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Abstract

Natural language (NL) is one of the fundamental aspects of human behaviors and we can
communicate all over the world through it. Natural Language Processing (NLP) is a branch of
artificial intelligence that deals with the interaction between computers and humans using the NL.
In the NLP world, every NL should be well understood by the machine. Machine Translation (MT)
is a process by which computer software understand NL and an automatic translation of a text
from one NL (source language) to another (target language). Neural Machine Translation (NMT)
is a recently proposed approach to MT and has been able to gain State of The Art (SOTA)
translation quality for the last few years. Unlike the traditional MT approaches, NMT aims at
building a single neural network that can be jointly tuned to maximize translation performance. In
this thesis we proposed Attention-based Amharic-to-Wolaita NMT. We built our system based on
Encoder-Decoder architecture also called Sequence to Sequence (Seq2Seq) model by integrating
a Recurrent Neural Network (RNN) and Gated Recurrent Unit (GRU). For comparison of our
translation performance, we developed non-attention-based Amharic-to-Wolaita NMT. An
encoder in basic (non-attention-based) Encoder-Decoder architecture encodes the complete
information of the source (Amharic) sequence into a single real-valued vector called context vector
which is passed to the Decoder to produce an output (Wolaita) sequence. Here, a context vector
summarizes the entire input sequence into a single vector. As the length of the sentence increases,
the inter-dependency of words is loosely related and it is a major drawback. The second problem
of basic Encoder-Decoder model is handling of a large number of vocabulary sizes. As each word
in the sentence is visited, it must be assigned a new identity number. But when the length of the
corpus increases, the number used for word representation and dimension of word vector needed
becomes higher. These two basic issues are solved using an attention mechanism. However, either
attention-based or non-attention based NMT have not been developed for Amharic-to-Wolaita
language pair. Thus, we developed attention-based NMT for Amharic-to-Wolaita translation and
compare it against a non-attention-based NMT system. We used a BLEU score evaluation
technique for system evaluation and we got 0.5960 BLEU score for non-attention-based system
and 0.6258 BLEU score for attention-based system. Thus, attention-based system obtains up to
+0.02978 BLEU improvements over non-attention-based NMT system.

Keywords: Natural Language Processing, Machine Translation, Neural Machine Translation,

Recurrent Neural Network, Language Modelling, Attention-based Encoder-Decoder Model.
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Chapter 1: Introduction
1.1 Background

Natural language (NL) is one of the fundamental aspects of human behaviours and is a crucial
component in our lives [1]. It is the method of communication in different ways which are by audio
(spoken), text (written) and signs to exchange ideas, emotions, and information [2]. Thus, we can
communicate all over the world through NL. The advancement of technology and the rise of the
Internet as a means of communication led to an ever-increasing demand for Natural Language
Processing [3]. Natural Language Processing (NLP), also called computational linguistics is
widely regarded as a promising and critically important endeavour in the field of computer research
[4]. It came into existence to ease the user’s work [4]. The general goal for most computational
linguists is to let the computer have the ability to understand and generate NL so that eventually
people can address their computers through text and speech as though they were addressing
another person [4]. NLP applications are useful in facilitating human-human, human-computer,
computer-human, and computer-computer communication via computing systems. In the NLP
world, every language should be well understood by the machine. The process that lets the machine
understand the different languages used all around the world is called machine translation [2].

Machine Translation (MT) is a process by which computer software is used to translate a text from
one NL to another [2]. It refers to an automatic translation of one language into one (bi-lingual) or
more languages (multi-lingual) through electronic devices that contain a dictionary along with the
programs needed to make logical choices as required for the new language [2]. MT is considered
to be the most substantial way in which machines could communicate to humans and vice versa
[4]. To process any translation, human or automated, the meaning of a text in the source language
must be fully restored in the target language. While on the surface this seems straightforward, it is
far more complex [33]. Translation is not a mere word-for-word substitution. A translator must
interpret and analyze all of the elements in the text and know how each word may influence another
[33]. This requires extensive expertise in grammar, syntax, semantics, etc., in the source and target
languages, as well as familiarity with each local region in which syntax and semantic mean
sentence structure and meanings respectively. The translation of NLs by machine was first dreamt
of in the 17" century [5].
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The advantages of MT over human translator is when time is a crucial factor; MT can make
translations quickly [34]. We don't have to spend hours poring over dictionaries to translate the
words and the machine translator can translate the content quickly. The next benefit of MT over
human translator is, MT is comparatively cheap. This is because if we use the professional
translator, s/he will charge us on a per-page basis which is going to be extremely costly.
Confidentiality is another matter which makes MT favourable. Giving sensitive data to a
professional translator might be risky. Universality is also another advantage of a machine
translator. A machine translator usually translates a text which is in any language while a
professional translator specializes in one particular field. Online translation and translation of web
page content is also a favourable advantage of a machine translator. Online translation services are
at hand and we can translate information quickly with this service. Furthermore, we can translate

any web page content and query of a search engine by the use of MT systems [1, 8].

A number of approaches are available for MT, such as Rule-Based Machine Translation (RBMT),
Corpus-based Machine Translation Approach (Corpus-based MT), Hybrid Machine Translation
(Hybrid MT) and Neural Machine Translation (NMT) [6]. NMT is a recently proposed framework
for MT based purely on neural networks. Neural networks are making in-roads into the MT
industry, providing major advances in translation quality over the existing industry standard
Statistical Machine Translation (SMT) technology. Because of how the technology functions,
neural networks better capture the context of full sentences [7]. This technique has begun to show
promising results when compared to other approaches [9, 10, 11, 12]. Unlike the traditional phrase-
based translation system, NMT being an end-to-end trained model attempts to build and train a
single large neural network [13]. The goal of neural network is to design a fully trainable model
of which every component is tuned based on training corpora to maximize its translation
performance [8]. People have been turning their heads towards NMT systems, which after being

introduced seriously in 2014 have seen many refinements.

There are three big wins of NMT. The first one is end-to-end training, where all parameters are
simultaneously optimized to minimize a loss function on a network’s output. The second is a
distributed representation of parameters. It is a way of mapping or encoding information to a neural
network. The last one is better exploitation of the word and phrase similarities [13]. Attention-

mechanism improves its performance when the length of words in a sentence becomes longer [8].
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1.2 Motivation

Wolaita language belongs to the Omotic language family among Ethiopian language families (such
as Semitic, Cushitic, Nilotic and Omotic). It is spoken by Wolaita people and some other parts of
the Southern Nations, Nationalities, and People's Region of Ethiopia such as Gamo, Gofa, Mello,
Kucha, and Dawro [14]. Wolaita language uses the Latin script for writing [14]. It is the working
language in the Wolaita Zone. Currently, primary, secondary and higher education institutions, as
well as different mass media, are using the Wolaita language in teaching and learning, and

information transformation processes [14].

Ambharic is one of the languages in the Semitic family which is widely spoken in Ethiopia [15]. It
is the first largest spoken language in Ethiopia, the second most-spoken Semitic language in the
world (after Arabic), and one of the five largest languages on the African continent [25]. Amharic
is an official working language of the Federal Democratic Republic of Ethiopia (FDRE) [15]. Since
Southern Nations Nationalities and Peoples Regional State (SNNPRS) is a collection of different
Nation Nationalities having different languages and cultures, Amharic is also an official working
language in the region [15]. Thus, different types of official documents, newspapers, and vacancies

are written and produced in Amharic both at the federal and regional levels [15].

Speakers of Wolaita language who are unable to speak and understand Amharic cannot
communicate and interact with Amharic speakers in an easy way without finding translators. Thus,
non-Amharic speakers of Wolaita language speakers face problems of lack of information. The
constitution of FDRE [15] recommends it is better if every regional official document is translated
and documented in Amharic language parallel with the local language. Once Nelson Mandela
talked at public speech as “If you talk to a man in a language he understands, that goes to his head.
If you talk to him in his own language that goes to his heart” [16]. Thus, it is a good contribution
if there is a way to translate federal written Amharic documents and literal news into Wolaita
language which can prevent non-Amharic speakers of Wolaita peoples from lack of information
and face to unwanted expenses, such as time and cost. Amharic-to-Wolaita Machine Translation
can solve the aforementioned problems. This has motivated us to work on Attention-based
Ambharic-to-Wolaita Neural MT.
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1.3 Statement of the Problem

Several studies and applications have been done for foreign languages MT using different
approaches. Most of the works have been done on language pair of English and other languages,
such as for Arabic-to-English Neural Machine Translation [17] and English-Japanese Machine
Translation [18], French to English Statistical Machine Translation system [19], etc. This is
because the English language is the dominant language spoken across the world [20]. However,
only a little work has been done on the MT system among English and Ethiopian languages. Some
of the studies are carried out on English-Amharic language pair [21, 22], English-Afaan Oromo
language pair [6, 23]. Some of the MTs done between Ethiopian languages are Amharic-to-
Tigrigna MT using a hybrid approach [24], bi-directional Ge’ez-Amharic MT [25] and so on.

Translations that have been made so far from Ambharic-to-Wolaita and English-to-Wolaita are
religious books using human translator [26]. People use human translation and they tend to be
slower as compared to machines [27]. Sometimes it can be hard to get a precise translation that
reveals what the text is about without everything being translated word-to-word. Translation
software allows to translate entire text documents within seconds. Human translation takes much
longer, especially if specific meanings have to be looked up in a dictionary. Thus, MT helps to
save time [28]. This and the other issues are when MT comes in, which solves most of the problems

caused by a human translator.

Since Wolaita language is used as a means of communication in different government and non-
government institutions and serving as working language at zone, it benefits non-Amharic speakers
of Wolaita people if documents and news articles are automatically translated into Wolaita
language. In recent studies, NMT provides promising results than other MT approaches [9, 10, 11,
12]. Currently, the progress in technology is shifting from traditional MT approaches to deep
learning-based NMT approach. Despite the recent success of NMT in standard benchmarks, it
faces a problem when the length of words in a sentence becomes longer. This issue is solved when
using an attention mechanism with NMT. As the researcher's knowledge is concerned, there is no
prior study conducted on the development of Amharic-to-Wolaita Neural MT system. We found
that NMT is also a very important NLP task that has to be done for the Wolaita language [30].
Thus, we propose attention-based Amharic-to-Wolaita NMT.
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1.4 Objectives

General Objective

The general objective of this study is to design and develop an attention-based Amharic-to-Wolaita
Neural Machine Translation.

Specific Objectives

The specific objectives are:

Review related systems and literature.

Develop parallel bi-lingual corpus for Amharic and Wolaita languages.

Identify the linguistic behaviors of Amharic and Wolaita languages.

Design a general architecture for attention-based Amharic-to-Wolaita NMT.

Develop a prototype.

o o~ wbd -

Test and evaluate the performance of the system.
1.5 Methods

Literature Review

For the purpose of finding up-to-date methodologies in the MT domain, a thorough literature

review will be conducted. For this study, secondary data sources, like books, articles, publications

and other resources related to the topic will be reviewed. This helps to have a better understanding

of the subject of the study. Studies related to this study will be compiled so as to know the pros

and cons of various NMT techniques. MT systems in different languages will be studied with

respect to the closeness and difference among the languages. The details of the approaches and

algorithms followed to build the translation system will also be reviewed. The linguistic behavior

of Amharic and Wolaita languages will also be investigated and identified.

Data Collection

To conduct NMT, a parallel corpus of source and target language is required. The translation

system we are going to develop tries to generate translations using the Amharic-Wolaita corpus

based on neural network methods. The sources for both languages are mostly from a religious

book, and other relevant materials.

Prototype Development

In order to develop a prototype for NMT, some approaches and techniques are needed. Word

alignment, reordering and language modeling can be performed with the help of a well-trained
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deep neural network. Word2vec generates the word-vectors that are used by recurrent auto-encoder
in reconstruction task. RNN has the capability to implement reordering rules on sentences.
Evaluation Mechanism

NMT system can be evaluated either using by human (manual) or automatic evaluation methods.
Manual evaluation is time-consuming and expensive to perform, BLEU score will be used to

evaluate the performance of the system, which is an automatic evaluation technique.

1.6 Scope and Limitations

Attention-based Amharic-to-Wolaita NMT is designed to perform translation of texts written in

Ambharic to Wolaita.

Because of the unavailability of the standardized corpus (corpus ready for MT research purpose)
for the dataset, the dataset we are going to use for training and testing is mostly from religious

documents. Thus, words which are not in corpus is not translated in our system.

1.7 Application of Results

The results of this research work have many applications. The system can be used for translation
from Amharic-to-Wolaita texts, and the translation system can be used as a tool for the teaching-
learning process of the languages. This study can be used to simplify the barrier of language
difficulty among language users. It enables to access information and interaction easily and fills
the communication gap of speakers; Moreover, the study can be used as a component for other
NLP applications such as speech translation. Since the future of NMT focuses on a multi-task
learning, larger context, and mobile devices [1,30], this study may be used as input for the next

researches.

1.8 Organization of the Rest of the Thesis

This thesis is organized into six chapters. Chapter Two presents a literature review which includes
an overview of the languages and MT approaches especially NMT. Chapter Three presents
different related works in the MT domain. Chapter Four presents the design of attention-based
Ambharic-to-Wolaita NMT system. The experiments and results are discussed in Chapter Five and

Chapter Six presents conclusions, contribution and recommendations.
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Chapter 2: Literature Review
2.1 Introduction

In this Chapter, a brief overview of Amharic and Wolaita languages, and MT in general and NMT
in detail are discussed. Additionally, the advancement of NMT over other MT approaches:
Statistical Machine Translation (SMT), Rule-Based Machine Translation (RBMT), Example-
Based Machine Translation (EBMT), and Hybrid Machine Translation (HMT) are described.

2.2 Overview of Amharic Language

Ambharic is one of the Semitic languages spoken in Ethiopia. Next to Arabic, it is the second most-
spoken Semitic language in the world and it is the official working language of the Federal
Democratic Republic of Ethiopia. It is also the first largest spoken language in Ethiopia and
possibly one of the five largest languages on the African continent. The Amharic alphabet is called
Fidel, which grew out of the Ge’ez abugida-called in Ethiopian Semitic language. The usual word
order of Amharic is Subject-Object-Verb (SOV) [25]. Modern written Amharic uses a unique
script called hohiyat (U £+) which is conveniently written in a tabular format of seven columns
[35]. The first order is the basic form; the other orders are derived from it by more or less regular
modifications indicating the different vowels [36]. The alphabet is written from left to right in
contrast to some other Semitic languages such as Arabic and Hebrew. It consists of 34 consonants,
giving 7*34=238 syllable patterns, or fidels [37]. In addition to the 238 characters, there are other
non-standard alphabets which contain special features usually representing labialization. Each
alphabet represents a consonant together with its vowel. The vowels are fused to the consonant
form in the form of diacritic markings. The diacritic markings are strokes attached to the base
characters to change their order [38].

2.2.1 Ambharic Morphology

Ambharic morpheme can be free or bound, where a free morpheme can stand as a word on its own
whereas a bound morpheme cannot [39]. An Ambharic root is a sequence of consonants and is the
basis for the derivation of verbs. On the other hand, a stem is a consonant or consonant-vowel
sequence which can be free or bound where a free stem can stand as a word on its own whereas a

bound stem has a bound morpheme affixed to it. An example of morpheme could be, the word

NAE 7% can be morphologically scrutinized into three separate morphemes: the prefix N-, the root
7|Page



AZ, and the suffix -77. A word, which can be as simple as a single morpheme or can contain

several of them, is formed from a collection of phonemes or sounds [40, 41]. In Amharic, words

can be formed from morphemes in two ways. These are by inflection and by derivation.
A. Inflection

Inflectional Morphology is a morphology that deals with the combination of a word with a
morpheme, usually resulting in a word of the same class as the original stem, and serving the same
syntactic function. Inflection can be achieved by marking a word category for gender, number,
case, definiteness, aspect and politeness [24, 25]. Since the Amharic language is highly
inflectional, a given root of a language word can be found in different forms [24]. The author in

[42] states that Amharic word classes belong to five classes. These are noun (N9®), verb (°1N),

adjective (&4\), preposition (A2N+PLE) and adverb (+@AN <1N). From these classes, highly

inflected parts in Amharic are discussed as follows.

Nouns (N9®): Noun is a name that represents a person, places, animal, thing, feeling and idea [25].
Ambharic nouns are marked for gender, case, number, and definiteness, and results in an infected
word with affixes to the noun. It can be achieved by marking a word category for number as
singular and plural by affixation of morphemes (and vowel changes) or repetition of words as
shown in Table 2.1 [43, 44].

Table 2.1: Amharic Noun Plural Formation

Noun in Singular Form Morpheme Plural Form

A -hF ANT

nce -PF NCPPT+

L% -1/-BF L PR ST T

1890 -/ AT 1899+/189°F

HNY Al- ATHNYT

PMA Plural formation by repetition | $ma-h-2MA[$MAPMA]

Amharic nouns are marked for a word category of definiteness and it can be achieved by the
affixation of morphemes or vowels based on a number, gender, and/or ending of the noun as shown
in Table 2.2 [43, 44].
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Table 2.2: Amharic Nouns Marked Definiteness

Indefinite Noun Number Gender Definite noun
Ap Singular Feminine AB-P[AEP]
Masculine AP -k [AS]
Plural ABT-k [ABF]
ne Singular Feminine N-P[N=1P] N°1-h+ [N1%]
Masculine N-+ [NF]
Plural NYF-#[N1F]

Ambharic nouns are marked for a word category of gender as shown in Table 2.3 [43, 44] and it
can be achieved by the affixation of the morphemes -AF. For example A&-AF[AET] NI-
AF[N1F] ACT-AF[AC1F]. Amharic nouns are marked for a word category of case and it can be
in both objective and possessive case. Objective case can be achieved by affixation of morpheme
-7. For example, AUP- [AULT]. Possessive case can be achieved by the affixation of morphemes
or vowels based on person, number, gender, and/or ending of the noun (personal pronouns by

prefixing . f-Aq=>» [PATT]).

Table 2.3: Amharic Nouns Marked for Gender

Subjective case Person Number | Gender Possessive case
AB First Singular AB-RD>AD
Plural AB-2T1 D AT

Second Singular | Masculine | AB-U=>AZU
Feminine AB-RDABTR

Plural AB-RFUDASTU
Third Singular | Masculine | AZ-A=>AS.
Feminine | a5.p3ABP
Plural AB-RFO-DASFO
ney First Singular N-R=>N1
Plural NI-xF7 D 2T

Second Singular | Masculine | ne-u=>» Ny
Feminine N9-F=> N7

Plural N9-2FU-=>NJFU
Third Singular | Masculine | ne-A=>»N*
Feminine N9-PD NP
Plural N9-AF@=>NJF0-
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Verb (°10) == Generally, Amharic verbs are derived from roots and use a combination of prefixes
and suffixes to indicate the person, number, voice (active/passive), tense and gender [45]. A verb
possesses two behaviors that make it different from other word classes in Amharic. The first one

is, it is placed at the end of an Amharic sentence, and the second one is it has a suffix attached to
it indicating the subject of the sentence [42]. For example: - AP& P PaRBaR/P AFALTT A-
anme-F /Ethiopia launched the first satellite/ the underlined word is the verb of the sentence
with the prefix A- and the suffix -F. A, 9°APT NA-F /she ate her lunch/ the underlined word is
a verb and the suffix “F* indicates the subject of the sentence is she (A0.) which is feminine gender.
Ambharic verbs, in general, show a high degree of inflection since person, case, gender, number,
tense, aspect, mood and others are marked on the verb. For example, “AANNZT9™" indicates: the
subject Ar+ (third person, masculine, singular), the object A3 (first person, plural), negation

AA\.......9"°, past tense -NNZ.

Adjective (#&4): - An adjective is a word that describes, identifies, or further defines noun or
pronoun. Nouns tell about things nature, but adjectives tell about things behavior or characteristics,
like shape, size, colour, type, property. Adjectives of Amharic language are marked for gender and
number and results in an inflected word with affixes [43, 44]. In Amharic, some of the morphemes

that are used to inflect given adjectives are: -, -k,-AF and A% as shown in Table 2.4 [43, 44].

Table 2.4: Amharic Adjectives Inflection

Singular form Plural form Prefix Suffix
£9NC £INcT AT
NP NI LR L7 227
an’y A71997% Al...

ATT AT Tt AT
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B. Derivation

Derivational morphology is a morphology concerned with the way in which words are derived
from morphemes through processes such as affixation or compounding.

Nouns: - Amharic nouns can be derived from verbal roots by infixing vowels between consonants
like m-%- 9°=>» mPgP |t can be derived from adjectives by suffixing bound morphemes £
(adjective)-17 (morpheme)=>» £°17%F (derived noun). It can be derived from stems by prefixing or
suffixing bound morphemes. For example, M$9™-A3=>» MR 3. It can be derived from Stem-
like verbs by suffixing the bound morpheme -3-. For example, £n-7-=» 20 3. It can be derived
from nouns by suffixing bound morphemes. For example, 324 R-&= »2A&. Compound Words
(sometimes by affixing the vowels & and hk). For example, Noun + [A] + Noun.

NA+[R]+IN =D N+-aOyN T,

Verbs: - Verbs are words which indicate action and they take place at the end of clause positions.

Ambharic verbs take subject markers as a suffix like -U /-hu/ for subject ‘I’, -U /-h/ for subject
“You’, F /-c/ for subject ‘She’ and so on, to agree with the subject of the sentence [46]. Amharic
verbs can be derived from Verbal Roots by affixing the vowel -A- to produce CAC1C1A C-, e.g.
N-N-C FPNANNAC- [ANC] and repeating penultimate consonants and affixing the vowels -&-
and -h- to produce CRC1ACIC1AC-, e.g, &-A-1D&RARAAR [£AA°T]. Verbal Stems by
affixing morphemes A-, +-, AN e.g, @®M%-(Verbal Stem) + A-(morpheme)=>» A M.
Adjectives: Amharic adjectives modify nouns or pronouns by describing, identifying, or
quantifying words [46]. Adjectives always come before nouns or pronouns which they modify.
But all the words that come before nouns cannot always be adjectives. For example: - 2U M.t “this
house” in this example £U “this” precedes the noun N.F “house” but this doesn’t mean £U “this”
is an adjective, it is a pronoun. Amharic adjective can be derived from verbal roots by infixing
vowels between consonants [43]. For example, £-C-% by applying the vowel, &ACA® it gives
the adjective ££%. Nouns by suffixing bound morphemes (R&F A@9i492T AP). Stems by suffixing
bound morphemes (AF &F A 2).
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C. Affixation

Affix is a morpheme fastened to a stem or base form of a word, and modifies its meaning or creates
a new word [40]. In Amharic affixes can be prefix, suffix, and infix. Prefix is a morpheme added
at the beginning of a word whereas suffixes are added at the end to form derivatives. Infixes are
inserted in the body of a word causing a change in meaning, which can be easily observed in an
iterative and reciprocal aspect of a root word in the Amharic language [40, 42]. Amharic verbs can
have up to four prefixes and up to four suffixes as shown in Figure 2.1 [43, 44].

| Prefix | Suffix

f
prep/conj | rel neg sbj ROOT ['shj obj/def | neg/aux/acc | conj

Figure 2.1: Placement of Affixes in Amharic Verbs
Here the first, second, third, and fourth options of prefix represent preposition or conjunction,
relative, negation, and subject in terms of number, gender, person and definiteness respectively.
Relative verbs are marked using “0” /ye-, “PR.”/yemi-, “A9%.”/Imi- and negation is marked with
prefixes like “hAf”/ay-, “ha\”/al-, etc. [22]. Similarly, the first and second options of suffix

represent subject and object, in terms of gender, number, person, and definiteness, respectively.

The third option represents negation or auxiliary or accusation, where negation can be marked with
“-gm> auxiliary is usually marked with morpheme “AA” , and accusative is marked with morpheme
“¥”/-n. The fourth option represents conjunction like “9®”, -\ etc. [22, 47]. Amharic nouns have

up to two prefixes and up to four suffixes. Similarly, the prefix and suffix slots have two and four

sub-slots respectively. Figure 2.2 shows the placement of affixes in Amharic nouns [22, 47].

A Prefix A Suffix

prep/gen distrib STEM plur poss/def acc conj

Figure 2.2: The Placement of Affixes in Amharic Nouns
The prep/gen option of the prefix represents preposition or genitive. Genitive is marked using
morphemes -ye-/"P-“. In the second option of prefix, distributive (distrib) is marked using
-ly_e-/”AP-“morpheme. In the case of suffix, option one represents the number of information.

Option two represents possessive or definiteness information. The third and fourth options
represent accusative and conjunction, respectively [47].
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2.2.2 Ambharic Phrases

Phrases are syntactic structures that consist of one or more than one word but lack the subject
predicate organization of a clause. These phrases are composed of either only head word or other
words or phrases with the head combination. The other words or phrases that are combined with
the head in phrase construction can be specifiers, modifiers and complements [46]. In Amharic,
phrases are categorized into five, namely noun phrase (NP), verb phrase (VP), adjectival phrase
(AdjP), adverbial phrase (AdvP) and prepositional phrase (PP) [43, 44].

A. Noun Phrases

A noun phrase (NP) is a phrase that has a noun as its head. In this phrase construction, the head
of the phrase is always found at the end of the phrase. This type of phrase can be made from a

single noun or combination of a noun with either other word classes including noun word class or
phrases. That means one noun can be a noun phrase. See the following example: A7NAD- U-AT
ATPFY 18A “the lion killed two cows” in this sentence, there are two parts: the subject ATNAG-”

the loin “and the object with the verb At A9P+7 72A” killed two cows”. Thus, the first part (the
subject) is a noun phrase and the second one is a verb phrase. Therefore, the noun phrase in the

above example is only the noun ATNAG-” the lion™ [46].

A Noun Phrase can be simple or complex [24]. The simple NP construction consists of a single
noun or pronoun, for instance, N°1 “sheep”, A°N.T “car”, Al “he”, AQ, “she” are simple NP and

do not consist subordinate clauses. A complex NP can consist of a noun with other constituents
(specifiers, modifiers and complements) but the phrase must contain at least one sentence [46].

Example: -In the ATP&P PAPMeTm- PaREanCem- AFALT (the satellite that Ethiopia
launched for the first time) here A 0% P PapM$F@- (that Ethiopia launched) is a sentence which

is a modifier, whereas fan gan( Pm- (the first) is the single word that is a complement.

B. 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 [43, 44]. nA [@L N+ ACN+P7]
18 “Kassa went to church” [@L N+ ACN.PL7] is a prepositional phrase modifying the verb 1.2
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‘went’ from place point of view. In general, the structural rule of verb phrases can be formulated
as VP => PP V|V|AdjP V|NP VP|NP PPVP|AdvP PP VP.

C. Adjectival Phrases

Ambharic Adverbial phrases (AdvP) are made up of one adverb as head word and one or more
other lexical categories including adverbs itself as modifiers. The head of the AdvP is also found
at the end. Unlike other phrases, AdvPs do not take complements. Most of the time, the modifiers
of AdvPs are PPs that come always before adverbs [43, 44, 46].

Example: - NA [A72 AN+ N4-5] Fanan (Kassa is severely sick like his father). Here the phrase in
the bracket is adverbial phrase and the head word is N4 (severely). The modifier that is found in
the AdvP is A2 ANk (like his father) which is comparative PP. Generally, the structural rule for
Ambharic languages can be formulated as follows: AdjP=>Adj|Spec Adv Adj|PP Adj|NP Adj.

D. Prepositional Phrase

Ambharic prepositional phrase (PP) is made up of a preposition (Prep) head and other constituent
such as nouns, noun phrases, prepositional phrase, etc [6, 43, 44]. Unlike other phrase
constructions, prepositions cannot be taken as a phrase. Instead they should be combined with
other constituents and the constituents may come either previous to or subsequent to the

preposition which is the head of the phrase [46]. In a prepositional phrase, if the complements are

nouns or NPs, the position of prepositions is in front of the complements. For example, A7 +4%
AB " like a big child” K8 “like” is a preposition which is combined with the noun “Ag "/ child
and it came in firont of complement” % “/big. whereas if the complements are PPs, the position
will shift to the end of the phrase. For example, N®@3H AM711” Next to the river”, M7\ is PP
which is combined with the noun “@7H "/ river and it came at the end. In general, the structural
rule for Amharic can be written as: PP => PP PP |PP NP|PP NN |PPV|N PP

E. Adverbial Phrases

Amharic Adverbial phrases (AdvP) are made up of one adverb as head word and one or more

other lexical categories including adverbs itself as modifiers [4, 43, 44]. The head of the AdvP is
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also found at the end. Unlike other phrases, AdvPs do not take complements. Most of the time, the

modifiers of AdvPs are PPs that come always before adverbs [46].

Example: - NA [A72 AN+ N4 Fanan (Kassa is severely sick like his father). Here the phrase in
the bracket is adverbial phrase and the head word is N$-& (severely). The modifier that is found in
the AdvP is A7 AN+ (like his father) which is comparative PP. The general structural rule for an
adverbial phrase is: AdvP => Adv|Adv Adv

2.2.3 Ambharic Sentences

An Amharic sentence is formed from a noun phrase (NP) and a verb phrase (VP). Regarding their
order in a given sentence, NP comes first then VP follows [35]. The sentence structure for the

Ambharic language is a Subject-Object-Verb (SOV), unlike English with a subject-verb-object
combination [4, 43, 44]. We can take the following as an Example, ANN 9°AM®-% NA/Abebe ate

his lunch, in this example, the sentences are composed of ANN: subject, °NMD-1:Object and NA:

Verb which is different from English. Amharic sentences are constructed from simple or complex

NP and simple or complex VP but NP always comes first as a subject [46].

Example: - A7THED- 7A+h T(+PF “many political parties”. DL A FPEL 7711 PA “went to
Ethiopia”. ATMHED 7A+h TL+PF DL ATFPAF 711+PA “many political parties went to

Ethiopia”. The first two constructions do not express a full idea but the last one does. Because the
last one expresses full information such as who did go to Ethiopia? Where the political parties

went? etc. All these questions have been answered by the last word construction. In the last

construction there are NP and VP which build the sentence and these are NP A7IH5° - 7A+h

TLFPF “many political parties” and VP @EL A FPALP 711+PA “went to Ethiopia”. The

remaining phrases (other than NP and VVP) are being constructed in NPs or VPs that are found in

a sentence. Based on this construction, sentences can be simple or complex.
A. Simple Sentences

Simple sentences are sentences, which contain only one verb. A simple sentence can be

constructed from NP followed by VP which only contain single verb [4, 43, 44].
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Example 1: -ANEC NCESM-T ANLTD- “Aster broke the glass . Here the sentence contains only
one verb ANZF @ “she broke”. This sentence contains transitive verb ANZF@ “broke” that takes

only one object NCE»$M@Y “the glass™.

Example 2: - ANEC AhA a22U& NMTO- “Aster gave Kassa a book”. Here also the sentence
contains only one verb AMF®- “gave” so it is a simple sentence. The difference in this example
from the previous one is the sentence here contains transitive verb AM¥@- “gave” with two objects

AN “Kassa” and P& U& “book”. Generally, all the above stated examples are simple sentences

that contain different types of verbs. Simple sentences may contain intransitive verbs, transitive
verbs with one object and transitive verbs with two objects. As explained in [4, 43, 44] simple
sentences are classified into four namely: declarative sentences, interrogative sentences, negative

sentences and imperative sentences.

Declarative sentences are used to convey ideas and feelings that the speaker has about things,

happenings, etc., that could be physical, mental, real or imaginary. In Amharic, declarative
sentences always end with the Amharic punctuation mark “::” which is equivalent of period (.) in
English. Example: - ANEC T9RUCT Nt @AM 183/ “Aster is at school.” Here the sentence is

declarative because it describes where Aster is.

Interrogative sentence is a sentence that questions about the subject, the complement, or the
action that the verb specifies. Example: - ANtC 927% @0 752 In the above example, the question
is for the unknown thing just to get full information about it. This type of question or interrogative

sentences consist interrogative pronouns which are @3% “who”, @®% “when”, 9% “what”, N7+

“how many”, Pt “where”, etc.

Negative sentences simply negate a declarative statement made about something. Example: - hn
N1 AATHI® “Kassa didn’t buy a sheep” In this example, the sentence is a negative declarative

sentence. The verb AA7H9™ “did not buy” is negated by the prefix A&-“not”.

Imperative sentences convey instructions and mostly their subject is a second person pronoun

that is usually implied by the suffix on the verb. But when the command is passed for the third
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person, the subject of the sentence can be third person pronoun or noun. Example: - @™ A9P¢h,

(bring wat) Here the subject is (you) second person feminine singular. Example: - hty ANA £mA

(Kassa, wash clothes) Here the command is for the third person that does not exist at the time the

order is transferred. So, the subject is (he) third person singular masculine.
B. Complex Sentences

Complex sentences are sentences that contain at least one complex NP or complex VP or both
complex NP and complex VP [4, 43, 44]. Complex NPs are phrases that contain at least one

embedded sentence in the phrase construction. The embedded sentence can be complemented.

Example: - [A,F0& P PAPMPFa- PAREAD/ PM- A+ALT] NMI® MMM 1F “the first satellite
that Ethiopia launched is very effective”. Here the head of the noun phrase [A "% P PaPMeFa>-
pangan/ pm- A+ALT “that” is NtALF] “the first satellite that Ethiopia launched”. The head

with the complement PaREans Pm- “the first” form simple noun phrase PAREADL M A+ALT
“the first satellite” and this noun phrase has been combined with the embedded sentence or clause

AT0& P PAPMPTFM- “that Ethiopia launched” to form a complex noun phrase.

2.2 Overview of Wolaita language

Wolaita language belongs to the Omotic language family among Ethiopian language families (such
as Semitic, Cushitic, Nilotic and Omotic). It is one of the main languages of the Ometo group of
the Omotic (named as ‘west Cushitic’ in [26]) family, which belongs to the Afro-Asiatic language
phylum. It is spoken by Wolaita people and some other parts of the Southern Nations, Nationalities,
and People's Region of Ethiopia such as Gamo, Gofa, Mello, Kucha, and Dawro [14, 50]. It is
because the people of Wolaytta are surrounded in the west and in the south by populations (such
as the Dawro, the K’uc’a, the Borodda and the Gamu) who speak another Ometo dialect and thus

an idiom very similar to Wolaytta [26]. The native people call the language “Wolaytta”

(wolaittattuwa in local language). The language is also referred to as wolaitta dodnaa (PAL 3~ A&)

or wolaitta Kaalaa (®AL 3 $4\). Wolaita is the working language of the Wolaita Zone. Currently,

primary, secondary and higher education institutions, as well as different mass media, are using

the Wolaita language in teaching and learning, and information transformation processes [14].
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Wolaita language uses the Latin script for writing called WPXW which literally mean “The custom
in writing the Wolaytta letters”. [26, 34, 50]. WPXW was published in 1985 E.C by Wolaytta
Qaala Hiwote Maatteme Keettaa (WQHMK) [26, 34, 50]. WPXW’s writing system is as
convenient as Qubee, which is a system based on the Latin alphabet for writing the Afan-Oromo
language [34, 50]. According to [26], Wolaita was first written in the late 1940s by a team of
missionaries led by Dr. Bruce Adams. They translated the Bible into Wolaita in 2002. The
language is used in social, political and economic activity. At the primary school level, the
language is used as a medium of instruction and taught as a subject in secondary and high school.
Currently, the language is offered as a subject at Wolaita Soddo University and Arbaminch TVET
College. But it was planned for the future to be thought in all universities of Ethiopia. The
language was written as Wolaytta, Wolayta, Wolaita, Woleyta, Ometo by different writers in
different time [50]. But in our case, we use Wolaita for our study.

2.2.4 Wolaita Morphology

Morphology is a branch of linguistics that studies and describes how words are formed in language
[4, 43, 44]. Like Ambharic, there are two categories of morphemes in Wolaita: free and bound
morphemes. A free morpheme can stand as a word on its own whereas bound morpheme does not
occur as a word on its own. Affixation and compounding are two basic word-formation processes
in Wolaita [14, 49]. Affixation is a process by which affixes are added/attached in some manner
to the root, which serves as a base. Affixes are morphemes that cannot occur independently. Prefix,
suffix, and infix are the three types of affixes. Wolaita language does not have prefix and infix.
Instead, Suffixation is the basic way of word formation in Wolaita. In forming a word, adding one
suffix to another is common in Wolaita. This process of adding one suffix to another suffix can
result in relatively long word, which often contains an amount of semantic information equivalent
to a whole Amharic phrase, clause or sentence [14, 50]. The second word-formation process in
Wolaita is compounding. According to [14], compounding is the joining together of two linguistic
forms, which function independently. Although Wolaita is very rich in compounds, compound
morphemes are rare in Wolaita and their formation process is irregular [49]. As a result, itis
difficult to determine the stem of compounds from which the words are made. As discussed in [14,
49], there are two kinds of morphology in Wolaita language: inflectional and derivational.
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A. Inflectional Morphology in Wolaita

Inflectional morphology is concerned with the inflectional changes in words where word stems are
combined with grammatical markers for things like a person, gender, number, tense, case and
mode [14, 50]. It does not result in changes of parts of speech. Like Amharic language, Wolaita is
highly inflectional, a given root of a language word can be found in different forms [14, 49]. Highly

inflected word classes in Wolaita are discussed as follows.

Nouns:

Based on the syllable formulation of Lamberti and Sottile in [49] Wolaita nouns have the form
C1V1C2V2, where C and V stand for consonant and vowel respectively. However, C1 represents
a glottal stop while V1 seldom represents diphthong (diphthongs are sounds formed by the
combination of two vowels in a single syllable). In the same way, C2 may represent simple or
germinated constant and V2 either represents ending in the absolute case or ending required by the
syntactic function associated with noun stems. Most Wolaita words are bi-radical (the number of
consonants in the word). However, there are some pluri-radical words. See Table 2.5 [48, 49] for

Wolaita noun formation.

Table 2.5: Noun Formation in Wolaita Language

Character sequence | Example Character sequence | Example

\ Aguntta/AR A/ thorn CvCVv Kayisoi/AN / Theaf
\'A% Aawaa/hNt/father CcCvCCv Shappa/@7¥H /river
VvC Intarssa/°An/tongue | CVVCCVV Keettaa/MF/house
VCC oydda/Ac-/four CvCCVwV Mattaa/7/bee
CvwVv Maataa/AC/grass CvC Zokkuwa/E.CN/back

As Demewoz Beldados discussed in [50], Wolaita nouns are formed from stems and suffixes in

which the stems never change while suffixes exhibit changes. Table 2.6 [48, 49] is an illustration

of his discussion.
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Table 2.6: Wolaita Nouns Formation from Stems and Suffixes

Nouns Stems Suffixes
keett-a/N.F/house Keett- -a
keett-1/N.*/house Keett- -i
keett-eta/M.F/house Keett- -eta
na?-eti/d &/ a boy na?- -eti

According to the ending they take in inflection Wolaita noun is classified into four major classes
[49]. First class nouns are nouns ending in —a in absolute case with the stress on the last syllable.
The second class nouns are nouns that have an absolute case ending in —iya and the stress is on the
penultimate. The third and the fourth class nouns are nouns ending in uwa and —iyu, respectively,

in the absolute case as shown in Table 2.7 [48, 49].

Table 2.7: The Third and the Fourth class of Wolaita Nouns

Noun Class | Ending | Examples

First -a Awa/fY &/sunrise? xuma/eb.A“B/darkness? ?aawa/hNt/father
Second -iya Bitanniya/@7%.2 £7N/married manzayfiya/% 2 ¥/eyetkusshiya/AZ/hand
Third -uwa | Kawuwa/a® 3910 /government? metuwa/F1C/ trouble?

Fourth -iyu Kaniyu/AF @.A/dog femininezbollotiyu/fF A99F/'mother-in-law

Wolaita nouns are marked for gender, number, and case [14, 49].

Gender: As indicated in [49] Wolaita, like other languages, exhibits two types of genders, i.e.,
masculine and feminine. According to the author, nouns that belong to the fourth class are feminine
and the rest (first, second and third class) belong to masculine. Feminine and masculine differ from
each other by their endings. While feminine ends in —iyo, masculine ends in —an in absolute case.

Example: Dorss-a /@7%£ (1¢1, masculine vs. dorss-iyo/(1, feminine. Deeshsh-a /@78: ¢4, masculine
vs. deessh-iyo &4, feminine. Addiy-a/Aa.¢- &¢, masculine indd-iyo/ &¢, feminine.

Number: According to [49], Wolaita noun contains singular and plural. The plural noun is formed
by using suffixes and singular contains the basic form of the word. Example: Dorss-a (11, singular
vs. dorssa-ta/0#F, plural. Deeshsh-a /@78 €24, singular vs. deessha-ta &¢aet, plural. Addiy-a/A@.c-
2, singular adde-ta/ &c®++, plural.
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Those of the 2nd class, instead, exhibit the ending —e-ta.
Noun (Singular) Noun (plural)

har-iya (donkey) =» har-e-ta 'donkeys'

?org-iya (he-goat) =»?org-e-ta 'he-goats'

laagg-iya (friend) =» laagg-e-ta. ‘friends

Those of the 3rd class are characterized by the ending —o-ta

Noun (Singular) Noun (plural)

Word-uwa (lie) =» word-o-ta 'lie pl.")

The nouns of the 4th class which consist of terms for female beings assume the plural form of heir
masculine counterpart.

Noun (Singular) Noun (plural)

?imatt-iyu ‘female guest'=>» ?imatt-a-ta 'female guests'

boogaaanc-iyu ‘female robber' =» boogaanc-a-ta 'female robbers'

laagg-iyu ‘female friend' =» laagg-e-ta ‘female friends'

If the feminine noun does not have any masculine counterpart, then it normally agrees with the
nouns of 2nd class and ends in —e-ta.

Noun (Singular)  Noun (plural)

macc-iyu (wife) =» macc-e-ta ‘wives'

misshir-iyu (married woman ) =» misshir-e-ta 'married women'

Case: The noun inflection takes place by the suffixation of case endings to the noun stem or to the
absolutive case form [50]. Accordingly, the absolutive case is characterized, as we have already
seen above, by the ending —a (1st class and plural), -iya (2nd class), -uwa (3rd class) and —(i)yu
(4th class) respectively, while the subject case ends in —y (first three classes), -i (plural), and —(i)ya
(4" class). The genitive is represented either by the noun stem alone or is more often characterized
by the lengthening of the final vowel of the absolutive form. The object case of the noun inflection
agrees with the respective absolute case [14, 49, 50]. Table 2.8 [48, 49] details Wolaita nouns case

marker.
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Table 2.8: Wolaita Nouns Case Marker

Case marker (morphemes) Function Example

-SSi, -W Or —y00 dative and benefactive case Garssassissi/AM-NM& M-

-kko or -mati directive case Garssakko/@m £ m.fhm

-ni locative Garsani/N@.ND N4

-ppe ablative Garsaappe/n@.nm

-ra comitative case Garssara /NFF5m ¢
Adjectives

According to [49], adjectives in Wolaita language are used to qualify nouns and they come before
the noun they qualify. They are also defined as words that modify nouns by expressing their
qualities, colour, size, etc. Adjectives in Wolaita language end in -a, -iy or —uw as shown in Table
2.9 [48, 49].

Table 2.9: Adjectives in Wolaita

Adjectives ending in -a: Adjectives ending in -iya: Adjectives ending in -uwa:
geessh-a /18U mal-iya /Mé&6be Lo7-uwa /M4

cinc-a /MNam haankett-iya /4\& yuush-uwa /t¢ P

gant-a /h6e=C jiti-iya /@R Im-uwa /aAm+

Adjectives in Wolaita language precede the noun they modify and remain unchanged when
used in attributive position because they do not have to agree in Wolaita with their governing noun
either in gender or in number or in case [26, 49]. But most adjectives ending in —uwa and a few in

—iya are replaced by the endings -0 and -e respectively.

Example: Lo7-uwa /m4=> lo7-0 asa /M4 (D

haah-uwa /¢%=>» haah-o sohuwa /%% N3

Lamberti and Sottile [49] also reported that when adjectives are used in predicative position, -uwa
will be changed to -o. For example: Lo7-uwa /% 4.7F=>_ lo7-0/%m4: he bitane lo7-0 = £ N@-Pd-
M4 1M~ But every word that comes before a noun is not necessarily an adjective. For example, in

the sentence Ha dorsai taga “2U N1 P 1@ “here the word Ha “£2U’ has the role of an adjective

but it is demonstrative determiner [26].
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Verbs

As pointed in [26] verbs of Wolaita, like most Ethiopian languages, are very complex. Wolaita
verbs usually have a consonant-vowel-consonant sequence. For example, uya-mm, gela/ <1N.
Some of Wolaita verbs are borrowed from the Amharic language. Eamples: azzaza-AHH, nabbaba-
7NN, kassas- hNN.
Verbs in Wolaita language exhibit a very complex inflection system depending on mood, tense,
kind of action and aspect. For example, if we take verb 7imm-a ("), it has the following
inflection for past tense:
imm-a:si PNAPFPAL/ Ar AMFPAU, imm-adasa >N n+Y4, imm-a:su D> AH+AA
imm-i:si - PAM+|PY,  imm-ida  >AD+T4A,  imm-ideta  PNADFEPA,  imm-idosona
2> NP +Ph... etc.
We can produce many inflected verbs for future and present tense in the same way as we do for
past tense. For example imm-a:si=» A™FPAU/ A A FPAU-(past tense)

imm-a-is»ACAMU?Y 10-(present tense)

imm-a-na=>ANMPAU-(future tense)
Just like that of Amharic language, Wolaita verbs are found at the end of the sentence and suffix
bound morphemes which help to indicate the subject of the sentence in the sentences shown below.

Na7-ya mayuwa shama-su /A&+P AN THF
neeni ne kawuwa ma-dasa /A0 NATYA
tani 7osuwa wursa-si /N7 CAPAL-

In the above three sentences, shama-su, ma-dasa, wursa-si are verbs. The bound morphemes
{-su}{-dasa},{-si} show 3rd person, 2nd person and 1st person pronouns that are used as subjects
of the sentence. Verbs in Wolaita language change their shape for a person, gender, number and
time by attaching suffixes [14, 49, 50].

B. Derivational Morphology in Wolaita

Nouns: Wolaita nouns are formed by the class suffixes -a and -uwa can refer either to abstract
terms or to very concrete objects and they also serve to express action nouns as shown in Table
2.10 [14, 49, 50].
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Table 2.10: Wolaita Noun Derivation

Noun Suffix Derived noun
hassay- 'speak -a Hassaya/conversation
harg-‘sick’ -ya harg-iya ‘sickness’
gulba-‘knee’ -ta gulba-ta ‘knee’
wurse- ‘end -tta wurse-tta ‘end

eeyya- 'stupidity’ -tetta eeyya-tetta 'stupidity’
kaawo-tetta 'kingdom' -tetta kaawo-tetta 'kingdom'

Verbs: Like other Cushitic and Semitic languages of Ethiopia, Wolaytta makes use of some
morphemes in order to derive a further stem from a root or a stem. This derivation procedure is
concretely applied in Wolaytta by suffixing one or more morphemes to verbal stem [14, 49, 50].
They further indicated that it is possible to form three different kinds of secondarily derived verbal
stems: iterative (or intensives), causatives and passives (or reflexives) [49, 50]. Iteratives and
intensives stems are expressed in Wolaytta by means of the same morpheme —erett-, which is
regularly suffixed to its verbal stem. Example: -ment- 'to break' =» ment-erett- 'to break many
times or in many pieces'. shissh- 'to collect' =» shissh-erett- 'to collect many times or in many

things'. The Wolaytta language possesses only productive causative morpheme, i.e —is-s.

gel- 'enter'=» gel-iss- 'let someone enter/put into’.

Verbs which have their primary stem ending in -y- or -y-y- form their causative by replacing all
existence of -y- by -sh-.

Example: uy-y- 'drink’ =» ush-sh- 'let someone drink.

yuuy-y- 'turn, intr'=» yuush-sh- 'turn,tr

Adjectives: Wolaita adjectives can be derived from verbal roots by suffixing the morphemes like
—ta. For example, imma+ -ta =»imota. It can be also derived from nouns, stems by suffixing bound

morphemes, and compound words.
C. Affixation

According to [49] there are three types of affixes (prefix, infix and suffix), Wolaita uses suffixation
to form words and prefixes and infixes are not used as word formation in Wolaita language. We
already discussed inflectional and derivational affixation of Wolaita language in the previous

sections.
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2.2.5 Wolaita Phrases

In Wolaita, phrases are categorized into five categories, namely noun phrase (NP), verb phrase
(VP), adjectival phrase (AdjP), adverbial phrase (AdvP) and prepositional phrase (PP) [26, 49].

A. Noun Phrases

A noun phrase (NP) is a phrase that has a noun as its head. In this phrase construction, the head
of the phrase is always found at the end of the phrase. This type of phrase can be made from a
single noun or combination of a noun with either other word classes including noun word class or
phrases. A NP can be simple or complex [49]. The simple NP construction consists of a single
noun or pronoun. A complex NP can consist of a noun with other constituents (specifiers, modifiers
and complements) but the phrase must contain at least one sentence [49]. Example: - Itiyoophiya
yeddido koyro satalaytiya(the satellite that Ethiopia launched for first time) here Itiyoophiya
yeddido (that Ethiopia launched) is a sentence which is a modifier, whereas koyro satalaytiya (the

first satellite) is the single word that is a complement.
B. 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 [4, 26, 49]. hn [@2 N+
ACNLPLY] 48 “kaasi woosa keettaa biisi” [@ L N+ ACN+P7] is prepositional phrase modifying

the verb 2.2 “biisi from place point of view. In general, the structural rule of Wolaita verb phrases
can be formulated as VP => PP V|V|AdjP V|NP VP|NP PPVP|AdvP PP VP.

C. Adjectival Phrases

Wolaita Adverbial phrases (AdvP) are made up of one adverb as head word and one or more
other lexical categories including adverbs itself as modifiers. The head of the AdvP also found at
the end. Unlike other phrases, AdvPs do not take complements. Most of the time, the modifiers

of AdvPs are PPs that comes always before adverbs [26, 46, 49]. Example: - kaasi [ba aawagadan]

keehippe harggiis/ N [A72 AN+ N4&] Fanap, Here the phrase in the bracket is adverbial phrase
and the head word is 144 (keehippe). The modifier that is found in the AdvP is A72 AN+ (ba

aawaadan) which is comparative PP. Generally, the structural rule for Wolaita languages can be

formulated as follows: AdjP=>Adj|Spec Adv Adj|PP Adj|NP Adj.
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D. Prepositional Phrase

Wolaita prepositional phrase (PP) is made up of a preposition head and other constituents
such as nouns, noun phrases, prepositional phrase, etc[4, 26, 49]. In PP, if the complements are
nouns or NPs, the position of prepositions are in front of the complements. In general, the structural
rule for Amharic can be written as: PP => PP PP |PP NP|PP NN |PPV|N PP

E. Adverbial Phrases

Wolaita Adverbial phrases (AdvP) are made up of one adverb as head word and one or more
other lexical categories including adverbs itself as modifiers [4, 26, 49]. The head of the AdvP also

found at the end. Unlike other phrases, AdvPs do not take complements. Most of the time, the
modifiers of AdvPs are PPs that comes always before adverbs [4, 26, 49]. Example: - h& [A%2
AN+ N45] Fanan (kaasi ba awwagadan keehippe harggiis). Here the phrase in the bracket is
adverbial phrase and the head word is n$-& (keehippe). The modifier that is found in the AdvP is

A2 KN+ (ba awwagadan) which is comparative PP.

The general structural rule for adverbial phrase is: AdvP => Adv|Adv Adv
2.2.6 Wolaita Sentences

Like Amharic, Wolaita language has also two kinds of sentences: simple and complex sentences.
A. Simple Sentences

Simple sentences a contain only one verb. A simple sentence can be constructed from NP followed
by VP which only contain single verb [4, 43, 44]. For example: - Abebe kuwaasiya kaa7iis/Abebe
played football. Here the sentence contains only one verb kaa7iis /played.

B. Complex Sentences

Complex sentences are sentences that contain at least one complex NP or complex VP or both
complex NP and complex VP [4, 43, 44]. Complex NPs are phrases that contain at least one
embedded sentence in the phrase construction. The embedded sentence can be complements. See
the following examples. For example: - Abebe kuwaasiya kaa7i simmidi so oosuwa oottis/ Abebe
did his homework after playing football. Here the sentence contains two verbs kaa7i/ played and
oottis/ did.
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2.3 Machine Translation

A language is used for conveying information or broadcasting the information. Stepping into the
modern digital age, language as the information carrier has become the most significant means for
a human to communicate. But it has been considered as the barrier of communications between
people from different countries and between peoples who speak different languages within the
same country. The problem of converting a language into another quickly and efficiently has
become a problem of common concern for humanity [51]. Due to the advent of the computer and
the Internet the world is becoming together to one [52]. Thus, the knowledge, culture, tradition,
history, religious, philosophy documents of one country language can be translated into another
language and the rest of the world via MT. To create a paperless working environment, translation
plays a great role and to make accessible the document of one language in another language.

Sharing of knowledge is also possible besides facilitating easy communication.

MT is an automatic translation of one language into one or more languages (in case of multi-
lingual) by means of a computer. High-quality translation requires a thorough understanding of
the source text and its intended function as well as good knowledge of the target language.
Translation itself is a challenging task for humans and is no less challenging for computers because
it deals with natural languages [53]. This section provides background information regarding the
field of MT, its history in general and NMT in detail, and various MT approaches.

2.4.1 History of Machine Translation

Although there are some disputes about who first had the idea of translating automatically
between human languages, the actual development of MT system can be traced back to the late
forties after World War 11 [45]. In this time, MT was constrained by several factors: limitation of
hardware particularly, inadequacy of memories and slow access and unavailability of high-level
programming language. The linguistic study was not correlated with MT research. So, researchers

relied on the dictionary-based approach and the application of statistical methods [54].

Researchers of that time were faced with a lot of technical constraints and realized that there
could be no perfect high-quality translation, and suggested the involvement of humans in the
process. They also proposed the development of controlled languages and restriction of systems

to specific domains. Criteria concerning the success and failure of MT were set in its first 50 years
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of research and development. These criteria are the conceptual, engineering, operational,

commercial and communicative criteria [55].

An American mathematician and scientist named Warren Weaver in 1947 had a belief that a
computer is capable of translating one NL to another by using logic, cryptography, frequencies of
letter combinations, and linguistic patterns [52]. He published a memorandum that outlines his
belief. In the 1950s a research program at Georgetown University teamed up with IBM to perform
research on MT. Later in 1954, they demonstrated a system that translates a few phrases from
Russian to English. The research resulted in wide acceptance and interest in the field [52].

In 1966 the US sponsors of MT research committee called Automatic Language Processing
Advisory Committee (ALPAC) published an influential report which concluded that MT was
slower, less accurate and twice as expensive as human translation. However, in the following
decade, MT research took place largely outside the United States, in Canada and in Western

Europe and work continued to some extent [45].

In the 1970s and 80s researchers shifted their focus to assisting MT rather than replacing human
translators. It has three main strands: first, the development of advanced transfer systems building
upon experience with earlier Interlingua systems; secondly, the development of new kinds of
Interlingua systems; and thirdly, the investigation of Al techniques and approaches. That resulted
in the development of translation memory and many computer assisted tools (CAT) for MT. At
the end of the 1980s, MT entered a period of innovation in methodology which has changed the
framework of research. In 1981 came the first translation software for the newly introduced

personal computers, and gradually MT came into more widespread use [45].

During the late 1980s, MT advanced rapidly on many fronts. The dominance of the rule-based
approach waned in the late 1980s with the emergence of new methods called "corpus-based'
approaches, which did not require any syntactic or semantic rules in text analysis or selection of
lexical equivalents. The major reason for this change has been a paradigm shift away from
linguistic/rule-based methods towards empirical/data-driven methods in MT. This has been made

possible by the availability of large amounts of training data and large computational resources.

In the 1990s, the use of MT and translation aids by large corporations has grown rapidly.

Particularly impressive increase is seen in the area of software localization (i.e., the adaptation and
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translation of equipment and documentation for new markets). On the research front, the principal
areas of growth are seen in example-based and statistical machine translation approaches, in the
development of speech translation for specific domains, and in the integration of translation with
other language technologies.

In the 2000s, the research state was moved toward combining the rule-based and SMT paradigms.
It was an approach developed by taking advantage of both statistical and rule-based approaches.
After the late 2000s the state of MT shifted to NMT. Recently, it has gained popularity in the field
of MT. NMT is starting to displace its corpus-based predecessor, SMT. It has proven to have better
efficiency in the MT domain with the goal of improving the quality of the output as well as the
performance of the system. With the emergence of the Internet and cheap and powerful computers
accelerated the progress of MT. Nowadays researches are focused on improving the quality and
performance of MT systems [52].

2.4.2 Approaches to Machine Translation

A machine translation system first analyses the source language input and creates an internal
representation. This representation is manipulated and transferred to a form suitable for the
target language. Then at last output is generated in the target language [56]. Based on the degree
of dependence of internal representation on the source and target languages, MT can be classified
into three approaches [6]: Rule-Based Machine Translation (RBMT), Corpus-based Machine
Translation Approach (Corpus based MT), and Hybrid Machine Translation (Hybrid MT).

A. Rule-Based Machine Translation (RBMT)

RBMT is also known as Knowledge-Based Machine Translation or Classical Approach of MT. It
is a general term that denotes machine translation systems based on linguistic information about
the source and target languages basically retrieved from (bilingual) dictionaries and a collection
of rules called grammar rules covering the main semantic, morphological, and syntactic
regularities of each language respectively [25]. In this approach, human experts specify a set of
rules to describe the translation process, so that an enormous amount of input from human experts
is required [25]. It consists of a bilingual or multilingual lexicon, and software programs to process
the rules. The rules play a major role in various stages of translation such as syntactic processing,

semantic interpretation, and contextual processing of language [56].
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The basic principle of RBMT methodologies is to apply a set of linguistic rules in three different
phases [57]: analysis, transfer and generation. The core process (transfer) is mediated by bilingual
dictionaries. RBMT systems parse the source text and produce an intermediate representation as
shown in Figure 2.3 [24]. Rules for transforming source language structures into target language
structures is from dictionaries and rules for deriving (intermediary representations) from which
output can be produced. The preceding stage (analysis) interprets input source language strings
into a suitable translation unit. The succeeding stage of synthesis (generation) derives target
language output text from the target language structures or representations generated by the

transfer process [2, 56].

Source text =g Morphological analyser

4

Part of speech tagger

!

Lexical selection

$

Structural transfer - lexical transfer

!

Morphological generator

Post-generator - Target text

Figure 2.3: Architecture of RBMT Approaches

Based on the intermediate representation used this approach is further classified into the following
approaches [56, 58]: Direct, Interlingua and Transfer-Based MT approaches.

i. Direct Machine Translation

Direct MT approach is historically the earliest and known as the first generation of MT systems
employed around the 1950s to 60s when a need for MT was mounting. [45]. MT systems that use
this approach can translate a source language directly to target language. Words of the source
language are translated without passing through an additional/intermediary representation as
shown in Figure 2.4 [24]. No complex architecture will be involved. It carries out word by word
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translation with the help of a bilingual dictionary usually followed by some syntactic
rearrangement. Due to this direct mapping, such systems are highly dependent on both the source
and target languages [59]. It needs only a little syntactic and semantic analysis and it is basically

bilingual and uni-directional.

Source
Language
Input

Bilingual L 1
Morphological Dictionary oca ]
Analysis Lookup > Reordering

Figure 2.4: Major Tasks in Direct Machine Translation Approach

ii.  Interlingua Approach

Interlingua approach to MT mainly aims at transforming the texts in the source language to a
common representation which is applicable to many languages. Using this representation, the
translation of the text to the target language is performed and it should be possible to translate to
every language from the same Interlingua representation with the right rules [34]. In this approach,
the source language is transformed into the Interlingua language representation that is independent
of any language. The target language is then generated out of the Interlingua [57]. In short, the
translation in this approach is a two-stage process, i.e., analysis and synthesis [51]. The first stage
is particular to the source language and doesn’t require any knowledge about the target language
whereas the second stage is particular to the target language and doesn’t require any knowledge of
the source language. The main advantage of interlingua approach is that it creates an economical
multilingual environment that requires 2n translation systems to translate among n languages

wherein the other case, the direct approach requires n(n-1) translation systems [34].
iii.  Transfer-based Machine Translation

The core idea of both transfer-based and interlingua-based MT is the same: to make a translation
it is necessary to have an intermediate representation that captures the "meaning” of the original
sentence in order to generate the correct translation. The difference is in interlingua-based MT this

intermediate representation must be independent of source and target languages, whereas, in
31|Page



transfer-based MT, it has some dependence on the language pair involved [34]. Thus, the transfer-
based approach is preferred over interlingua-based approach on the basis when there is known

structural differences between the source and target languages.

Transfer based system can be broken down into three different stages: analysis, transfer and
generation. In the first stage, the source language parser is used to produce the syntactic
representation of the source language sentence (Internal representation). In the next stage, the
result of the first stage is converted into equivalent target language representation (another internal
representation). Finally, a target language morphological analyzer is used to generate the target
language text [60]. Transfer based need rules for syntactic transfer, semantic transfer, and lexical
transfer [57,61]. Syntactic transfer rules will tell us how to modify the source parse tree to resemble
the target parse tree. Semantic transfer uses semantic role labelling. Lexical transfer rules are based
on a bilingual dictionary. The dictionary can be used to deal with lexical ambiguity.

B. Corpus-based Machine Translation Approach

As of 1990s, MT research moved from classical rule-based approach to empirical or corpus-based
systems. Empirical systems are data-driven as opposed to rule-driven. This approach uses a large
amount of raw data in the form of parallel corpora. This raw data contains texts, dictionaries,
grammars, etc. and their translations. These corpora are used for acquiring translation knowledge
[58]. In recent years there is an increased interest in corpus-based MT systems because it needs
less effort from the language/linguistic experts and less human effort is required [59]. In recent
classification, Corpus-based approach has three varieties, namely, Example-Based Machine
Translation (EBMT), Statistical Machine Translation (SMT), and Neural Machine Translation.

The following subsections briefly explain these approaches.
i.  Example-Based Machine Translation (EBMT)

EBMT is a translation method that retrieves similar examples (pairs of source phrases, sentences,
or texts and their translations) from a database of examples adapting the examples to translate new
input [2]. The system maintains an example-base (EB) consisting of translation examples. When
a source language sentence is given to the system, the system retrieves a similar source language
sentence from the EB with its translation. Then it adapts the example to generate the target

language sentence for the input sentence. The basic premise is that, if a previously translated phrase
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occurs again, the same translation is likely to be correct again. Thus, the EBMT system rests on
the idea that similar sentences will have similar translations. The system has two main modules 1)
retrieval and 2) adaption [59]. There are three tasks in EBMT: Matching fragments against existing
examples, transferring (identifying the corresponding translation fragments), and recombining the
fragments to give the target text [2].

ii.  Statistical Machine Translation (SMT Approach)

SMT is a method for translating text from one natural language to another based on the knowledge
and statistical models extracted from bilingual corpora. A supervised or unsupervised statistical
machine learning algorithm is used to build statistical tables from the corpora. This process is
called learning or training. The statistical tables consist of statistical information such as the
characteristics of well-formed sentences and the correlation between the languages. During
translation, the collected statistical information is used to find the best translation for the input

sentences. This translation step is called the decoding process [60].

In SMT, the core process (transfer) includes a translation model which takes as input source
language words or word sequences (phrases) and produces target language words or word
sequences as an output. The following stage includes a language model which synthesizes the sets
of source language words in meaningful strings which are meant to be equivalent to the input
sentences. The preceding (analysis) phase is represented by the conventional process of matching
individual words or word sequences of input source language text against entries in the translation
model [51]. The translation accuracy of these systems mainly depends on the parallel corpus
regarding its domain, quantity and quality. So, in order to have a good translation quality, the data
must be preprocessed consistently [24].

iii.  Neural Machine Translation (NMT) approach

NMT is a new breed of corpus-based MT (also called data-driven or, less often, corpus-driven
machine translation), which is beginning to displace its corpus-based predecessor, SMT [9, 10, 11,
12]. 1t is a newly emerging approach to MT, recently proposed by Kalchbrenner and Blunsom
[11], Sutskever et al. [9] and Cho et al. [12]. Unlike the traditional phrase-based translation system,
which consists of many small sub-components that are tuned separately, NMT attempts to build

and train a single, large neural network that reads a sentence and outputs a correct translation. It
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is trained on huge corpora of pairs of source language segments (usually sentences) and their
translations, that is, basically from huge translation memories containing hundreds of thousands

or even millions of translation units.

Deep neural networks (DNN) have shown great success in handwriting recognition [62, 63],
speech recognition [64, 65] and in natural language process such as language modelling [66],
paraphrase detection [67] and word embedding extraction [68]. Furthermore, in the field of MT,
DNN is a newly emerging approach and proved to achieve excellent performance [9, 10, 11, 12].
During the last wave of neural network research in the 1980s and 1990s, MT was in the sight of
researchers exploring these methods [69]. In fact, the models proposed by Forcada and Neco [70]
and Castafio et al. [71] are striking similar to the current dominant NMT approaches. However,
none of these models trained on data sizes large enough to produce reasonable results for anything.
The computational complexity involved by far exceeded the computational resources of that era,
and hence the idea was abandoned for almost two decades. During this hibernation period, data-
driven approaches such as phrase-based SMT rose from obscurity to dominance and made MT a
useful tool for many applications, from information gisting to increasing the productivity of

professional translators.

The modern resurrection of neural methods in MT started with the integration of NLMs into
traditional SMT systems. The pioneering work by Schwenk [72] showed large improvements in
public evaluation campaigns. However, these ideas were only slowly adopted, mainly due to
computational concerns. The use of Graphical Processing Unit (GPU) for training also posed a
challenge for many research groups that simply lacked such hardware or the experience to exploit
it. Moving beyond the use in language models, neural network methods crept into other
components of traditional SMT, such as providing additional scores or extending translation tables
by Schwenk [73]; Lu et al. [74], reordering by Kanouchi et al. [75]; Li et al. [76] and pre-ordering
models by de Gispert et al. [77], and so on. For instance, the joint translation and language model
by Devlin et al. [78] was influential since it showed large quality improvements on top of a very

competitive SMT system.

More ambitious efforts aimed at pure NMT, abandoning existing statistical approaches completely.
Early steps were the use of convolutional models proposed by Kalchbrenner and Blunsom and

sequence-to-sequence models by Sutskever et al. [9] and Cho et al. [79]. These were able to
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produce reasonable translations for short sentences but fell apart with increasing sentence length.
The addition of the attention mechanism finally yielded competitive results [8, 80]. With a few
more refinements, such as byte pair encoding and back-translation of target-side monolingual data,
NMT became the new state of the art. Within a year or two, the entire research field of machine
translation went neural. To give some indication of the speed of change: At the shared task for MT
organized by the Conference on Machine Translation (WMT), only one pure NMT system was
submitted in 2015. It was competitive but outperformed by traditional statistical systems. A year
later, in 2016, a NMT system won in almost all language pairs. Since 2017, almost all submissions

were NMT systems.
Hybrid Machine Translation Approach (Hybrid MT)

Hybrid machine translation approach is developed taking advantage of both statistical and rule
based translation methodologies. It has proven to have better efficiency in the area of MT systems
at the time of its discoveries [23]. The hybrid approach can be used in many ways. In some cases,
translations are performed in the first stage using a rule-based approach followed by adjusting or
correcting the output using statistical information. In the other way, rules are used to preprocess
the input data as well as post-process the statistical output of a statistical-based translation system.
This technique has become better example-based MT and has more power, flexibility, and control

in translation since the emergence of current-state of Machine Translation called NMT.,
2.5 System Modelling and Language Modelling
2.5.1 System Modelling

Artificial Intelligence (Al) and machine learning (ML) are the cornerstones of the next revolution
in computing [95]. These technologies hinge on the ability to recognize patterns then, based on
data observed in the past, predict future outcomes. Deep learning (DL) can be considered as a
subset of ML [88]. It is a field that is based on learning and improving on its own by examining
computer algorithms. It can be used to solve any pattern recognition problem without human
intervention. State of the art surveys on the data-driven methods and ML algorithms indicate that
DL, along with ML methods is the future of data science. Sequence to Sequence (Seq2Seq) models
are DL models that have achieved a lot of success in tasks like machine translation, text
summarization, and image captioning [89]. A Seq2Seq model is a model that takes a sequence of

items (words, letters, features of images, etc.) and outputs another sequence of items [90]. Its
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models vary in terms of the exact architectures to use. A natural choice for sequential data is the
Recurrent Neural Network (RNN), used by most of the recent NMT work and for both the Encoder
and Decoder. The use of RNN models, however, differ in terms of (a) directionality —
unidirectional or bidirectional; (b) depth — single or deep multi-layer; and (c) type — often either a
vanilla RNN, an LSTM, or a Gated Recurrent Unit (GRU). In general, for the Encoder, almost any
architecture can be used since we have fully observed the source sentence. For example, the
researchers in [91] used a convolutional neural network (CNN) for encoding the source. Choices
on the Decoder side are more limited since we need to be able to generate a translation.

The Encoder-Decoder architecture with RNNs has become an effective and standard approach for
both NMT and Seq2Seq prediction in general [9]. In case of MT, a model takes a sequence of
source language texts (Ambharic texts) as input and produces a sequence of target language texts
(Wolaita) as output as shown in Figure 2.5 [91]. Seq2Seq was first proposed by Cho et al. [12] to
model variable-length source input with temporal dependencies which is a drawback of N-gram
model [10]. The work in [12] is one of the frontier studies investigating NMT with sequences [91].
Google translate started using such a model in production in late 2016 [27]. These models are also
explained in the two pioneering papers [9, 12]. The standard Seq2Seq model is generally unable
to accurately process long input sequences since only the last hidden state of the Encoder RNN is
used as the context vector for the Decoder [81, 92]. On the other hand, the Attention Mechanism
directly addresses this issue as it retains and utilizes all the hidden states of the input sequence
during the decoding process. It does this by creating a unique mapping between each time step of
the Decoder output to all the Encoder hidden states. This means that for each output that the
Decoder makes, it has access to the entire input sequence and can selectively pick out specific

elements from that sequence to produce the output [93].

Seq2seq model

Amharic sentence Wolaita sentence

A (TADPAAE JACAT LomT Ubbabailda wogaaninne maaran hano

Figure 2.5: System Modelling
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2.5.2 Language Modelling

After a few years, different authors outperformed SMT by using deep neural network (DNN) based
approaches. Nowadays, rather than using tedious steps like preparation of language modelling,
preparation of translation modelling, tuning and decoding steps of SMT, using Encoder-Decoder
based language modelling became preferred approaches [8]. Language modelling (LM) is the task
of assigning a probability to sentences in a language [95]. In recent time, the Encoder-Decoder
end-to-end LM is becoming attractive LM for MT task. It is LM which is based on a deep learning
algorithm. According to the work of different researchers, in the early emergence of NMT, the
RNN was used to generate word co-occurrence probabilities for MT tasks. Besides assigning a
probability to each sequence of words, LM also assigns a probability for the likelihood of a given
word (or a sequence of words) to follow a sequence of words [96]. So that one can judge if a
sequence of words is more likely or “fluent” than another [97].

To model these conditional probabilities, traditional n-gram LMs can only handle short contexts
of about 4 to 6 words and do not generalize well to unseen n-grams [98, 99]. Thus, the neural
language model is first proposed by [65] to solve the aforementioned problem in n-gram.
Developing better language models often results in models that perform better on their intended
NLP task. This is the basis for developing better and more accurate language models. Often
training better language models improves the underlying metrics of the downstream task (such as
BLEU score for translation), which makes the task of training better LMs valuable by itself [102].
Therefore, Neural Language Models (NLMs) became the better choice for the simplicity of the

steps of modelling. In NLM, the steps are interconnected.
A. Neural Language Models

The use of neural networks (NNs) in LM is often called Neural Language Modelling or NLM for
short. NN approaches are achieving better results than classical methods both on standalone LMs
and when models are incorporated into larger models on challenging tasks like machine translation
[97]. NN based LM involves the building of an end-to-end NN based LM that NN is trained to
map aligned bilingual texts from source sentence to target sentences without additional external
linguistic information [8, 9]. After the first proposal of NLMs in [10], it was enhanced by other
researchers [104, 105, 106]. As a natural development, subsequent MT systems in [72, 106, 107],

started adopting NLMs alongside with traditional n-gram LMs and generally obtain sizable
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improvements in terms of translation quality [85]. To make NLMs even more powerful, recent
works in [73, 108, 109] proposed to condition on source words as well as the target context to
lower uncertainty in predicting next words. More recently, RNN and then networks with a long-
term memory like the Long Short-Term Memory network (LSTM), Gated Recurrent Unit (GRU)
and bidirectional RNN (bi-RNN) allow the models to learn the relevant context over much longer

input sequences than the simpler feed-forward networks.
B. Recurrent Neural Network (RNN) Language Model

For any of NLP task, a basic layered NN is used when there are a set of distinct inputs and we
expect that all inputs are independent of each other [111]. This is a preferred approach for
modelling languages for translation purpose because language is a sequence of words and each
next word is dependent on the words that come before it. If we want to predict the next word in a
sentence, we should know what the previous words were. This is analogues to the fact that the
human brain does not start thinking from scratch for every word we say. The heart of the Seq2Seq
modelling is RNN [9] and its structure is expressed in Figure 2.6 [16]. it is a powerful and
expressive architecture that can handle sequential data and has been extensively used for LM [16].

Output

Input

Figure 2.6: Structure of Recurrent Neural Network
An example of the RLM is illustrated in Figure 2.7 [16]. It can be noticed that the cell-state output

(Cn) at a current time-step is used as input for next time-step.
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Figure 2.7: Example of a RLM that Processes an Input Sentence

Here, x. is input to the network at time step t. x: is the input at index 1 in the sequence. S; is a
hidden state of the network at time t. It is the memory of the network. This corresponds to the
weights in a normal NN which is learned at the time of training. Here is the advantage of using
NLM as language modelling. RNN LMs can be trained on large amounts of data, and outperform
n-gram models [110]. Here is an interesting example “I had a good time in Wolaita. | also learned
to speak some ”. If we want to predict what word will go in the blank, we have to go
all the way to the word Wolaita and then conclude that the most likely word will be Wolaiteygna.
In other words, we have to have some memory of our previous outputs and calculate new outputs
based on our past outputs [110]. Another advantage of using RNNs for LM is that due to memory
constraints, they are limited to remembering only a few steps back [110]. This is ideal because the
context of the word can be captured in the five to ten words before it. We don’t have to remember
fifty to a hundred words of context. RNN can also be used for arbitrarily long sequences if we have
memory at our disposal. But it has also some drawbacks. As the context length increases, i.e., our
dependencies become longer; layers in the unrolled RNN also increase. As the network becomes
deeper, the gradients flowing back in the back-propagation step become smaller. As a result, the
learning rate becomes slow and makes it infeasible to expect long term dependencies of the

language. We used the GRU unit both in Encoder and Decoder part as the solution to this issue.
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C. Gated Recurrent Unit (GRU)

Despite the advantage of RNN, it suffers from two major drawbacks: Exploding gradient and
vanishing gradient problem. The exploding gradient refers to the phenomenon when gradient
values become exponentially large as we perform backpropagate through time (BPTT). The
exploding gradient problem is solved by clipping the gradient after it reaches a certain threshold
value. The vanishing gradient, on the other hand, is a challenging task and it occurs when gradient
values start approaching zero as we perform BPTT. There are certain ways to solve the vanishing
gradient problem, such as specific leaky generators [46], regularization [113], and GRU [27], etc.
The GRU by [27] is the most widely used solution for gradient vanishing problem. GRU networks
are just an advanced version of plain RNNs that we discussed above. These networks are designed
to remember information for long periods without having to deal with the vanishing gradient
problem. In the GRU cell, the vanishing gradient problem is solved by writing the current state as
a memory of the network. This writing process is regulated reset gates. If we want to remember
something, we write it down. Similarly, GRUs also has the same intuition. The difference between
GRU and LSTM architectures is that GRU has no output gate, while LSTM has an output gate as
shown Figure 2.8. Therefore, GRU is LSTM that has no output gate, so writes the contents from
its memory cell to the larger network at each time step [27, 114]. LSTM cells add a large number
of additional parameters. For each gate alone, multiple weight matrices are added. More
parameters lead to longer training times and risk over-fitting [115].

LSTM GRU

forget gate cell state reset gate

F 3

input gate output gate update gate

@ @ e —
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multiplication addition concatenation
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Figure 2.8: Comparison of LSTM Vs GRU Structure
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Chapter 3: Related Work
3.1 Introduction

There are different studies conducted on MT approaches, strategies, techniques, and
implementations that have been documented. In Ethiopia, some MT systems have been tried to be
developed and documented as research work. This chapter discusses previous works related to our
study in MT domain. We classified the chapter into three sections as MT for Ethiopian language
pairs, MT for a foreign language to Ethiopian language pair and MT for foreign language pairs

and we will discuss all in detail in the next sub sections.

3.2 Machine Translation for non-Ethiopian Language Pairs

Choudhary et al. [81] conducted research in Neural Machine Translation for English-Tamil. In
this research, the basic objective of the researchers was to localize all the information available in
the English language to the local language by using efficient MT approach. They used the datasets
obtained from EnTam V2.05 and Opus. The sentences are taken from various domains like news,
bible, cinema, movie subtitles and combined to build their final parallel dataset. Their final dataset
contains 183,451 training corpus, 1,000 validation and 2,000 test corpus from English to Tamil.
The data used is encoded in UTF-8 format. They used a BLEU score method to evaluate the
performance of the system. Their model outperformed Google translator with a margin of 4.58
BLEU points.

Utiyama et al. [31] conducted research in Machine translation from Japanese and French to
Vietnamese. This study was done by using the SMT approach. They conducted the experiments
on parallel corpora collected from TED talks. They used phrase-based and tree-to-string models
and have shown that the SMT system trained on French to Vietnamese obtains better results than
the system of Japanese to Vietnamese because French and Vietnamese have more similarities in

the structures of sentences than between Japanese and Vietnamese.

Brour et al. [84] developed Arabic text language into Arabic sign language NMT. Their system is
based on previously developed two approaches with the same source and target language: rule-
based Interlingua and example-based approaches. They stated the limitations of previous studies

as the requirement of linguistic knowledge necessary to develop the rules. In addition to this, they

41|Page



stated notable results achieved by neural machine translation by listing known companies:
including Google [27] who currently joined NMT. They implemented the system using a
feedforward back-propagation ANN model. The system is trained using a dataset containing about
9,715 sentences, and it is evaluated with 73 simple sentences. The system is evaluated using BLEU
score, and it is compared to the first version ATLASLang MTS, the 4-gram average BLEU score
obtained for ATLASLang NMT is 0.79.

Matsumura et al. [82] conducted research in English-Japanese NMT with Encoder-Decoder-
Reconstructor. In [8] researchers conducted research on Chinese-English NMT by using an
Encoder-Decoder-Reconstructor framework for back-translation. Encoder-Decoder Reconstructor
framework for back-translation is first time proposed by Tu et al. [83] to address the problem NMT
suffers, which is the repeating or missing words in the translation. In this method, they selected
the best forward translation model in the same manner as Bahdanau et al. [8] and then trained a
bi-directional translation model as fine-tuning. Their experiments show that it offers a significant
improvement in BLEU scores in Chinese-English translation task. The researchers in [82]
performed the same approaches and in English-Japanese task too in addition to evaluating the
effectiveness of pre-training by comparing it with a jointly-trained model of forward translation
and back-translation. They used two parallel corpora: Asian Scientific Paper Excerpt Corpus
(ASPEC) and NTCIR PatentMT Parallel Corpus for training and testing result. They used only the
first 1 million sentences sorted by sentence-alignment similarity but they excluded sentences with
more than 40 words from the training data. Their experiments had 512 hidden units, 512
embedding units, 30,000 vocabulary size and 64 batch size. They used Adagrad (initial learning
rate 0.01) for optimizing model parameters. They trained their model on GeForce GTX TITAN X
GPU. By using ASPEC corpus in Reconstructor (Jointly-Training) model, they obtained a 26.04
BLEU score in 174 hours for English-Japanese translation. By using NTCIR corpus in
Reconstructor (Jointly-Training) model, they obtained 29.04 BLEU score in 252 hours for English-
Japanese translation. By using ASPEC corpus in Reconstructor (Jointly-Training) model, they
obtained 16.29 BLEU score for Japanese- English translation. By using NTCIR corpus in
Reconstructor (Jointly-Training) model, they obtained 28.95 BLEU score for Japanese- English

translation. But finally, they concluded that the system does not significantly improve translation
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accuracy in Japanese-English translation. In addition, it is proved that the encoder-decoder-

reconstructor without pre-training worsens rather than improves translation accuracy.

Almahairi et al. [17] proposed NMT for the task of Arabic translation in both directions (Arabic-
English and English-Arabic) and compared a Vanilla Attention-based NMT system against a
Vanilla Phrase-based system. Preprocessing Arabic texts can increase the performance of the

system, especially normalization, but the model consumes much time for training.

Sutskever et al. [9] conducted research in English to French Machine Translation using Sequence
to Sequence Learning with Neural Networks. The study was carried out by using Neural Machine
Translation approach. They applied Deep Neural Network (DNN) approach on the previous study
carried out in phrase-based SMT approach [87]. The model they used is the Recurrent Neural
Network language model. They used a multilayered Long Short-Term Memory (LSTM) to map
the input sequence to a vector of fixed dimensionality, and then another deep LSTM to decode the
target sequence from the vector. They used WMT’14 English to French dataset. They trained their
models on a subset of 12M sentences consisting of 348M French words and 304M English words,
which is a clean “selected” subset from [87]. They chose this translation task and this specific
training set subset because of the public availability of a tokenized training and for comparing the
performance from the baseline SMT [87]. They evaluated their models using the standard BLEU
score metric. On the WMT’ 14 English to French translation task, they obtained a BLEU score of
34.81 using a simple left-to-right beam-search decoder. For comparison, a phrase-based SMT
system achieves a BLEU score of 33.3 on the same dataset [87]. This result shows that a neural
network architecture outperforms a phrase-based SMT system. When they reverse the order of the
words in all source, the BLEU score increased to 36.5. Finally, they found that reversing the order
of the words in all source sentences (but not target sentences) improved the LSTM’s performance
markedly, because doing so introduced many short term dependencies between the source and the
target sentence which made the optimization problem easier. Additionally, they confirmed LSTM

did not have difficulty in long sentences.

Norouzi et al. [27] conducted research in Google’s Neural Machine Translation System: Bridging
the Gap between Human and Machine Translation. The study was done by using NMT approach
for the purpose of overcoming many of the weaknesses of previous Google’s conventional phrase-

based translation systems. In addition to this, they improved NMT robustness problem
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(particularly when input sentences contain rare words) which is stated as a problem by many
previous researchers [9, 86]. Their model is sequence-to-sequence learning framework with
attention. It has three components: an encoder network, a decoder network, and an attention
network. It consists of a deep LSTM network with 8 encoder and 8 decoder layers. The encoder
transforms a source sentence into a list of vectors, one vector per input symbol. Given this list of
vectors, the decoder produces one symbol at a time, until the special end-of-sentence symbol
(EOS) is produced. A decoder is implemented as a combination of an RNN network and a softmax
layer. The encoder and decoder are connected through an attention module which allows the
decoder to focus on different regions of the source sentence during the course of decoding. To
improve parallelism and therefore decrease training time, their attention mechanism connects the
bottom layer of the decoder to the top layer of the encoder. To improve the handling of rare words,
they divided words into a limited set of common sub-word units (“word pieces”) for both input
and output. They followed a beam search technique for implementation purpose. For testing their
system, they used WMT’14 English-to-French and English-to-German benchmarks as a dataset.
They evaluated their models using the standard BLEU score metric. Specifically, on WMT’14
English-to-French, their single model scores 38.95 BLEU, an improvement of 7.5 BLEU from a
single model without an external alignment model reported in [85] and an improvement of 1.2
BLEU from a single model without an external alignment model reported in [86]. Likewise, on
WMT’14 English-to-German, their single model scores 24.17 BLEU, which is 3.4 BLEU better
than a previous competitive baseline [86]. They also reported as, on production data, their
implementation is even more effective. Finally, they reported as human evaluations show that their
system has reduced translation errors by 60% compared to their previous phrase-based system on
many pairs of languages: Englishe>French, English«>Spanish, and English«Chinese.
Additionally, their experiments suggest the quality of the resulting translation system gets closer

to that of average human translators.
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3.3 Machine Translation involving Ethiopian languages

Solomon Teferra et al. [3] conducted research in Parallel Corpora for bi-directional Statistical
Machine Translation for Seven Ethiopian Language Pairs. The researchers presented some
Ethiopian language researches conducted by graduate students and mainly raised the unavailability
of linguistic resources stated by students which in turn affects the results that they obtain. They
attempted towards the development of parallel corpora for English and Ethiopian Languages, such
as Ambharic, Tigrigna and Ge’ez from the Semitic, Afan-Oromo from the Cushitic and Wolaytta
from Omotic language families. But they prepared a corpus by using religious resources other
domains. For example: - the Tigrigna-English and Afan Oromo-English corpora are in legal and
religious (both bible and other religious collections) domains. The Wolaytta-English and Ge’ez-
English language pairs are from the religious domain only. However, the Ge’ez-English corpus is
only from the Bible while the Wolaytta-English consists of the Bible and other religious
collections. They tried to study the nature of different language pairs. They used the corpora they
developed for conducting a bi-directional SMT experiment. In the experimental setup, they used
Moses with GIZA++ alignment tool for aligning words and phrases. SRILM toolkit was used to
develop language models using semi-automatically prepared corpora from the training and tuning
corpora of target languages. They achieved a BLEU score of 13.31 for English-Ambharic translation
while the Amharic-English has a 22.68. Similarly, the English-Tigrigna and Tigrigna-English have
BLEU scores of 17.89 and 27.53, respectively. Likewise, English-Afaan Oromo has a 14.68 BLEU
and Afan Oromo-English has 18.88 BLEU score. In a similar way, the English-Wolaytta
translation has BLEU of 10.49 while Wolaytta-English has 17.39. Finally, The English-Ge’ez and
Ge’ez-English translation has a BLEU score of 6.67 and 18.01, respectively. Finally, they
concluded that the English-Ethiopian languages SMT systems have less BLEU scores than that of
Ethiopian languages-English ones. The reason they raised is the fact that when the Ethiopian
languages are used as a target language, the translation from English as a source language is

challenged by many-to-one alignment.

Dawit Mulugeta [45] conducted research in Ge’ez to Amharic automatic MT using SMT approach.
As a research methodology, the author used qualitative experimental method to investigate the
effect of variables such as normalization, corpus and test split options on the SMT result. The data

used for the research experiment were found from both online and manually prepared. Totally 12,
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860 parallel sentences were used for both languages. Regarding the organization of the data, out
of the bilingual data, 90% for training and 10% for testing were used for the experiment. Moses
decoder, IRSTLM, GIZA++ and BLEU were used to build translation model, language model,
Word alignment and evaluation of the Ge’ez to Amharic MT system respectively. The parallel
corpus used for the experiment was sentence level aligned. The average translation result was 8.26
BLEU score.

Mulu Gebreegziabher and Besacier conducted preliminary experiments on English-Amharic SMT
[21]. The main objective of the research was the need to begin empirical researches towards
developing English-to-Amharic SMT. The major problem they stated was the rule-based approach
yet not recommended to be used for under-resourced languages like Amharic due to the different
linguistic knowledge, rules and resources required. To meet their goal, the total corpus size of 632
parliamentary corpora of which 115 had been used for the experiment. The experiment had been
conducted using 18,432 English-Amharic sentence pairs extracted from these corpora. Out of the
total 90% randomly selected sentence pairs had been used for training while the remaining 10%
sentence pairs were used for testing. There were different software resources used for the
experiment in general integrated with MOSES like SR Luthra Institute of Management (SRLIM)
to build the language model, Giza++ for building translation model and BLEU metric for
evaluating the performance of the MT system. When the researchers evaluate their MT system for
English-to-Amharic SMT the baseline phrase-based BLEU score results 35.32% translation had
been achieved. The preliminary experiment result shows that the EASMT can translate the basic
meaning of the English sentence when translating into Amharic sentence. However, there are some
strong as well as weak points in the performance of the EASMT. Keeping the storing side, to
address problems like non-translated words, wrongly translated, insertion, deletion, alignment
problem, preposition usage, and morphological errors they had used word segmentation on the
target side is vital. According to these results, more experimentation and research is required to
further improve the translation accuracy of the EASMT. The experiment done so far is encouraging
as the translation is done from less inflected English language to a morphologically rich language
Ambharic.
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Eleni Teshome developed bi-directional English-Amharic machine translation using a constrained
corpus [4]. The objective of this study was developing a bi-directional English-Amharic MT
system by using the SMT approach. In this paper, two different corpora prepared: the first corpus
(Corpus I) was made of 1,020 simple sentences that have been prepared manually. The second is
made of 1,951 complex sentences (Corpus Il) from sources, one from the Bible and the other from
the public procurement directive of the Ministry of Finance and Economic Development. From
total of 2,971 sentences, 10% were taken for the testing process and the remaining 90% is used for
training. Since the translation is bi-directional, two language models were developed, one for
Ambharic and the other for English and translation models were also built. Two different
experiments were conducted and the evaluation was performed by using two different
methodologies. The first experiment was performed using simple sentences and the accuracy of
Ambharic to English translation is 94% and English to Amharic translation and 90.59% for Amharic
to English translation. The second experiment was performed by using the manual questionnaire
method, the accuracy of English to Amharic translation is 91% and the accuracy of Amharic to
English translation is 97%. For complex sentences, the first methodology, the accuracy of the
translation from English to Amharic was 73.38% and from Amharic to English translation was
84.12%. The second experiment was performed by using the manual questionnaire method was
87% for the English to Amharic translation and 89% for Amharic to English translation. The study
shows Ambharic to English translation has better accuracy than English to Amharic translation.

Sisay Adugna developed English—Afaan Oromo machine translation using a statistical approach
[6]. This study had two main goals: the first is to test how far one can go with the available limited
parallel corpus for English-Afaan Oromo language pair and the applicability of existing
SMTsystems on these language pairs. The second one is to analyze the output of the system with
the objective of identifying the challenges that need to be addressed. In this study, the architecture
includes four basic components of statistical machine translation, which are language modelling,
translation modelling, decoding, and evaluation. By using a corpus of about 20, 000 bilingual

sentences, an author achieved the translation accuracy of 17.74%.

Jabesa Daba and Yaregal Assabie developed bi-directional English-Afaan Oromo MT using hybrid
approach [23]. The research work is implemented using a hybrid of rule-based and statistical

approaches. Corpus was collected from different domains. They collected 3,000 parallel sentences.
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Out of those sentences 90% are used for training and the remaining 10% are used for testing. Since
the system is bidirectional, two language models are developed, one for English and the other for
Afaan Oromo. The study was carried out with two experiments that are conducted by using two
different approaches and their results are recorded. The first experiment is carried out by using a
statistical approach. The result obtained from the experiment has a BLEU score of 32.39% for
English to Afaan Oromo translation and 41.50% for Afaan Oromo to English translation. The
second experiment is carried out by using a hybrid approach and the result obtained has a BLEU
score of 37.41% for English to Afaan Oromo translation and 52.02% for Afaan Oromo to English
translation. From the result, we can see that the hybrid approach is better than the statistical
approach for the language pair and a better translation is acquired when Afaan Oromo is used as a

source language and English is used as a target language.

Yitayew Solomon conducted bidirectional English-Afaan Oromo MT Systems using SMT
approach [29]. For the researcher to have such an objective was, the research done by Sisay
Adugna [6] and Jabesa Daba [23] score poor performance with the BLEU score of 17% and 37%
respectively. This is due to the alignment quality of the prepared data and the unavailability of a
well-prepared corpus for the MT task for English to Afaan Oromo MT. To build the translation
model, 6400 parallel sentences and 19300 and 12200 sentences, to build a language model for both
English and Afaan Oromo languages were used respectively. Randomly, for training 90% and 10
% testing of corpus size were used. 700 simple and 5700 complex sentences with a total of 6400
sentences was used. Moses for Mere Mortal is used for SMT and integrates different toolkits which
are used for translation purpose such as IRSTLM for language model, Decoder for translation,
MGIZA++ for word alignment. Hunalign, Anymalign and MGIZA++ where software tools, used
for sentence, phrase and word level alignment, respectively. BLEU score was used to evaluate the
MT system. Preprocessing tasks sentence splitting, margining and true casing are used to make
ready the corpus for the experimentation. Six experiments were done by the researcher to select
the optimal alignment quality for English to Afaan Oromo where, Experiments I and 11 for word-
level alignment, Experiments 111 and 1V for phase level alignment and Experiments V and VI for
sentence-level alignment. Word level alignment when the max phrase length is 4 and min is 1which
record 21% and 42% BLEU score from English-Afaan Oromo and Afaan Oromo-English

respectively. Phrase level alignment when the max phrase length is 16 and min is 4 which record
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27% and 47% BLEU score from English-Afaan Oromo and Afaan Oromo-English respectively.
Sentence level alignment when the max phrase length is 30 and min is 20 which record 18% and
35% BLEU score from English-Afaan Oromo and Afaan Oromo-English respectively. Optimal
alignment is phrase-level alignment when the max phrase length is 16 and min is 4 which record
27% and 47% BLEU score from English-Afaan Oromo and Afaan Oromo-English respectively.
Finally, the researcher recommends, better results can be achieved by using the corpus with proper
alignment used for training the system. So, by increasing the size of the training data set that
properly aligned at phrase level one can develop a better bi-directional English-Afaan Oromo

machine translation.

3.4 Summary

DNN is a newly emerging approach and proved to achieve excellent performance. Unlike the
traditional SMT, the NMT aims at building a single neural network that can be jointly tuned to
maximize the translation performance. After a few pioneer works in exploring neural features in
SMT systems [28], NMT quickly become the dominant approach for MT. The researchers in [10]
and [11] first propose to use the encoder-decoder architecture to do sequence to sequence mapping.
At the same time, the other study in [8] applies end-to-end MT. In [9] the attention mechanism
proposed to dynamically attend to different source words when generating different target words,
which becomes the default component of current NMT systems. In general, as we have seen in
the above related works, most of the papers done for different language pairs in recent years are
based on attention-based NMT and they resulted in promising results when replacing SMT by
NMT [9, 10, 11, 12]. It is the current SOTA MT technology and also many researchers are joining
this approach today. Speakers of Wolaita language who are unable to speak and understand
Ambharic cannot communicate and interact with Amharic speakers without finding translators.
Thus, non-Amharic speakers of Wolaita language speakers face problems of lack information. If
documents and news articles automatically translated into Wolaita language, from Ambharic
language, it solves the problem. As the researcher knowledge, no prior study has carried out in
Amharic to Wolaita NMT. Thus, we apply the attention-based NMT approach for Amharic to

Wolaita neural machine translation.
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Chapter 4: Design of the Proposed System
4.1 Introduction

This Chapter covers the architectural design of Amharic-to-Wolaita NMT both in attention-based
and non-attention-based mechanism. The proposed system is based on Seq2Seq learning model
with Recurrent Neural Network based Encoder-Decoder architecture. The Seq2Seq model with
RNN based Encoder-Decoder architecture is the SOTA technique in NMT. Encoder and Decoder
help the model gain a deeper understanding of the two languages, i.e., source and destination
languages. The Encoder encodes the complete information of the source sequence, which is the
source language, Ambharic, into a single real-valued vector using word-embedding, also known as
the context vector. This context vector is passed to the Decoder to produce an output sequence,
which is the target language, Wolaita. We used the GRU unit to train the system. The system based
on an attention mechanism solves the bottleneck of basic Encoder-Decoder non-attention-based
NMT.

4.2 System design

4.2.1 Language Model Training

To train our system model, we used a forward pass and back-propagation algorithms which uses a
deep multi-layer GRU architecture as we detailed in Algorithm 4.1 and Algorithm 4.2,
respectively. For each new input x; at the time i, GRU unit updates its memory to produce a hidden
state hj which one can think of as a representation for the partial sequence Xxi,x2, Xs....... Xi.
Mathematically it can be represented as:

he = (xt, he-1) )
In the above formula, f is an abstract function that computes a new hidden state given the current
input xtand the previous hidden state h.1. The starting state ho is often set to 0 though it can take
any value. A popular choice of f is tanh as being a non-linear function.

ht = tanh(WxnXt + Whnh;—7) (2)
Since the Encoder and Decoder share many operations in common in forward pass algorithm, we
combine the Amharic sentence x (length my), the Wolaita sentence y (length my), and the end of
sentence markers “<end>" together to form an input sequence s as shown in Line 1 of Algorithm

1. We first start with the Encoder weights and initial states set to zero (lines 2-3). The algorithm
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switches to the Decoder mode at time my+ 1 (line 5). The same GRU codebase (lines 8-11) is used
for both the Encoder and Decoder in which embedding is first looked up for the input s;; after that,
hidden states as well as GRU cell memories are built from the bottom layer to the top one (the L™
layer). In Line 10, GRU refers to the entire formulation in which anyone who interested to work
with other hidden units such as bi-RNN and LSTM can easily replace it. Lastly, on the Decoder
side, the top hidden state is used to predict the next symbol st+1 (line 13); then, a loss value I; and
a probability distribution p: computed according to Equation 3 and Equation 4.

St = Why.ht) (3)
pt= softmax (st) ) 4)
Here, Why € RY X4, with d being the dimension of the GRU hidden state, to compute a score vector
St. Computing the total loss for (x, y) during the forward pass is written in Equation 5.

-1/n [log (y1 (wordz) + log (y2 (wordz) +log (ya ("<end>")) (5)
The back-propagation algorithm reveals many similarities compared to the forward pass algorithm
except that we have reversed the procedure. First, we initialize gradients of the GRU layers at the
final time step (line 1) as well the model weights on the Decoder size (line 2) to zero. At time my,
we switch to the Encoder mode by saving the currently accumulated GRU and embedding
gradients for the Decoder (line 5) and starting to accumulate gradients for the Encoder weights
(line 6). The back-propagation procedure presented earlier for GRU can simplify the core NMT
gradient computation (lines 8-18) by making the following two referents: (a) Predict grad:- which
computes gradients for the target-side losses with respect to the hidden states at the top layer and
the softmax weights Why ; and (b) GRU grad:- which computes gradients for inputs to GRU and
the GRU weights per layer GRU®. It is important to note that in Lines 10 and 15 of Algorithm 2,
we add the gradients (flowing vertically from either the loss or the upper GRU layer) to the gradient
of the below layer (which already contains the gradient back-propagated horizontally) instead of
overriding it. In Line 18, we perform sparse updates on the corresponding embedding matrix for

participating words only.
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Algorithm 4.1: RNN language model training algorithm — forward pass.
Input: source sentence x of length my, target sentence y of length my.
Parameters: encoder Weeodr GRU®%r: decoder \Wdecoder GRdecoder
Output: loss | and other intermediate variables for back-propagation.

1. s € [x,<end>,y,<end>];//Lengthofsismy+1+my+1
2. We, GRUeneoder (1...1) g \pyencoder GRyencoder:  / Encoder weights
3. ho™b), co™L) € 0 // Zero initialization
4. fort=1=> (mx+1+my)do

// Decoder transition
5. ift==(mx+ 1) then

We, GRuencoder(l...L) &« Wdecoder’ GRudecoder;

6. end

/I Multi-layer GRU
7. h©® € Emb LookUp(s:, We) ;
8. forl=1=»Ldo
9. h® ¢ € GRU(ht1?, ¢t1), hY, GRUD // GRU hidden unit
10. end

/] Target-side prediction
11.if t> (mx + 1) then
12. I, p: € Predict(sw1, hi®, Why) ;
13. end
14. end

Algorithm 4.2: RNN language model training algorithm — back-propagation pass

ANmxs 1+ my, &0, dCmxe 1+ my, ) € 0; // Cell and state gradients
dGRU" D) dwWe, dWpy, € 0; // Model weight gradients
fort = (mx + 1 + my) =» 1 do // Encoder transition
if t == my then
dWedeeoder dGRUYecodr & dWe, dGRUMD : // Save decoder gradients
dwWe, dGRU®-D € 0
end
if t > (mx + 1) then // Target-side prediction
9. dh, dW € Predict_grad(st1, pt, hi);
10. dh{® € dh® + dh ; // Vertical gradients
11. dWhy € dWhy + dW,
12. end
/I Multi-layer GRU
13.for | =L =» 1 do // Recurrent gradients
14. dhus®, des®, dx, dT € GRU_grad (dh(®, de®, het®, ca®, hd D)
15. dhD € dh"D + dx; // vertical gradients
16. dGRU" €& dGRUO +dT;
17. end
18. dWe € Emb_grad_update(s, dhi?, dwe) ;
19. end
20. dWeeneoder qGRU® o € d\weeneoder dGRUMY // Save encoder gradients

ONoGa~WNE
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When we are training the Decoder, we don’t take the output of Decoder in previous step we
actually give the correct output from the previous step. That is called teacher forcing. In other word
we may want to produce the correct Amharic sentence “v-& 049005 02C%t Lu-7” equivalent in
Wolaita sentence like “ubbabaikka wogaaninne maaran hano”. But the system may produce
different word instead of “ubbabaikka” in Wolaita. Teacher forcing handles this issue by making

the system to produce correct translation. Thus, teacher forcing feeds the target as the next input.
4.2.2 Language Model Testing

After training our system model, we need to be able to use it to translate, or decode, unseen
Ambharic sentences. The strategy we used to translate an Amharic sentence to Wolaita sentence is
performing beam searching mechanism which outperforms the greedy searching mechanism by
solving its garden-path problem [85, 104]. The idea is simple: we first encode preprocessed
Ambharic sentence, "v- 04100 02C%T 2u-7" and the decoding process is started as soon as an
end-of-sentence marker “<end>" for the Amharic sentence is fed as an input to the Encoder. For
performing beam searching mechanism we performed the following steps. (a) At each timestep on
the Decoder side, we keep track of the top K (the beam size) best translations together with their
corresponding hidden states. (b) Then we select the top K most likely words. (c) Given K previous
best translation xK best words, we select a new set of K best translations for the current timestep
based on the combined scores (previous translation scores + current word translation scores).
When predicting the first word of the output sentence, we keep a beam of the top K most likely
word choices. They are scored by their probability. Then, we use each of these words in the beam
in the conditioning context for the next word. Due to this conditioning, we make different word
predictions for each. We now multiply the score for the partial translation (at this point just the
probability for the first word), and the probabilities from its word predictions. We select the
highest-scoring word pairs for the next beam. This process continues until the end of sentence
token <end> is produced. At each time step, we accumulate word translation probabilities, giving
us scores for each hypothesis. At this point, we remove the completed hypothesis from the beam

and reduce beam size by 1. The search terminates when no hypotheses are left in the beam.

The search produces a graph of hypotheses, as shown in Figure 4.1. It starts with the start of
sentence symbol <start> and its paths terminate with the end of sentence symbol <end>. Given the
complete graph; the resulting translations can be obtained by following the back-pointers. The
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complete hypothesis (i.e., one that ended with a <end> symbol) with the highest score (i.e. the path
with bold lines in Figure 4.1) points to the best translation. When choosing among the best paths,
we score each with the product of its word prediction probabilities. During the search, all

translations in a beam have the same length, so the normalization would make no difference.

o > >

<start>

<end>

<end> 1 <end>

Figure 4.1: Language Model Testing in the Beam Search Graph

Here n =5 best partial translations (called hypotheses) are selected. An output sentence is complete
when the end of sentence token <end> is predicted. We reduce the beam after that and terminate
when n full-sentence translations are completed. Following the back-pointers from the end of
sentence tokens allows us to read them off. Empty boxes represent hypotheses that are not part of
any complete path.

4.3 System Architecture

Attention-based Amharic-to-Wolaita NMT is a translation system where a given Amharic text is
translated into equivalent Wolaita sentence through three layers: Encoder, Attention, and Decoder.
An input Amharic sentence is preprocessed before performing one-hot representation. Word
embedding can be formed from one-ot representation and it is given to Encoder layer as input.
Encoder layer outputs attention weight and gives it to attention layer. Attention layer processes
attention weight and finally outputs the single representation for input sentence. This
representation is given to Decoder and it produces equivalent Wolaita translation based on input.

The architecture of the system is shown in Figure 4.2.
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4.4 Text Preprocessing

For our study, the training and testing corpus is collected from different sources which contain
parallel text (Amharic and Wolaita) in religious domain, i.e., bible texts. Preprocessing is involved
in preparing the input sentence into a format that is suitable for the morphological analysis. The
preprocessing stage consists of steps such as tokenization, normalization and stop-word removal.
4.4.1 Tokenization

The first step in the preprocessing of the sentence is tokenization, which is also known as lexical
analysis. Tokenization is essentially splitting of a sentence into smaller units, such as individual
words. Each of these smaller units is called token. Most of the time, tokenization of words in
Ambharic language is performed using Amharic punctuation marks as delimiter characters which
are white space, ':'(hulet netib), “='(arat netib), '#'(netela serez),'z'dereb serez), ‘!' (kaleagano) and
'?' (Question mark) [116]. We used white space (° ) delimiter for tokenization with the buit-in
function tf.keras.preprocessing.text.Tokenizer(filters="") library from a Tokenizer class. In order
to find the boundaries of the sentence, we added <end> tag as indicator of the end of a sentence so
that the model knows as it reached the end of words in input sentence. For example:- When we
perform tokenization in the input sentence 4@-aet A74.0 O7IAF 8% QA I°79° 11C Atenb1d hHU 2AP
AA U-9° 711G N84S NFPAS h9PA0G G AaPGTu-T AhIPAh APC(Y, it results with the tokens [‘<start>
CAme’, WP’ ‘NTINT, 844, QA7 9P, P10, AR, Y, ‘AP, ‘AN, ‘U™, ‘TIC,
‘0TS, “OIPASE’, ‘hgPAIG”, o0, ‘AGPSTU-T’, ‘AAIPAR’, ‘hAPCE, <end>’] as output. Tokenization
in Amharic and Wolaita presents a problem because of the rich and complex morphology of the

two languages. Thus, each token has to be normalized.
4.4.2 Normalization

Normalization is performed on the word tokens that result from text tokenization. We performed
text normalization for both languages based on the properties of the languages. For performing
Amharic sentence normalization, we used the algorithms adopted by Tessemma Mindaye
Mengistu in [116]. The author in [116] discussed the two types of normalization issues that arise
in the Amharic language. The first one is the identification and replacement of short hand
representation of a word that is written using forward slash “/”” or period “.” as shown in Algorithm
4.1. An example is the replacement of ““I/(.+ by “t9°vCt (+/school/. The second normalization

issue is the identification and replacement of Amharic alphabets that have the same pronunciation
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as shown in Algorithm 4.2. The replacement is made using a representative alphabet from a set of
similar alphabets. For example, identifying words like @7, ®v, @k, @k, @5, @1/ wihd/ which
are pronounced the same to mean “Water” and replace by /wihd/. In addition to Tessema’s
normalization issues, we also performed normalizing of words with Labialized Amharic characters
such as Na-EPA or NAtaA to a:td. And also, we performed removing quotes, removing spaces;
adding a space between the word and the punctuations like “?”; cleaning digits; and removing of
special characters for both Amharic and Wolaita sentences. We also performed Converting of text

to lower case of the Wolaita sentence.

Algorithm 4.1: Amharic Word Expanding Algorithm from [116]
Read a character before ‘/° or *.’
Search the location of the characters in corpus
If found
Return the corresponding expanded word
Else
Return the original word
Endif

Algorithm 4.2: Character Normalization Algorithm from [116]

Read a character

If the character is one of “ih or'i replace them with v (The same applies for the orders,

i.e. the orders of h and -1 will be replaced by the corresponding orders of v).
Return the replaced character

Else If the character is one of “rdw or Tt replace them with v-.
Return the replaced character

Else If the character is one of "%, orfi. replace them with %.
Return the replaced character

Else If the character is one of 5 or T replace them with 7.
Return the replaced character

Else If the character is one of "t Or ', replace them with %.
Return the replaced character

Else If the character is one of /1 or i replace them with v.
Return the replaced character

Else If the character is one of ¢ or't replace them with .
Return the replaced character

Else If the character is w replace it with a (The same applies for wiiy).
Return the replaced character

Else If the character is 0 replace it with 4(The same applies for 0-%.%%0#)
Return the replaced character

Else If the character is & replace it with @ (The same applies for 8-2.9%6#)
Return the replaced character

Endif

57|Page



4.4.3 Stop Word Removal

In Amharic, common words such as pronouns, prepositions and conjunctions occur so frequently
that they cannot give any useful information about the content and be discriminatory for a specific
class. These words are called stop words. Stop words are low information bearing words such as
“ho- or “q”, typically appearing with high frequency as listed in Appendix Il [32]. Stop words
may be context dependent. There is not one definite list of stop words, which all tools use, and
such a filter is not always used. Some tools specifically avoid removing them to support phrase
search. Like other languages, Amharic has non-content bearing words. Usually words such as
articles (e.g. ‘#5@<, ‘@%’), conjunctions (‘¢’, ‘11C7’, ‘®@29°’) and prepositions (e.g. ‘@-AT’, ‘AL”)
do not have a significant discriminating power in the meaning of ambiguous words. In this thesis,
stop words like ‘1@, ‘hOh’, ‘A72L°, etc, are discarded from input texts as these words are
meaningless to derive the “sense” of the particular sentence. Then, the text containing meaningful

words (excluding the stop words) pass through stemming.

4.5 Stemming

Stemming is the process of removing affixes (i.e. prefixes, infixes and suffixes) that improve the
accuracy and performance MT systems. It is the process of reducing inflected and/ or sometimes
derived words to their word stem base or root form- generally a written word form. The stem need
not be identical to the morphological root of the word. It is very important to reduce the various
original forms of a word to a single root/ stem of these words as it reduces the dimensionality of
the feature space. It will in turn deliver a significant improvement in the accuracy of MT system.
In this thesis, we used Hornmorpho stemming algorithm developed by Gasser [47]. Table 4.1

shows an example of stemmed Ambharic Words using Hornmorpho stemming algorithm.

Table 11: Stemmed Amharic Words

Ambharic Root Attached | negated? | Is it | Subj Obj Word
word word pp plural? | pron pron tense
e NAA 0 0 Al VA4
ht0NA NAA 0 0 Al AU7
AT0A NAA 0 0 hq, Tt
AANAU-9° NAA 1 0 hb

enAU-+ NAA ? 0 0 hb
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4.6 One-hot Representation

In NMT the original sequential data is not suitable to read for the neural network. It needs some
form of representation in a suitable format. Words like "aten1#" in a corpus is a sequence of
ASCII character encodings. Since a neural network is a series of multiplication and addition
operations, the input data needs to be number(s). To change the data into this suitable format, each
word of the sentence in the data must be identified and represented by a unique index and the
process is called one-hot representation. It is sometimes called indexing. One-hot representation is
a way of converting individual unique words into unique numbers. In our model, we used a built-
in method index_word[index] methods to convert vocabulary words into a unique id
representation. Here the first word in a vocabulary is represented with the first index zero (0) and
the last word is represented with the index total number of unique words minus one. An
index_word attribute is a word-to-index dictionary where words are the keys and the corresponding
integers are the values. Thus, each word in a sentence corresponds to a vocabulary item in a
vocabulary. Here, we have a vocabulary item of 1,734,130 characters without blanks which is
from 254,328 words in 9280 lines. After normalizing, removing stop words and stemming, total
number of a unique vocabulary word length is 22,075 words for Amharic vocabulary and 18,987
words for Wolaita vocabulary and each component in that vector corresponds to a specific word
in the vocabulary. The neural network that operates on this vocabulary will not be able to do
anything with any other word except the words listed in vector representation. So, we represent
each word by simply putting 1(one) in the position corresponding to that words in the vector and
0(zero) everywhere else as shown in Table 4.2.

Table 12: Word Representation in Indexing

index corpus PEAT® AT PrLALo- g7 -
0 | |- 0 0 0 0 0
1 PRAT @~ 1 0 0 ] 0
2 MmA 0 1 0 0 0
3 PrLA L 0 0 1 0 0
4 quo.} 0 0 0 1 0
5 - o 0 0 o -}
6 . 0 0 0 0 0
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4.7 Word Embedding

From sequences of vector representation (one-hot representation), word embedding will be
formed. It is a way of representing words on a vector space where the words having the same
meaning have similar vector representations [117] as shown in Table 4.3 and Figure 4.3. Thus, it
focuses on the construction of a semantic representation of words based on the statistical
distribution of word co-occurrence in the text corpus. One of the basic advantages of neural word
embedding is the reduction of out-of-vocabulary impact. This is possible because words will not
be completely unknown as far as they have feature vectors even if they may not be seen in the
training dataset. Words can be encoded into limited vector spaces or neural word embeddings in
one of the two methods, the continuous bag of words (CBOW) method and the skip-gram method
(Word2Vec). CBOW takes the average of the possible contexts of a word in representing it in a
limited dimensional vector space. For example, ‘Apple’ can refer to either the name of the
company or the type of fruit. CBOW places the vector of the word ‘Apple’ to a medium position

of the two contexts.

Skip-gram model was introduced by Mikolov et al. [117] which is an efficient method for learning
high quality vector representations of words from large amounts of unstructured text data. The
authors of Skip-gram model stated as it is efficient and more accurate than CBOW in that it does
not involve dense matrix multiplications. Skip-gram method, on the other hand, can assign two
vector values for the above two contexts of ‘Apple’. Based on the above preferences, we used

Skip-gram Word2Vec algorithm to construct our semantic model in this thesis.

Input Projection Output

W(t-2)

Wit-1)

Wi(t) —'l

W(t+1)

W(t+2)

Figure 93: Skip gram aodel
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Table 13: Semantic Relationship of Words Representation in Word-embedding

KH04 (Lion) 04 (Eat) || A0 (People)

Here we can represent it as, meat is food (4,2 990 1@-) highly in 90%, human is rogue (Q@- ?4C-
A4 1@-) in 10%) and meat is neither carnivore nor rogue (4,2 A.2-0%.9° £4-C A70A9° h2.LAJP). Thus,
we can represent the remaining in this way. As we can see in the representation, 4704 (lion) and
a@- (human) are very similar. Thus, we can say both A704 a2 nA (lion eat meat) and a@- a2 NA
(human eat meat). But we cannot say & 0.2 (1A (0x eat meat), because it is semantically incorrect.
Similar words will have a similar vector. The position of a word within the vector space is learned
from text and is based on the words that surround the word when it is used. Thus, it stores each

word close to the other word which is close to it in the meaning as shown in Figure 4.4 [117].

L

woman .
man \ girl slower
\ father 4; <on slow
cat king queen boy

slowest
dog \. mother 4‘ faster
daughter

fast

England longer
he fastest
Paris Italy \ she long
London \
himself longest

Rome herself

Figure 10 Word-embedding Example in Matrices
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4.8 Padding

The next step after word embedding is applying padding to the sentences that are longer or shorter
than a certain length. When batching the sequence of word ids together, each sequence needs to
be the same length. Since sentences are dynamic in length, we can add padding to the end of the
sequences to make them the same length. The Encoder part receives this embedded form of data
and generates a contextual relation between words. The Decoder part receives the context
generated by Encoder and searches for matching words within Wolaita language. When the
sequence includes the longer sentence, the enhancement mechanism is needed to help to store of
the longer context within the sentence. This enhancement mechanism is called padding. Thus,
padding is a term that describes the act of taking a value and adding pad characters to the left or
right (or both) sides of a string in order to fix the length of the string. We performed it by using a
built-in function tf.keras.preprocessing.sequence.pad_sequences ([inputs]) and it results in all the
Ambharic and Wolaita sequences have the same length by adding padding to the end of each

sequence.

4.9 Encoding

Encoding is the process of converting the sequences of inputs into a single-valued context vector.
In our Encoder-Decoder model, we have used a RNN based model to design Encoder for Seq2Seq
model. The Encoder of a Seq2Seq network is a RNN that encodes the complete information of the
source sequence which is the source language like Amharic into a single real-valued vector, also
known as the context vector, which is passed to the Decoder to produce an output sequence, which
is the target language like Wolaita in basic Encoder-Decoder model. To work on textual data by
Encoder part of Encoder-Decoder LM, the data must be given in the embedded form of sequential
data. If X={x1, X2, X3... xn} IS the input sequence to the Encoder with n sequence length, the
Encoder will produce Y= {y1, y2, y3... ym} context in the sequence of input data. To drive this

context, the selection of neural network architecture is necessary.

In the RNN based Encoder-Decoder model, Encoder can use either of DNN architecture. Some of
these architectures are LSTM, GRU, gated linear unit (GLU) or bi-directional RNN [88]. From
these architectures, GRU and LSTM are most familiar for Encoder part of NMT on text-based

translation [117]. The difference between these two architectures is that GRU has no output gate,
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while LSTM has both output gate and a backward gate for storing the internal state of the network.
Therefore, GRU is LSTM that has no output gate, so writes the contents from its memory cell to
the larger network at each time step [27, 117]. We preferred the GRU unit as both Encoder and
Decoder unit. However, we used single layer GRU in architecture Figure in 4.2, we have used
deep-multilayer GRU. The GRU uses gate unit to control the flow of information. It uses the
current input and its previous output, which can be considered as the current internal state of the

network, to give current output [110].

Representation of
Armharic Sentence

T

State wvectors

1dp0Ju4

<start> L IA=NHS 1T ¥

Preprocessed Ambaric
Input Seguences

Figure 11: Encoder Architecture

GRU uses two parameters to drive the sentence context. These are the collection of currently
inputted data and the previous output of the network [88]. Therefore, when using RNN the previous
output is considered as the internal state of the neural network and if the current input is the starting

word, then the input is marked by the sign of the start of token symbol <start> token indicator and
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given as input as we have explained in Equation. 4.2. Then Encoder outputs context vector as its
final output from current input data and previous output of the system. This context vector will be
fed into Decoder part either by using the enhancement mechanism which is attention-mechanism
(we will see the detail in section 4.11) or without using an attention mechanism. If the attention
mechanism is left, the last layer of Encoder network will be connected to the Decoder part of the
network [88]. If we use the attention mechanism, the last layer of Encoder network will be

connected to attention layer of the network [111].

4.10 Decoding

Decoding is the process of generating the equivalent meaning to what encoded in Encoder [113].
In our Encoder-Decoder model, we have also used RNN based model to design Decoder for
Seq2Seq model. There are several choices for the Decoder architecture that combines these inputs
to generate the next hidden state: linear transforms with activation function, GRUs, LSTMs, etc.
Typically, the choice here matches the Encoder. So, if we use GRUs for the Encoder, then we also
use GRUs for the Decoder too. Since we used GRU architecture for Encoder part, the Decoder
part of RNN based system is also designed by using GRU architecture. It takes some representation
of the input context and the previous hidden state. Once the Decoder is set up with its context, a
special token to signify the start of output generation (i.e., <end> token appended to the end of the
input; there’s also one at the end of the output Wolaita sentence) is passed to it. Then, all layers of
GRU run one after the other, following up with a softmax on the final layer’s output to generate
the first output word. Then, we pass that word into the first layer and repeat the generation. This
is how we get the GRUs to act as a language model. Until the end of text generation, Decoder
outputs word prediction and generates a new hidden Decoder state and a new output word
prediction [112]. The number of GRUs used is set as the maximum length of the sequence in the
target sentence data (i.e., 5 GRU unit is used for <start> v-& A0S N»C%1+ Luv~7 tokens) and
when the shorter sentence entered into the network, the end of sentence marked with the end of
string indicator symbol <end> and the other units are fed with padding which is used to change
the variable-length vector into a fixed-length vector by completing the length of shorter sentence

by using zero value.

In order to find the matching word, the Decoder uses the beam searching mechanism of best search
type with the use of softmax function which searches for the best matching word. Therefore, the
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Decoder generates one word at a time and repeats the searching until it encounters end of string
indicator <end> which shows the last word of the sentence. See Figure 4.6 for an example of a

Decoder network. Once we have the output sequence, we use the same learning strategy as usual.
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Figure 12: Decoder Architecture

'

Here is a recap that a Seq2Seq model with RNN based GRU unit does in order to translate the
Ambaric sentence “v-& 049005 02°C%T £u-7" into the Wolaita sentence "ubbabaikka wogaaninne
maaran hano". First, we start with 5 one-hot vectors (i.e. one for each word including <start> token)
for the input. Then, a GRU network reads the sequence and encodes it into a context vector. This
context vector is a vector space representation of the notion of translating the Amharic text. It is
used to initialize the first layer of another GRU. We run one step of each layer of this network,
perform softmax on the last layer’s output, and use that to select our first output word. This word
is fed back into the network as input, and the rest of the sentence “ubbabaikka wogaaninne maaran
hano" is decoded in this fashion. During back-propagation, the Encoder’s GRU weights are
updated so that it learns a better vector space representation for sentences, while the Decoder’s
GRU weights are trained to allow it to generate grammatically correct sentences that are relevant

to the context vector [113].
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Figure 13: Basic Encoder-Decoder Model without Attention

4.11 Attention Mechanism

Encoder in basic Encoder-Decoder based RNN architecture encodes the complete information of
the source sequence into a single real-valued vector, also known as the context vector, which is
passed to the Decoder to produce an output sequence. Here, a context vector has the responsibility
to summarize the entire input sequence into a single vector. Thus, the Decoder has access only to

the output of context vector of the Encoder as shown in Figure 4.8.

Therefore, the entire input sequence representation in a single vector is inefficient; and unable to
represent when the sentences are being long and the vocabulary size is becoming large. One
effective way to address such a problem is through the attention mechanism, which has gained
popularity recently in training neural networks. Unlike Encoder-Decoder architecture without
attention, in which the source representation is only used once to initialize the Decoder hidden
state; Encoder-Decoder architecture with Attention model predicts a target word based on the
context vectors associated with the source position and the previously generated target words. In

this way, we solved the basic Encoder-Decoder problem to handle long sentences by adding
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attention mechanism to it. In addition to this, we handled a larger number of vocabulary size
problem of basic Encoder-Decoder based approach by adding attention mechanism to Encoder-
Decoder LM which minimizes higher dimension vector into lower dimension vector [114]. It helps

to pay attention to the most relevant information in the source sequence.
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Chapter 5: Experimentation and Evaluation
5.1 Introduction

Under this Chapter, the conducted experiments and discussion is presented in a way that states the
evaluation and performance of the experiments. Section 5.2 details about data collection and
preparation, Section 5.3 about system environment/tools used for system development, Section
5.4details about parameter optimization and training of the experimental systems and Section 5.5
details about the experimental results of attention-based and non-attention-based system in
comparison. Finally, this chapter details about Evaluation metrics and discussion on the result of

the study.
5.2 Data Collection and Preparation

For our study, we have collected datasets of total 3000 sentences of parallel Amharic-Wolaita
corpus from different sources mostly from religious books. 6280 datasets are taken from [3]. Hee
the datasets are available separately and we make it to Amharic-Wolaita parallel dataset. The total
dataset we used for the system training and testing is 9280 parallel sentences. After we had finished
collecting the datasets, we uploaded it into Google drive to load into Google collaboratory [115]
since we have used GPU rather than CPU for the sake of fastening the training time. Then we
aligned this data of parallel corpus along with its translation with the use of space tab (° )
separation. Therefore, this aligned data is stored in text format to feed into systems. Then, we
shuffled the data elements before classifying into a training set and testing set. After shuffling the
data element, we have classified the data elements into a training set and testing. For the
classification, we followed one of the best techniques called Pareto principle (80/20) in which 80
percent of total data is used for the training set, while 20 percent of the total dataset is left for
testing the system [41]. Thus, the training set consists of 7424 sentences of parallel corpus, while
the test set consists of 1856 sentences. We used a built-in function train_test_split(amharic_tensor,

wola_tensor, test_size=0.2) to split the total dataset into training and testing set.

5.3 System environment/tools used for development

To implement our system, choosing a programming language and preparing the required

environment is necessary. A programming language chosen to implement the system is a python
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programming language. Python programming language supports a set of a freely available library
in the deep learning algorithm. We used Keras library, TensorFlow library and NumPy library
which is freely available. We have chosen colab as a baseline for implementation. Colab is the
only tool which supports graphical processing unit (GPU) which speeds up the training time

hundreds time faster than central processing unit (CPU).

5.4 Parameter Optimization and Training the Experimental

Systems

In our experimental study, we have trained and tested the proposed system on our parallel corpus
of 9280 sentences in two columns (one for Amharic and other for Wolaita) separated by space tab
as we provided a sample in Appendix I. To get the desired result, we have done different
experiments on different issues to adjust the parameters of the model. The first issue is the selection
of neuron units to the number of dense layers and batch sizes. For training and testing our dataset,
we can select one of 16, 32, 64, 128, 256, 512, 1024, 2048 neuron units with batch sizes based on
the number of data size we are using. Batch size is several samples processed before the model is
updated. Thus, the size of a batch must be more than or equal to one and less than or equal to the
number of samples in the training dataset. For our 7424 training samples and with a batch size of
64, the algorithm takes the first 64 samples from the training dataset and trains the network. Next,
it takes the second 64 samples and trains the network again. We can keep doing this procedure
until we have propagated all samples through the network. For each epoch, it iterates for 116 times
as detailed in Appendix IV. The number of batches in each epoch is inversely proportional to batch
size. Training a system by minimum batch size results in less accurate estimate of the gradient and
training a system by maximum batch sizes requires more memory and even networks train slower.
Thus, we preferred 1024 neuron units for 2 dense layers with 64 batch sizes for our training dataset

since our corpus is medium size.

The second issue after setting neuron units and batch size is the selection of word embedding size.
For this purpose, we trained 1024 neuron units with 64 batch size in three different number of
word embedding sizes 64, 128 and 256 respectively for 50 epochs. From these different word
embedding sizes, we selected 1024 neuron units with 64 batch size and 256 word embedding
dimension for 50 epochs because it minimizes the loss level when compared with 1024 neuron

units with 128 batch size and 128 embedding dimension, 1024 neuron units with 256 batch size
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and 256 embedding dimension and 1024 neuron units with 64 batch size and 128 embedding
dimension with the same number of epochs as shown in Figure 5.2. The number of epochs is the
number of complete passes (number of looking back into a single dataset element) through the
training dataset. The bigger size shows a sign of faster convergence at the beginning but starts to

diverge very soon. Therefore, we choose the medium size of word embedding as 256.

After adjusting neuron units, batch size and word embedding, choosing a learning rate for training
is important. In order to select optimum learning rate, we trained our system in 0.01 learning rate
which takes 63, 844 secs and its loss level is 0.017, 0.001 learning rate which takes 6,612 secs and
its loss level is 0.015 and 0.0001 learning rate which takes 25,684 secs and its loss level is 0.025.
As shown in Figure 5.3 and Figure 5.4, Adam’s optimizer (which defaults learning rate to 0.001)
minimizes a training data’s training time highly in optimum loss level in comparison to 0.01
learning rate and 0.0001 learning rate. Thus, we have initialized parameter by using optimizer =
tf.keras. optimizers.Adam(), which defaults learning rate to 0.001 and we selected sigmoidal
optimizer to optimize parameter. Therefore, the training of our architecture took 6,612 seconds (1
hour 50 minute and 12 secs). To our model, we have used batch training with a batch size of 64
and trained for 50 epochs on GPU based core i5 with 4GB RAM computer. As we have seen in
Figure 5.1 the loss level is simultaneously decreased until reaching to the 30" epoch and then it
decreased in rare. If we can use more dense layers with big dataset it may minimize the loss level

with less than that of 50 epochs.
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5.5 BLEU Evaluation Metrics

To evaluate the performance of any MT in terms of translation accuracy, various methods have
been developed. One of such metrics is bi-lingual evaluation understudy (BLEU) that is used to
measure translation accuracy by comparing the system’s translation output against human
translated reference sentences. A high-quality translation is the one which is closer to a
professional human translation and BLEU’s main idea is the measurements of this closeness.
BLEU score value falls in the range between 0 and 1. Most of the time it is reported in percent
from 0-100. The higher the BLEU score the more the translation resembles with the translation of

a human translation.

5.6 Experimental Results

In our experimental study, we have implemented the two designed system of our study as Amharic
to Wolaita NMT without attention and attention-based. Rather than adding attention mechanism
for Attention-based system, we trained and tested the systems in a similar way to get a correct

comparison of their performance. After training and testing the two systems, we have measured
72|Page



the result of testing the system by using BLEU score metrics to see the difference in their scores.
In order to report the result of our testing, we have used the average BLEU score result of 50
epochs. For training our system in this epoch, attention-based system has taken 6,612 secs and
non-attention-based system has taken 21,253 secs for the same training dataset in 0.01 learning

rate.

When translating input sentence to output sentence, we use human translated reference sentence
to get BLEU score of the translation. We calculated the average BLEU score from the translation
as some of the translation is detailed in Appendix V. Therefore, this average result of Amharic-to-
Wolaita NMT system without attention in BLEU score is 0.5960, and attention-based Amharic-
to-Wolaita NMT system is 0.6258. Thus, as we have discussed in section 4.11 attention-based
system gives us +0.02978 BLEU gain. In addition to BLEU score improvement, the training time
for attention-based system is efficient than non-attention-based system.

5.7 Discussion on the Result of the Study

To accomplish the objective of this thesis work, we focused on the design and implementation of
MT from Amharic to Wolaita language. We conducted two experiments using two different
mechanisms, i.e., non-attention-based and attention-based approach with an expectation to get a
better result in both BLEU score and time efficiency. As the length of the sentence increase, the
inter-dependency of words at the beginning of the sentence and at the end of the sentence is loosely
related. This architecture works quite well for short sentences and this may make it difficult for
the neural network to cope with long sentences since the context within a sentence is derived as
the inter-dependency of nearby words in a given sequences words in the sentence.

The second problem of Encoder-Decoder model is how to handle a larger number of vocabulary
sizes available within the data. As each word in the sentence is visited, it must be assigned a new
identity number in order to identify a word by a unique index at the time it encountered in the data.
But when the length of the dictionary increases, the number used for word representation becomes
higher and the dimension of word vector needed becomes higher. These two basic issues are solved
by using an attention mechanism with a basic Encoder-Decoder architecture. To the best of our
knowledge during the time of this work, there has not been any other work exploring the use of
attention-based architectures for NMT.
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One can observe that the result recorded from BLEU score shows the attention-based approach is
better than the non-attention-based approach for Amharic-to-Wolaita translation. But the results
recorded from both experiments are from less size of the corpus. As the size of corpus increases
the accuracy also increases and similarly the BLEU score result can also increase proportionally.

According to the result of our experiments, non-attention-based Amharic-to-Wolaita NMT has
shown interesting translation result as a BLEU score of 0.5960 with respect to our small datasets.
Moreover, we have got great improvement by using attention-based system which has shown
0.02978 BLEU improvement when compared with non-attention-based system. Also, when we
compared attention-based system with non-attention-based system in case of training time,
attention-based system shows better time efficiency. Also, attention-based system can also store
longer contextual relevancies of words found in longer sentence of datasets where we compare it
to the non-attention-based system. Therefore, the comparison of BLEU score metrics for some
range of word length shows that both of the systems have shown good translation result for
translating shorter sentences than longer sentences. This feature has been described in Appendix-
V, which compares both systems on the translation of the top 30 sentences from the parallel corpus.
Therefore, as we can see from Appendix | when the length of the word in source sentence
increases, the BLEU score level is decreases with an increase of sentence length for both attention-
based and non-attention-based models. The results of the experiment confirmed that the attention-
based model works better than the non-attention-based system with an increase of sentence length.
Moreover, the other interesting feature seen on using attention-based translation with RNN model
is that the RNN based model keeps contextual relatedness in which related words are used for
translation rather than only using exact target word for translation. In that case, the BLEU score
can be affected as it is dependent on the exact matching word of reference sentence rather than
using related dictionary words. Therefore, the result of our model has been affected by this

property of BLEU score metric and would have better than what is reported in Appendix V.
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Chapter 6: Conclusion and Future work

This chapter discusses the conclusion driven from this research work and the Future work for any
person or organization that interested to work on the machine translation between Amharic and

Wolaita language pair (or any other language pair) or related task.

6.1 Conclusion

As the objective of the work is to improve the MT between the language pair by implementing
RNN based architecture, two experiments were conducted to check the accuracy of the system
using two different approaches. The first experiment is conducted by using the non-attention-based
approach and it has a BLEU score of 0.5960. The second experiment is carried out by using an
attention-based approach and it has a BLEU score of 0.6258. Therefore, the results of our
experiments have shown that our attention-based system has shown better BLEU score in
translations, which is 0.02978 improvements for translation and uses less training time in
comparison with our non-attention-based system. More importantly the attention-based system
shows the great result in case of translating longer sentence than the non-attention-based system.
Also, the attention-based system is faster by comparing against the non-attention-based system.
We have also seen as using attention-based translation with RNN model is that the RNN based
model keeps contextual relatedness in which related words are used for translation rather than only

using exact target word for translation.

6.2 Future Works

v Since our work is the first MT system developed from the Amharic language to Wolaita
language pair as the translation is from Amharic to Wolaita language, we recommend
anyone who interested in this work for making this system bi-directional in future work in
order to easily distribute resources written in both languages.

v As the objective of our study is to implement MT only at the level of text to text translation,

we recommend anyone to develop speech to text first and use our work for further study.
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Also, we recommend any interested one in our work to include a higher number of the
dataset to further increase the translation quality since neural network needs more dataset
in order to perform better and also, we recommend to try with more layers and more hidden
units.

For future we recommend any interested one to train our system for another language pairs.

For future, we recommend one to use an autoencoder for the corpus separated by a space
tab (like v-& NA10NG (OC%T Lv-7 \t ubbabaikka wogaaninne maaran hano). To do this,
train as an auto-encoder, save only the Encoder network and train a new Decoder for
translation from there.

In order to make a system reliable, we recommend one to replace the position of untrained

(unknown) words by some special references like UNK.
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Appendix I: Sample of parallel corpus

Amharic

Wolaita

71C 17 U-e (A°10NG 02ChT BU-T

SHin ubbabaikka wogaaninne maaran hano.

%A AT RTC PAAD- PR7R 40T
LGEA RYRI° AAD- HA PATOE

Ha sa7an daro qaalai de7ennan aggenna;
birshshetti bainna gaali issoinne baawa.

gassi

PLCI vk NATS 27T (AL T°C
0N

kase biittiya hanna issi gaalaninne issi haasayan daasu.

004 29920 17 POPF ALE 1@

SHin penggeera geliyaagee dorssaa heemmiya asa.

AT aph\ng° Jav(1GAV: AAD: 7
AL 1% H9::

Neeni Xoossaa lo770 galataasa; shin hegee hinkko
bitaniyaa maaddenna.

PAAT @ mAT PULALD- 9O 1D+

Ubbaappe wurssettan xayana morkkee haiquwaa.

Tz 172995+  ®av<: 20 mThé:

Tishshi giite. Ammanuwan minnite. Xalite. Minnite.

NAS 7T H2E Ut N&PC LU~

0Ooso ubbaa siiquwan oottite.

aYI° LT D-P (LTC V7 AL DP::

SHin ooninne akeekana xayikko, akeekoppo, aggi bayo.

Az A0+(e0 U7 AATH ('H A8 XéAAU-:

Taani PHauloosi ha sarotaa ta kushiyan xaafaas.

A8 Wi f9techk Uk A%
AATPGTFAAU-

Simmi tanadan hanite yaagada inttena woossais.

OP) tTHFTAAL PAD- WG0PT Aty

Xoossai inttena waagan shammiis. Asa aille gidoppite.

1190 Az Gagg@- 8G PAM-Y Aav<:

Qassikka Godai, “He makkala daannai giidoogaa siyite.

eu7 NFo-d: N\FLCHHP N6-47 Giu-:

Intte hegaa eridi oottiyaabaa gidikko anjjettidaageeta.

@f. (L H9° A+ AAFPF AmeE

Qassi soo geliiddi sarotite.

0ATANS ¢4l NOUHI b Vo il b (U WA L0

Yaagin Leewi ubbabaa aggi bayidi, denddi eqqidi, a
kaalliis.

ho-e9® NAA AL SBP20G AU AAb
L9° F07::

Qassi ubbaappe wurssettan, wodee gakkennan yelettida
taassikka goncciis.

OEPF P (AAIC MIST ATut:
Ahé-t 11C M9GT v AT NARIPC PNON
U~k

Ta ishatoo, intte iita yohuwan yiira mala gidanaappe
attin, gofan na7a mala gidoppite; intte wozanaa gofan
wozannaamata gidite.

A79.291 VAU ATt (1930 (FFch
ANt (& e PtPorm@- 9 TAD-7
NAOP AT ALCT APAITY ALY
LAN?

Hegaa gidana xayikko, neeni ne ayyaanaa xalaalan
Xoossaa galatiyaabaa gidikko, he sohuwan neeni
giyoogaa erenna asi neeni Xoossaa galatiyoogaa
erennan, neeni galatidoogan woigidi, “Amin77i”
gaanee?

OHF he@F NF hCatO7? t0d LLLT
nwre: Ao e LAP PPOANGT 17

Nuuni ha de7uwaa xalaalaassi Kiristtoosa yainnidabaa
gidikko, ha sa7an de7iya asa ubbaappekka nubai pala.

ePCT thFta: oA 0mFIP | Siiquwaa  kaallite. Ayyaanaa imuwaakka minttidi

RARTP T UL aPFICT ONCE 8T koyite.  SHin  ubbaappe  aattidi,  hananabaa
yootiyoogaakka koyite.

EAFI® WIRTLA (POt 7 i | Haiqqidi moogettiis. Xoossaa maxaafai
giyoogaadankka, heezzantto gallassi haiquwaappe
denddiis.

A49° F? IRAT° Ah7e- v Denddidi, PHeexiroosassi  qoncciis.  Hegaappe

guyyiyan, ba kiittido tammanne naa77atussi goncciis.
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NHP9® (A hAPOT  aof  ATLOH-
O7LPT AT L P hAICAI®
PUUNH-E hOh Av-? Ak AT97&TF 17
ATPAGTPA:

Hegaappe guyyiyan, ichchashu xeetaappe dariya
ishatussi issitoo goncciis. Etappe dariya baggai hanno
gakkanaassikka paxa de7ees; shin amaridaageeti
haiqgidosona.

e NhA ALOSA RAT® AKPCET U
EAH

Hegaappe guyyiyan, Yaaqoobassi qoncciis; guyyeppe
ba kiittido ubbatussi goncciis.

Ar  NAhPCOT v 09T TAG:
PAILANACT O DCOEP? AAALLU-
hPCP tN% Ame- 27121072

Aissi giikko, Yesuusi Kiittido ubbaappe taani laafa; taani
Xoossaa woosa keettaa waissido gishshau, Yesuusi
Kiittidoogaa geetettada xeesettanaukka bessikke.

71C U7 (A MAOAC 2D PP~ A T4
AhZ® SFOMT A2@m NrE AAINCIP
NU-AF@D LAP 17 £09°U-: 84 17 hhs
IC PAD- PAMANIC &0 10 W78 Wb
AL LAUIP::

SHin Xoossaa aaro kehatettan taani tanakka. Qassi
taassi i immido aaro kehatettai hada gidibeenna; shin
taani eta ubbaappe aattada oottaas. SHin tanaara de7iya
Xoossaa aaro kehatettai oottiisippe attin, tana gidikke.

A718U0 Ar P7 AICAI° L+ AU
ATONNAT APEU-I° AaPGTy-i

Simmi tana gidikkokka, woikko eta gidikkokka, nuuni
ubbai yootiyoogee hagaa; inttekka hagaa ammanideta.

ncata need7 AL 1 e7La0h et
T2 NAGrE W28 Tk a0 RA°

Wit RAN?

Kiristtoosi haiquwaappe denddidoogaa yootiyoobaa
gidikko, intteppe issi issi asati yaatin woigidi,
“Haiqqidabai haiquwaappe denddenna” yaagiyoonaa?

AU T2 OILPTF P2 0L AGrE av g
NAATT NGIC: NaPIAT ORI NAD-P T+
oe  AtIF O NFPUCT
NATICETU- I°7 APTITAAD-?

SHin ta ishatoo, ha77i taani inttekko baada, dumma
dumma gaalan haasayaidda, ajjuutan woi eratettan woi
hananabaa yootiyoogan woi tamaarissiyoogan inttessi
yootana xayikko, taani inttena ai go77iyaanaa?

190 AANT TIC WY POATEIC heCPP
(L7 £9°6 AAT 2£9°60~7 ATF 02IAT

Harai atto, shemppoi bainnabai pulaale gidin woikko
diitta gidin giiriiddi, ba giirettaa dummatettaa erissana

OPATE P40 OLA ANGC PTFO | yavikko, pulaale  punniyaakkonne, woi diitta
TN WiLT £ I D7 diixxiyaakko, asi waatidi eranee?

LA avAlt PUIRINTT &9°0 (AT | Qassi malkkataa waasoi geeyidi erettana xayikko,
AMCrF 917 BHIBA? olaassi oonee giigettanai?

AU WSTt LA PHFIAM@TT  PA
NAZ20F 0TG4 APT PG4T Wit
KA1+ POT@m-hFA? A140 P9 TG4-
FPeATFU-S::

Hegaadankka, gassi dumma dumma gaalan intte
haasayiyoogee qoncce gidennan xayikko, intte
haasayiyoogaa asi waatidi akeekanee? Aissi giikko,
carkkuwaassi intte haasayeeta.

ATV PR &F QA@-P ATLGILD-
AT18 APSAU-: P91.51.0-9° AhL h7°18
LGz

SHin issi asi haasayiyo gaalaa taani erana xayikko, he
haasayiyaagee taassi imatta gidees; taanikka assi imatta
gidais.

AU~ £99° WG vt aP2.AP AmFT NGk
eI HLAT NPSTU- Ot NCAELY? AT
ATCNHATU- LA

Hegaadankka, gassi Geeshsha Ayyaanaa imuwaa intte
ekkanau minttidi koyiyaageeta gidiyo gishshau, woosa
keettaa dichchanau maaddiyaabaa ubbabaappe aattidi
koyite.

C U7 MeT? L9 ANHIC HIE
N99490C A0S PAT NAAT harg1C eAP
AP0 PAT NARIPCS AGIC AD8AU-:

SHin taani woosa keettan harata tamaarissanau dumma
dumma gaalan tammu sha7u gaalata haasayiyoogaappe
ichchashu gaalata ta wozanaa gofan haasayanau dosais.

TP vdk 0 wirt P10 2914
AT LARKFD-E

Hananabaa yootiyaageetikka naa77u gididi woi heezzu
gididi haasayona. Qassi harati eti giyoobaa pirddona.
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Appendix Il1: Common Amharic stop words.

A Al Joa 24 +4.8a0 A%V o g7y

ot hG Hé av(\/F 10 TPt LH, dmd.
25144 Al AL Jod P00 A0HP@ 0t ACT
1260\ Al LS A OP 181 ANd.2ap LAY 2L
A0~ Aq, WA +0e799 A1L1C A annt +03L
€% ATt +0A oA +oAT +&mn Ah (&Y
L19° AGrt Che mee 11,97, re 4 Addé.
U9 AG PA +meP ALDIM Javy AOOT 78t
2na (0] havy +mse anc HAA ASOTP +eBm-+
ayyge nAag +atd. ATY mNe +avpn A AA0
CT7 o+ 02 goygo A4, AhPe +2d. g,
H728: At +SI1CTH me,9° haha +RLm 04, M- mepav
AAAU- T0LP +Aavg. ALLAI® oL AdHP@ 7 +mpar
- hh Pl PUA 28 +ae +a97 meh
&t T7 1841 i termt A0 AGLAL ot
Al aoa) +mear +md AU~Y 10-G 17 -7
0] hava) +OPH | AQ0N Ay 70 a9/t
-1, me,g° A@-p £41 Pma o7 0L Gavg,
A WL THmd, TLI1M +avlm oh70t 4N ANdA
h78. U@ hLl UA\LH: VA& Ad00N 10 a,
L1av et NAA TGACAN o4, T A20Mm £
h av’f +11¢. XY go7e Nh& ERLa7L, T

n A +éd.mé. ™hl IoAT FA PLI° ATy
ST~ Ut Al T4 4N +FA liTa\ql AMDM
et U +qav-4 aomy +AaP AOFA +Laom me.N
nchr n.n.A. AgP PcN $¢ (¢ A A7V
NF NH+ PLL. hHWY +m1L, AT 9787 04,9
A ng 114, W AmPa SFu- Pt LAPA
AT nmye +oAL +haha [ PN ANIPHT CYA
A9 0+ae +nat A% (0] AN +paom 401
apy +avAh md¢av AOFD.L oL 4 A28 A7
ahe? TaPAAA ane L0 AN SPpJ( NAm nh-&
ah T102A o) H1o meh thtC ANP nne
+en16 B 7599 Adnta Ahpar Ahavan +mPa av-(y:
Oht ANJON0 £ avh\h m (4 240 24
@R, AN 2% 4.2aD £, hL41 M Tt
St N4.AL 2v PH +neoy Py +Laom 21
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Appendix I11: Each epoch’s loss level and time taken for

training the system.

Epoch 1 Loss 2.264173 Time 153.21986 sec
Epoch 2 Loss 2.111294 Time 90.3907 sec
Epoch 3 Loss 2.054009 Time 90.9183 sec
Epoch 4 Loss 1.997920 Time 90.9472 sec
Epoch 5 Loss 1.920717 Time 93.0655 sec
Epoch 6 Loss 1.827197 Time 91.3056 sec
Epoch 7 Loss 1.735980 Time 91.2038 sec
Epoch 8 Loss 1.633517 Time 91.3208 sec
Epoch 9 Loss 1.520991 Time 91.4875 sec
Epoch 10 Loss 1.395341 Time 93.1666 sec
Epoch 11 Loss 1.257370 Time 91.3188 sec
Epoch 12 Loss 1.109244 Time 91.3559 sec
Epoch 13 Loss 0.954131 Time 91.0642 sec
Epoch 14 Loss 0.803845 Time 91.2477 sec
Epoch 15 Loss 0.668424 Time 92.7495 sec
Epoch 16 Loss 0.555440 Time 91.3822 sec
Epoch 17 Loss 0.462380 Time 91.2049 sec
Epoch 18 Loss 0.383793 Time 91.1040 sec
Epoch 19 Loss 0.316827 Time 91.0404 sec
Epoch 20 Loss 0.260945 Time 92.8468 sec
Epoch 21 Loss 0.213393 Time 91.2266 sec
Epoch 22 Loss 0.171829 Time 90.9922 sec
Epoch 23 Loss 0.136427 Time 91.1438 sec
Epoch 24 Loss 0.108045 Time 91.2057 sec
Epoch 25 Loss 0.085063 Time 93.0783 sec

Epoch 26 Loss 0.067203 Time 91.1177 sec
Epoch 27 Loss 0.051981 Time 91.0183 sec
Epoch 28 Loss 0.041225 Time 90.9578 sec
Epoch 29 Loss 0.033504 Time 91.0428 sec
Epoch 30 Loss 0.028677 Time 92.7335 sec
Epoch 31 Loss 0.024998 Time 91.2618 sec
Epoch 32 Loss 0.021703 Time 90.8723 sec
Epoch 33 Loss 0.019390 Time 91.0475 sec
Epoch 34 Loss 0.017768 Time 91.0090 sec
Epoch 35 Loss 0.016498 Time 92.5059 sec
Epoch 36 Loss 0.015730 Time 90.9708 sec
Epoch 37 Loss 0.014732 Time 91.0016 sec
Epoch 38 Loss 0.014117 Time 91.0047 sec
Epoch 39 Loss 0.014345 Time 90.9625 sec
Epoch 40 Loss 0.014517 Time 92.8075 sec
Epoch 41 Loss 0.014911 Time 91.0141 sec
Epoch 42 Loss 0.015411 Time 90.8811 sec
Epoch 43 Loss 0.016670 Time 90.8737 sec
Epoch 44 Loss 0.016608 Time 91.0245 sec
Epoch 45 Loss 0.016925 Time 92.8748 sec
Epoch 46 Loss 0.017245 Time 91.0994 sec
Epoch 47 Loss 0.017937 Time 91.0599 sec
Epoch 48 Loss 0.017741 Time 91.0709 sec
Epoch 49 Loss 0.016927 Time 90.8503 sec
Epoch 50 Loss 0.016383 Time 92.7557 sec
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Appendix IV: The last epoch results with loss level and a time
to taken for 116 batches.

Epoch 50 Batch 0 Loss 0.013544
Epoch 50 Batch 1 Loss 0.017937
Epoch 50 Batch 2 Loss 0.025752
Epoch 50 Batch 3 Loss 0.009433
Epoch 50 Batch 4 Loss 0.017541
Epoch 50 Batch 5 Loss 0.015115
Epoch 50 Batch 6 Loss 0.010091
Epoch 50 Batch 7 Loss 0.027269
Epoch 50 Batch 8 Loss 0.011607
Epoch 50 Batch 9 Loss 0.011041
Epoch 50 Batch 10 Loss 0.014244
Epoch 50 Batch 11 Loss 0.015845
Epoch 50 Batch 12 Loss 0.021646
Epoch 50 Batch 13 Loss 0.023589
Epoch 50 Batch 14 Loss 0.010957
Epoch 50 Batch 15 Loss 0.021193
Epoch 50 Batch 16 Loss 0.023150
Epoch 50 Batch 17 Loss 0.022084
Epoch 50 Batch 18 Loss 0.014431
Epoch 50 Batch 19 Loss 0.013112
Epoch 50 Batch 20 Loss 0.021191
Epoch 50 Batch 21 Loss 0.012547
Epoch 50 Batch 22 Loss 0.025012
Epoch 50 Batch 23 Loss 0.016545
Epoch 50 Batch 24 Loss 0.013147
Epoch 50 Batch 25 Loss 0.010812
Epoch 50 Batch 26 Loss 0.014996
Epoch 50 Batch 27 Loss 0.015847

Epoch 50 Batch 28 Loss 0.012309
Epoch 50 Batch 29 Loss 0.022938
Epoch 50 Batch 30 Loss 0.023369
Epoch 50 Batch 31 Loss 0.017606
Epoch 50 Batch 32 Loss 0.017034
Epoch 50 Batch 33 Loss 0.020166
Epoch 50 Batch 34 Loss 0.022465
Epoch 50 Batch 35 Loss 0.015764
Epoch 50 Batch 36 Loss 0.013880
Epoch 50 Batch 37 Loss 0.014561
Epoch 50 Batch 38 Loss 0.011305
Epoch 50 Batch 39 Loss 0.015690
Epoch 50 Batch 40 Loss 0.018793
Epoch 50 Batch 41 Loss 0.015226
Epoch 50 Batch 42 Loss 0.019245
Epoch 50 Batch 43 Loss 0.013860
Epoch 50 Batch 44 Loss 0.015987
Epoch 50 Batch 45 Loss 0.010803
Epoch 50 Batch 46 Loss 0.016218
Epoch 50 Batch 47 Loss 0.009233
Epoch 50 Batch 48 Loss 0.022518
Epoch 50 Batch 49 Loss 0.017496
Epoch 50 Batch 50 Loss 0.010595
Epoch 50 Batch 51 Loss 0.013958
Epoch 50 Batch 52 Loss 0.017162
Epoch 50 Batch 53 Loss 0.017755
Epoch 50 Batch 54 Loss 0.023228
Epoch 50 Batch 55 Loss 0.012986
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Epoch 50 Batch 56 Loss 0.011647
Epoch 50 Batch 57 Loss 0.009399
Epoch 50 Batch 58 Loss 0.014679
Epoch 50 Batch 59 Loss 0.021417
Epoch 50 Batch 60 Loss 0.018727
Epoch 50 Batch 61 Loss 0.025010
Epoch 50 Batch 62 Loss 0.011620
Epoch 50 Batch 63 Loss 0.025125
Epoch 50 Batch 64 Loss 0.010695
Epoch 50 Batch 65 Loss 0.011838
Epoch 50 Batch 66 Loss 0.019401
Epoch 50 Batch 67 Loss 0.013548
Epoch 50 Batch 68 Loss 0.021070
Epoch 50 Batch 69 Loss 0.011381
Epoch 50 Batch 70 Loss 0.013061
Epoch 50 Batch 71 Loss 0.019269
Epoch 50 Batch 72 Loss 0.013836
Epoch 50 Batch 73 Loss 0.013661
Epoch 50 Batch 74 Loss 0.016355
Epoch 50 Batch 75 Loss 0.010690
Epoch 50 Batch 76 Loss 0.013935
Epoch 50 Batch 77 Loss 0.011561
Epoch 50 Batch 78 Loss 0.017078
Epoch 50 Batch 79 Loss 0.022206
Epoch 50 Batch 80 Loss 0.016161
Epoch 50 Batch 81 Loss 0.013388
Epoch 50 Batch 82 Loss 0.017339
Epoch 50 Batch 83 Loss 0.012918
Epoch 50 Batch 84 Loss 0.012886
Epoch 50 Batch 85 Loss 0.015998
Epoch 50 Batch 86 Loss 0.010652

Epoch 50 Batch 87 Loss 0.015663
Epoch 50 Batch 88 Loss 0.019641
Epoch 50 Batch 89 Loss 0.020596
Epoch 50 Batch 90 Loss 0.022625
Epoch 50 Batch 91 Loss 0.012869
Epoch 50 Batch 92 Loss 0.022783
Epoch 50 Batch 93 Loss 0.017098
Epoch 50 Batch 94 Loss 0.011240
Epoch 50 Batch 95 Loss 0.026242
Epoch 50 Batch 96 Loss 0.016545
Epoch 50 Batch 97 Loss 0.017733
Epoch 50 Batch 98 Loss 0.013144
Epoch 50 Batch 99 Loss 0.017378
Epoch 50 Batch 100 Loss 0.011456
Epoch 50 Batch 101 Loss 0.015737
Epoch 50 Batch 102 Loss 0.025300
Epoch 50 Batch 103 Loss 0.014221
Epoch 50 Batch 104 Loss 0.020778
Epoch 50 Batch 105 Loss 0.022121
Epoch 50 Batch 106 Loss 0.018971
Epoch 50 Batch 107 Loss 0.013128
Epoch 50 Batch 108 Loss 0.013268
Epoch 50 Batch 109 Loss 0.010633
Epoch 50 Batch 110 Loss 0.016226
Epoch 50 Batch 111 Loss 0.014788
Epoch 50 Batch 112 Loss 0.015013
Epoch 50 Batch 113 Loss 0.015009
Epoch 50 Batch 114 Loss 0.014251
Epoch 50 Batch 115 Loss 0.017589
Epoch 50 Loss 0.016383

Time 92.7558 sec
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Appendix V: Sample output

Translating the | Input T1C 17 u-(c 04100 07C%T LU-7
same sentence Reference SHin ubbabaikka wogaaninne maaran hano.
A2W NMT Translation shin ubbabaikka wogaaninne maaran hano.
BLEU score 0.665076
Attention-based | Translation shin ubbabaikka wogaaninne maaran hano.
A2W NMT BLEU score 0.665076
Translating the | Input N%GAT° PPTANT £TC LAND- PRTE ALY 860 RIRT° PAND- MHA
same sentence PAgPE
Reference Ha sa7an daro qaalai de7ennan aggenna; gassi birshshetti
bainna gaali issoinne baawa.
A2W NMT Translation ha sa7an daro gaalai de7ennan aggenna gassi birshshetti bainna
gaali issoinne baawa
BLEU score 0.578965
Attention-based | Translation ha sa7an daro gaalai de7ennan aggenna gassi birshshetti bainna
A2W NMT gaali issoinne baawa.
BLEU score 0.575757
Translating the | Input PLCI° Ut (W7 R7%RGT (AZL: F1°1C 1N =
same sentence Reference kase biittiya hanna issi gaalaninne issi haasayan daasu.
A2W NMT Translation kase biittiya hanna issi gaalaninne issi haasayan daasu.
BLEU score 0.614788
Attention-based | Translation kase biittiya hanna issi gaalaninne issi haasayan daasu.
A2W NMT BLEU score 0.614788
Translating the | Input 004 £9910 7 20T AT 10
same sentence Reference SHin penggeera geliyaagee dorssaa heemmiya asa.
A2W NMT Translation shin penggeera geliyaagee dorssaa heemmiya asa.
BLEU score 0.638943
Attention-based | Translation shin penggeera geliyaagee dorssaa heemmiya asa.
A2W NMT BLEU score 0.638943
Translating the | Input ATt aop e FaP1GAUE GAD 17 AR IR0
same sentence Reference Neeni Xoossaa lo770 galataasa; shin hegee hinkko bitaniyaa
maaddenna
A2W NMT Translation aissi giikko, eti ainne hanennan de7iiddi, he urai issi asati a bolli
misimaariyan xishettidi i haa yeddido gishshau, a bolli
pirddanau yiidoogaappe attin, issi asati a bolli misimaariyan
xishettidi 1 haa yeddido gishshau, a bolli pirddanau
yiidoogaappe attin, issi asati a bolli
BLEU score 0.379671
Attention-based | Translation neeni xoossaa lo770 galataasa shin hegee hinkko bitaniyaa
A2W NMT maaddenna.
BLEU score 0.588566
Translating the | Input PAAGT D MAT PTLALD- P -
same sentence Reference Ubbaappe wurssettan xayana morkkee haiguwaa.
A2W NMT Translation ubbaappe wurssettan xayana morkkee haiquwaa.
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BLEU score 0.665438

Attention-based | Translation ubbaappe wurssettan xayana morkkee haiguwaa.

A2W NMT BLEU score 0.665438

Translating the | Input T8: MY ®av<: IAIP(+ MTNG=

same sentence Reference Tishshi giite. Ammanuwan minnite. Xalite. Minnite.

A2W NMT Translation tishshi giite. ammanuwan minnite.

BLEU score 0.688725

Attention-based | Translation tishshi giite. ammanuwan minnite. xalite. minnite.

A2W NMT BLEU score 0.630365

Translating the | Input OAG 7T 02 U+t (&PC -7

same sentence Reference 0o0s0 ubbaa siiquwan oottite.

A2W NMT Translation 00s0 ubbaa siiguwan oottite.

BLEU score 0.712104

Attention-based | Translation 00s0 ubbaa siiguwan oottite.

A2W NMT BLEU score 0.712104

Translating the | Input 7 TP (LSC 17 hQOP::'

same sentence Reference SHin ooninne akeekana xayikko, akeekoppo, aggi bayo.

A2W NMT Translation shin ooninne akeekana xayikko, akeekoppo, aggi bayo.

BLEU score 0.606819

Attention-based | Translation shin ooninne akeekana xayikko, akeekoppo, aggi bayo.

A2W NMT BLEU score 0.606819

Translating the | Input AL A0+ LUT QAT 1T AP, Kd.ANU-:

same sentence Reference Taani PHauloosi ha sarotaa ta kushiyan xaafaas.

A2W NMT Translation taani phauloosi ha sarotaa ta kushiyan xaafaas.

BLEU score 0.655997

Attention-based | Translation taani phauloosi ha sarotaa ta kushiyan xaafaas.

A2W NMT BLEU score 0.655997

Translating the | Input W74 hi7 090 TaPAN U 1% AAIPSTAAD-:

same sentence Reference Simmi tanadan hanite yaagada inttena woossais.

A2W NMT Translation taani intteyyo yootidoogee tuma intte nagaran haigganaagaa
intteyyo yootidoogee tuma intte nagaran haigqganaagaa intteyyo
yootidoogee tuma intte nagaran haigqganaagaa intteyyo
yootidoogee tuma intte nagaran haigganaagaa intteyyo
yootidoogee

BLEU score 0.343295

Attention-based | Translation simmi tanadan hanite yaagada inttena woossais.

A2W NMT BLEU score 0.641936

Translating the | Input OPO FIHITARAL LAD- 0GLPT Atu-re

same sentence Reference Xoossai inttena waagan shammiis. Asa aille gidoppite.

A2W NMT Translation X00ssai inttena waagan shammiis. asa aille gidoppite.

BLEU score 0.622333
Attention-based | Translation Xoossai inttena waagan shammiis. asa aille gidoppite.
A2W NMT BLEU score 0.622333

Input 139° hAz Gavp5 @ 85 PAD-T (oo
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Translating the
same sentence

Reference

Qassikka Godai, “He makkala daannai giidoogaa siyite.

A2W NMT Translation gassikka godai, he makkala daannai giidoogaa siyite.
BLEU score 0.624953
Attention-based | Translation gassikka godai, he makkala daannai giidoogaa siyite.
A2W NMT BLEU score 0.624953
Translating the | Input LUT NFOk: NFLCHT® 0097 TTo-=
same sentence Reference Intte hegaa eridi oottiyaabaa gidikko anjjettidaageeta.
A2W NMT Translation intte hegaa eridi oottiyaabaa gidikko anjjettidaageeta.
BLEU score 0.617252
Attention-based | Translation intte hegaa eridi oottiyaabaa gidikko anjjettidaageeta.
A2W NMT BLEU score 0.617252
Translating the | Input @f (LT Q0 AAgPS (i
same sentence Reference Qassi soo geliiddi sarotite.
A2W NMT Translation gassi soo geliiddi sarotite.
BLEU score 0.731111
Attention-based | Translation gassi soo geliiddi sarotite.
A2W NMT BLEU score 0.731111
Translating the | Input U0 O3 AR Ao
same sentence Reference Yaagin Leewi ubbabaa aggi bayidi, denddi eqqidi, a kaalliis.
A2W NMT Translation yaagin leewi ubbabaa aggi bayidi, denddi eqqidi, a kaalliis.
BLEU score 0.587832
Attention-based | Translation yaagin leewi ubbabaa aggi bayidi, denddi eqqidi, a kaalliis.
A2W NMT BLEU score 0.587832
Translating the | Input U9 (1734 A28 BP10G ATPPY AhB Lo19° 07
same sentence Reference Qassi ubbaappe wurssettan, wodee gakkennan yelettida
taassikka goncciis.
A2W NMT Translation gassi ubbaappe wurssettan, wodee gakkennan yelettida
taassikka goncciis.
BLEU score 0.596476
Attention-based | Translation gassi ubbaappe wurssettan, wodee gakkennan yelettida
A2W NMT taassikka goncciis.
BLEU score 0.596476
Translating the | Input O2PT PR (ARPC AT Atvt Ahdt 11C MIGTF v AT7E
same sentence NARZ C 00K U-F
Reference Ta ishatoo, intte iita yohuwan yiira mala gidanaappe attin,
gofan na7a mala gidoppite; intte wozanaa qofan wozannaamata
gidite.
A2W NMT Translation ta ishatoo intte iita yohuwan yiira mala gidanaappe attin, gofan
naa mala gidoppite intte wozanaa qofan wozannaamata gidite
BLEU score 0.524634
Attention-based | Translation ta ishatoo intte iita yohuwan yiira mala gidanaappe attin, gofan
A2W NMT na7a mala gidoppite intte wozanaa qofan wozannaamata gidite.
BLEU score 0.523645
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Translating the | Input K19.097 WAP: A7t Nov7d.0 O Hach AdtoI4t g PtParma-

same sentence LIOHAD-T NADP A7 AL CT ATPOI5Y AT LAN?

Reference Hegaa gidana xayikko, neeni ne ayyaanaa xalaalan Xoossaa
galatiyaabaa gidikko, he sohuwan neeni giyoogaa erenna asi
neeni Xoossaa galatiyoogaa erennan, neeni galatidoogan
woigidi, “Amin77i” gaanee?

A2W NMT Translation aissi giikko, xoossaa maxaafai attin, cashsha asa woi asaa, ai
oottiyoonaa? haiqgidaageeti a kiitanchchaa gelidi, ubbai
xoossaa kiitanchchaa gelidi, ubbai xoossaa kiitanchchaa gelidi,
ubbai xoossaa kiitanchchaa gelidi, ubbai xoossaa kiitanchchaa
gelidi, ubbai xoossaa kiitanchchaa gelidi, ubbai xoossaa

BLEU score 0.347871

Attention-based | Translation hegaa gidana xayikko, neeni galatidoogan woigidi, amin77i

A2W NMT gaanee? <end>

BLEU score 0.577351

Translating the | Input (Lt me®t OF DCOPOT 04 £LLTT Wiz had- v-h LAP

same sentence CanTTF 17

Reference Nuuni ha de7uwaa xalaalaassi Kiristtoosa yainnidabaa gidikko,
ha sa7an de7iya asa ubbaappekka nubai pala.

A2W NMT Translation nuuni Kiristtoosaara nuuyyo ashshiya xoossai koyiyoogaadan
gidenna

BLEU score 0.566641

Attention-based | Translation Nuuni ha de7uwaa xalaalaassi Kiristtoosa yainnidabaa gidikko,

A2W NMT ha sa7an de7iya asa ubbaappekka nubai pala.

BLEU score 0.606306

Translating the | Input FPCT i AR AOFTIP LART T aPGICT (NCE

same sentence S\

Reference Siiquwaa kaallite. Ayyaanaa imuwaakka minttidi koyite. SHin
ubbaappe aattidi, hananabaa yootiyoogaakka koyite.

A2W NMT Translation X00ssaa sunttaa gishshau, intte huuphiyan intte godaa yesuus
Kiristtoosa sunttaa gishshau, intte huuphiyan intte godaa yesuus
Kiristtoosa sunttaa gishshau, intte huuphiyan intte godaa yesuus
Kiristtoosa sunttaa gishshau, intte huuphiyan intte godaa yesuus
Kiristtoosa

BLEU score 0.362558

Attention-based | Translation silqguwaa kaallite. ayyaanaa imuwaakka minttidi koyite. shin

A2W NMT ubbaappe aattidi, hananabaa yootiyoogaakka koyite.

BLEU score 0.526641

Translating the | Input g hGEI® WLTLN NPOTG D D7 vz

same sentence Reference Haiqgidi moogettiis. Xoossaa maxaafai giyoogaadankka,
heezzantto gallassi haiquwaappe denddiis.

A2W NMT Translation haigqgidi moogettiis. xoossaa maxaafai giyoogaadankka,
heezzantto gallassi haiquwaappe denddiis.

BLEU score 0.545018
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Attention-based | Translation haiqgidi moogettiis. xoossaa maxaafai giyoogaadankka,

A2W NMT heezzantto gallassi haiquwaappe denddiis.

BLEU score 0.545018

Translating the | Input NHPP° (1A hAPAT aof ATLNH @79 T (ATE LH F0: hAICA9P

same sentence PoUNH-E QD AT Ate ATG2ET 17 A1PASHPA:

Reference Hegaappe guyyiyan, ichchashu xeetaappe dariya ishatussi
issitoo goncciis. Etappe dariya baggai hanno gakkanaassikka
paxa de7ees; shin amaridaageeti haiggidosona.

A2W NMT Translation hegaappe guyyiyan, ichchashu xeetaappe dariya ishatussi
issitoo qoncciis. etappe dariya baggai hanno gakkanaassikka
paxa deees shin amaridaageeti haiggidosona.

BLEU score 0.495419

Attention-based | Translation hegaappe guyyiyan, ichchashu xeetaappe dariya ishatussi

A2W NMT issitoo qoncciis. etappe dariya baggai hanno gakkanaassikka
paxa de7ees shin amaridaageeti haiqgidosona.

BLEU score 0.494676

Translating the | Input NH.L° NAA ALOS AAT° APCET V-t J¢2

same sentence Reference Hegaappe guyyiyan, Yaaqoobassi qoncciis; guyyeppe ba
Kiittido ubbatussi goncciis.

A2W NMT Translation hegaappe guyyiyan, yaagqoobassi gqoncciis guyyeppe ba kiittido
ubbatussi goncciis.

BLEU score 0.567128

Attention-based | Translation hegaappe guyyiyan, yaagqoobassi qoncciis guyyeppe ba kiittido

A2W NMT ubbatussi goncciis.

BLEU score 0.567128

Translating the | Input 7IC 17 OAMANAC 2D PP~ As 15 AL ¢HAMT a20- N7k

same sentence ANINGT® huAF@- AP 17 Lh9Pu~: 8% U7 hAk JC PLAw-
PAMLANAC 8D 10 W78, hi ARLAUIC:

Reference SHin Xoossaa aaro kehatettan taani tanakka. Qassi taassi i
immido aaro kehatettai hada gidibeenna; shin taani eta
ubbaappe aattada oottaas. SHin tanaara de7iya Xoossaa aaro
kehatettai oottiisippe attin, tana gidikke.

A2W NMT Translation shin taani inttenaara de7iyo gishshau, taani ha77i taani ha77i
taani ha77i taani ha77i taani ha77i taani ha77i taani ha77i taani
ha77i taani ha77i taani ha77i taani ha77i

BLEU score 0.388549

Attention-based | Translation shin xoossaa aaro kehatettan taani tanakka. gassi taassi i

A2W NMT immido aaro kehatettai oottiisippe attin, tana gidikke. <end>

BLEU score 0.536172

Translating the | Input AT18.UA Az P7 AICAI° (LPF AP9.0- AT0NNAT AT9.0-9° haoSTy-

same sentence Reference Simmi tana gidikkokka, woikko eta gidikkokka, nuuni ubbai
yootiyoogee hagaa; inttekka hagaa ammanideta.

A2W NMT Translation simmi tana gidikkokka woikko eta gidikkokka nuuni ubbai
yootiyoogee hagaa ammanideta.

BLEU score 0.488549

9% |Page




Attention-based | Translation simmi tana gidikkokka woikko eta gidikkokka nuuni ubbai
A2W NMT yootiyoogee hagaa inttekka hagaa ammanideta.
BLEU score 0.531831
Translating the | Input hcata hood7 A28 -H14 271000 DUt 17 haGrt A1908E ik
same sentence av- 37 PAI° W8T LAN
Reference Kiristtoosi haiquwaappe denddidoogaa yootiyoobaa gidikko,
intteppe issi issi asati yaatin woigidi, “Haiqqidabai
haiquwaappe denddenna” yaagiyoonaa?
A2W NMT Translation nuuni eroos pirddettenna shin taani intteyyo odikke yaagiis.
BLEU score 0.421257
Attention-based | Translation Kiristtoosi haiquwaappe denddidoogaa yootiyoobaa gidikko
A2W NMT intteppe issi issi asati yaatin woigidi haiqgidabai haiquwaappe
denddenna yaagiyoonaa
BLEU score 0.621557
Translating  the | Input OTUtTS -G PPV N TANTI® ACO NCATV- NFPC F 10+
same sentence Reference leemisuwawu, nuuni intteyyo aayye7ana.
A2W NMT Translation leemisuwawu nuuni intteyyo aayye7ana.
BLEU score 0.668791
Attention-based | Translation leemisuwawu nuuni intteyyo aayye7ana.
A2W NMT BLEU score 0.668791
Translating the | Input A1 1A WAL 1Tt Wikt TPt
same sentence Reference Issi Godai, issi ammanoinne issi Xinggatee de7ees.
A2W NMT Translation issi godai issi ammanoinne issi xingqatee de7ees.
BLEU score 0.788549
Attention-based | Translation issi godai issi ammanoinne issi xingqatee de7ees.
A2W NMT BLEU score 0.788549
Translating the | Input e (AL RTLP7 M-I PULwe- NU-Aed® R90.G°C AL AT°AD RU-9°
same sentence AT hdz
Reference Ubbaa Godai, ubbaa baggaara oottiyaagee, ubbaa giddon
de7iyaagee, issi Xoossai, ubbaa Aawai de7ees
A2W NMT Translation ubbaa godai ubbaa giddon de7iyaagee issi xoossai ubbaa aawai
de7ees.
BLEU score 0.468549
Attention-based | Translation ubbaa godai ubbaa baggaara oottiyaagee ubbaa giddon
A2W NMT de7iyaagee issi xoossai ubbaa aawai de7ees.
BLEU score 0.636172

Average BLEU score of A2W NMT is 0.5960
Average BLEU score of Attention-based A2W NMT is 0.6258
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