1C3~ avY§: +/ Martha bought a book™ is an independent
clause. It contains a subject (“e7C3/Martha”), an object (“o&¥4/book™) and a verb (“1H+/
bought), and it expresses a complete thought. There are four types of simple sentences:

Declarative, Interrogative, Imperative and Exclamatory.

Declarative sentences are used to state information. In Amharic, declarative sentences always

end with the Amharic punctuation mark “::”” which is equivalent to a period (.) in English.

Example: “aflct A 2iFe20 ATF07 @L 7770 (LA.P2 1C A4€7::/Hibret Insuraces has

grown its capital to half billion Birr.”

Interrogative sentences are sentences that ask a question. In Amharic, these types of

sentences always end with a question mark (i.e., “?”).

Example: “a1lct A 2k 20 AT707 @€ 02 A4€7? | by how much Hibret Insurance

has grown its capital? "

Imperative sentences mostly used to give a command or make a request and it ends with a

period (“::7).

18



Example: “o22747 (en, give me the book.”

Exclamatory sentences express emotion. This type of sentence ends with an exclamatory
mark (1).

Example: £7c974! /amazing!

Complex Sentence

A complex sentence has an independent clause joined with one or more subordinate clauses.
Complex sentences contain more than one verb phrase [51]. For example, the sentence: “®%£
O LTIAND- UIC I°CT (NGHT v-bF ALAPAPA avgPME +10R::/ it is said that honey product
that has been exported is significantly declining.” is constructed from subordinate clauses
which cannot stand alone. The noun phrase of the main clause contains a subordinate clause
(i.e., “@L @< PTAN@- 2o7C 9°C-H/ honey product that have been exported”) which is formed
from a simple noun phrase (“?99C 9°C-t/honey product”) and a verb phrase (i.e., “@2 @-p
Prr.Ah@-/the export of””). The verb phrase of the main clause also contains a subordinate clause
(i.e., AnGHG v-53 hEABAPA avg°Mt: [ significantly declining”). It is formed from an adverbial
phrase (i.e., “0hetd uvd/significantly”) and a simple verb phrase (“AfuASALA
aoge)-/declining”).

Compound Sentence

A compound sentence is a sentence that contains at least two independent clauses that have
related ideas. The clauses are usually joined by a coordinator (coordinate conjunction). E.g.,
‘Weland’, ‘@e9°/ or’, “17/but’, and so on. Clauses that are joined by coordinate conjunctions
are known as coordinate clauses. A coordinate clause is a part of a sentence that is equally
important to the main clause. Some coordinate clauses give a complete message and can stand

alone as a sentence but they might share the subject, the object, or the verb of the main clause.
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Examples:

o AANTTH NY4C KRN 1@< FICTT ANN ANT @-QF PA9°:/Almaz is coming from Harar but
Abebe is not in the house

o ANN OL 74C A%L LA AN @RI ANTTH NYLC dvtar HFad-T::/Abebe may go to Harar or
Almaz may come from Harar.

o TICH HPUCT bt ap AT RG A5+ /Martha came home from school and slept.

Compound-Complex Sentences

A compound-complex sentence is basically formed by joining compound sentences and
complex sentences. It contains at least two independent clauses and at least one subordinate
clause. Since the independent clauses are coordinated by coordinating conjunction in a
compound-complex sentence, they are called coordinate clauses. Here is an example of a

compound-complex sentence, with the independent clauses highlighted in bold.

“PmP1 2¥L H7-@a (\When the sun sets) PATL 7 “7£47 Aosda-(1 like to take a walk) 7z
77 (but) 42 w51 dAd¥iZ (Since it was raining today) Anh 274 071 €40 hik1 Adoqodr (|
didn’t get out from home until lunchtime).”

This sentence has two independent clauses and two dependent clauses. The dependent clause
“mPt 278 (k@M (When the sun sets)” and “Hé HG-0 AL (since it was raining today)”
cannot stand on their own as a complete sentence; they are dependent. However, the
independent clauses “?A°IC +H 912471 h@BRAD- (] like to take a walk))” and “Adh P4 A7+ &40
nt Adoma-9e (1 didn’t get out from home until lunchtime)” can be complete sentences on

their own. The independent clauses are joined by coordinate conjunction “r1C 17 (but)”.
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2.2 Open Information Extraction

2.2.1 Information Extraction

Information extraction (IE) is a field of computational linguistics that plays a crucial role in
making information present in the raw text more accessible and organized for further
processing [37]. The core task of IE is automatically extracting structured information from
document collections. Typical IE subtasks include: Named Entity Recognition (NER), Co-
reference or anaphora Resolution, Relation Extraction (RE) and Event Extraction (EE) tasks
[4].

Named Entity Recognition (NER) is a task of recognizing and classifying mention of a
named entity in the text. The task of NER begins by identifying proper names in free text, and
then it classifies those entities into a set of predefined named entity types. Named entity types
are specific to application but most IE systems search for common categories such as people,
organizations, and places. The task of NER can be extended to identify and classify items that
are not names or entities such as numeric values (e.g., measurements and prices), or

expressions of times [33].

Co-reference or Anaphora Resolution is a task of finding all linguistic expressions that refer
to the same entity. An entity can be referred to more than one time and in many different ways,
in the same text. Co-reference or anaphora resolution is crucial for getting more accurate
results in IE. There are several ways of referencing an entity [33]. An entity can be referenced
by name-alias (e.g., “Addis Ababa University” and “AAU”), pronouns (e.g., “she”, “he”,
“they”, and so on) and nominal (e.g., “Addis Ababa University” and “The University”).

Relation Extraction (RE) is a task of detecting and classifying relations that exist among the
identified entities. Extracted relationships are represented by triples in the form <el, rel, e2>,

where el and e2 are entities, and rel is the relationship between the two entities [10].

Event Extraction (EE) is the task of identifying entities that play specific roles within an
event referred to in the text [3]. An event can be defined as an incident happening at a given
point of time and place. For example, given text documents containing information about
some terrorist attacks, an IE system extracts event role filler, such as the place, the date, the
number of people injured/killed, the organization, and etc. Therefore, the event extraction
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system captures only important information of the entire story of a specific event and fills
templates slots with a set of semantic roles for the typical entities involved in such an event

rather than extracting disconnected facts and relations [3].

Romadhony et al. [10] classifies IE in to two broad catagories: the template-based and
relation-discovery. Template-based IE extracts pre-specified class of entities, relationships,
and events in natural language text. The information to be extracted is pre-specified in data
objects containing information in per-defined and well-ordered structures called templates (or
objects). Each template is consisting of a number of slots (or attributes). Thus, the extracted
entities, relationships or events are fillers of the slots [39]. Relation-Discovery IE extracts
structured information from text by discovering semantic relationships between entities and
present them as a set of triplets {(e1, rel, e2}, where el and e2 are entities, and rel is the type
of relationship relating the two entities. Unlike template-based, relation-discovery does not
require to specify the type of information to be extracted prior to extraction; rather, it tries to

find all types of relations in a given document.

2.2.2 A Brief History of Information Extraction

Although the revolution of IE emerged during the late 1970s, the first commercial IE systems
appeared in the 1990s (e.g., JASPER [40]). In the 1990s, a series of annual workshops called
the Message Understanding Conferences (MUC) [4] were initiated by the Defense Advanced
Research Projects Agency (DARPA) which aimed to promote and evaluate the development
of new methods in information extraction. The first conference (MUC-1) aimed to analyze
naval operation messages. However, at that time, there was no standard format for recording
information in the document and evaluating the performance of the systems. In MUC-2, the
task was focused on automatic analysis of naval messages and extracting information based
on pre-defined template slots. The MUC-2 template has 10 pre-defined slots to be filled by
information extracted from naval messages and evaluation was done using primary evaluation
measures (i.e., recall and precision). For MUC-3, the domain of interest had shifted to report
terrorist events in Central and South America and the template extended to 18 slots. Figure
2.2 [41] shows an example of a template filling task from MUC-3 with 7 slots.
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Sample Text

“Three bombs have exploded in north-eastern Nigeria,
Killing 25 people and wounding 12 in an attack carried out
by an Islamic sect. Authorities said the bombs exploded on
Sunday afternoon in the city of Maiduguri.

Example templates

Incident type ~ Bombing

Time Sunday afternoon
Location Maiduguri
Perpetrator Islamic sect

Dead-Count 25

Injured-Count 12

Instrument Bomb

Figure 2.2: An extract of a MUC-3 template filling task

The task in MUC-4 is similar to MUC-3 but the number of slots has increased to 24 slots.
MUC-5 was conducted as part of the Tipster program on international joint ventures and the
electronic circuit fabrication domain. It had been focusing on two languages: English and
Japanese. The template-filling task for MUC-6 involved the recognition of named entities
(e.g., people and organizations), location names, temporal expressions, and numerical
expressions. MUC-7 was focused on the identification of co-reference relations among noun
phrases, the extraction of information about a specified class of events and the filling of a

template for each instance of such an event.

Following MUCs, a similar series of programs have initiated. Automatic Content Extraction
(ACE) and Text Analysis Conferences (TAC) are some of the programs which have
encouraged progress in the field of IE [42]. The ACE series were held between 1999 and 2008,
involving the detection of entities, relations, and events. Comparing to the task of MUC-7, the
ACE series contains much more expressive relations of predefined types including the role of
a person in an organization, part-whole relationships, location relationships, nearby locations,

and social relationships. The TAC series was started following the ACE series. The main
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focus was discovering relational information about named entities and then incorporate this

information into a knowledge base which is known as Knowledge Base Population (KBP).

Most of the IE systems which participated in MUC, ACE and TAC programs require that the
structures of information and domain of interest should be well defined prior to extraction.
Thus, they cannot scale to massive and heterogeneous corpora like Web. In order to address
the limitation of traditional template-based IE approaches, the relation-discovery approach
was introduced in 2006. Shinyama and Sekine [43] presented the prior work in the relation-
discovery approach described as “unrestricted relation discovery”. Although the approach
satisfies the important goal of avoiding relation specificity, it cannot scale to the Web because
they used heavy linguistic processing which costs an O(D2) effort where D is the number of

documents.

In recent years, discovering useful facts from a large and diverse corpus such as the Web has
become a critical need. This need has triggered the introduction of a new extraction paradigm
known as Open Information Extraction (OIE) [5]. Unlike traditional IE methods, OIE uses a
relation-discovery approach, which facilitates the discovery of an unbounded number of
relations from text and scales to large and diverse corpus such as the Web.

2.2.3 Overview of Open Information Extraction

The task of extracting information from the Web presents several challenges for traditional 1E
systems [44]. According to [45], the Web has several properties that make extracting
information from the web is difficult for IE systems that employed traditional approaches.
Firstly, The Web is heterogeneous. It contains all possible kinds of domains and article types,
whereas most IE systems have concentrated on specific domains. Secondly, the relations of
interest in the Web are often unanticipated, and their number can be large which also makes
impractical to use an IE system that requires a predefined relation type. Lastly, the Web is
massive which contains billions of documents, which means that a system would have to apply

highly scalable extraction techniques.

Therefore, traditional IE is limited in terms of scalability and portability across domains and
the performance of these systems is heavily dependent on considerable domain-specific
knowledge [46]. These limitations of traditional IE systems have led to a paradigm shift

toward the concept of OIE. Etzioni et al. [5] have introduced OIE, an information extraction
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paradigm that extracts instances of an unrestricted set of relations, avoids domain-specific
extraction, and scales linearly to handle Web-scale corpora [46]. There are three key properties

that define an OIE system (i.e., automation, domain independence, and scalability) [44].
Automation

OIE systems aim to automate manual works require to build a distinct extractor for every
relation of interest. Compared to traditional IE methods which model every relation of interest
in a corpus separately, the cost to develop an OIE system is incurred once per language and it
is independent of the number of target relations in a given language.

Domain-Independence

Due to the diversity of domains present in Web text, domain-independence is an important
property of web IE systems. Although traditional IE systems perform well when trained and
applied to a particular domain, they require the relations must be known and specified prior
to extraction. Whereas OIE systems are designed to capture relational dependencies typically
obtained via syntactic and semantic analysis using only domain-independent features that do

not require deep linguistic processing.
Scalability

A Web IE system, which intended to process the immense and ever-growing number of web-
pages, should be able to extract all relations of interest which are not known prior to extraction.
However, Traditional 1E systems process the entire corpus for every relation of interest which
results in O (RD) system runtime that scales linearly for a collection of D documents and the
R number of target relations. On another hand, OIE systems have the ability to extract
information for all relations at once which results in O (D) runtime that scales linearly for D

number of documents. Thus, OIE has a significant scalability advantage over traditional IE.

Table 2.4 [6] and Figure 2.3 [46] summarize the difference between traditional IE and OIE

systems.
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Table 2.4: Comparison of traditional IE and OIE.

Traditional IE OIE
Input Corpus + Labelled Data Corpus + Domain Independent
Methods
Relations Specified in advance Free discovery

Development O(R), where R is number of relations O (1)

Cost
Complexity O (D *R), O (D),
Where D is number of documents Where D is number of
and R is number of relations documents
Bill Gates. Microsoft co-founder, stepped down as IE Co-founder(Bill Gates. Microsoft)
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(Bill Gate. be, Microsoft co-founder)
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new. bom-on-the Web could providers like Dropbox and

Box. and ..

Figure 2.3: Comparison of traditional IE and OIE

2.2.4 Relation Categories in Open Information Extraction

OIE is the task of extracting arbitrary relations with their corresponding arguments from
natural language text. By analyzing the nature of relations which can be extracted by most
existing OIE systems, Bassa et al. [45] identified that all extracted relations fall into five

categories. This section will give an overview of these categories.

Verb-based Relations

Verb-based relations are represented in predicate-argument structure as Rel (Argl, Arg2),
where, Rel is the verb of the sentence which express a relationship between the subject and
the other arguments, Argl is the subject of the sentence and Arg2 is of the following types:

indirect object, direct object, complement, or adverbial phrase. A well-formed sentence should
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contain at least one verb. Thus, every common sentence contains at least one verb-based
relation. According to [47], verb-based relations are most explicitly expressed relations in a
sentence. Until OLLE [30], nearly all OIE systems extract only verb-based relations.
Noun-mediated Relation

Schmitz et al. [30] proposed to additionally cover relations mediated by other word classes
other than verbs. A noun-mediated relation expresses the relations between two proper nouns
in noun phrases. For example: “The runner of Ethiopia, Haile G. silasie”, the noun “runner”
relates “Haile G. silasie” and “Ethiopia”. It can be represented in the predicate-argument

structure as runner_of (Haile G. silasie, Ethiopia).
IS Relations

IS relations is an implicit relation because there is no explicit verb “is”, but it can easily be
deduced from the context. For example, from the phrase: “President Obama” we can extract
a relation: 1S (Obama, President). This kind of relation mostly found between two nouns.
HAS Relations

HAS relations are also expressed implicitly in a sentence. This kind of relations are mostly

found in noun phrases. For example, from the phrase: “The son of Abebe”, we can extract a

relation: HAS (Abebe, Son).

Noun Compounds and Adjective Noun Pairs

Relations implicitly expressed in noun compounds and adjective-noun pairs are implemented
in [59]. For example, from an adjective-noun pair: “red pen”, a relation: (pen, that is, red) can
be extracted and for the noun compounds: “plastic container” the relation (container, made of,
plastic) can be extracted. However, the approach requires to obtain a proper synset from an

external resource such as WordNet.
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2.2.5 Outputs of Open Information Extraction

The output of an OIE system is a set of relations represented by different structures. Some
systems use the binary structure to represent the extracted relations, while others used N-ary

representation. This section discusses these representation mechanisms in more detail.

Binary Representation

Most of OIE systems extract binary relations and present them in three-component tuples
either using predicate-argument structure in the form of {Rel (Argl, Arg2)} or in the form of
{(Argl, Rel, Arg2)}, where Argl is the first entity, Arg2 is the second entity, and Rel is a
predicate which represents the relationship between the two entities [37]. Consider, for

instance, the following sentence:
“Mulatu Astatke was born in the western Ethiopian city of Jimma in December 1943.”

An OIE system extracts the relationships between the entities and represent it as three-
component tuples as follow:

(Mulatu Astatke, was born in, the western Ethiopian city of Jimma)
(Mulatu Astatke, was born in, December 1943)

Or represent in predicate-argument structure as follow:

E.g., was born in (Mulatu Astatke, the western Ethiopian city of Jimma)
was born in (Mulatu Astatke, December 1943)

N-ary Representation

The binary representation may lead to a critical information loss. For example, from the above
sentence, “December 1943 and “the western Ethiopian city of Jimma” are found in separate
relation tuple so that we could not get information about the relationship between the two
phrases. N-ary is a better representation if more than one entity is related in a sentence. To
generate N-ary representation of a relation instance, an argument for each of the remaining
constituents preceding the relation phrase is created, in the order in which they appear. It has
the following format: R = {Argl, Rel, Arg2, Arg3, ..., Argn} where Argl is the first entity,
Rel is the relation phrase and Arg2, Arg3, Argn are other entities.
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For instance, the relations in the sentence: “Mulatu Astatke was born in the western Ethiopian

city of Jimma in December 1943.” Can be represented in N-ary format as follow:

{Argl: Mulatu Astatke, REL: was born in, ARG2: the western Ethiopian city of
Jimma, ARG3: in December 1943.”}

2.3  Text Processing for Open Information Extraction

The task of an OIE system begins by processing the given document using several standard
NLP procedures. The following subsections will introduce the most important NLP tasks used

by OIE systems to process the input document.
2.3.1 Part-of-Speech Tagging

Part-of-Speech (POS) tagging is the task of labeling words with its most likely part of speech
(e.g., noun, verb, adjective, adverbs, pronouns, determinants or articles, prepositions,
numerals, conjunctions, particles, punctuation marks, etc.). A POS tagger takes a set of tags
and a sequence of words as input and outputs a single best tag for each word. The process of
POS tagging is dependent on the nature of the language. Different methods have been
employed for the development of POS tagger such as rule-based, probabilistic, and hybrid of
the two approaches. The rule-based method is a two-step process. First, a tagger assigns all
possible parts-of-speech for each word without considering the context. Then, the tagger
applies a large set of constraints to the input sentence to handle ambiguous and/or unknown
words. The probabilistic method uses large labeled-corpus for training to compute
probabilities of a word that occurs with a particular tag. Therefore, a tag will be assigned for

a word based on probabilities assigned to each tag [48].

HaBit Amharic POS tagger is an Amharic POS tagging tool developed under the HaBit project
[49]. The HaBit project aims to gather large-scale text data (corpora) from the web for under-
resourced languages and to make shallow processing applications for these languages. To our
knowledge, The HaBit Amharic POS tagger is the only publicly available Amharic POS
tagging tool. It is developed by employing a TreeTagger trained on the corpus built by Walta
Information Center (WIC) [50].
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2.3.2 Phrasal Chunking

Phrase chunking, also known as shallow parsing, is the technique used to splits sentences into
a set of non-overlapping phrases such as a noun or verb phrases aiming to simplify the
sentence structure and identify entities. A chunker first identifies the chunk boundaries and
then it labels chunks with their syntactic categories. It requires each token of the sentence to
first be POS tagged. According to [48], there are two main methods to chunk a sentence: using
regular expressions and training chunk parsers. The first method uses grammar based on
regular expressions, which essentially defines rules using POS tag patterns. The second
method uses a large corpus for training a chunk parser. The patterns that are learned rely on
lexical items and/or POS tags as features.

Abeba Ibrahim [51] proposed an Amharic base phrase chunking and parsing which divides a
sentence into different types of Amharic phrases by grouping syntactically correlated words
which are found at a different level of the parser using Hidden Markov Model (HMM) model.
Some rules are also used to correct some outputs of HMM-based chunker.

2.3.3 Dependency Parsing

Dependency parsing is a method for analyzing sentences into a directed graph that connects
all words in the input based on a set of rules and criteria that define dependency relations
between two words. Dependency relation is asymmetric and a binary relation, which means
each word (i.e., head) is connected to exactly one other word (i.e., dependent) and the link
will be labeled with the type of grammatical relation between the worlds (e.g., Subject,
Predicate, Relative Clause, etc). The output of dependency parsing is a tree-structure that

represents the sentence as a form of syntactic representation.

There are two methods of parsing a sentence: grammar-driven and data-driven. In grammar-
based methods, a well-defined formal grammar is used to define the language either using
context-free grammar (i.e., where dependencies are represented as production rules), or
constraint satisfaction problems (i.e., where the analysis is restricted by a set of constraints
present in the grammar). Whereas in data-driven methods, annotated data is used to learn

probabilistic models of word-based dependencies [48].
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Different language processing applications such as information extraction, question
answering, machine translation and text summarization demand state-of-the-art dependency
parsers. However, Amharic dependency parsing is a less researched area in Amharic NLP.
Even though there are some initiatives (e.g., [52]) on creating linguistically annotated corpus
such as Treebank which is important to train and develop an efficient dependency parser,

Ambharic dependency parser is not yet implemented.
2.3.4 Morphological Analysis

The term morphology in linguistics is defined as the study of the formulation of words and
their internal structure. Morphological Analysis is the process of finding the morphemes of a
word and providing grammatical information for the word based on the identified morphemes.

A morpheme is a meaningful linguistic unit.

Morphological Analyzer is a computer program that takes words as input and identifies their
stems and affixes and provides grammatical information about a word in a sentence [53]. For
a morphologically complex language like Amharic, identifying morphemes of a word is very
important for downstream NLP applications. For instance, morphological analysis has been

used in OIE to extract patterns from sentences based on the grammatical information of words.

HornMorpho [53] is relatively complete morphological processing tool for Amharic and other
languages spoken in Ethiopia (i.e., Tigrigna, Somali and Oromo). It is a rule-based program
that analyzes Amharic words into their constituent morphemes (meaningful parts) and

generates words, given root or stem and a representation of the word’s grammatical structure.
2.3.5 Sentence Simplification

Since syntactically complex sentences often cause a challenge for most NLP systems,
automatic sentence simplification has recently become an established research topic that aims
to improve the performance of most NLP tasks such as parsing, machine translation,

information extraction, and text summarization.

There are two main types of sentence simplification: lexical and syntactic. Lexical
simplification focuses on replacing difficult, unfamiliar words of a sentence with more
common terms and expressions. Syntactic simplification is a process of breaking down

complex and long sentences into a set of simple sentences without losing essential information
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[54]. Syntactic simplification is the most challenging task. It is a pipeline process comprising
three stages: detection, splitting, and paraphrasing. The detection stage includes detecting
boundaries of apposition, subordinate clauses, and coordinate clauses. During the splitting
stage, the sentence will be split based on the detected boundaries. Finally, the paraphrasing
stage converts all clauses into independent sentences by handling syntactic reordering and

morphological changes.

Sentence simplification can be performed using manually crafted rules, statistical machine
learning algorithms or a hybrid of the two approaches. It has been developed for English,
Dutch, Swedish, French, and Portuguese. To the best of our knowledge, no work has been

done on automatically simplifying Amharic sentences.
2.4 Approaches to Open Information Extraction

A typical OIE system takes natural language text as input, extract relation instances, and
produces a set of extracted relations in different forms as output [39]. The core component of
all OIE systems (i.e, extractor) uses generic patterns that express relations between entities
using the grammatical structure of a sentence to extract relations. These patterns are either
hand-crafted or learned from automatically labeled data [45]. The following subsection
describes the two main approaches to OIE used for pattern creation, namely the knowledge-
engineering approach and machine-learning approach.

24.1 Knowledge Engineering Approaches

Systems that employ knowledge engineering methods, make use of linguistic extraction
patterns manually crafted by human experts through examining the nature of the language.
Therefore, they require human experts to define rules or patterns for performing the extraction.
Most of the relation extraction systems which participated in MUC utilized manually-crafted
rules. A number of OIE systems (e.g., ReVerb [13], CORE [31], LSOE [56], DepOE [57],
and ClauslE [58]) also used manually engineered rules operating on various levels of

automatic linguistics analysis (i.e., shallow and deep syntactic parsing).
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2.4.2 Learning-Based Approaches

Despite the fact that rule-based systems are simple, easier to interpret, and achieve higher
results in terms of precision-recall and speed, the process of handcrafting rules is a very time
consuming and ineffective task. It also requires a high level of expertise. To create such rules
automatically, machine learning techniques have been used widely. There are three main
categorizations of machine learning algorithms: supervised, semi-supervised and

unsupervised.
Supervised method

Systems that employ a supervised method, learn a language model or a set of rules from a set
of hand-tagged training documents. The training documents contain labeled text which
represents the desired output of the model. The system takes a set of training documents as
input and transforms the sentence into a set of features [59]. During the training process, the
algorithm looks at both the features and the expected results and learns which features are the
best predictors for certain results [60]. The training process continues until the model achieves

a desired level of accuracy on the training data then applies the model or rules to a new text.

There are various types of supervised learning algorithms which have been applied to different
subtasks of IE, such as Naive Bayes, Support Vector Machines (SVM) [61], hidden Markov
Models (HMM), Decision Tree, Sequential minimal optimization (SMO) and Conditional
Random Fields [62].

Semi-supervised or weakly-supervised method

The major disadvantage of the supervised machine learning method is that manually
developing a large tagged corpus requires a significant amount of labor and time. The semi-
supervised or weakly-supervised method was introduced with the purpose to overcome the
limitation of supervised approaches by reducing the amount of human supervision. This
approach does not rely on annotated data; rather, it only requires either an existing ontology
resource or a few seed instances as initial input to extract a large amount of information.
Bootstrapping is the widely used weakly supervised method for relation extraction which
learns extraction patterns form a large collection of documents and a few seed instances, and

then it iteratively learns more relation instances and extraction patterns. Although it reduces
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the amount of manual work required for preparing labeled data, bootstrapping has an error
propagation issue. Error occurrence at the early training stages leads to more errors at later
stages and decreases the accuracy of the extraction process [37]. Distant supervision [63] is
the most recent method of the semi-supervised relation extraction method that combines the
advantages of both bootstrapping and supervised learning. Distant supervision is a learning
scheme that uses an already existing database to collect examples for the relation we want to
extract.

Unsupervised Method

Both supervised and semi-supervised methods require manually defining the structures for the
information to be extracted and annotating documents according to the defined structures.
Therefore, to overcome this problem, recently, there has been an increasing amount of interest
in unsupervised information extraction from large corpora. The goal of unsupervised relation
extraction is to extract relations from the Web without labeled training data and without pre-

specifying types of relations.

The Unsupervised method does not rely on the availability of labeled corpora for learning.
Rather, it automatically labels its own training data. Systems that automatically label their
own training data called self-supervised systems. The KnowlItAll IE system [64] is an example
of a self-supervised IE system that learns to label its own training examples using only a small
set of domain-independent extraction patterns. It uses a set of generic patterns to automatically
instantiate relation-specific extraction rules, and then learns domain-specific extraction rules
and the whole process is repeated iteratively. However, the process requires a large number
of search queries to be processed, thereby making it extremely slow. In order to reduce the
amount of manual labor for crafting extraction rules and to prevent the unforeseen number of
possible relations in the web corpus, self-supervised methods have been applied to some OIE
systems TextRunner [5]) is one of self-supervised OIE system which employed self-

supervised method to learn Naive Bayes Classifier.
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2.5 Evaluating Open Information Extraction

Since there is no publicly available standard dataset for evaluation of the OIE task, different
authors perform experiments on different datasets and use different metrics to report
experiment results, such as precision and recall, F1 scores, and the area under the curve
(AUC). Asitis also infeasible to measure recall for a corpus as large as the Web, some authors
reported precision only. Generally speaking, most of the works in OIE are evaluated based on
human judges. Precision and recall of these systems are reported by judging each output of

the OIE system as correct or incorrect according to a common criterion to all judges.

Precision
Precision of an OIE system shows the system’s accuracy. It is the fraction of the number of
returned correct extractions among the total number of returned extractions:
Precision = correct extractions /all returned extractions
Recall
Recall of an OIE system shows the coverage of the system and it is the fraction of returned
correct extractions among all textual elements that are manually annotated.
Recall = Correct extractions/Manually Annotated Extractions
F1-score is the harmonic mean between precision and recall that measures an overall score of
the system:
F1 =2 * (Precision * Recall) / (Precision + Recall)
The precision-recall curve shows the tradeoff between precision and recall of different
thresholds.
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CHAPTER THERE: RELATED WORK

This chapter review related work in Open Information Extraction (OIE). A lot of OIE system
are developed for different natural languages. Some of OIE systems which are developed for

different natural language are reviewed below.
3.1 Open Information Extraction from English Text

Etzioni et al. [5] introduced TextRunner, an OIE system that trains a Naive Bayes classifier
with POS and NP-chunk features to extract relationships between entities. TextRunner
consists of three modules: Self-Supervised Learner, Single-Pass Extractor and Redundancy-
Based Assessor. Given a small unlabeled corpus and some relation-independent heuristics as
input, the Self-Supervised Learner outputs a classifier that labels candidate extractions as
“trustworthy” or not. The Single-Pass Extractor makes a single pass over the entire corpus
and generates one or more candidate instances from each sentence, sends each candidate to
the classifier, and retains the ones labeled as trustworthy. The Redundancy-Based Assessor
assigns a probability to each retained instance based on a probabilistic model of redundancy
in text. TextRunner was evaluated using a test corpus of 9 million Web documents and it
obtained 7.8 million tuples. A set of 400 randomly selected tuples were evaluated by human
reviewers and 80.4% were considered correct. Even though the system shows good results in
extracting unrestricted relations, it extracts only explicitly expressed relations that are
primarily word-based which means relations should occur between entity names within the
same sentence. Subsequent work by the authors showed that employing the classifiers capable
of modeling the sequential information inherited in the text, like linear chain CRF and Markov

Logic Network can result in better extraction performance.

Another OIE system that is introduced by Wu and Weld [29] is called WOE. It uses Wikipedia
as a source of training data. The WOE system generates training examples automatically by
heuristically matching Wikipedia infobox values and corresponding text. The system has three
main components: preprocessor, matcher and learner. The preprocessor converts raw
Wikipedia text into a sequence of sentences. The matcher constructs training data from
attribute-value pairs of infoboxes and matching sentences. Finally, the learner obtains the

extraction patterns using either dependency path patterns or POS features. WOE can learn two
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kinds of extractor: WOEparse learned from dependency path patterns, and WOEpos trained
with shallow features like POS tags and NP chunks. Comparing with TextRunner, WOEpos
runs at the same speed, but achieves an F-measure which is between 18% and 34% greater;
WOEparse achieves an F-measure which is between 72% and 91% higher than that of
TextRunner but runs about thirty times slower due to the time required for parsing. The
authors concluded that dependency-parse features are highly informative when performing

un-lexicalized extraction than shallow features.

Etzoni et al. [13] also introduced the successor of TextRunner called ReVerb, which aimed to
prevent incoherent and uninformative extractions errors from TextRunner. To overcome these
problems of TextRunner, the authors implemented the syntactic and lexical rules in the
ReVerb OIE system. These rules serve two purposes: to eliminate incoherent extractions and
to reduce uninformative extractions by capturing relations phrases expressed by a Verb-Noun
combination that satisfies the pre-defined syntactic and lexical constraint such as light verb
constructions (LVCs). Finally, ReVerb split the input sentence into an Argument-Verb-
Argument triple. The authors reported that ReVerb achieved an AUC (area under Precision-
Recall curve) twice as big as TextRunner and WOEpos, and 38% greater than WOEparse.

Aiming to improve OIE by covering a larger number of relation expressions and expanding
OIE representation to allow additional context information such as attribution and clause
modifiers, Mausam et al. [30] presented the system OLLIE. OLLIE first collects sentences
from a corpus containing words that are part of a ReVerb triple. For each sentence, OLLIE
computes the syntactic dependencies connecting the two relationship arguments and the
relational word. Next, it annotates the relation node in the syntactic dependency path with the
exact relation word and the PoS-tag, taken from the ReVerb triple associated with this
sentence. By checking some constraints over the syntactic dependency tree, OLLIE generates
extraction patterns. In the extraction phase, the system extracts the dependency path for any
given sentence and matches it with one of the extraction patterns. Then, the associated
extraction templates are used to identify the arguments of the relationship and the relational
word. OLLIE found up to 146 times as many extractions for these relations than ReVerb and

it obtained 1.9 to 2.7 times more area under precision yield curves compared to ReVerb.
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OLLIE is superseded by RENOUN [65], which is a rule-based extractor incorporating most
of the high precision learning of OLLIE. RENOUN builds a comprehensive list of relational
nouns using bootstrapping over query logs and text. It then uses seed patterns to extract data
and then uses these as a source of distant supervision for additional pattern learning.

Del Corro and Gemulla [58] presented a clause-based approach implemented in ClauslE. For
each input sentence, ClauslE first computes the dependency parsing of the sentence and then
determines the set of clauses using the dependency parsing. Next, for each clause, it
determines the set of coherent derived clauses based on the dependency parsing and finally it
generates propositions from the coherent clauses. They used hand-crafted rules utilizing the
dependency structure of a sentence. According to the author, ClauslE achieved better
precision than Reverb. ClauselE’s accuracy relies on the dependency parser used form

parsing.

Xavier and Souza [56] proposed an OIE approach, named LSOE, where relations are obtained
by matching lexical syntactic patterns. The extractor identifies relationships by applying
lexical syntactic patterns and generic patterns that identify non-specified relationships based
on the sentence structure. The authors reported that LSOE achieved better precision than
ReVerb and DepOE.

3.2 Open Information Extraction for European languages

An OIE system for languages other than English is implemented in DepOE system by Gamallo
etal. [57]. It used a rule-based analyzer and dependency parser to extract relations represented
in English, Spanish, Portuguese, and Galician. DepOE first analyses each sentence of the input
text using the dependency-based parser. For each parsed sentence, it discovers the verb clauses
and the clause constituents, such as subject, direct object, attribute, and prepositional
complements. Then, a set of rules is applied to the clause constituents to extract the target
triples. The authors reported that for the same dataset accuracy of 68% was reached, while
ReVerb reached 52% accuracy. The author concluded that the use of deep dependency parsing
provides better accuracy and makes easier to build n-ary relations and to find important

relationships that are not expressed by verbs.
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3.3 Open Information Extraction for Asian Languages

Tseng et al. [31] presented a Chinese OIE so-called CORE. CORE has three modules: POS
tagging, syntactic parsing, and entity-relation triple extraction. The authors adopted a Chinese
text analyzer called CKIP for POS tagging and parsing, and the entity-relation triple is
identified based on the labeling made in the syntactic parsing module. The authors reported
that they achieved relatively promising F1 scores than Reverb. According to the authors, the
evaluation results show that the CORE method is more suitable for Chinese open relation

extraction than other RE methods.

Nam et al. [7] presented a Korean OIE system so-called SRDF. The SRDF system was
designed to extract relation instances from Korean natural language text based on the use of
singleton property and other NLP techniques such as part-of-speech tagging and chunking.
SRDF also enabled extracting multiple numbers of triples from a single sentence via
reification. The evaluation result was assessed by two human evaluators. The authors reported
that the SRDF system archived 81% precision, 86% recall, and 83% F-score for detecting

relation and 66% precision, 65% recall, and 65% F-score for generating triples.

Truong et al. [66] presented vnOIE, a system for Vietnamese OIE which took advantage of
the grammatical clause-based approach. vnOIE exploited Vietnamese dependency paring to
identify constituents of the input sentence (i.e., subject, verb, object, compliments, and
adverb). After the constituents of the sentence are identified, vnOIE classifies the sentence
into the predefined clause types. Finally, vnOIE will extract relations based on patterns of
clause types. To generate a proposition as a relation triple (argl, rel, arg2), the subject is
considered as the first argument (argl) of each clause; the verb, as a relation (rel). The
remaining argument (arg2) such as an object, complement, and adverb will be determined by
the connection with the relation. In their experiments, they evaluated the system using several
factors such as grammatical structures of sentences and the number of verbs existing in a
sentence. The authors reported that the average precision achieved by vnOIE is over 83%
when clauses have four verbs or fewer. The results show that the lower the number of verbs
in a sentence, the higher the precision. The system delivers the best result in the case of a one-

verb clause, with a precision of 92.78%.
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3.4 Information Extraction from Amharic Text

Getasew Tsedalu [32] developed an IE model for Amharic news text by making use of a
supervised machine learning approach. It has four components: document preprocessing, text
categorization, learning and extraction, and post-processing. The pre-processor handles the
tokenization and normalization of the input document. The text categorizer is responsible for
categorizing the news text into predefined categories. The learning and extraction component
handles the extraction of candidate text and train the classifier model for predicting the
category of the extracted candidate text. Finally, the postprocessor formats the extracted data
and saves it to the database. The experiment was conducted on three different classification
algorithms (i.e., Decision tree, Naive Bayes and SMO). The experimental result showed that,
among the three classification algorithms, the SMO algorithm performs better than others on

both text categorization and IE.

Bekele Worku [33] developed a rule-based IE system for Amharic language text. It has three
components: pre-processor, extractor, and post-processor. The pre-processor performs
tokenization, sentence splitter, normalization, and stop word removal. The extraction
component performs three tasks: (1) named entity recognition using rules and gazetteers that
can identify the different named entity classes, (2) co-reference resolution using orthographic
matching of strings and (3) extract surface-level relations that hold between the extracted
named entities. Pre-defined relations with handcrafted rules are provided to the system. The
last component (i.e., postprocessor) presents the extracted information to users using
annotations. According to the authors, they obtained 90.5% Recall, 89.2% Precision and
89.8% F1-measure.
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3.5 Summary

In summary, we identified two categories of OIE systems: data-based systems which make
use of training data (i.e., TextRunner, WOE, and OLLIE) and rule-based systems which make
use of hand-crafted rules or heuristics (i.e., CORE, ReVerb, LSOE, ClauslE, and DepOE).
According to the experiment results, the rule-based systems achieved better accuracy than

those based on classifiers trained by automatically generated training data.

Depending on the methods used for syntactic analysis, these systems can also be categorized
into two: systems that used shallow syntactic analysis (i.e., chunking) and those used deep
syntactic analysis (i.e., dependency parsing). While TextRunner, ReVerb, WOEpos, CORE,
SRDF, and LSOE used POS tagging and shallow syntactic analysis, WOEparse, OLLIE,
ClauslE, ReNoun, and DepOE made use of deep syntactic parsing. Experimental results
showed that systems that are based on dependency analysis achieved significantly higher
precision and recall than shallow features that relying on shallow syntax. However, the
shallow feature-based approach is very promising in terms of speed, ease of implementation,
and portability to other languages. Whereas deep syntactic parsing methods are prone to slow

performance and their implementation is not easily available for many languages [30].

Moreover, in spite of their variety in method and aim, all OIE systems discussed above used
language-dependent information for their implementation. Thus, the application of these
systems poses challenges to languages that are different and morphologically complex like
Ambharic. The research works that are conducted on Amharic IE are very few in number and
they contain unresolved issues. For instance, Getasew’s work requires a large amount of
manually annotated data for training. Selecting attributes for the classifier also requires the
involvement of expert knowledge. Bekele’s work also requires high human involvement since
it requires hand-crafted extraction patterns. Besides, the input patterns are domain-dependent
and they are not scalable to web text. Furthermore, both works need hand-crafted and domain-
dependent templates. In consequence, an Amharic OIE which overcomes the limitations of
the traditional Amharic IE has become a critical need. Thus, the aim of this research work is

to deisgn OIE system for Amharic language.
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CHAPTER FOUR: AMHARIC OPEN INFORMATION
EXTRACTION

4.1 Introduction

In this chapter, we present Amharic Open Information Extraction (AOIE), the first Amharic
OIE system, which is implemented based on a rule-based approach working on POS-tagged,
morphologically analyzed and shallow parsed (chunked) sentences. The decision of using
hand-crafted rules is due to high results in terms of precision-recall and speed. Although a
rule-based approach operating on deep parsed sentences yields the most promising results for
OIE systems, since there is no fully implemented dependency parser that is available for
Ambharic language, we have implemented a rule-based system operating on shallow parsed
sentences. The general architecture and detail description of components of AOIE are

discussed in the following sections.
4.2  System Architecture

The proposed Amharic OIE system (AOIE) has the following major components:
Preprocessing, Morphological Analysis, Phrasal Chunking, Sentence Simplification, Relation
Extraction, and Post-processing. AOIE accepts Amharic document as an input and outputs a
set of relations in N-ary format. The preprocessor tags each word in the text with an
appropriate POS tag and selects well-formed and informative sentences from the input text
based on the POS tag of words of a sentence. The Morpological Analyser provides
grammatical information of words of the input sentence. The phrasal chunker divides the input
sentence into non-overlapping phrases based on POS and morphological tags of words. The
sentence simplification component segments the sentence into a number of self-contained
simple sentences that are easier to process. The relation extractor extracts relations from those
simplified sentences and finally the post-processor prints extracted relations in N-ary format.

The relationship between these components is shown in Figure 4.1.
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4.3 Preprocessing

Preprocessing is the task that is used to make the input data ready for further processing. Two

tasks are performed to make the data ready for subsequent processes: POS tagging and

sentence cleaning.

43.1

POS Tagging

The preprocessing starts by tagging each word in the input text with their part-of-speech.

Since HaBIT tagger is the only publicly available Amharic POS tagging tool, we have used

HaBiT to obtain the part-of-speech tag of each word of the input text. Table 4.1 shows the

tagset used in the HaBit Ambharic tagger.

Table 4.1: POS tagset

POS tag Definition of the tag

VN Verbal/ infinitival Noun

NP Noun attached with a preposition

NC Noun attached with conjunction

NPC Noun with a proclitic preposition and an enclitic conjunction
N Any other noun

PRONP Pronoun attached with preposition

PRONC Pronoun attached with conjunction

PRONPC Pronoun with a proclitic preposition and an enclitic conjunction
PRON Any other Pronoun

AUX Auxiliary verb

VREL Relative verb

VP Verb attached with preposition

VC Verb attached with conjunction

VPC Verb with a proclitic preposition and an enclitic conjunction
\/ Any other Verb

ADJP Adjective attached with preposition

ADJC Adjective attached with conjunction

ADJPC Adjective with a proclitic preposition and an enclitic conjunction
ADJ Any other adjective

PREP Preposition

CONJ Conjunction

ADV Adverb
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NUMCR Cardinal

NUMOR Ordinal

NUMP Numeral attached with preposition

NUMC Numeral attached with conjunction

NUMPC Numeral with a proclitic preposition and an enclitic conjunction
INT Interjections

PUNC Punctuation

UNC Unclassified

4.3.2 Sentence Cleaning

After POS tagging each word of the input text, the sentence cleaning process splits the text
into sentences and it filters out well-formed and informative sentences from the input text
based on the POS tag of words. The punctuation marks such as period (‘::’), exclamatory

C")’

mark (“!”’) and question mark (“?”) are used as sentence delimiter to split the input text into
sentences and the following conditions are checked to filter out well-formed and informative

sentences.

I.  The sentence should be declarative sentence because interrogative, exclamatory and
imperative clauses don’t contain any facts to extract as a relation.
e.g., “hh 470 AA®-?” doesn’t contain any fact to be extracted.
ii.  The sentence should have at least one verb at the end of the sentence. Otherwise, the
sentences will be considered as malformed or uninformative.
iii.  Information should not be extracted from direct speeches because they are likely a
personal opinion that cannot be considered as fact.
e.g., AN “Ad 470 hAD- AA:
The sentence cleaning task automatically rejects sentences which don’t satisfy the first and
the second conditions, but for sentences containing direct speech, it assigns a special POS tag
for the direct speech in quotation mark to prevent information extraction from direct speech.
Non-declarative sentences can easily be detected by the punctuation mark found at the end
(i.e.,’?’,’’). The presence of a verb can be identified by examining the POS tag of the last
word of a sentence and direct speeches can be recognized by quotation marks.
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4.4 Morphological Analysis

The morphology and part-of-speech information of a word is very important to extract patterns
from Amharic sentences. These patterns are used to formulate rules in order to apply them for

phrasal chunking, sentence simplification, and relation extraction.

For morphological analysis, we utilized the most current version of HORNMORPHO (2.53)
because it is relatively complete morphological processing tool for Amharic. Table 4.2 shows
sample outputs of HORNMORPHO for the words: “Qh28@, “O-N0ND-" “ALCT’, “TTLHN”.

Table 4.2: Morphologically analyzed words

word: ahgea- word: A&C?

POS: verb, root: <hyd>, citation: Ah%L POS: verb, root: <drg>,
subject: 3, sing, masc citation: 4241

object: 3, sing, masc subject: 3, sing, masc
grammar: perfective, iterative, transitive, grammar: gerundive, transitive

relative, definite

preposition: be

word: dlaae- word: 6994
POS: noun, stem: a-1aa POS: verb, root: <xwm>,
grammar: definite citation: fiev

subject: 3, sing, masc

grammar: gerundive, aux:alle

Instead of tagging each word with its POS tag and morphological information separately,
combining the POS tag and morphological information of a word, and use only one tag for a
single word makes further processing easier. Thus, we created an additional 14 tags which
hold both POS and morphological information. Table 4.3 lists custom tags that are created by

combining POS and Morphology information.
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Table 4.3: Custom created tags

Tags POS Morphology

ND N Definite or Accusive noun

NPD NP Definite or Accusive noun with prefixes
GV \ Gerundive Verb

v \ Imperfective Verb

AV \Y/ Auxiliary Verb

PV \ Perfective Verb

PAV \ Passive Verb

PPV \ Perfective Passive Verb

IRV \ Imperfective Relative Verb

PRV \ Perfective Relative Verb

PPRV \ Perfective Relative Passive Verb
IRPV \ Imperfective Relative Passive Verb
PGAV \Y/ Passive gerundive auxiliary verb
GAV \Y Gerundive Auxilary verb

INF N Infinitive

For example, the sentence “402 N a7h N h PREP 400 ADJ “1.4.87 ADJ ¢ N nag POSTP
TC& N (L.LAPHINI® IV 9A9° N A+ N a7hF N eomaF@- PRV a9 N 85 ADJ A784L40H PRV
702V :: PUNC” is tagged with both morphological and POS information. For instance, a POS
tagger label the word “?@M0Fo-” as “VP” and a morphological analyzer return information
which states the word are Perfective, Relative Verb. By combining the two information, the
word “eomaFa is tagged with our custom tag PRV which indicates that the word is

Perfective Relative Verb.
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4.5 Phrasal Chunking

A Phrasal chunker divides a sentence into a set of non-overlapping phrasal chunks which are
types of Noun Phrases (NP), Verb Phrases (\VVP), Prepositional Phrases (PP), adverbial Phrases
(AP) and Adjectival Phrases (AJP). For instance, the sentence: “0tmGeP®< eTPIF @C
ONAAELE 29°CT 209 PG MNLT aPm? nPATL@- @C (I 74 oot BTG 10T PSA 27 can be

divided into phrasal chunks as follow * [nfbm%cka% prPIot wc] [ﬂh:‘i‘?‘ﬁ‘.? eoct "m,?] [?{‘rq
anet ewmy] [nesmo oc] [0 74 aoor apaag] [erent vea] o

Abeba Ibrahim [51] has implemented an Amharic phrasal chunker but its implementation is
not available publicly. For that reason, we choose to design a new algorithm that simply
chunks a given sentence at a higher level without labeling them with their type. The chunking
algorithm accepts POS and morphological tagged Amharic sentences as input and generates
chunks as outputs. The Algorithm processes the sentence from left to right. First, a chunk
initiator is attached to the first token of the input sentence. By stopping at each token, it
looking for a chunk terminator; if a chunk terminator is detected, the chunk will be ended their
new chunk will be started, then a chunk initiator will be attached to the next token and it will
be processed until the end of the sentence is detected. Algorithm 4.1 shows the implemented
Amharic phrase chunking algorithm.

Input: POS and morphological tagged sentence (S)
Output: Amharic chunks (CHUNK LIST)
Begin
Initialize CHUNK_INITIAL to Zero.
Initialize CHUNK FINAL to position of the final token of S.
For each token T in S
If T is a chunk terminator
Save the index of the token found before T into the wvarable
CHUNK_FINAL.
Save the substring between CHUNK INITIAL and CHUNK FINAL into a
variable CHUNK.
Add CHUNK to CHUNK _LIST.
Save the index of next token to the varable CHUNK INITIAL.
End If
End For
Output CHUNK LIST
End

Algorithm 4.1: Phrasal chunking
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A chunk terminator indicates a position where a chunk should end and a new chunk should
begin. The POS and morphological tags assigned to every token are used to discover these
positions. To mark a token in a sentence as a chunk terminator, the token should meet at least
one of the conditions listed below. The seven conditions to be satisfied are elaborated below

with examples. We used a symbol ‘]’ to mark the end of a chunk, ‘[ to mark the beginning

of a new chunk and the token which is being processed is written in bold.
Condition 1: Tag of the token should be CONJ (conjunction)
Example:
o [enaze NP a2 ND] [22a N] a6 CONJ [+a4e N] [niroevct NP o N]

[+7 ADV] hovarit PV] =

Condition 2: The tag of the token should be either NP (Noun with a preposition), PREP
(preposition) or ADJ (Adjective) and the tag of the previous token should not be NP, PPRV
(Perfective Passive Relative Verb) and PRV (Perfective Relative Verb).

Examples:

o [erarmNPazyND] [c2aN] a6 CONU [ +n4e.N] [oremuc NP e N] [67
ADV] nevt PV] =
o [24 N] [ensc NP %o N z.2z07 N] [a%4 ADJ saevcar AN hems N

[n78a0er PAV A N] =

Condition 3: The tag of the token should be ND (Definite Noun) or ADV (Adverb) and the

tag of the previous token should not be NP (Noun with Preposition).
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Example:

e [erarNPazyND] [22a N] a6 cONU [+adN] [nrovet NP o N] [e

ADV| novt PV] =

Condition 4: The tag of the token should be N (Noun) and the tag of the previous token should
be ND (Definite Noun).

Example:

e [enar NP azyND] [e2a N] a6 CONJ [+a4eN] [nreevct NP N [#6

ADV] [nevmi PV] =

Condition 5: The token should be a non-relative verb or ADJ (Adjective) and the next token

should be the last non-relative verb.

Examples:

o [ragres ADI] [e+m NP o-2e:c N] [0ag0n0a NP] [Anze PAV 10- V] =
o [eao« ND] [orec ND] [vicFos ND [hoce®T NP aaser PPRV]
[ame ADJ] [aeears PV] =

Condition 6: The token should be the end of a sentence (i.e., “x”).

Examples:
e [m1n14 ND] [orect ND] [vieFor ND [hoce# NP anrer PPRV]
[ame ADJ] [aoears PV] =
o [act%w ND] [ecp+ ND ¢iiaceos PRV bt ADJ agt5 N] [aserinc N]

[?\,Q(.?"?‘ PV] P
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Condition 7: The token should be the last non-relative verb and the previous token should

not be a non-relative verb.

Examples

e [min14 ND] [orect ND] [vieFor ND [hoceoT NP anrer PPRV]
[amge ADJ] [Acens PV] =

o [ac+%w ND] [ece-+ ND eiaeas PRV bivt ADJ ag+5 N] [aserrnc N
[neert PV] =

4.6 Sentence Simplification

Generally, state-of-the-art OIE systems identify relationships between entities in a sentence
by matching patterns over either its POS tags or its dependency tree. However, syntactically
complex sentences where relevant relations often found in several clauses, possess a challenge

for current OIE approaches which are prone to make incorrect and missing extractions.

To achieve higher accuracy on OIE tasks, we have implemented a sentence simplification
algorithm that breaks down complex and compound sentences into simple sentences by
applying a set of hand-crafted grammar rules. The rules are formulated based on various
characterstics of Amharic sentences. In this way, sentences that have complex syntax are
converted into a number of simple sentences that are easier to process without losing the

original meaning.

Figure 4.2: Input and outputs of sentence simplification algorithm
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A set of simplification rules are used in order to split and/or paraphrase the sentences and
generate new simple and independent sentences. Since resulting sentences might need further
simplification, the process of syntactic simplification is structured in a recursive loop. The
syntactic simplification loop starts by checking if the input sentence is a simple sentence by
counting the number of chunks that contain a verb (verb phrases). If the sentence contains
exactly one verb phrase, the sentence will be classified as a simple sentence. If more than one
verb phrases which are joined by coordinate conjunctions are detected, the sentence will be
classified as a compound sentence. Otherwise, the sentence will be classified as a complex

sentence.

Here are examples of simple sentences which contain only one verb phrase:
o [#0i4ND] [0recw ND] [Acearn PV] =
o [ac+zE ND] [pha ADJ agt503 ND] [asorine N] [ aeert PV] =

Examples of compound sentences which contain more than one verb phrases which are joined

by coordinate conjunction:
o [onrexe NP] 2 cONI [ncte NP] [eonna ADV] [eaec NP #emnzct N]
[+2rzaPV] x1409 cONd [vatse ADI wiet ND] [wemanesros ND]
[ngtea PV]
o [n0aN] [oe Prep vec ND ase v] [eFaa av] @gse cony [aaemin] [hvec
NP [atava v #FANE V] =

Examples of complex sentences that contain more than one verb phrases: verb phrases are
highlighted in bold.

e [e20t4 ND] [o2ec ND] [v1efor ND] [noce®T NP aazer PPRV]

[ame ADJ] [Aeearr PV] =
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o [ac+%% ND] [&c@: ND eiaee@ PRV hvt ADJ g% N] [ a¢ovrnc N
[ hﬂd?ﬁ‘P\(]ﬂ

After classifying the sentences into simple, complex and compound, the sentences will be
simplified based on its type. Algorithm 4.2 shows the implementation of the sentence
simplification Algorithm. The simplification procedure is presented in the following sections

in detail.

Input: POS and morphological tagged, and chunked sentence I
Output: Simple Sentences (SIMPLE SENTENCE_LIST)
Begin
Add I to SIMPLE SENTENCE LIST.
IF all sentences in SIMPLE_ SENTENCE LIST are simple sentences
Output SIMPLE_SENTENCE LIST.
End if
FOR each sentence S in SIMPLE SENTENCE LIST.
IF S is coordinate sentence
Split Coordinate clauses and add to a variable CLAUSE LIST.
END IF
IF S is complex sentence
Split Subordinate clauses and add to a variable CLAUSE LIST.
Paraphrase the Clauses in CLAUSE_LIST and add clauses to
SIMPLE SENTENCE LIST.
END IF
END FOR
Chunk all sentences found in SIMPLE SENTENCE LIST using Algorithm 4.1
Repeat this algorithm for each sentence in SIMPLE SENTENCE LIST until we
obtain simple sentences.
End

Algorithm 4.2: Sentence simplification
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4.6.1 Coordinate Clauses Splitting

In Amharic language, a compound sentence is composed of two or more independent clauses
joined by a coordinating conjunction (i.e., “AG”, “@RI°”, “IY, “NC VY “Wr%.0-9°”, etc.).
Semicolons and commas can also function as conjunctions. In order to split coordinate clauses
in a compound sentence, we should first detect the coordinate conjunctions which joined the
clauses and then we split the sentence at the conjunction. Coordinate conjunctions in a
sentence are tagged as “CONJ” by the preprocessor so that they can easily be detected.

Before splitting the sentence, it is necessary to check both parts of the sentence are
independent clauses. To be considered as an independent clause, they should at least have one
verb. For instance, the sentence “[MAFC&E AG hCte- aPhhd PAPC 107 Cr HEIPZA] clausel §
[k R1GT BIPAALTFFOT NG HPA] clause2 £ [OAHU~ AF°FHI° v-A-k U1e-T N U1 08007 &INEF D7 heat
07122 (NN He7 e aISTF BIPLPA=] clause3” contains three complete and independent

clauses which are joined by semicolons.

Algorithm 4.3 shows the implementation of a coordinate clause splitting algorithm. The
algorithm accepts POS and morphologically tagged, and chunked sentences as input and
returns a list of clauses. The algorithm first looks for coordinate conjunctions. If conjunction
is detected, the sentence will be split there and the first part will be checked if it contains a
verb. If it contains the verb, the first part will be added to the detected clause list and the

remaining part of the sentence will be processed using a similar procedure.

Input: POS and morphological tagged, and chunked sentence (S)
Output: list of clauses (CLAUSE LIST)
Begin
Initialize INIT to Zero.
For each token T in S which is tagged as “CONJ”,
Substring INIT to index of T and assign into a variable CLAUSE.
Define a variable VERB_COUNT to the number of chunks in CLAUSE
which contain a verb type of (IV, AV, PV PAV, PPV, PGAV, GAV).
Set INIT to the index of T.
If VERB_COUNT >= 1
Add CLAUSE to CLAUSE LIST
End If
End For
Output CLAUSE LIST
End

Algorithm 4.3: Coordinate clause splitting
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4.6.2 Subordinate Clauses Splitting

A complex sentence has an independent clause joined with one or more subordinate clauses.
Extracting embedded clauses from structurally complex sentences and generating new
sentences from the extracted clause without affecting their original meaning, significantly

reduces sentence length and complexity of the sentence.

Ambharic subordinate clauses contain both a subject and a verb, but do not express a complete
thought. In Ambharic, subordinate clauses are recognizable by affixes attached to the verb.
Here are some examples of verbs of Amharic subordinate clauses which are derived from the
verb “evm”: (Lermge (although he came), A7&avM (as he came), ideem (because he came),
haea) (if he came), Aaegea)t (in order to come, haaem (unless he came), Aah.era (until he
came), dem (when he came) and afaem (while he came). In addition, verbs of Amharic

relative clauses have a prefix “Ye/¢” e.g., erm@- (who/which/that came).

Based on the information obtained from the morphological analyzer, the preprocessor adds
‘R’ to the tag of the verb of the subordinate clause. Table 4.4 shows the types of verbs used
in the subordinate clause.

Table 4.4: Verbs of subordinate clause

Tags POS Morphology Examples
IRV V Imperfective aAT.aPOCA D, W2R910aPOCT, holoact,
Relative Verb ('1(\"‘1,60"('1(2'1‘03', ?"‘I,EvﬂDhC'f‘GJ', }\'},Q“‘]f,ﬂpﬁcrl"a)‘,

nT1eaACH @+, A7, 0POC @, RPN CrH D+
PRV V Perfective Relative haeralta@-,  Rikeeal+t,  aderalt,  adtaeadt,
Verb AAAGROLtDy,  PaPALt@-  APaPhlt,  hdaPalt,
nLav(/lt, havalt, Ghagralt
PPRV V Perfective Relative &7&taeald-+, ad-tavadt, OGANtacadt, OGANTaPOlt

Passive Verb fotav( i@,  ftavOlt@s,  Ptaendt,  hetoradt
hd-taoal-t, htaval-t, aataeadot
IRPV V Imperfective Gk e VA A o LT Vi A N A b Mo Vi AR T G KoL T VA o8
Relative  Passive £7120°04+@-
Verb
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For example, the sentence “[n'nmu\ ADA 154 L9° P+aow i@+ PRV ££nﬂ~] [wg TSTLLC A A

he1 PRV nfm] [ PhANT Poe 770G tmfsz,] [07%% T mc] ::” has two subordinate clauses which

are detected by the tag of verbs. The subordinate clauses are embedded in the noun phrase and
verb phrase of the main clause (i.e., “Obdczd AN ANGELI° Havwlt@- CLANT A%IC il (HL”
and “@L T47LC A1 N8T”).

As we can observe from the above example, the subordinate clauses can’t stand alone rather
they modify the subject, object or verb of the main clause. Therefore, in order to simplify the
main clause, the subordinate clause splitting algorithm first separate the subordinate clauses
from the main clause and then the subordinate clauses will be transformed into an independent
sentence. Since the algorithm takes chunked sentences as input, the boundaries of chunks are

used to identify the boundaries of the subordinate clause.
For example, from the above sentence, two subordinate clauses are detected.

o “OL TLTIC A h&T”
o “Nhieid ADH h(15E1I° Otavw @« PRL (LT A%IC ™ (87

The boundaries of the clauses are the same as the boundary of the chunk that they located in.
In order to produce well-formed sentences from the above clauses, all clauses (i.e., both main
and subordinate) should be edited and paraphrased. Section 4.6.3 describes how paraphrasing
is applied to clauses in more detail. After paraphrasing the above clause, the following three

well-formed and independent sentences are generated.

o “PREMT AYC 1ua (877 PhANT Phe 790G P78 @170 e 10C =7
o “PROMT AYC M (&7 ML TETILC A1 W81 =7
o  “PRRNT A°IC MO (17 (DACEN ADN A1G-L-1LI° tavw it =7,

Algorithm 4.4 shows the implementation of subordinate clause splitting algorithm. The
algorithm accepts POS and morphologically tagged, and chunked sentence as input and return
a simplified sentence. The algorithm iterates through all chunks of the sentence to look for a
chunk contains a verb which is marked as ‘R’. If found, the chunk will be marked as a
subordinate clause and it will be removed from the main clause. Both resulting clauses (i.e.,

main clause and subordinate clauses) are paraphrased to form independent sentences.
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Input: POS and morphological tagged, and chunked sentence S
Output: list of clauses (CLAUSE LIST)
Begin
For each Chunk C in S
If C contain a verb of type of (PRV, IRV, PPRV, IPRV)
Add C to CLAUSE LIST
Remove C from S
End If
End for
Add S to CLAUSE LIST
Output CLAUSE_LIST
End

Algorithm 4.4: Subordinate clause splitting

4.6.3 Paraphrasing

Sentence paraphrasing is the process of rewriting a sentence while preserving its meaning.
The process includes rearranging the order of a sentence in an SOV form and changing the
verb form by removing prefixes of the verb. The paraphrasing task starts by checking if the
clause is a relative clause or not by checking if the clause has a verb that is tagged as either
IRV, IPRV, PPRV or PRV and has the morpheme “YE / ¢”. If the relative clause is detected,
only the noun phrase found after the verb will remain and other words will be removed from

the main clause and a new sentence will be generated from the relative clause.

For example, the sentence “[0PC NP etdkarm- PPRV eh1e%¢ NP Awd®+ AN n74,8.407
ND] [hA4e&e NP wetdF N e140é+ N 07,8407 N oC POSTP 0912195 F @+ IRV 14¢+F N
AL POSTP] [a0i¢ GV Ageéet NP] [Paraa(® NP (18 N] [té.s-4ae PV] :: PUNC” contains a
relative clause “0¢C+ NP ¢tkkao@- PPRV PAFCXE NP AWSPT AN 116,%407 ND”. After
splitting the subordinate clause and paraphrasing the main clause, the main clause is reduced
as “[Ph & e NP AwsPT AN n74.8.617 ND] [nA4e& e NP wetdF N a9404t N 1714,8.407
N 2¢ POSTP 01,2195 F @ IRV 142+ N A2 POSTP] [ANE GV Age2¢+t+ NP] [faea00.2 NP a1&
N] [+é.c-¢ee PV] = and new sentence (i.e.,“Ca 4% NP aws® Tt AN 0#C+ NP +kkav PPV =
”) is generated from the subordinate clause (i.e., “0¢C+ NP ¢+&%ov@m- PPRV Phte-%¢ NP
AP T AN 174.8,4107 ND”).

To generate a simple sentence from the relative clause, the algorithm first checks if the voice

of the verb is passive or active. If it is passive, the noun phrase found after the verb is a subject
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and a noun phrase found before the verb is an object, and the morpheme “ye/?” is removed

from the verb. A new sentence is formed by combining the subject, object, and verb.

Example: “0bdezd NP A®A N A(01%-29° N etaowit@- PPRV LL0+ N “

Subject: 0.+

Object: Nhiezd AOA AN5L-1I°

Verb: +aowit

Sentence: LLMF Nhdezd ADN ANGLLI° Favw (ot
If the verb has an active voice, the noun phrase found before the verb is a subject and a noun
phrase found after a verb is an object and a postfix “?” is added, and the prefix “ye/?” is
removed from the verb. A sentence will be formed by combining the subject, object, and verb.

Example: “baezn NP AoA N AN4&29° N peowdta- PRV L0+ N
Subject: haezd NP A@A N A(01%-&-79°
Object: g0+ + “7”
Verb: aow( -t
Sentence: niezd AON AN5L1I° LN AT aPw (ot
However, the paraphrasing function only works for relative clauses that have perfective verbs
(i.e., PRV and PPRV) because sentences produced from imperfective verbs are inconsistent

in meaning with the original sentence. For example, consider the following two sentences.

e (1P90v: 500 1. (1C PoLe@M IRV av LYyt ©,PmAA =
o A48T 01977 NATE 291908 IRV 710HC TA? THDE =

From the subordinate clause of the first sentence “500 “1. 1C ?7L.e@M v+ we can
generate a sentence “o2&Yy+ 500 91, 1¢ oM which implies that all medicine has a price
of 500 million and from the second subordinate clause “?A497 hto77 NATE 271248 IRV
TG TA?, the sentence “oI0C TAY? 4491 rh977 NATE £AL A" can be generated. As we
can observe, both newly generated sentences have different meaning than the original
sentence. Therefore, for sentences which contain subordinate clauses with imperfective verb,
we only reduce the original sentence by removing subordinate clause but we don’t generate

sentence from the subordinate clauses.
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If other types of subordinate clauses (non-relative clauses) are detected, the whole clause will
be removed from the main clause and a new sentence will be generated from the subordinate
clause by removing the affixes of the verb of the subordinate clause. Unlike the relative clause,
non-relative clauses might share the subject of the main clause. So, we have to merge the

clause with all chunks found before the clause.

Example: the subordinate clause “@f T¢91.eC A9 h&1” is totally removed from the main
clause and a sentence (i.e., “2LNT A%C ' (+&7 ML TS71LLC A AL7") is formed.

Algorithm 4.5 shows the implementation of the paraphrasing algorithm. The algorithm takes
a list of clauses as input, converts the input clause to well-formed sentences and outputs a list

of sentences.

Input: List of POS and morphological tagged clauses (Cs )
Output: list of simple sentences (SENTENCE_LIST)
Begin
For each Clause C in Cs
If C is relative clause
Replace C in main clause by a noun phrase found after the verb
If C contain active verb
Set SUBJECT by a noun phrase found before the verb
Set OBJECT by a noun phrase found after the verb
End If
If C contain passive verb
Set SUBJECT by a noun phrase found before the verb
Set OBJECT by a noun phrase found after the verb
End If
Remove affixes from the verb
Concatenate SUBJECT, OBJECT and verb and add it to
SENTENCE_LIST
End If
If C is not relative clause
Remove affixes from the wverb
Concatenate C with all chunks found before C and add it to
SENTENCE_LIST
End If
End For
Add main clause to SENTENCE_LIST
Output SENTENCE LIST
End

Algorithm 4.5: Paraphrasing

Table 4.5 shows examples of complex and compound sentences which are broken down

automatically by sentence simplification algorithm into less complex sentences.

59



Table 4.5: Examples of simplified sentences

Orginal Sentences

Automaticly Processed Sentences

Simplified Sentences

Newly created
Sentences

[0A70.H NP 99954 IRV A% 0007
N] [£2¢- NP avg:zh N] [eegek: V] =
PUNC

o AdeReO9T N €2 NP
av@:ti N av(det V = PUNC

[aZo@-¢7 ND] [¢4Fo7 ND
291, 2%4a0-(1 7 IRV “700C N] [eead+ V]
= PUNC

o Alpwfy ND “nc N
av(\t V i PUNC

[emP+ NP 272 N tvitom V] [¢a9C NP
+H N 974 INF] [a@8A@< V] 11C N 17
CONJ [H& ADV] [He0 N aains PRV]

[a0h PREP 904 N a7+ NP &<a POSTP]
[hot NP] [ad@@u-9° PV] = PUNC

e ?m?t NP 27e N ttoa IV
PA9C NP i N 79&¢°1 INF
ho4A@- V :: PUNC

e H& ADV 9°a N a7+ NP £2a
POSTP h+ NP hdomy-9°
PV == PUNC

e AhOh PREP P4
N a7+ NP £<n
POSTP nen N
g PPV =
PUNC

[0C0- NP p1%%ao@- PPRV ¢A4¢4¢ NP
AP AN 02,8417 ND] [nAaite&e

Patexf NP awe®F AN
0%.2607 ND hateie NP

PATe%e NP Awed T
AN 0#CQ NP +sskav

NP wet3F N 9110 N 24,8407 N wetSF N a0+ N A0 GV | PPV = PUNC

2C POSTP 0912195 Fm- IRV 1-4¢~F N Aavp2gqt NP eap90(L9 NP a1 N

AL POSTP] [a¢ GV Aav ¢+ NP] +4.6-4av PV :: PUNC

[fao00.2 NP (18 N] [Fd.s-dav PV] ::

PUNC

[agavd~+ NP n@-1 NP @-22F N Phtexe NP temzct N | PAde&e NP

410 PPRV A% 2 NP &7 CF
N &P+ N £.8.407] ND [9°+743 N]
[theot PAV] :: PUNC

AwSPTF N 4,8.607 ND o723 N
+ne@y PAV :: PUNC

TN CH N AweP T
N A%aed~+ NP (@-M
NP @-l&F N -téti
PPV = PUNC
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4.7 Relation Extraction

The main goal of an OIE system is to extract domain-independent and non-predefined relation
instances from natural language text based on the grammatical structures of the language. In
Section 2.2.4, five categories of relations that can be extracted from existing OIE systems are
discussed in detail. In this section, we discuss how the five categories of relations can be

detected and extracted from Amharic sentences.
4.7.1 Relation Detection

Verb-based Relations Detection

Since Amharic sentence has SOV structure, verb-based relations from Amharic sentence can
be detected by the presence of a verb at the end of the sentence. Verb-based relations can be
represented in a predicate-argument structure as Rel (Argl, Arg2), where, Rel is the verb of
the sentence, Argl is the subject of the sentence and Arg2 is of the following types: indirect
object, direct object, complement, or adverbial. Correctly chunking the sentence into phrases

is very important to identify the arguments of verb-based relations.

Examples:

e  “A0N-FAZTS hAL.0 AN eoM”, the subject (i.e., “A0N) and the adverbs (i.e., “aA%.0 ANQ”
and “rAF9”) are related by the verb (i.e., “er@”). The extracted verb-based relations
are:

“goay (“h0N”, “hh%a ANO”)
“avay (“AO07, “FATHS”)
e  “ANN 4M7 1@, the verb (i.e., “1@) expresses the relationship between the subject

(i.e, “aAnN”) and the compliment (i.e., “4M7%”). The extracted verb-based relation is:
mlm‘” (“?\ﬂﬂ”, “&nn”)

e  “ANN ADNL avo/e Am@-”, the verb (i.e., “am@-’) expresses the relationship between
the subject (i.e., “A0N) with the direct object (i.e., “hNL”) and indirect object (i.e.,
“avpye”).

“Am@<” (“A0N”, “AhNL”)
“Ama@~’ (“A0N7, “a0hY&”)

61



o ““PATTG AN avd¥e 7, the verb (i.e, “1H”) express the relationship between the subject
(i.e., “An0”) with the object (i.e., “eré¥&”) and the adverb (i.e., ““FA7FS”).
M (“ANN7, “FATHG”)
M (“ANN7, “aPAY&)

HAS Relations

In Amharic sentences, HAS relation is implicitly expressed between two consecutive nouns

or noun phrases when the morpheme “YE /¢ attached to the first noun or noun phrase.
Examples:

e “PANN AP : HAS (“ANN”, “AFY)

“ChFAL UHA: HAS (“AHPR.8”7, “UHN”)

“PhAI° 2L5”: HAS (“AAIY, “3R5")

o PAPA.e NP PAPC NP7&0: HAS (A48, APC 700)

o  PAEAL APC P& PUHA AT FrE YAd: HAS (A28 APC aP718. QU AT Tt 7A4.)

o PLLAPNP ANFRLC N AGA AD) “IHC N TAT N : HAS(PL:48P ANTALC, A8.A TG
TAT )

Noun-mediated Relation

In Amharic sentences, a common noun found between two proper nouns indicate the presence
of a noun-medicated relation between two proper nouns. This mostly happens in appositions.
Apposition is a grammatical construction in which two noun phrases are placed side by side

with one element used to express the other differently.
Examples:

o “AICALPD HETF PAUT 100": “HEF (“PAU-T 1007, “A AR
o “PANN AL ALA”: “AB” (“hlLA, “A0N")
o  “CAPLPD- AY4 FOANT: “AQY&” (“FANTY, “¢-(.2")

However, we used agent nouns instead of common nouns as an indicator of noun-mediated
relations. Agent noun is a common noun that is derived from a verb denoting an action, and
that identifies an entity that does the action. For example, ““F914” is an agent noun formed
from the verb “t972". “A0RTL”, “aps”, “RBNCNS”, “A0aPen”, “hNd4-L”, “Al.” and “H4"T are
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some examples of agent nouns. The reason why we used agent nouns as an indicator of noun-
mediated relation is that they are common nouns and the morphological analyzer can only
able to distinguish agent nouns and identification of other common nouns requires

knowledgebase.

For example: from a noun phrase” A& 2P0+ H41 PAU-T 100", the agent noun “H4"T is used
to detect a relation between “AA4¢%€” and “PAv-7 700” which indicate that “Tilahun Gesese

is Ethiopian singer”. It can be represented in a predicate-argument structure as “44-1" (“PAu-7
€M7, DAL,

IS Relation
IS relation is implicitly expressed relation between a proper noun and common noun.

Examples:

o MG YRP: 1S (MG,78P)

o 807 ted: 1S (S0 teE)
o  IULHETICT OPETN: 1S (TBENETIET,DPETN)

In Ambharic, this kind of relation is found when a proper noun comes after a common noun.
However, because of the same reason stated in noun-mediated relation detection, we only use
agent nouns as a common noun to extract IS relation from noun phrases. See the following
examples in which agent nouns are in bold and proper nouns are in italic and the relation

extracted from the phrase is underlined.
Examples:

o PATAL ZB Zen 712044 - 1S (120, 1M040AG, ZBP)

o A7 414 - 1S (aNA, +98)
o Pllfi-a08 Bl (AN |S ( BeC NANSCS, avg)

Noun Compounds and Adjective Noun Pairs

Different kinds of relation can be extracted from compound nouns. For example, from an
adjective-noun pairs: “¢2 0, a relation: that_is (¢0¢, “+£”) can be extracted and for the

noun compounds: “P@CP +ANF” the relation: made_of (¢a0t, @c®) can be extracted.
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However, relations implicitly expressed in noun compounds and adjective-noun pairs will not

be covered in our AOIE system because they require external resources such as WordNet.
4.7.2 Predicate-Argument Extraction

There are altogether four categories of relations (i.e., Verb-based, HAS, IS and Noun-
mediated relations) can be extracted based on the grammatical structure of Amharic sentence.
This section presents all algorithms which are implemented for each category of relations.

Verb- based Relations

The phrasal chunking offers an easy way to extract a verb-based relation from simple
sentences. A verb phrase is often found at the end of a sentence, the subject is mostly found
at the beginning of the sentence. For example, consider the following chunked sentences.

o [P2L0F NP a9¢ N a N (27 N] [abaczd N A®A N A18¢49° N [+avrwert
PAV]
o [narzd N Aoa N ANSc79° N] [£20F7 ND] [11989 &. 90 . | [eowert V]

The verb-based relation extraction algorithm is shown in Algorithm 4.6. The algorithm

excutes the following three action sequences.

1. It searchs for a verb-containing phrase in a sentence; if detected, it marks the phrase

as relation phrase.

Sentence 1: Relation phrase = “taowdAt”
Sentence 2: Relation phrase = “aow(-+”
2. It searchs for a noun phrase at the beginning of the sentence; if detected, it marks the

noun phrase as the first argument and adds all remaining phrases to the argument list.

Sentence 1: Argument]= “PLLN T A°IC A0 (+&7”
Argument List = {“0hAczd AOA A5}
Sentence 2: Argumentl = “DAczd AON ANG- LI
Argument List = {“LL0+7”, “01989 4. 9°.” }
3. It returns the component in the form of a set of predicate-argument structure: Rel

(Argl, Arg2) where Rel is a phrase which was marked as a relation phrase, Argl is a
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phrase which was marked as first argument and Arg2 is a phrase found in the argument

list.
Sentence 1: aowit (“Dicid AON A-(1%E-1I°7, “LNTT’)
Sentence 1: aowiat (“Daesd AON AN05E19°7, “N1989 4. 9°.”)

Sentence 2: Faowéet (“PLLMLT A%C ' (&7, “Ohiesd ADA A1%-E-19°)

INPUT: POS and morphological tagged, and chunked sentence (S)
OUTPUT: relation tuples in predicate argument structure
BEGIN
For each chunk C in S.
IF C contain a verb
Predicate = C
End IF
IF C is the first chunk and it is a noun phrase
Argumentl = C
END IF
IF C does not contain a verb
Add C to ArgumentList

END IF
END FOR
output the relation in form of predicate (Argumentl,
ArgumentList))
END
Algorithm 4.6: Verb-based relation extraction
HAS Relation

HAS relation expresses a binary relation between X and Y, where X and Y are noun or noun
phrases. Algorithm 4.7 shows the implementation of the HAS relation extraction algorithm.
The algorithm takes POS and morphologically tagged noun phrases. It checks if a noun with
a morpheme “YE/” found in the input noun phrase. If found, the word itself is the first

argument and words found after it is the second argument.
Examples:

PA2.0AN0 NP e2ha. NP Atthche®PF N: HAS (A.0A00, 23-ha, ATihChePT)
e0Né-Hae N avg AN: HAS (1é-H.A, 9°4)
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OUTPUT: HAS relation tuple in predicate argument structure
BEGIN
IF a noun, which has a morpheme “YE/?”, followed by other noun
is found
Argumentl = the noun itself
Argument2 = the next noun
END IF
output the predicate in form of HAS (Argumentl, Argument2))

END

Algorithm 4.7: HAS relation extraction
IS Relation

IS relation extraction algorithm captures binary relations when a common noun present right

before a proper noun.
Examples:

o 4994 AN 497 N: IS (A9°Y,+914)
o ¢Fha.o NP Afihché AN Af N 784 N: IS (A Y@, Aihchs)
o P0cHaA NP avg AN Eec N 0anse N: IS (BeC 0AnSE, avg)

The implementation of IS relation extraction is shown in Algorithm 4.8. The algorithm takes
POS and morphologically tagged noun phrases as input. By iterating to each word, it looks
for an agent noun which is followed by another noun. If found, the words found after the agent

noun is extracted as the first argument and the agent noun will be extracted as the second

argument.

INPUT: POS and morphological tagged Noun Phrase (NP)
OUTPUT: IS-A relation tuple in predicate argument structure
BEGIN
If an agent noun followed by a noun is found
Argumentl = noun phrase found after the agent noun
Argument2 = the agent noun
END If
output the predicate in form of IS (Argumentl, Argument2))
END

Algorithm 4.8: IS relation extraction
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Noun-Mediated Relation Extraction

Noun-mediated relation expresses a binary relation between two nouns. Agent nouns are used
to detect noun-mediated relations. The implementation of noun-mediated relation extraction
is demonstrated in Algorithm 4.9. The algorithm takes POS and morphologically tagged noun
phrases as input. The algorithm first looks for an agent noun that is found between two nouns.
If found, the noun found after the agent noun is extracted as the first argument, the noun found
before the agent noun is extracted as the second argument, and the agent noun will be extracted

as the predicate.

INPUT: POS and morphological tagged Noun phrase (NP)

OUTPUT: noun-medicated relation tuple in Predicate-Argument
structure
BEGIN
IF an agent noun is found between two nouns
Predicate = agent noun
Argumentl = noun phrase found after the agent noun
Argument?2 = noun phrase found before the agent noun

END IF
output the predicate in form of predicate (Argumentl, Argument?2)
END

Algorithm 4.9: Noun-mediated relation extraction

4.8 Post-processing

The post-processing component used to present the outputs of the predicate-argument
extractor in the form of N-ary representation. The separation of the extraction and
representation of relations is a recommended approach because the representation can easily
be changed without affecting the extraction. For example, the following two relations are

obtained from verb-based relation extractor:

e RI1 =% (“A00”, “DAag.0 ANO").
e R2 =% (“ANN”, “FAFFS).

The extracted relations are binary relations that show a relation between two entities.
However, the binary representation often leads to a critical information loss. For example, in
R1 and R2, the separation of the two constituents: “ha%.0 AN0”) and ““FA7FS”) leads to the
loss of information. As a result of this, we used N-ary representation to represent the extracted
relations. To generate an N-ary representation of a relation tuple, an argument for each entity
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will be created in the order in which they appear. It has the following format: Rel (Argl, Arg2,

Arg3, ..., Argn). For example, the N-ary representation of the extracted relation is:

o “ao®” (Argl: “ANN”, Arg2: “hAag.0 ANA”, Arg3: “TA7TS”)
4.9 Prototype

The proposed method and algorithms are implemented in prototype software. The prototype
software is developed under an object-oriented environment, using Microsoft C# as a
programming language. The prototype takes a POS-tagged text file in UTP-8 format as input,

performs sentence-by-sentence processing and produces a set of relations in N-ary format.

The Morphological Analysis component analyses the morphology of each word of the input
sentence using HORNMORPHO and it assigns custom tags to the word. Then, the Phrasal
Chunking component chunks the sentence into a set of phrases. If the sentence is compound
or complex, the sentence will be passed to Sentence Simplification component that simplifies
the sentence and passes the sentence to the relation extracton component. The Relation
Extraction component extracts a set of relation from the input sentence. Finally, the
Postprocessor displays the extracted relations in N-ary format. Figrue 4.3 shows user interface
of the Prototype.

The input of the prototype is a POS-tagged text. It can be opened from the location where it
is stored as a file by using the “Browse” button. By pressing “Morphological Tagging” button,
the input text will be splitted into a set of sentences and words of each sentences will be
morphologically analized. When the “Chunk” button is pressed, each sentence will be
chunked into a set of phrases. By pressing “Simplifiy” button, complex and compound
sentences will be segmented into a set of simple sentences. Finally, relations will be extracted

from input sentences and the results will be displayed by pressing “Extract Relation” button.
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POS5-Tagged Document
C-\Users"Selin\Desktop‘Jan 26 DataSet\Appendex (42)\appendex txt

Browse

<VAPC V1 hRA PAYEASN hdh THINLP B4 RRLT => ~
KL N

@ye N
h&h ADJ
PH1+ASHADIP

POS Morphological-Tagged Sentences

Browse

KPCN 372 N h&h ADJ B+1#A 30 NP hdn N ®+N2Z8 N 24 N 5247 PV = None A
2% ND @2 PREP a&4f ND NG NP @haC N K3290%H,7 IRPV hhFe+T PV =

None

EAFPAF NP APC N 112 N NPT N AUAF NP A%+ N +24m. PAV = None

SN mih NP Bxnaf3 NP NANETF N Pk NP m@AA ADJ h T4 N a8=h% ADJ

NASY ADJ NEN KY&LPY IV @Ak PV = N

Orginal Sentences

Simplfay
Simplified Sentences

*PC N @372 N ][a&h ADJ p+3#027 NP han N +nsf N J[24 N A2 A
V] <Simple

[8% ND Jj2 PREP aa+&f ND J[EAMC NP @hosg N [R3298H447 IRPV

hhre+F PV] <Simple

[PRA*&F NP APC N @372 N NPT N J[AUAF NP A%% N J[+&¢m. PAV]

<Simple

[EAN&F Min NP BRhAP3 NP NANAT N J[emih NP m3®AA ADJ hT7a N

[592h% ADJ MLAB ADJ A1C N K32 IV @Ak PV ] <Simple

[N%2® NP mCys N e+aas V B3 ND J[é9 N JInhC NP AT3acs INF]

[#hn PAV] <Complex

Output of Momhological Analyser

Pword; kPC ~
word: Y78
i POS: noun, stem: ™17
Tagging POS: infinitive, root: <ngd>, citation: 172
word: PYASH v
Chunked Sentence
KL PYIE (&N PHYEASH hdh NP )24 [heL7]  <Simple ~
(87 @8 AFF&F JPMRC PACE [RIRIFHLT hhFe+T | <Simple
[PR3P&P KPC VIR NLGPF JAUATF AT [[+2dm ] <Simple
 |[PANSE N9h BRRARY NANET JBM MBAA hTA4 J[ARhT NAFY NC IRALY ok
Churk 13> 1 <Simple
L |[ns2® MmOy e+Am BRTY 3890 INNAC ATIALE [N ] <Complex
[£C2 AT JPNEFS P FoC J[NISANFE +7AR ] <Simple
v
Verb-Based Relations HAS Relations

KRBT (Arg1 KB TVE " Arg2 KA PAIEASR
héh S4aNLE " Argd B4 )

KIRIIHLT RhADHT (Argl: T " Ag2 me
REEP " Argd NN neRe )

2 (Arg T PR ER APC IYIE NPT

" ArgZ:" ALFAF A9 ")

E3&LPY oAx (Argl BRAISE M BARARTS NANST
" Arg2"BMiie MBAA W74 " Argd RBAT NAFD
c")

FA0 (A1 NS mO% PHAm BTy

" AgZ" K890 " Arg3"NnC ATIAZE ")

~

HAS("AMkC" " e

HAS( "RF£P" " A8C P12 NL48T")
HAS( "anAfY" " NANAT")
HAS("myn" " mBAA hTA")
HAS("nE=" " e FC")

HAS( "a4%" " ")

HAS( "HN&aC" " ne")

HAS("mh" " KiBhga")
HAS("G2&" " F¢ Y70 MdTihet")
HAS("c3 " -Jnr")l

HAS( """ my"

[£C2 N NAF N [FNE+S NP P23 NP F21C N \i8ANFe- PRV 4748 PAV ]
<Simple
[N4-24h NP kCn% N F=1C N )P PREP 15 ADJ NA None hifl N P4 N
=130z N J[Af+3-++ PPRV 52 V] <Simple
[A PREP 29 ADJ T N J[ee=4% NP AH N @nc N [n&A ADJ n&32C N |
[*e+H7E PPRV 12 V] <Simple
[Nes® ADJ hahd N 401k N J[@2 PREP <14 ADJ 26z N ATSH®C INF ]
[ N J[@m PV ] <Simple
[nh%a NP =% N J[FHNAC NP g ND J[58 ADJ N@% NP £CA N e
INF J[24. N )[x2£7 PV] <Simple
[hh ND JInms NP 422 N A2 POSTP P+indday V gonas NP a9 N
:\ghm'i!' INF )20 ADJ A ADJ 1€ N J[6C8 NP Jlam PV ]

mplex

>

IS Relations

Noun-Mediated Relation

1S("ACKH" " BTV +4027)

1S("8F A RAS" " BRAMEE +1NL")

1S( "8 +h&E UNA" " PRATICALE PR PHEY
AAMS KA+NNZ")

1S("3% +=0TT F" " PaYEA FBLOG (12
RN

1S("RULH" " PUBAD: TEA TINF RULT IV
ARANZ")

IS("AF 40" " NATS OCH AR PhATIAD: HTHP
AR

+EN2{"AChH"," PHTTR" )

+NN("HF A% hAd"" hAmS" )
ARENN("h +h4P UPRNA"." PRLCALD PN
B2 hams™ )

RAANNL( RS ATRTY P PRNEL LT
2" )

AhHCRTY( AT SR NS FRCF AR PHATISE
e )

hér RRRLEE("a % 20003 BPRLD" " 07 #NA ")
KhHRRE(RT TP KAL"" PRICT)

Figure 4.3: User interface of the Prototype
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CHAPTER FIVE: EXPERIMENT

This chapter describes the experiment conducted to evaluate the performance of the proposed
method and algorithms. It explains how the test datasets were created, and how the sentences

were annotated. Furthermore, the results of the evaluation are discussed.
5.1 Experiment Setup

In order to reduce evaluation time and increase the efficiency of the evaluation process, we
have implemented an evaluator which automatically compares results of AOIE system to the
manually annotated dataset and calculates precision. The comparison function ignores minor
differences like punctuation marks or other special characters since they don’t change the
meaning of extracted information. The order of arguments found after the relation phrase is

also ignored.
5.2 Datasets

The dataset used in the experiment has 215 POS-tagged sentences consisting of 2482 words.
The sentences were collected from online Amharic news sources such as the Reporter Ethiopia
[67] and Walta Media and Communication Corporate [68]. The sentences were collected
randomly from different domain areas to study the domain-sensitivity of AOIE system. We
used HABIT Ambharic tagger [14] to label each word with its POS tag and HornMorpho [16]
for morphological analysis. Regarding the complexity of the sentences, the dataset consists of
75 simple sentences that contain exactly one verb phrase, 119 complex sentences that have
more than one verb phrase and 21 complex compound sentences. A detailed histogram is

shown in Figure 5.1.
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Total Number of Sentences: 215 Total Number of Words: 2482

Total Number of Simple Sentences: 75 Total Number of Complex Compound Sentences: 21
Total Number of Complex Sertences: 119
Simple

I Complex
I Complex Compound

Figure 5.1: Histogram of dataset

5.3 Evaluation Results

We have evaluated the sentence simplification algorithm separately because the performance
of the sentence simplification algorithm has a significant effect on the performance of the

extraction system.
53.1 Evaluation Result of Sentence Simplification

The sentence simplification algorithm is tested using 130 complex and compound sentences.
From 130 sentences, the algorithm generated 229 simple sentences. The researcher evaluated
each sentence as correct or incorrect. The result of the evaluation showed that, out of 229
clauses, 74% of embedded clauses were correctly identified and 72% correctly paraphrased.
Table 5.1 summarizes the findings.

Table 5.1: Evaluation result of sentence simpliciation

Total Correct Precision
Clause identification 99 74 0.74
Parahrasing 229 167 0.72
Overall Algorithm 0.73
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5.3.2 Evaluation Result of Extraction

In order to create the annotated dataset for extraction, each sentence had been tagged by the
researcher with all possible relation tuples in the form of [REL] ([Argl], [Arg2], [Arg3]
[Argn]). We annotated 768 relations manually. All sentences at least have one distinct relation
tuple extracted from it. The annotated dataset consists of 414 verb-based relations, 207 HAS

relations, 78 noun-mediated relations and 69 IS relations.

The automatic evaluator labels extracted relations that match manually annotated items as
“correct” and relations that don’t match manually annotated items are labeled as “incorrect”.
Thus, all returned extractions are the sum of items that have been extracted correctly and
incorrectly. To evaluate extraction algorithms of AOIE, we have used precision. Table 5.2
shows the result of the evaluation. A total of 556 correct relations tuples are extracted from
the dataset.

Table 5.2: Evaluation result of relation extraction

Manually Automatically Correct Precision
Annotated Extracted Extracted
Sentences Sentences Sentences
Verb-Based 414 310 286 0.92
HAS 207 140 128 0.91
IS 69 50 39 0.78
Noun-Mediated 78 56 41 0.73
TOTAL 768 556 494 0.88

5.4 Discussion

In this section, we discuss the evaluation results in detail. As we can observe from Table 5.2,
the AOIE system has extracted 556 instances of relation from 215 sentences with a precision
of 88%. Considering the errors made by AOIE, in general, we found that 56.5% of errors are
due to complex and malformed sentences. Although the performance of AOIE can be
significantly improved by simplifying complex sentences, only 73% accuracy in sentence

simplification is achieved as presented in Table 5.1. After a thorough analysis of each error
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returned by the sentence simplification algorithm on the test dataset, most of the errors are
due to failures in simplifying highly complex sentences. The sentence simplification algorithm
has shortcomings in the handling of sentences that contain one or more clauses that share the
subject or objects with the main clause, and/or contain other embedded clauses. This limitation
often leads to incorrect and overspecified predicates and arguments, missed relation instances,
and it also produces relation instances that are inconsistent with the information contained in
the original sentence. For instance, from the sentence “0dn.0 h-+e? AW, 1PLPTF 014 +P@-qP
PPN 2607 AT9LECT (FHLLID- 201.8:Ch OCP nO2® T4t (P10 PN, OCP TII°F AL
PhG9 et QAP F o APNYS W781P1 Jo::” the relation generated by AOIE is: “~é-@-7
W18.PRCT TG ALPNYS IV Fod (Argl:” NANA hehe7 AR 1PSPT", Arg2: "4 + o
°h728t ")”. The first argument of this extraction is incorrect, it should be “?hg4 he-+g
naeo-eP. It also contains an overspecified predicate. There is also one missed relation (i.e.,
10 (Argl: “PA1L7L OCP TI9°0F”, Arg2: “eo1.Lch OCP h078”, Arg3: “rét)”).

32.7% of the errors are due to errors in morphological analysis and POS tagging. For instance,
from the sentence “0%9&P MCrt eHOA@+ EATT7 A69° NN-OC ATI04§ FaN:”, two relation instances
were expected from the AOIE (i.e., a0 (Argl: “€a5+7, Arg2: “ho9®’, Arg3: “0hNC
ATINE), FAD- (“BATT”, “N9LP mCrt’)”). However, since the morphological analyzer did
not label the “¢+a@ as a relative verb, the relative clause is not detected and the sentence
couldn’t be simplified. As a result of this, only one instance of relation which contains an
overspecified argument is extracted by AOIE system (i.e., “2a0 (Argl:" 098P mCrt e+a®-
PACTFT ", Arg2: "hed™", Arg3: "0hNC ATILE ).

The remaining type of errors made by AOIE is due to erroneously chunked phrases.
Incorrectly chunking the sentence often leads to incorrect predicate or arguments. For
instance, the sentence: “PLLNT A9C ™A (&7 NhAezd AOA ANGL1I° +avad+” is chunked
erroneously as: ([2L0F A9C h (7] [AhAesd ADA] [AN%e-19°] [Farad-t]) Thus, incorrect
relation -+aead-t (Argl:" LN A9IC WO (k&7 , Arg2: -"(hdezd A®A “, Arg3: -"A08419° ")
is extracted instead of -+aeas-t+ (Argl:" LML A9C O (1277, Arg2: -"(hdesd AON A5L-19°

oy
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CHAPTER SIX: CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this thesis, we have proposed an appropriate approach and architecture for AOIE system.
To accomplish this, we reviewed existing approaches for OIE and analyzed their performance
and applicability to Amharic text. In our comparison of approaches, we identified that the
rule-based approach operating on deep parsed sentences yields the most promising results for
OIE systems, as they enable higher precision. However, since there is no fully implemented
dependency parser available for Amharic language, we have proposed a rule-based AOIE

system that operates on shallow parsed sentences.

In order to evaluate the performance of the AOIE system, the proposed method is implemented
in prototype software. We also have created a small 215 sentence corpus and hand-labeled the
corpus for syntactic structure and extraction information. We have implemented an evaluator
which automatically compares results of AOIE system to the manually annotated dataset and
calculates precision. The result of the evaluation shows that AOIE achived promising result,
88% precision. From the result, we conclude that the complexity of sentences and the accuracy

of parsing tools have a significant impact on the overall performance of AOIE.

6.2 Contribution

This work has several contributions to Amharic natural language processing.
We have contributed:

« A design for Amharic OIE.

« A chunking algorithm that utilizes POS and morphological information of words of a
sentence.

« Amharic sentence simplification algorithm that breaks down long and complex
Amharic sentences into short and simple sentences.

« Amharic relation extraction algorithm.
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Annotated dataset of 215 Amharic sentences extracted randomly from the online news

Sources.

6.3 Future Work

To further improve the performance of the AOIE system, we have identified the following

directions for future work.

Improvements to AOIE’s text preprocessing have the potential to improve the
system’s usability. This includes the ability to resolve co-reference and recognize
named entities.

The performance of the AOIE system on highly complex sentences can significantly
be improved by using deep parsing instead of shallow parsing.

The sentence simplification algorithm can be improved by adding additional rules to
handle highly complex sentences such as nested compound sentences.
Noun-mediated relation extraction can be improved by identifying common nouns
found between two nouns.

Classifying the result returned by the OIE as concrete or abstract fact will make the
integration of the OIE system with other downstream applications easier.

Nesting the extracted relations allows to more accurately reflect the meaning of the

original sentence.
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APPENDICES

Appendix A: The Amharic Alphabet
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Appendix B: Sample POS and morphological tagged, and chunked

sentences
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Appendix E: Automatically Extracted Relations
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O (Argl:" Nv-® AADA 4080 " Arg2:-"@L 1A RHF ATTHOC " Arg3:-"ehl ")

ALLT (Argl" NOVFA 14T " Arg2:-"PHILSC (L&-7 " Arg3:-"58 (107F &CA aviHEY " Argd:-" 24 ")

am (Argl by " Arg2:-"0NG heP AL PHUNG4DF " Arg3:-"hIP0R ALI® ATINDIL " Argd:-"20 “LALT C
" Arg5:-"0C83 ")

AN AQFOP (Argl ACY7T A7h %ot " Arg2:-"07h ATP0P0, )

AQPaear (Argl" PR NTEAD " Arg2:-"06-0.8: N CH RNt ATLPTA 290G ch, A1 ")

PO PSA (Argl” OC " Arg2:-"0AACKE P9°CTH 108 " Arg3:-"004G 0L+ M7 " Argd:-"NP 8oL OC " Args:-
"0l 74 Oaof page ")

HGDT (Argl" CAACKE FEINTCF APEPT " Arg2:-"doCololl " Arg3:-"PP2¢3 ")

AT8ALLOT 1R (Argl %02 A7h " Arg2:-"f 400 “LAS7 IC QAL " Arg3:-"chl " Argd:-"o0G ")

LmePi A (Argl!' fPAN OC TCERF APMT? " Arg2:-"70 “LAL7 OC ")

APFavLavd. 1@ (Argl:" (ch(HS Q40T " Arg2:-"hdT (LALY N1C AL " Arg3:-"124 LCETF ")

L& LT (Argl!" (G RLOTT htav@- (1avfP " Arg2:-"hAdt (LALT N1C NAL " Arg3:-"124 LCEFTF ")

Bavl (Argl" PRCHh 028 " Arg2:-"(0FH14-2 AR "Arg3:-"(1 750 LAY &C A4S TCh AP0 " Argd:-
"CATANT AT 4 P& O ")

TRLT (Argl" Bl " Arg2:-"PhEEN P78 WEATT TPUNGT " Arg3-" 174,840 " Argd:-" P " Arg5:-"1AS.0
ANQ H@7 ")

ANTTEA (Argl” D12 (LAST &AC NAR " Arg2:-"(1G "Arg3:-"0°0F @ " Arga:-"204 TLALT 2AC ")

Bavl, (Argl!" PPPALAT PhIPTR+C aP1NMILe " Arg2:-"0 50 “LAL7 NC ATANTaP T 226 )

Foe 10C (Argl:" PREMF AYC WO (127 (1A " Arg2:-"PhANT Phe TIAG " Argd:-"P7om, @190t ")

TR (Argl:" 09IC 9°CH " Arg2:-"0NGHE vp3 hPABABA aoFPM)E ")

AT%0HT 10& (Argl!’ TOHATE " Arg2:-"heID- " Arg3:-"PA X LT UHA ")

AnddA (Argl!" AaPAL " Arg2:-"A300(L O15T A.C8 ")

HEavl (Argl (145 ONT " Arg2:-"PhV S Y80 O-LLt ")

ANLEL 10+ (Argl" AATPAPGE 0408 M-L0C " Arg2:-"AS0ANN ")

+avf(1 (Argl" 229°0LA Z°Ch? ACTAAA " Arg2:-"TI00. C ")

TaA( (Argl NACHe 205 AACXEDET " Arg2:"Of h1LFO- ")

Bavg. (Argl" ATIHAL PATINFD- ", Arg2:-"17 FPPUCTHLAT " Arg3:-"AIAINFTT avamt )

av(lek (Argl!” ALOD-L7 ", Arg2:-""IUNC ")

ARLMT (Argl!" AT ", Arg2:-"Dhl OG5 " Arg3:-"0LbavT0C ")

TELEATFD (Argl:" e, Arg2:-"194 T IC 0¥ ")
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36.
37.
38.
39.
40.

41.

42,
43.
44.
45.
46.
47.
48.
49.
50.

51

52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.

AAL1T (Argl!" el&t AT " Arg2:-"NTI 0T " Arg3:-"@L 1970 (LAST 0C ")
sk (Argl!" ATCEPDET " Arg2:-"00¢- av2lh )

ANS@GA (Argl" atehE " Arg2:-"0136TLAL7 1C " Arg3:-"0a071€ 715 ")
AL (Argl!" PATEXE OFIOUCT 47 " Arg2:-"061TN4007F ")

T0dd (Argl" Gavt " Arg2:-"?07Th ATPOAPA " Arg3:-"aPmis PHCE P ")
tett (Argl!’ CAFEEE TEINTCF ARSPT " Arg2:-"0Ga0 I (-0 D-LET ")
O (Argl" FCE (LLATPHINI® GA® A& OUNF " Arg2:-"chl ")

4&aPA TOA (Argl!" 124 LCEFT NGT ")

88 (Argl" QT " Arg2:-"124 LCERF ")

V1 (Argl!" TGHAYE " Arg2:-"PAGSN #7& witGF " Arg3:-"o10¢T ")
FPL (Argl" (4G 0L ")

tERav (Argl!" PPPOLAS PhIPTRAC aP1INMILL " Arg2:-"(A & LD-07 ")
tav(let (Argl PRLNE ACIC MO (K7 " Arg2:-"(INAC20 ADA " Arg3:-"A(18-19° ")
PAT® (Argl" ANO " Arg2:-"A(H @-OT ")

At FFANT (Argl” AATTH " Arg2:-"N74C ")

D (Argl" £CB-E " Arg2:-"nhl A5 ")

A0 (Argl" OT2A9°0-F avgY§ Favqdde HTHCTPOTA L1 "))

HAS ("an-c"," avparc™)

HAS ("AAe&8"," heC av118 0L&-PT")

HAS ("Ahae7"," aa0AF")

HAS ("a7h"," mPaa 0T A")

HAS ("ovet"," A andF")

HAS ("HO.8C"," (L")

HAS ("¢-2&™" " e 7 G RIAIet")

HAS (e, 108")

HAS ("06”," 9084 aom?")

HAS ("tch", " n07e")

HAS ("A7atkeert, " ¢.$8™)

HAS ("2L05”, " A9C 2"

HAS ("Ate2e"," vtN")

HAS ("4em")" @-2::C")

HAS ("poe0.a"" 7°ch™)

HAS ("av7£"," 715")

HAS ("2L204"," haC a (-27")

HAS ("mPt"," a78")
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