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Abstract

Ambharic is the working language of Ethiopia and, owing to its Semitic characteristics, the language is
known for its complex morphology. It is also an under-resourced language, presenting significant
challenges for natural language processing tasks like machine translation. The primary challenges
include the scarcity of parallel data, which increases the risk of overfitting and limits the model's ability
to generalize effectively, and the complex morphology of Amharic, which further complicates learning
patterns in translation tasks. This study proposes a Transformer-based Amharic-to-English neural
machine translation model that leverages character-level embeddings and integrates advanced
regularization techniques, including dropout, L1, L2, and Elastic Net. By focusing on character-level
embeddings, the model captures the intricate morphological patterns of Amharic and effectively
handles out-of-vocabulary words. Our model significantly improves upon the previous state-of-the-art
result in the Amharic-to-English neural machine translation benchmark, achieving a BLEU score of
40.59, which is 7% higher than the previous state-of-the-art result. Among the regularization techniques
tested, the integration of L2 regularization with dropout applied to the point-wise feed-forward network
yielded the best translation performance. Additionally, the proposed model significantly reduces the
parameter count from 75 million to just 5.4 million, demonstrating substantial computational efficiency
while maintaining high accuracy. Extensive experiments demonstrated improvements in test accuracy,
loss reduction, and translation fidelity compared to word-level embedding models. This research
provides valuable insights into addressing the challenges of low-resource and morphologically complex
languages, while also offering promising directions for future work, including the exploration of
multilingual models, attention mechanism optimization, and the broader application of hybrid

regularization techniques in the Transformer model architecture.

Keywords: Neural Machine Translation, Transformer. Morphologically Complex Languages, Low

Resource Languages, Regularization Techniques, Amharic-English Translation
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Chapter 1
Introduction

1.1 Background

Natural Language Processing (NLP) is the field that focuses on how computers can recognize and
manipulate natural language text or speech to perform useful tasks [1]. NLP draws from various
disciplines, including computer and information sciences, linguistics, mathematics, electrical and
electronic engineering, artificial intelligence (Al), robotics, and psychology [1]. It has a wide range
of applications across different fields, such as machine translation (MT), natural language text
processing and summarization, user interfaces, multilingual and cross-language information

retrieval (CLIR), speech recognition, Al, and expert systems [1, 2].

MT is a specialized area within NLP that focuses on the automatic translation of text from one
human language to another using computing systems [3, 4, 5]. Over the years, MT has evolved
through various methods, from Rule-based Machine Translation (RBMT) [6] to Statistical
Machine Translation (SMT), which dominated MT research for decades [3, 4, 5, 7], and more
recently to Neural Machine Translation (NMT) [3, 4]. NMT has been shown to outperform SMT
across 27 natural languages, as evidenced by comparative experimental results across 30 languages
[8]. Consequently, NMT has become the core technology for commercial online translation

systems [9].

An end-to-end NMT system implements automatic translation between natural languages through
neural networks. NMT systems typically employ an encoder-decoder framework or an embed-
encode-attend-decode paradigm, using Recurrent Neural Networks (RNNs), Convolutional Neural
Networks (CNNs), and transformer-based self-attention/feed-forward network (SA/FFN)

architectures for sequence-to-sequence conversion.

Traditional NMT approaches based on RNNs have limitations in processing speed and accuracy,
particularly with long sentences [10, 11]. To address these challenges, the Transformer model was
introduced by Vaswani et al. [10] as a new neural network architecture that relies solely on
attention mechanisms, eliminating the need for recurrent or convolutional layers. The model

connects the encoder and decoder using attention, enabling it to focus on different parts of the

1



input sequence when generating an output [10]. Attention mechanisms allow the model to capture
dependencies across various positions in a sequence, regardless of their distance, and facilitate

focused processing of relevant segments during output generation [10, 12].

The Transformer model employs SA mechanisms and FFNs to capture dependencies between
different positions in input and output sequences. SA enables each position to attend to all other
positions, allowing the model to effectively capture global context and dependencies [9]. FFNSs,
functioning independently at each position, are used to capture complex patterns and relationships
[10].

This research aims to develop a Transformer-based model tailored for Amharic-to-English MT,
incorporating SA and FFNs as foundational elements. Despite advancements in NMT, developing
a robust Amharic-to-English system remains a considerable challenge due to the distinctive
linguistic features of Amharic [13]. The Transformer model, recognized as the state-of-the-art in
NMT since 2022, is noted for its superior quality, increased parallelizability, and reduced training
time compared to other models [11]. It surpasses RNNs in translation quality and the ability to
infer unseen directions [12]. Therefore, this study will construct a Transformer-based model for
Ambharic-to-English MT, adopting the comprehensive universal Transformer architecture outlined
in [10].

1.2 Motivation

There are compelling reasons to emphasize the urgent need for translating Amharic, particularly
into English. According to a report by Tomedes! dated February 9, 2024, Amharic is the most
spoken language in Ethiopia, with 31.8 million native speakers and an additional 25 million who
speak it as a second language, representing a substantial portion of the country’s population of 115
million. In a nation characterized by linguistic diversity, Amharic plays a crucial role in

communication, serving as a bridge between various communities.

The primary motivation for developing a transformer-based model for Amharic-to-English NMT
arises from the critical need to accurately translate essential documents from Amharic into English.

These documents encompass a wide range of types, including legal texts, academic papers,

! https://www.tomedes.com/translator-hub/languages-ethiopia
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government documents, and cultural artifacts. Translating such content is not merely about making
it linguistically accessible; it directly impacts our ability to share knowledge, foster international
collaborations, and ensure effective global communication. Furthermore, a significant barrier
exists, as most Amharic speakers have limited proficiency in English. This linguistic gap poses a
considerable obstacle, restricting access to information, opportunities, and resources that are
predominantly available in English. For businesses and organizations aiming to expand their
influence across Ethiopia, Amharic translation holds profound significance, extending beyond

personal and community-level considerations to impact broader socio-economic development.

1.3 Statement of the Problem

MT has undergone significant evolution, progressing from rule-based systems to example-based
methods and eventually to SMT in the late 1980s. The advent of deep neural networks in 2012
marked a paradigm shift, leading to the rise of NMT systems. These systems have outperformed

traditional methods by learning directly from data without heavily relying on linguistic rules [3].

However, the success of NMT systems depends heavily on the availability of large parallel
datasets, a requirement that presents substantial challenges for low-resource languages like
Ambharic [14, 15, 16]. The scarcity of parallel data intensifies issues such as overfitting and poor
generalization, particularly in complex models like the Transformer, which are characterized by a
high number of parameters [14, 15, 16, 17]. Overfitting occurs when a model learns patterns too
specific to the limited training data, capturing noise rather than general trends, which reduces
accuracy on new, unseen data and limits model effectiveness [17]. Underfitting, by contrast, arises
when the model is too simple or inadequately trained, failing to capture the essential structure of
the data. Both overfitting, due to insufficient data, and underfitting, due to a lack of model
complexity or training, present significant obstacles to achieving effective and accurate

translations.

To address overfitting challenges, various techniques have been explored, with regularization
being a key focus. Regularization methods such as Dropout, L1 regularization (Least Absolute
Shrinkage and Selection Operator, or Lasso), L2 regularization (Ridge regression), and Elastic Net
regularization, which combines both L1 and L2 penalties, have been implemented to reduce
overfitting and enhance the generalization of deep neural network (DNN) models [17, 18, 19, 20].



Overfitting in Transformer-based NMT models is a critical concern, particularly in low-resource
contexts, as it leads to poor generalization and diminished translation quality. While the
Transformer architecture [10] is revolutionary and recognized as the current state of the art in
NMT, standing out for its superior translation quality, parallelizability, and reduced training time
compared to traditional NMT models, it still faces significant challenges when applied to
languages with limited resources. Despite its advantages, including the ability to outperform RNNs
in translation quality and infer unseen directions [12], overfitting remains a substantial limitation

in low-resource settings.

Ambharic, a Semitic language spoken primarily in Ethiopia and the second-most spoken Semitic
language in the world after Arabic [16], is highly inflectional with a rich morphology [21, 22, 23].
The limited availability of parallel Amharic-English corpus further complicates the development
of effective NMT systems for this language. EXisting research on Amharic-to-English translation
has predominantly utilized word and subword-based input or embedding approaches. Although
some efforts have been made to apply Transformer-based methods [24, 25, 26, 27], these have not
fully exploited the potential of optimal input methods within the Transformer model. Moreover,
they have not adequately addressed the issue of overfitting, a prevalent problem in low-resource

scenarios.

In the baseline Transformer model [10], the conventional dropout regularization technique, as
proposed by Srivastava et al. [28], is applied to manage overfitting in various layers, including
token embeddings, positional encodings in both the encoder and decoder stacks, the FFN, and
attention mechanisms. Additionally, several alternative dropout techniques have been introduced
for the Transformer. Fan et al. [29] propose LayerDrop, a random structured dropout method that
drops certain layers of the Transformer during training. Zhou et al. [30] introduce DropHead, a
structured dropout method for regularizing the multi-head attention mechanism. Furthermore, Wu
et al. [31] present UniDrop, which integrates three different levels of dropout: feature dropout,
structure dropout, and data dropout, into the Transformer model. While dropout is widely used,
there is an urgent need to explore and implement more robust regularization methods, such as L1,
L2, and Elastic Net regularization, particularly when dealing with morphologically complex and
low-resource languages like Amharic. Given the large size of the Transformer architecture, it is

more prone to overfitting in such contexts.



Furthermore, the complexities of Amharic morphology and grammar necessitate the use of
character-level embeddings, which have shown promise in addressing out-of-vocabulary (OOV)
words and reducing model size in low-resource settings [32, 33]. These embeddings have proven
particularly effective for morphologically rich languages and low-resource scenarios,
outperforming standard word embeddings on small corpora and rare words [34]. Additionally,
approaches such as subword-based methods incorporating character n-grams and morphological
features [35], character-aware decoders that handle both word-level and subword-level sequences
in attention-based encoder-decoder models with CNNs [36], and the integration of character
embeddings with coverage models in NMT architectures [37] have all shown promising results in

enhancing NMT effectiveness.

However, to the best of the researchers' knowledge, fully character-level embeddings have not yet
been integrated into Amharic-to-English Transformer-based NMT models. Furthermore, the
exploration of additional regularization techniques, beyond the conventional dropout method,
within the Transformer architecture has not been investigated so far, particularly for low-resource
languages like Amharic. Given the unique challenges posed by the scarcity of parallel corpora and
the complex morphology of such languages, a more comprehensive investigation into how various
regularization approaches, including L1, L2, and Elastic Net, can mitigate overfitting and improve

model generalization is crucial.

This study aims to address these gaps by developing a fully Transformer-based model for
Amharic-to-English NMT that incorporates character-level embeddings and combines dropout
with L1, L2, and Elastic Net regularization techniques. This approach seeks to enhance the model's
generalization capabilities and translation quality, addressing the unique morphological challenges
of Amharic and the limitations posed by the scarcity of parallel corpora. The study will explore
the effective integration of character embeddings into the Transformer model to improve Amharic-
to-English translation and will examine the impact of combining multiple regularization

techniques on the performance of NMT systems for low-resource languages.



1.4 Objectives
General Objective

The general objective of this research is to design a Transformer-based model for Amharic-to-
English NMT.

Specific Objectives

In line with the general objective, this thesis work is specifically aimed to at meeting the following

specific objectives:

e Review existing MT approaches and methods.
e Collect a bilingual Amharic-to-English corpus.
e Design and propose a fully Transformer-based model for Amharic-to-English NMT,

e Evaluate the performance of the proposed model.

1.5 Methods

The methods that will be employed in this thesis work are as follows:

Literature Review

This research will conduct an extensive literature review, providing an overview of the Amharic
and English languages and exploring their linguistic features relevant to translation. It will also
include a comprehensive review of the evolution of MT, from rule-based approaches to the current
state-of-the-art Transformer-based NMT models. The review will cover MT evaluation metrics
such as Bilingual Evaluation Understudy (BLEU), Metric for Evaluation of Translation with
Explicit ORdering (METEOR), and Translation Edit Rate (TER), which are essential for assessing
translation quality. Additionally, it will examine regularization techniques such as dropout, L1,
L2, and Elastic Net to address overfitting, identifying gaps in existing research to guide the

development of a more effective Transformer-based Amharic-to-English NMT model.

Data Collection and Preprocessing

We will gather a substantial parallel corpus of Amharic and English texts, despite the challenges
associated with Amharic being a low-resource language. Collecting a comprehensive Amharic-
English corpus presents a significant challenge, but we will prioritize the identification and

collection of high-quality data essential for the NMT system. The corpus will be carefully
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preprocessed, cleaned, tokenized, and vectorized to address the unique linguistic characteristics of
Ambharic, ensuring compatibility with the NMT model's requirements. Character embedding will

be applied to account for Amharic's morphological complexity and effectively OOV words

Model Development

In this study, we will design and develop a Transformer-based NMT model specifically for
translating from Ambharic to English. The model will be built to overcome the challenges posed by
the limited availability of parallel data and the complex nature of the Amharic language. The
training will be conducted using a parallel corpus, with a focus on using character-level
embeddings to handle OOV words and better capture Ambharic’s rich morphology. We will fine-
tune the model's parameters to improve performance and apply various regularization techniques,
such as dropout, L1, L2, and Elastic Net, to mitigate overfitting and enhance generalization. By
combining these methods, we aim to address overfitting challenges in low-resource settings and

improve the quality of Amharic-to-English translations.

Model Evaluation

A comprehensive evaluation of the proposed model will be conducted, focusing on training
accuracy and loss, validation accuracy and loss, and test accuracy and loss. Additionally, the
BLEU metric will be employed to assess the overall translation quality.

1.6 Scope and Limitations

This thesis focuses on developing a Transformer-based model specifically designed for translating
standard Amharic to English. The model is tailored to handle the formal and widely recognized
language structures found in standard Amharic texts, ensuring optimal translation of commonly

used words, phrases, and sentence structures typical of official documents.

However, this research deliberately excludes certain linguistic elements that present unique
challenges for MT. Idiomatic expressions, which often convey meanings that cannot be directly
inferred from individual words, are not within the scope of this study. Similarly, the model does
not account for sarcasm, where the intended meaning is often the opposite of the literal
interpretation. These language forms require a deep understanding of cultural context and nuance,

which is beyond the scope of the current model.



Furthermore, the translation of dialects or local variations of Amharic is not addressed in this
thesis. Amharic has several dialects with significant differences in vocabulary, pronunciation, and
usage. Since the model is dedicated to standard Amharic and does not incorporate dialects in its
training, its ability to accurately translate text from various dialects is limited.

1.7 Application of Results

The Amharic-to-English Transformer-based NMT system developed in this thesis addresses the
urgent need for accurate and efficient translation of important documents. It helps Amharic
speakers overcome language barriers and engage more actively in global discussions. By making
communication between Amharic and English speakers easier, this model opens up opportunities

for individuals to access information, resources, and participate in international collaboration.

The system also has great potential for businesses and organizations aiming to expand into
Ethiopia. By improving communication and collaboration with local communities, it can support
economic growth and development, bridging the gap between local enterprises and international
markets. Additionally, this model can benefit the education sector by assisting in the translation of
educational materials, making them more accessible to Amharic-speaking students and educators,

which can lead to better educational outcomes.

Looking to the future, the methods and insights gained from this research could also help in
developing NMT systems for other low-resource languages, contributing to the wider field of MT.
As MT research advances, the foundation laid by this work can be used to explore more complex
translation tasks, such as handling idiomatic expressions, dialects, and culturally specific content,
ultimately enhancing the ability of NMT systems to manage different languages and contexts

1.8 Thesis Organization

This thesis is organized into six chapters. Chapter 2 presents a comprehensive literature review,
focusing on the linguistic characteristics of the Amharic and English languages, the evolution and
evaluation of MT, and an overview of regularization techniques as the foundation of this research.
Chapter 3 discusses related work, providing an in-depth analysis of existing research on character
embedding in the Transformer model, transformer-based Amharic-to-English NMT, and
regularization techniques in DNNs. Chapter 4 details the design of the proposed transformer-based

model for Amharic-to-English NMT, outlining the methodologies and techniques employed.
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Chapter 5 describes the experiments conducted and presents the evaluation results. Finally,
Chapter 6 concludes the thesis by summarizing the key contributions of this work and offering

recommendations for future research directions.



Chapter 2
Literature Review

2.1 Introduction

This chapter aims to provide an overview of the linguistic characteristics of the Amharic and
English languages, along with the evolution and different types of MT systems. It will cover
traditional approaches like rule-based and statistical methods and explore more recent
developments, such as NMT, which has revolutionized the field with its ability to generate fluent
and accurate translations. Specifically, the attention mechanism, a core component of NMT, allows
the model to focus on relevant parts of the source sentence during translation, leading to better
context handling. The introduction of the Transformer model has further advanced the field by
improving scalability and translation quality through self-attention layers, replacing recurrent
architectures. This review will also include hybrid and multilingual MT systems, which combine
different approaches to enhance translation quality across multiple languages. Additionally, this

chapter will discuss important MT evaluation metrics used to assess translation quality.

The chapter will explore various regularization techniques in neural networks, such as dropout,
L1, L2, and Elastic Net, which are essential for preventing overfitting and improving the
generalization of NMT models, particularly in low-resource settings like Ambharic-to-English
translation. Furthermore, the available parallel corpora for Amharic-to-English translation will
also be discussed, as they serve as crucial resources for training and evaluating NMT models in

this language pair.

2.2 Overview of Amharic Language

Ambharic, a Semitic language spoken by the majority of Ethiopians as their mother tongue and as
a second language, is also the second most widely spoken Semitic language globally, after Arabic
[13]. It serves as the official working language of the Federal Democratic Republic of Ethiopia
and has its own unique alphabet, known as Fidel (4,£6\) or Hohey (UP'%), which uses a distinct
writing system [13, 38]. The Amharic alphabet (Fidel) is derived from Ge'ez, an ancient Ethiopian
Semitic language that is recognized as the precursor to other Ethiopian Semitic languages such as
Tigrigna [39].
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In the Amharic script, there are 34 root alphabets (&-2A-/1Pv.£-1), each with seven forms that are
created by combining a consonant with a vowel, leading to a total of 238 distinct characters (7 *
34) [23]. Additionally, some non-standard alphabets include special features, typically
representing labialization. Each character represents a consonant along with its corresponding
vowel, and the vowels are incorporated into the consonant form through diacritic markings—

strokes attached to the root characters that alter their pronunciation [39].

2.2.1 Amharic Morphology

Similar to all other Semitic languages, Amharic is one of the most morphologically complex
languages, exhibiting a root-pattern morphological phenomenon [21, 40]. A root is a set of
consonants (radicals) that carries a basic lexical meaning [21, 40]. A pattern consists of a set of
vowels that are inserted among the consonants of a root to form a stem [41]. The complexity of
Amharic morphology can be illustrated by its word formation processes, which include inflection,
derivation, and affixation [21]. Word classifications in the Amharic language are divided into
categories such as noun (2®), verb (?20), adjective (P6A), preposition (goh-+P L £), and adverb
(t@o-Aah “0) [42]. However, Belata Mersea Hazen Woldekirkos (AZ aoC0% ~1H7
DAL ECHN) adds three additional word classes: pronoun (‘t@-Am 09®), article (ee0-H+99°C),
and exclamation (A ~.,2%) [43].

A. Noun

A noun is a name that represents a person, place, animal, feeling, or idea. It is a class of words
used to identify things [39, 44]. Nouns are used to indicate gender, and in Ambharic, there are two
genders: masculine and feminine. Masculine gender is used for males, and feminine gender is used

for females, whether they are persons or animals [45]. For example:

+99¢ 1~ - He (masculine) is a student +99¢ G- - She (feminine) is a student
+214@- - The (masculine) student +9149P - The (feminine) student
£ @ - That (masculine) dog £T @ - That (feminine) dog

In Amharic, nouns can be made plural by adding suffixes such as “A7? 2% 7T -1 aprefix
“A'T”, or by repeating the noun using the infix ‘A4’. These modifications involve vowel changes or

morphemes, as presented in Table 2.1.
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Table 2.1: Plural noun formation in Amharic

Singular noun form Morpheme Plural noun form
Eall -hT 0T
Wl -DF Wt

vear -1-67F VEPHVEPTT
2AC -/ LA/ ANCT
(ré-bob\ h'- A'10ré-dabN
T\ -h- TO-h-TA (TATA)

As shown in Table 2.2, Amharic nouns are designated for a word category of definiteness, which
can be achieved by appending morphemes or vowels according to the noun's number, gender,
and/or ending.

Table 2.2: Amharic Noun Definiteness Marking Patterns

Indefinite Amharic noun | Number | Gender Definite Amharic noun
eI Singular | Feminine | £N+C-P [2N1Hé&7]
Masculine | £NTC-~ [LN14]
Plural LAVHC-AE [2ANTCF]
N Singular | Feminine | @PA-P [§:¢).] &PA-AE [#PA ]
Masculine | :PA-ha- [§:PA]
Plural neutral COA-HE [GPAE]

In Amharic, there exists a special colloquial form of personal nouns. For instance, nouns like
“0@- when referring to “man”, not “person”, and “(w~ when referring to “woman”, not
“female”, often add the suffixes ‘%=’ for masculine and ‘?’ for feminine, but only when used to
refer to one person, not collectively or in plurals. Additionally, the definite articles ‘@-' in the case

of masculine and "P' in the case of feminine are further added, though not necessarily in the case

of the two nouns already mentioned [46].

Examples:

A@% - man O - woman Q@%@ - theman AF¢P - the woman
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aTe@- - the father AG TP - the mother AA%@®- - the husband L0 H¢P - the wife
In Amharic, nouns are distinguished by gender through the affixation of the morpheme “-a.7 >
[46, 47]. For instance, aoA%-Ast [aoA i 1], GCA-A T [PAF], and ACD-AT [ACLT].
Moreover, nouns in Amharic are categorized by case, which can be either objective or possessive.
The objective case is indicated by the morpheme °-7’, as seen in 012-7 [(7°7]. Meanwhile,
possessive case is denoted by affixes or vowels depending on person, number, gender, and the
ending of the noun. For personal pronouns, the possessive form is constructed by adding ‘¢-’ as in
C-01é-dob\ [POré-dulN].
Table 2.3: Gender Marking in Amharic Nouns

Subjective Case | Person Number Gender Possessive case
410, First Singular Neutral 10-h => 108
Plural M1O-RF7 => 1877
Second | Singular Feminine 18-0 => 120
Masculine 10-v =>12v
Plural Neutral 1o-RF U~ => 1850
Third | Singular Feminine 10-P => 129

Masculine 18- => 125m-

Plural Neutral 18-0’F@ => 18 Tar

Ag® First Singular AJ°-h, => A7
Plural AJ°-AT7 => AT

Second | Singular Feminine AZ°-Ti => A9°T

Masculine Ag°-y =>A9°Y
Plural Neutral AJ°-AT U => AT U-
Third | Singular Feminine AJ°-P => AP

Masculine A9°- h- => Agp-

Plural Neutral AI°-AT@® => AP TO-
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B. Verb

In Amharic, verbs derive from roots and employ a combination of prefixes and suffixes to convey
various grammatical features such as person, number, voice (active/passive), tense, and gender
[44, 47, 48]. These roots, typically composed of three radicals, serve as the foundation of the verb,
with the radicals themselves remaining constant while their forms may change to indicate different
grammatical aspects. Moreover, prefixes and suffixes further modify the verb, but the core radicals
persist, allowing us to identify the verb [45]. For example, let's consider the verb “174” (tell),
which comprises three radicals: n, g, and r. If we examine one of its conjugated forms,
“1404n0NT” (you (feminine) will tell), we observe that the 2" radical has taken the 6™ form *7°,
and the 3" radical has taken the 3" form ‘4’. Additionally, we note the prefix “7*> and the suffix
“hANT”. Despite these modifications and additions, the original three radicals, n, g, and r, persist,

providing us with the identity of the verb.

A distinguishing characteristic of Amharic verbs lies in their placement within sentences, where
they consistently occupy the sentence's end [42]. Additionally, these verbs exhibit another unique
trait in that they bear a suffix indicating the subject of the sentence [42]. For instance, in the
sentence ““H?146m- avdch47 1AmM” (The student (masculine) opened the book), the final word
“lAm” functions as the verb, with the suffix “A’ (2Am-"A) indicating that the subject corresponds
to the third person singular masculine pronoun, “A(” (he).Furthermore, we can examine the
Amharic sentence “A®:L @-U®7 mMT" (The girl drank the water), where the final word
serves as the verb, and the suffix ‘-’ signifies that the subject aligns with the third person singular

feminine pronoun, “A4,” (she).

Amharic verbs can be derived from verbal roots by affixing the vowel -A- to produce the form
ChCICIAC-, e.g., -N-C = WANNAC, which yields “hIC” involving the repetition of the
penultimate consonants and the affixing of the vowels -A-. Verbal stems can be formed by affixing

morphemes such as “-F-’, ‘h-’, “AN”, e.g., &P (verbal stem) + “-F-> (morpheme) = -F0&+.

C. Adjective
An adjective is a word that describes, identifies, or adds more meaning to a noun or pronoun. While
nouns convey the essence of an object, adjectives depict its qualities or attributes, such as shape,

size, color, type, and property. It typically precedes the noun it modifies, as illustrated in the phrase
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"LEI° HG Y@- - Itis atall tree," where the adjective “Z&:9° (tall) comes before the noun “Hg<”
(tree) to indicate the tree's height [45]. If there are multiple adjectives, the first one will take the
definite article, as seen in the phrase “A%4.0- &7 A-C - the new fast train”. Here, the adjectives
“nA.0°" (new) and “4.M°7” (fast) both modify the noun “A(+C (train), but only the first adjective,
“nh%&.0 is preceded by the definite article (the new) [45]. In the Amharic language, adjectives
indicate gender and number through affixes, resulting in inflected words [42, 44]. In Amharic,
adjectives sometimes take the plural suffix ‘7> to agree with their nouns, particularly when
accompanied by a definite article. For instance, “AL17% a0 7127F (hLI1ET oo 71LT) -
“Dangerous roads”. The correct expression is “AL16E a0 712°T - “the dangerous roads” [45].
Some common adjectives in Amharic form a special “reduplicated form” by doubling one of their
letters. This reduplicated form is optionally used to indicate plural or “collective singular” force
[28]. For example, AP (big) becomes ‘+AAP, -I71 (little) becomes 771, 3-A% (great/elder)
becomes FAAP, hL.0 (new) becomes A%4.0, +£ (red) becomes +£€, and P+C (black)
becomes T'® (. Similarly, A%k C (short) becomes asask>C, 198> (white) becomes 7,58, and
ZLEZ9° (long) becomes ZB29°. These are just a few examples of this reduplicated form in Amharic

adjectives.

In Amharic, a distributive or selective sense is conveyed by reduplicating complete adjectives.

For example:

o LEI° LI RrehnT N4 - Shall | look for big woods (i.e., big ones distributed among
the others)?
o P10 P30 ABILT hi - There are beautiful girls (i.e., there are beautiful ones from
among the girls).
Adjectives can also function as nouns by themselves. In this case, the word “one”, which is

generally added in English, does not have to be translated: -FA+7% fim’? - Give us the big one.

When an adjective used as a noun is in the plural, it must take the plural suffix “A7:

o L7-AT => L£7T (Kinds)
o 1>-AT => 16T (Whites)
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The standard method of rendering a noun adjectival is to prefix the preposition '¢* (of), for instance:

?h-+o7 AL - Urban development/Development of urban.

According to [45], there are derived adjectives described under nouns and verbs with the following

suffixes:

e “-AP”, which conveys the meaning of “appertaining to” and is used to indicate identity.
Example: The word “@73AL” uses the suffix “-AP” in the singular form and “-A®47” in
the plural form.

e “-A9"” which is comparable to the English suffix “-ous”.

Example: The word “@pAAhg™” uses the suffix “-49™” in the singular form and “-A9° AT
in the plural form.

e “-A?7” which approximates the English suffixes "-ful" or "-y."

Example: Words like “4é£97”, “@C P71 and “m.9°7” use the suffix “-~A?7” in the
singular form and “A?7A4"F in the plural form.
Additionally, we can consider “0hé-9™” and “@9<¢-9° as adjectives derived from verbs Ghé and
Mé.L with the suffix “A9™”. Adjectives of Amharic language are marked for gender and number

and results in an inflected word with affixes [42, 44].

In English, when we want to describe something using an adjective and the verb “to be”” Amharic
often accomplishes the same idea with just a verb. These verbs, called Adjectival Verbs, inherently
carry the meaning of an adjective. They are often treated as verbs that signify a change or a state
of becoming. So, while we might use the verb “to be” in English to translate them, their true
meaning is more like an adjective followed by “to become”. For example, the Amharic verb “h1£”
(it became heavy) translates to “it is heavy” in English. However, there are instances where
Adjectival Verbs are used more like the verb “to be” itself rather than indicating a change. In such
cases, “it is heavy” could be literally translated in Amharic as “&n1146\” using the Present

Imperfect form [45].

D. Pronoun
Pronouns are words that are used instead of nouns or noun phrases. They are used to avoid

repetition and make sentences easier to understand. In Amharic, personal pronouns function as the
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subject of a verb and are inherently integrated into the verb form, thus they are discussed within

the sections dedicated to verbs [45].

Table 2.4: Personal pronouns in Amharic

Person Number Gender
Singular Plural

First person Y A() a% (We) Neutral
Second person hrE (You) hq 7t (You) Feminine
Second person n’rt (You) hq 7t (You) Masculine
Second person (Polite form) | ACh£ (You) respectful - Neutral
Third Person hq, (Shelit) A1CK (They) Feminine
Third Person Al (He/lt) A1CK (They) Masculine
Third Person ANT@- (She/He) - Neutral

Unlike English, in Amharic, the nominative or subjective pronouns are identical to the objective

pronouns. There are instances in Amharic where personal pronouns need to be expressed

independently as separate words. There are the polite forms of personal pronouns in Amharic, as

well as forms of the verb, used when addressing someone (i.e., a second person) or referring to

someone (i.e., a third person) whose age or status merits respectful treatment. Though mainly

derived from the third person plural, they exclusively convey singular meaning, without any

distinct "polite forms™ for plural use [45].

The Amharic demonstrative pronouns from [47] are shown in Table 2.5.

Table 2.5: Amharic demonstrative pronouns

Demonstrative pronoun

Feminine Masculine Polite
Nominative LU (This) £V (This) ALY (This)
Accusative LU (This) 207 (This) A"LU7 (This)
Nominative £ (That) £ (That) A"Le (That)
Accusative ST (That) £/ 27 ¥(That) A'L.e7 (That)
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Nominative ATHV/ATLY (These)
Accusative ATV ?/ATLY 7 (These)
Nominative ATH.E/R'TLE (Those)
Accusative AL ATLE T (Those)

E. Preposition

In Amharic, prepositions and articles can be viewed as a single word category within the
preposition group, as they share similar characteristics [42]. In Amharic, as in English, prepositions
communicate the relationship between two or more nouns or pronouns and typically appear before
anoun or pronoun in a sentence or phrase. Prepositions possess two distinctive characteristics that
set them apart from other word classes: they do not generate other words through derivation or any
other methods, and they do not incorporate any suffixes [47]. Prepositions in Amharic indicate
various relationships such as "place where,” "time when," instrument, means or way, dative case
(indicating the indirect object of the verb), ablative case (from, of), genitive (possessive case),
direction, cause, subject matter, similarity or accord, inclusiveness, etc. [45]. The following words

are examples of Amharic prepositions:
ANVE/ANE  haSE/hG . WA/ T/0AL/ (@-0T/ 0FTF/00C/ 017 an-t eage
naC .  T4:17 AAS T 14T nvle oMu- 0é@ hm SHAA

Prepositions with more than one letter, such as “A72” and “®L.”, are often written as separate
words, as demonstrated in the following phrases: “A72 A0-k/A74%0E” — as his father and “@£

hS-E” - to his mother. The following are Sentence level examples:
oL Nk duf A7L 114 hLLTTO n Nae A 914 UN9° G906

F. Adverb
Adverbs are words that elaborate or modify verbs or adjectives, answering questions of how,
where, when, and what. The purpose of adverbs is to modify various aspects of the verb, such as

its place, time, degree, and so on. In Amharic, adverbs typically come before the verb they modify

[46]. The following are some common adverbs in Amharic: A= (quickly), 75 (still/yet), Hé
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(today), FG 771G (yesterday), 17 (tomorrow), £+ (where), @oF (when), 1F (only), AU-7 (now),
NMg® (very), NGt (rapidly), etc. [45]. In a sentence, for instance, in the Amharic sentence
“Oré-dobr U7 NMI°  LmAAN~ (Surafiel loves his country very much), the adverb is
“NMg°/very”, which elaborates the verb “&M44”.

In Amharic, adverbs may take compound forms, which are created by combining a preposition
with other words. Consequently, short adverbial phrases exist. For example, 47215 (again),
U-\LHs (always), A'74772 L1 (sometimes), Na7L 0F/C1P'T1 N4¢- (somewhere), NU-A-9° NG¢-
(everywhere), A729° %/ h7% T (how), AZ°7/0A9°7 (why), DAHY (therefore), ANFm- (by
himself), @€ (where), etc. [45]. Furthermore, in Amharic, there are words that serve as both
nouns and adverbs to denote time and place. Examples include @-0T* (inside), @~k (outside),
AL (above/on top), T (below), 4~ (before), “1.A (after), AN (beside), H-4.£ (around),
aohh)/avihin (middle), etc. [45].

2.2.2 Amharic Phrase

Phrases are syntactic structures that consist of one or more words but lack the subject-predicate
organization of a clause. These phrases are composed of either only a head word or other words or
phrases combined with the head. The other words or phrases combined with the head in phrase
construction can function as specifiers, modifiers, and complements [48, 49]. In Amharic, phrases
are categorized into five types, namely noun phrases (NP), Verb phrases (VP), adjectival phrases
(AdjP), Adverbial phrases (AdvP), and Prepositional phrases (PP) [44, 46].

A. Noun Phrase
Noun Phrases are integral components of sentence construction, characterized by their structure
around a noun as the head of the phrase, typically positioned at the phrase's end. NPs can be either

simple or complex in their construction [48, 49].

Simple Noun Phrases: These comprise a single noun or pronoun without any subordinate clauses.
For example, words like “4¢A\” (goat), “AM-C” (train), “A0-" (he), and “AQ,” (she) exemplify

simple noun phrases.

Complex Noun Phrases: They consist of a noun accompanied by other constituents such as

specifiers, modifiers, and complements. At least one of these constituents must be a sentence. An
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illustration of a complex NP is: “A &€ P91 P+LAMKC +mS” (The Red Sea region
where Ethiopia is located), where “A &€ ¢9°1170-1> (where Ethiopia is located) acts as a
modifier, while “?P&0hC PmMG” (The Red Sea region) functions as the complement.

NPs can include various elements such as specifiers, modifiers, and complements. These elements
precede the head noun in the construction. Specifiers, which can be NPs, adjectival phrases, or
even sentences, serve to specify or identify the noun. For example, in “PANC A77%” (Guest of
honor), “PANC” (honor) acts as a specifier for the noun “A774” (guest). Modifiers in Amharic
NPs can be genitive, deictic, or quantifier, providing additional information about the noun. For
example, in the phrase “A0EC AP CONT @ PovCovl @ hANY®” (The album that Aster

Awoke released for the first time), “PaoLanC - (the first) serves as a modifier.

B. Verb Phrase

A verb phrase comprises a verb as its head, located at the end of the phrase, along with other
elements such as complements, modifiers, and specifiers. However, not all verbs take the same
type of complement [49]. Based on this, verbs can be divided into two categories: transitive and
intransitive [49]. Transitive verbs require transitive noun phrases as complements, while
intransitive verbs do not [49]. For instance, in “AfA (-7 Am” (Ayele sold his house) and
“AAN°TH AN AMNT” (Almaz washed clothes) “ANN Hé GAh M (Abebe bought a phone
today) the underlined words serve as transitive noun phrases, functioning as complements of the
respective head verbs. These verbs take one complement, but there are also verbs that take two
complements, as illustrated in sentences such as “AA°TH AANN (. MTAT” (Almaz bought
a house for Abebe") and “ANN AAS-E 77HAN AT (Abebe gave money to his mother). In these

examples, two complements are underlined.

In contrast, intransitive verbs do not take noun phrases as complements; instead, they take
prepositional phrases, as seen in “AlN ML T72C L’ (Abebe went to Gondar) and “AN“TH
NA 224 e 7PAT” (Almaz is worried about work). Here, the underlined phrases @£ 172.C
and A #7¢- represent prepositional phrases. Modifiers in verb phrases can manifest as PPs, NPs,
adverbial phrases, or sentences. Like other constituents in VP construction, these elements may
co-occur [49]. For example, “0-+£.,2,997, Aal 07°03 L0480, AhAZA®” (I have sent
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letters to Abebe many times through the post) includes a specifier “0-+£.,2,29%,” (many times), a
modifier 1.7°0J (through the post), and a complement AaNN L1450, (letters to Abebe).

In Amharic, VPs can be either simple or complex. The aforementioned examples are instances of
simple VPs in Amharic. Amharic VPs become complex when they contain more than one verb or
an embedded sentence [49]. For instance, “Al /¢~ A28 Eavld. (77 (We heard that Abebe

has started work) is a complex VP because it contains an embedded sentence ANN A4~ A7L
oo/, (that Abebe has started work) and two verbs A77£ €ov/. (that he has started) and 477

(we heard) within the phrase construction.

C. Prepositional Phrase

In Amharic, a prepositional phrase consists of a preposition as the head and other elements such
as nouns, NPs, or other PPs. Unlike some other phrase constructions, prepositions cannot stand
alone as a phrase; instead, they must combine with other elements [49]. These elements may
precede or follow the preposition, which acts as the head of the phrase. Generally, when the
complements are nouns or NPs, the preposition precedes them, whereas if the complements are

PPs themselves, the preposition tends to come at the end of the phrase [49].
For example:

e Head (Preposition) + Complement (nouns or NPs) — “A7£ ‘P<¢. 35" (As/ like a good
friend)
e Complement (PP) + Head (Preposition) — “hf.-: NAL” (Above the house)
Note that, prepositional phrases may not only consist of complements but also prepositional

modifiers.

D. Adjectival Phrase

Many adjective words in Amharic are derived from nouns or verbs. An adjectival phrase typically
consists of an adjective as the head, positioned at the end, along with other elements such as
complements, modifiers, and specifiers [49]. For example: “A0N U-NLHI® ATL AGE Q@
anlé 1@ (Abebe is always respectful like his mother). Here, the underlined phrase is an AdjP.
This phrase construction includes a modifier “U-6VLH9™” (always) and a specifier “A7L AG-E”

(like his mother). In the construction of adjectival phrases, complements always appear after
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modifiers or specifiers, while modifiers come after specifiers. In the above example, the specifier
“U-\LHLI°” comes before the modifier “A7L AG-E” which is a PP, and the complement “O@-”
comes after all the constituents that are modifier and specifier. Similar to VPs and NPs, AdjP can
be either simple or complex. Complex AdjP may contain embedded sentences. For instance, in the
phrase “AA°TH _haln 4+AA @ Ao AT (Almaz scored better than Abebe), the
underlined phrase (h&\?7H _haNN P-14A) is an embedded sentence, making the overall phrase

complex.

E. Adverbial Phrase

Adverbial phrases in Amharic consist of one adverb as the head word and one or more other lexical
categories, including adverbs themselves, as modifiers. The head of the adverbial phrase is also
found at the end. Unlike other phrases, adverbial phrases do not take complements. Most often,
the modifiers in adverbial phrases are prepositional phrases that always precede the adverb [49].
For example, in the sentence “A & ¢ A7L M J-4h Phd. mAT PA1-9°” (Ethiopia has no

worse enemy than its own history), the underlined phrase is an adverbial phrase, and the head word

is “Ph4.” (worse). The modifier within the adverbial phrase is “A7£ M 244, (its own history),
which is a PP.

2.2.3 Amharic Sentences

The Ambharic language follows a Subject-Object-Verb (SOV) grammatical pattern, in contrast to
English, which employs a Subject-Verb-Object (SVO) sequence of words [40, 41]. For example,
consider the Amharic sentence “AA?TH N$-7 H.27F®- where “AA°TH” functions as the noun,
“N<-7” serves as the object, and “H.27T@®-> acts as the verb. In English, this sentence is translated
as “Almaz closed the door” with “Almaz” as the subject, “closed” as the verb, and “the door” as

the object.

Ambharic sentences can be constructed using either simple or complex NPs and simple or complex
VPs [41]. In terms of their order within a sentence, an Amharic sentence typically begins with the
NP followed by the VP. For instance, “U-A-9° CONNN®- +A434&LT (All participants of the
meeting) “NALT4® AL FNTT9°HPA” (agreed on the agenda). “U-A-9° PO-NNN@-
TAFLPT NAET5m AL HNT19° PN translates to “All participants of the meeting agreed

on the agenda” in English. This sentence presents a complete idea, unlike the preceding phrases.
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It provides comprehensive information about the meeting agenda and the agreements of the
participants. This final construction answers questions regarding the status of the agenda in relation
to participant agreements. Within this final construction, there are NPs and VPs forming the
sentence. The NP is “U-A-9° PONAN@®- 434 LT (All participants of the meeting), and the
VP is “NAE 75 AL -H0219°1+PAN” (agreed on the agenda). Other phrases within the sentence
are constructed within NPs or VPs. From this structure, sentences can be categorized as either

simple or complex.

2.2.3.1 Simple Sentences

Simple sentences are formed by using a simple NP followed by a VP that contains only one verb
[41, 44, 46]. For instance, in the sentence “alll aon, @7 AmMN®-’ (Abebe washed the car),
there is only one verb, “AMN@-” (he washed), which is a transitive verb that takes only one object,
“aon, G@-7” (the car). Another example is “alN AhNL 77HN Amam-” (Abebe gave money to
Kebede) where again, there is only one verb, and “Ama-" (gave), making it a simple sentence.
However, in this example, the verb “Omam-" (gave) is transitive and has two objects, “AhNL”
(Kebede) and “177H11” (money). Generally, all the examples mentioned above are simple sentences
that contain various types of verbs. Simple sentences may include intransitive verbs, transitive
verbs with one object, and transitive verbs with two objects. As described in [44, 46, 50], simple
sentences are categorized into four types: declarative sentences, interrogative sentences, negative

sentences, and imperative sentences.

A. Declarative Sentences

The Declarative sentence states a fact in either affirmative or negative form [51]. It is used to
express the speaker's ideas and feelings about various things, events, etc., whether physical,
mental, real, or imaginary. In Amharic, declarative sentences always conclude with the Amharic

punctuation mark “::”” which is equivalent to the period (.) in English [48].
Example: “0&-T5E 67 WL PN (The workers went yesterday)

This sentence is a declarative sentence as it describes the action of the workers going somewhere.
The head verb indicating movement from one place to another is “dw£PA” (went), and its subject

is the noun phrase “0é-"F&E (the workers). Additionally, the complement of the verb is the
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Adverb Phrase “1G71 (yesterday). Furthermore, the VP “0é-1%E 57 dLQPA” (the

workers went yesterday) is a projection of the head verb.

B. Interrogative Sentences (Questions)

The interrogative sentence, identified by its indirect word order and the use of function words,
serves the communicative purpose of seeking information [51], questioning the subject, the
complement, or the action specified by the verb [48]. For instance, in the sentence, “A’7-t aon.q
a8 1 FAAV? (Can you drive a car?)” The pronoun “A77- (you) serves as the subject of the
sentence. The verb “av381 (drive) functions as the head of the overall sentence structure. Its
complement is the noun “@oh.§” (car). The auxiliary verb “FAAV” (can) adds grammatical
content to the information expressed by “@»241~ (drive), which is considered the main verb.

C. Negative Statements

Negative sentences are used to express the opposite or negation of a declarative statement about
something. For example, “A0T746@- NA%G1+: hdaoMI® (The teacher did not come on time)”.
In this instance, the sentence is negative because the prefix “Aaé\” (did not) of the verb “ao”

(come) indicates that the action of coming, expressed by the verb “come” did not happen.

D. Imperative Sentences

Imperative sentences convey instructions or commands, often using a second-person pronoun as
the subject implied by the verb suffix. However, commands directed towards third persons can
also use third-person pronouns or nouns as subjects [48]. These sentences, also known as jussives
or directives, can be short or long, simple or complex, depending on context. They may express a
wide range of intentions, such as giving orders, making requests, issuing warnings, or persuading
others, and may end with either an exclamation mark or a period [51]. For example, in the sentence
“goip-k7 ndoT (open the window), the subject is implied in the verb, indicating second person,
singular, either feminine or masculine in gender. The main structure of the sentence revolves
around the verb “hd. 1 (open), with the complement “@oih-:7%” (the window). In another
example, “A7E AATE OC PVA aomNP AANT” (You have to wait a month), the subject is
the noun “A7E” (you). The main structure revolves around the verb “aom$” (wait), with the

complement “Aa7& @C” (a month), where the preposition ‘A’ merges with the determiner
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“h72 to form a determiner phrase. The auxiliary verb “AA-1T1” (you have to) helps the main verb

“aomP> (wait).

In [51] the exclamatory sentence is separately mentioned as one of the simple sentences in Amharic
as described as it articulates thoughts and emotions and often begins with the pronoun what or the
adverb how. It always has direct word order. The sentence has a falling tone in speaking and an

exclamation mark in writing. For example, “9°7%% +(C4-4- oon.S '1®- (What a slow car it is!)”
and “6b P @ &7+ INC! (It was a brilliant game)”.

2.2.3.2 Complex Sentences

Complex sentences are those that have at least one complex NP), complex VP, or both a complex
NP and VP [44, 46, 50]. Complex NPs are phrases that include at least one sentence embedded
within the phrase structure. This embedded sentence can function as a complement. For example,
consider this sentence “N&4-C “7190.¢ 0T ¢3too® PPCAN 1 AN OAL AP T3P
2911 LT AP 1@+ (The recent novel published by Jafar publishing house is receiving
positive reviews)”. In this sentence, the head of the noun phrase is “084-.C ¢3-Fao@- ¢+CAN LK
ANl @AL (The recent novel published by Jafar publishing house)”, with the complement “P4CN
‘L1, (the recent)” forming a simple noun phrase “P¢C LH AN MAL (The recent novel)”. This
noun phrase has been combined with the embedded sentence or clause “N&4-C “7177.¢ O

¢ Jtao®- (published by Jafar publishing house)” to form a complex noun phrase.

2.2.4 Amharic Punctuation
The Amharic language in writing incorporates both indigenous punctuations and those derived

from English. The common punctuations used in Amharic are presented in Table 2.6 [45].

Table 2.6: Amharic Punctuations

Ambharic Punctuation Equivalent English punctuation
(U 1) Space
= (hdT 1) . (Full stop)
? (T2 9°Ant) ? (Question mark)
I (P hDF) I (Exclamation mark)
 ("mA OZLTH) , (Comma)
i (&GN ALH) ; (Semi-colon)
“7 (FAICCT Tdh) “” (Quotation mark)
... (‘"mNMN) ... (Ellipsis)
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2.3 Overview of English Language

The English language has become the dominant global common language, used as a medium of
communication in business, education, science, and technology, and it serves as the medium for
international communication, commerce, and diplomacy, with over 1.5 billion speakers worldwide
[52]. In essence, the English language is a Germanic language brought over by invading tribes
from the European continent into what would eventually be recognized as England [53]. The
English alphabet follows a Latin script structure comprising 26 letters, each with both upper and
lower case forms. Among these, there are 5 vowels (a, €, i, 0, and u), while the remaining 19 letters

Serve as consonants.

2.3.1 English Morphology

The term “morphology”, derived from the Greek word “Morph” meaning “shape or form”, refers
to the study of forms and, in linguistics, specifically to the study of words, including their
formation and internal structure [54, 55]. A word is defined as a series of letters separated by
spaces or, sometimes, by punctuation, and it carries meaning, serving as a building block of
sentences and forming the essential elements of coherent language expression [56]. Words can
vary in complexity, being composed of smaller units known as morphemes, which represent the
smallest components of a word that carry grammatical function or meaning [57]. A word that can
stand alone without depending on other morphemes for meaning is called a free morpheme,
whereas morphemes that must be attached to other word parts to convey meaning are referred to

as bound morphemes [57].

Word classes, traditionally known as parts of speech in English, fall into two categories: open and
closed classes. Open classes, which include nouns, verbs, adjectives, and adverbs, readily accept
new words and make up the majority of the vocabulary. Closed classes, on the other hand, rarely
incorporate new words and consist of a finite list, such as pronouns and auxiliaries. For example,
while it's feasible to list all pronouns, listing all nouns is impractical due to their vast number and
the continual creation of new ones [53, 55]. The form of a word is influenced by its grammatical
function within each word class, which may be associated with factors such as tense for verbs,

plurality and possession for nouns, and degree of comparison for adjectives [55].
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Morphemes can be further categorized as root, derivational, or inflectional [55, 57]. A root
morpheme serves as the fundamental form to which other morphemes are attached, providing the
core meaning of the word. For instance, the morpheme {saw} functions as the root in the word
“sawers” [55]. The processes of inflectional and derivational morphology involve the use of

affixes, which can be prefixes and/or suffixes [57].

Inflectional morphology refers to the process of creating new word forms by adding specific
affixes, or sometimes making changes without affixes at all [55]. These forms do not create distinct
words but modify the word to indicate grammatical properties such as plurality, as in the {-s} of
“books,” or past tense, as in the {ed} of “corrected” [57]. For example, the variations of the word
“help” such as “helps” and “helped” represent different forms of “help” that reflect its grammatical

function within a sentence, influenced by number and tense. This process is known as inflectional

morphology.
Table 2.7: The Eight English Inflectional Morphemes [57]

Word class/ phrase Affixation Example
Noun {-s} plural The lions
Noun Phrases {-s} genitive/possessive The lion’s family
Adjectives/Adverbs | {-er} comparative Slower

{-est} superlative Slowest
Verbs {-s} Third person singular present tense Proves

{-ed} past tense Proved

{-ing} progressive/present participle is proving

{-en} past participle has proven/was proven

The primary purpose of derivational morphology is to facilitate the creation of new lexemes [58].
Lexemes are members of lexical categories such as nouns, verbs, and adjectives, and the derived
lexemes may belong to a different category than their bases [55, 58]. Lexemes can be thought of
as families of words that differ only in their grammatical endings or forms; for example, the
singular and plural forms of a noun like “class” and “classes”, the present, past, and participle
forms of verbs such as “walk”, “walks”, “walked”, and “walking”, or the different forms of a

pronoun such as “I”, “me”, “my”, and “mine”, all represent a single lexeme [59]. Simply put,
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derivational morphemes are added to word forms to create distinct words. For instance, the suffix
{-er} is a derivational morpheme that, when added to a verb, typically transforms it into a noun
indicating the person or thing performing the action denoted by the verb. For example, combining
“teach” with {-er} produces “teacher”, meaning “someone who teaches” [57].

The distinction between inflectional and derivational morphemes is that inflection creates various
word forms from existing lexemes, whereas derivation generates new lexemes from other lexemes.
Inflectional morphemes can be attached to derivational ones, but derivational morphemes cannot

be attached to inflectional ones.

Complex words, which are made up of more than one morpheme, are not simply random sequences
of morphemes. For example, in the word “butterflies”, the plural suffix {-es} must be attached to
the whole compound “butterfly” rather than just to “fly”” and then adding “butter”. This is because
the plural suffix is only applicable to nouns, not to verbs or particles. The words “butter” and “fly”
together form a noun only when combined as a compound [57]. Another example is the word
“unsustainability”, which can be broken down as [noun[Adjective[Verb sustain]abil]ity]. This

structure can also be represented using a tree diagram as follows:

Noun
Adjective Suffix
Prefix Adjective
Un | ‘
Verb Suffix
sustain abil ity

Figure 2.1: Sample complex word structure in English
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2.3.2 English Phrase
A phrase is a word or group of words that acts as a single unit within a sentence and always contains
a head, or headword. The five types of phrases in English are the noun phrase, verb phrase,

adjective phrase, adverb phrase, and prepositional phrase [53, 60].

Noun phrase: A noun phrase has as its head a noun, a pronoun, a nominal adjective, or a numeral
[53]. Most noun phrases also include a noun signaler or marker known as a determiner [60]. Noun
phrases with a noun as their head are commonly introduced by the definite article “the’ or the
indefinite articles ‘a’ or “an”. “The” and ‘a’ are the most commonly used determiners in this class,
which also comprises words like “some”, “both” and "this" [53]. Noun phrases may have
modifiers, which provide additional information to specify more precisely the referent of the head
noun. Modifiers depend on the head and can generally be omitted without disturbing the sentence
structure. However, they often convey crucial information, so leaving them out can impair

communication [53].

Consider the following example, “During the thrilling 2000 Sydney Olympics, the 10,000-meter
race showcased exceptional athleticism, with Haile Gebrselassie narrowly defeating Paul Tergat
to win a gold medal”. In this sentence, “the 10,000-meter race” is a noun phrase introduced by the
definite article “the” and modified by the number “10,000-meter”, which acts as a premodifier for
the head noun “race”. The phrase “a gold medal” is another NP, introduced by the indefinite article
‘a’, providing specific detail about the prize for which the athletes were competing. Both “Haile
Gebrselassie” and “Paul Tergat” function as proper NPs, referring to the prominent athletes in this

competition.

Verb Phrase: A verb phrase uses a main verb as its head, which may be accompanied by auxiliary
verbs. These auxiliary verbs fall into two main categories: primary auxiliaries and modals, or
secondary auxiliaries [53]. The primary auxiliaries include “be”, “have”, and “do”. The auxiliary
“be” serves two purposes: first, it combines with an “-ing” participle to form the progressive tense,
e.g., “is playing”, and second, it combines with an “-ed” participle to form the passive voice, e.g.,
“is played”. The auxiliary "have" forms the perfect aspect when combined with an “-ed” participle,
e.g., “has played”. The auxiliary "do" functions as a placeholder operator, used to form
interrogative and negative sentences when no other operator is present, e.g., “Did they play?” or

“They didn't play”.
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Modal auxiliaries, such as “can”, “could”, “may” and “might” convey ideas of certainty or
permission and are followed by an infinitive [53]. The order of appearance for these auxiliaries in
a verb phrase is as follows: Modal - perfect “have” - progressive “be” - passive “be” - main verb.
It's not common for all of these auxiliaries to be present in one verb phrase, but it's certainly
possible. For instance, in a sentence “Should have been being played” each auxiliary is followed
by the appropriate verb form: “should” (modal), “have” (infinitive), “been” (-ing participle),

“being” (-ing participle), and “played” (-ed participle).

Adjective Phrase: An adjective phrase uses an adjective as its head word, which may be preceded
by premodifiers and followed by postmodifiers. Adjectives can appear in a hierarchical sequence,
where each adjective modifies the next [53]. For example, in the sentence “We had some nice crisp
white wine to go with it", “wine” is first described by “white”, then further specified by “crisp”
and “nice”. Adjective phrases serve two main purposes: as premodifiers of nouns and as subject
predicatives. In the sentence “Well, it's a much less popular route”, the adjective phrase “much
less popular” modifies the noun “route”. In “No, | mean John was extraordinarily ugly”, the phrase
“extraordinarily ugly” functions as the subject predicative.

Adverb Phrase: An adverb phrase is headed by an adverb, which can be preceded by premodifiers
and, less frequently, followed by postmodifiers. These phrases can modify adjectives, adverbs, or
verbs by acting as adverbials or complements [53]. For example, in “We are far too close to it”,
the adverb phrase “far too close” modifies the adjective “close”. In “You need to have your teeth
extremely thoroughly cleaned”, the phrase “extremely thoroughly” modifies the adverb “cleaned”.
Additionally, in “Refunds of fees are not normally available”, the adverb phrase “not normally”

acts as an adverbial.

Intensifying adverbs, such as “very”, typically premodify other adverbs, as in “wear this
occasionally but very rarely now”. They can also postmodify adverbs, with examples like “It was
quoted often enough in the recent debate”. Comparative clauses or phrases can postmodify adverbs
when linked to a comparative inflection, as in “I think he's feeling the time going more slowly than

| am since he's the one left behind” [53].
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Prepositional Phrase: A prepositional phrase consists of a preposition followed by an object,
usually a noun phrase, and may appear in various parts of a sentence, either as part of a noun phrase
or modifying a verb. When functioning within a noun phrase, a prepositional phrase typically
follows the noun, adding descriptive detail or clarification [60]. For instance, in “Our new
neighbors across the hall became our best friends”, the phrase “across the hall” modifies
“neighbors”. In a different context, such as "Our good friends live across the hall,” the same phrase

serves as an adverbial, specifying “where” the action takes place.

Modifiers of nouns are referred to as "adjectivals," while modifiers of verbs are called "adverbials,"
regardless of the form they take. Prepositional phrases can function as postmodifiers of nouns,
e.g., "Everybody questions the significance of the results,” or as postmodifiers of adjectives, e.g.,
"He was ignorant of the crucial lack of an extradition treaty.” They may also serve as subject
predicatives, e.g., “The sun was just as it is in Ethiopia™, object predicatives, e.g., “She never slept
from the time | brought her out of the hospital”, or as adverbials, e.g., “Every Saturday, | stood

there waiting by the door”.

2.3.3 English Sentences

A sentence conveys a complete thought, formed by a group of words working together to express
a full idea. Each sentence arranges words meaningfully, representing a collection of words
conveying a complete idea [53]. Understanding sentence structure begins with recognizing its two
main parts: the subject and the predicate [45]. The subject is the main focus, representing the
central theme, while the predicate provides information about the subject. Both components
describe specific functions within the sentence. For example, in the sentence “The teacher is

29 <6

coming,” “the teacher” is the subject, functioning as a noun phrase made up of the definite article

“the” and the noun “teacher.” “is coming” serves as the predicate, consisting of the auxiliary verb
“is” and the present participle “coming,” forming a verb phrase that indicates the action or state of

the subject [53].
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English Sentence

Noun phrase Verb phrase
(Subject) (Predicate)

Figure 2.2: Generic English sentence structure

A sentence contains one or more clauses, with a clause being a group of words that includes a
subject and a verb that are related [38]. Both the subject and predicate can be further divided into
smaller parts, as illustrated in Figure 2.3. The subject may be simple or compound, and the verb

may be transitive or intransitive [60].

Subject VTrb
Transitive Intransitive (Active)
Simple Compound ‘
Action Being
| | |
Direct object Indirect object ~ Predicate adjective Predicate nominative

Figure 2.3: Detailed English sentence structure

English sentences can have multiple elements making up the subject, linked by conjunctions such
as “and” or “or”. For instance, in the simple subject sentence “The cat is sleeping on the mat”, the
subject is “cat”. In a compound subject sentence, such as “The cat and the dog are sleeping on the
mat”, both “cat” and “dog” are the subjects, joined by “and”. Typically, in the subject + predicate
structure, English sentences use an intransitive verb, which does not require an object, rather than
linking verbs like “am,” “is”, “are”, “was”, “were”, or stative verbs [53, 60]. The subject can be a
single noun, pronoun, or noun phrase [53, 60]. For example, in the sentence “Children play”, the

subject is the plural noun “children.” In “They laugh,” the subject is the pronoun “they”. In the

sentence “The happy children play,” the subject is the noun phrase “The happy children”.
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In addition to the subject + predicate pattern, English sentences follow other structures such as
SVA (Subject + Verb + Adjunct), SVC (Subject + Verb + Complement), SVO (Subject + Verb +
Object), SVOA (Subject + Verb + Object + Adjunct), SVOC (Subject + Verb + Object +
Complement), and SVOO (Subject + Verb + Object + Object) [53, 60]. Table 2.8 provides example

sentences for each pattern.

Table 2.8: English Sentence Patterns

Pattern Example Subject Verb Object(s) Adjunct | Complement

SV We sleep. We sleep - - -

SVA | The bird sings joyfully. The bird | sings - joyfully

SVC | She became a professor. she became - - a professor
SVO | I love Ethiopia I love Ethiopia - -
SVOA | | ate dinner early. I ate dinner early -
SVOC | She considers himafriend. | She considers | him - a friend
SVOO | He gave her a book. She gave her and a book - -

There are two types of clauses: independent and dependent clauses. A sentence contains at least
one independent clause and may also include one or more dependent clauses [60]. An independent
clause, or main clause, is a complete thought that can stand alone. A dependent clause, or
subordinate clause, is an incomplete thought that cannot stand alone, and recognizing it requires
more than spotting the subordinating conjunction, as subordinating conjunctions like “after”,
“although”, “because”, “if”, “since”, and “while” introduce dependent clauses that rely on the rest
of the sentence for meaning [53]. For example, in “Although Ethiopia is known for its rich natural
resources, many of its people still face economic challenges”, “Although Ethiopia is known for its
rich natural resources” is a dependent clause, while “many of its people still face economic

challenges” is an independent clause that can stand alone.

English sentences are traditionally classified by structure and complexity into four types: simple,
compound, complex, and compound-complex [53]. Simple sentences consist of one main clause
without subordination. For example, “Merry walked to the park,” “What time does the match
start?” and “He plays football every weekend” are simple sentences. Compound sentences consist

of two or more main clauses, often linked by coordinating conjunctions such as “for”, “and”, “but”,
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“or”, “yet”, and “so”, usually preceded by a comma. For example, “I enjoy reading books, but my
wife prefers watching movies”. Complex sentences consist of a main clause with one or more
subordinate clauses. For instance, “Although it was raining, she went for a walk” contains one
independent and one dependent clause, connected by a subordinating conjunction. A compound-
complex sentence combines both forms, containing one or more independent clauses and one or
more dependent clauses. For example, “She went for a walk, although it was raining, and she took

an umbrella” illustrates a compound-complex sentence.

Additionally, English sentences can be categorized based on their purpose as declarative,

interrogative, imperative, or exclamatory [53, 60].

Declarative sentences are used to make statements or convey information, providing facts,
opinions, or descriptions [53, 60]. For instance, “The sun rises in the east”, “I enjoy reading
poems”, and “Mount Ras Dashen is the tallest mountain in Ethiopia” are all examples of

declarative sentences.

Interrogative sentences, on the other hand, are designed to ask questions, seeking information or
clarification [53, 60]. Examples include “What time is the meeting?”, "Have you finished your

thesis work?" and “Where is the nearest hotel?”.

Imperative sentences are used to give commands or orders, make requests, or offer suggestions
[53, 60]. Examples such as “Please pass the book”, “Close the door behind you” and “Study for
your exams” demonstrate the imperative form. In imperative sentences, the subject is often not
stated. The recipient of the sentence is understood to be the subject [53]. For example, in “clean

the room” the subject “You” is understood as “you clean the room”.

Exclamatory sentences express strong emotions such as surprise, excitement, or emphasis [53,
60]. For instance, “What a beautiful game!”, “I can't believe we won the game!” and "How

delicious this cake is!” are the exclamatory types.

2.4 Evolution of Machine Translation

In its early stages, machine translation (MT) systems were primarily developed for military
applications [61]. Petr Petrovich Troyanskii is considered a pioneer in MT. In 1939, he submitted

proposals for mechanical translation to the Soviet Union Academy of Sciences. Despite initial
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discussions, these proposals were never implemented, and Troyanskii's groundbreaking efforts to

mechanize translation during the 1930s and 1940s remained largely unknown [3, 62].

In 1949, American scientist Warren Weaver, in collaboration with British engineers, proposed the
idea of using computers to tackle the task of MT [3, 6, 63, 64]. This marked a turning point in the
field. In 1954, Georgetown University, in partnership with International Business Machines (IBM)
Corporation, conducted a successful Russian-English machine translation experiment using the
IBM-701 computer. This significant achievement not only demonstrated the feasibility of MT but
also initiated further research in the field, bringing the long-held dream of MT closer to reality [7,
61, 64].

MT can be broadly categorized into two main types based on methodology: RBMT and corpus-
based or data-driven MT (CBMT). RBMT relies on linguistic rules defined by human experts to
describe the translation process, requiring substantial human input [6, 61, 62]. In contrast, CBMT
methods derive knowledge automatically by analyzing translation examples from parallel corpora,
which are manually constructed by human experts [65]. Data-driven MT techniques, which include
example-based MT (EBMT), SMT, and NMT, aim to learn translation patterns from large amounts
of parallel data. Generally, an increase in the volume of training data leads to improvements in
translation quality [61]. RBMT aligns with rationalism, while CBMT follows an empirical

approach [66].

2.4.1 Rule Based Machine Translation

RBMT, one of the earliest MT approaches, employs bilingual dictionaries and grammar rules to
translate source language (SL) texts into target language (TL) texts [6, 61]. These systems rely on
linguistic information from dictionaries and grammars, covering semantic, morphological, and
syntactic aspects of each language. This helps generate output sentences through analysis of both
the source and target languages [65]. Despite its solid linguistic foundation, RBMT faces
challenges such as labor-intensive rule creation, difficulty in rule maintenance, and limited

scalability for open-domain and multilingual translation [61].

Also known as knowledge-based or classical MT, RBMT utilizes morphological, syntactic,
semantic, and contextual knowledge of both SL and TL to perform translation tasks. This is

facilitated by computer-accessible dictionaries and grammar rules derived from theoretical
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linguistic research [64]. The core approach involves linking the structure of the input sentence with

that of the output sentence while preserving their meanings [65].

RBMT systems are classified into three primary methods: literal (direct) translation, interlingua-
based translation, and transfer-based translation [6]. These methods operate under different

linguistic principles, leading to varying types and depths of analysis.

/ SL Text /
v

| Morphological Analvzer |

| Part of speech tagger |

| Lexical selection |

| Structural transfer je—>] T exical transfer |

| Morphological generator |

| Post generator |

v
/ TL Text /

Figure 2.4: The General Architecture of RBMT

Literal (Direct) RBMT: Also known as word-based or dictionary-based translation, literal RBMT
translates words similarly to consulting a dictionary without accounting for nuanced meaning
correlations [6, 67]. It works at the word level, directly mapping SL words to TL equivalents
without intermediary representation, resulting in a one-way translation [65]. This approach
involves minimal syntactic and semantic analysis, often following a word-for-word translation
with minor grammatical adjustments [65]. While effective for limited sentence structures, the
literal approach lacks deeper semantic understanding. An example is the Washington MT system
from the 1950s, which translated Russian to English but produced unsatisfactory results [64].
Another notable system, SYSTRAN, launched in 1978, initially translated Russian to English and
later expanded to other languages [6, 61].

Transfer-Based RBMT: This method translates SL texts by analyzing sentence structures and
applying linguistic rules across languages, using dictionaries such as SL, SL-TL bilingual, and TL

dictionaries [6]. It creates translations based on an intermediate representation, transferring
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syntactic structures between languages. The process involves three stages: SL analysis, transfer of
representations to TL equivalents, and generation of the final TL texts [61]. Transfer-based
systems operate on sentence structures rather than linear word strings, focusing on syntactic

relationships between languages [64].

Interlingual RBMT: This approach offers a more abstract alternative by dividing translation into
two phases: converting the SL into an intermediate, language-neutral form (interlingua), and then
into the TL [6]. The main advantage is its ability to handle multilingual translation with fewer
translation pairs, requiring only 2N pairs for N languages, as opposed to N*(N-1) pairs in other
systems [68]. However, defining an effective interlingua is challenging, limiting its use to specific
domains [6]. The interlingual method involves transforming the SL into an abstract representation

that captures its full semantic, morphological, and syntactic content before generating the TL [64].

The three RBMT approaches can be summarized as follows: Direct systems map the input sentence
directly to the output sentence, Transfer systems employ morphological and syntactic analysis to
translate sentences, and Interlingual RBMT systems transform the input sentence into an abstract

representation before mapping it to the final output [3].

2.4.2 Example Based Machine Translation

EBMT, also known as memory-based translation, operates on the principle of translating by
analogy, a concept introduced by Makoto Nagao in 1984 [69, 70]. This approach leverages
bilingual corpora containing parallel texts as its primary knowledge source, retrieving analogous
language pairs to generate translations [3, 65, 71]. EBMT systems are trained on sets of SL
sentences and their corresponding TL translations, establishing point-to-point mappings [4, 65].
When a new input sentence is encountered, EBMT systems identify similar examples from the
corpus and use them to generate translations [69, 71]. The core idea is that if a sentence has been
translated before, a similar translation should be applicable to a similar sentence, allowing EBMT

to generate accurate results based on past examples [70].

Despite its reliance on bilingual corpora and analogy-based translation, EBMT has shown promise
in various translation tasks [65]. The process of EBMT involves four main tasks: example
acquisition, example base management, example application, and synthesis, all grounded in the
principle of translation by analogy [69]. However, EBMT's coverage is limited by the inability of
bilingual corpora to represent all linguistic phenomena in language pairs [61]. As a result, EBMT
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is most commonly used in computer-aided translation systems [61]. Additionally, the process of

analogy-based machine translation can be time-consuming [69].

Table 2.9: Sample Amharic-English Bilingual Corpus for EBMT Illustration

English Sentence Ambharic Sentence
| need a new phone. h4.0 NAR AdADINU-::
| need a different job. CTAP ¢ hb.ANIAU-::
He likes to drink coffee. =S oomMMF CMSA::
He likes watching a movie. &HAI° I L.DSA::
Is this the correct answer? ThhdT @ oo LV 107
Is this the right direction? ThnAT @ AdMem, LY 107
Are you going to the home today? He oL W 15007
Are you going to the church tomorrow? | 7 @2 Mt+aCote? H'4%M\07?

A bilingual parallel corpus in EBMT, as illustrated in Table 2.9, consists of sentence pairs in both
the source (Amharic) and target (English) languages, following their respective syntactic structures
of SOV and SVO. The table displays a minimal pair, where sentences differ by only one element,

making it easier to understand translations of smaller linguistic units.

2.4.3 Statistical Machine Translation

Statistical Machine Translation (SMT) is a data-driven approach that employs probabilistic models
to predict translations [4, 5]. It uses machine learning (ML) techniques to automatically derive
translation rules from large bilingual corpora, eliminating the need for manual rule creation by
human experts [61]. SMT assumes that any sentence in one language can be translated into another
with varying probabilities [6]. The goal of SMT is to find the sentence with the highest probability

of being the correct translation.

SMT is composed of three main problems: model problems, which involve defining a probability
model for translation; training problems, which use parallel corpora to determine the parameters
of the model; and decoding problems, which focus on finding the most probable translation of an

input sentence [6].
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The foundational SMT model, introduced by IBM researchers such as Brown et al. in 1990, is
based on a statistical framework that primarily handles lexical (word-level) translations [6, 72].
The process of SMT relies on the probability distribution P(e | a), where P(a | e) represents the
translation model and P(e) represents the language model. By applying Bayes' theorem, SMT
models find the most probable translation for a given source sentence (SL) in a target language
(TL), such as translating from Amharic to English [65, 72]. For example, if a decoder is given an
English sentence (e), it finds the Amharic sentence (a) that maximizes the probability P(a | e) to

identify the most accurate translation.

SMT relies on three key components: the SL model, the translation model, and a decoding
algorithm. The translation model produces potential translations, and the SL model ensures that

these translations are grammatically correct [65, 72].

SL Model a » Translation Model € »
P(a) X P(e| a)=Pla.e)
—2 Decoder <

d = argmax P(a | e) = argmax P(a.e)
a a

Figure 2.5: A Word-to-Word Statistical Machine Translation System [72]

Despite the initial breakthrough with the word-based SMT model by Brown et al. [72], it has a
notable limitation: it primarily focuses on modeling lexical dependencies between individual
words. This approach overlooks larger linguistic units such as phrases, leading to challenges in
translating sentences accurately. To overcome this limitation, phrase-based models were
introduced by Vogel et al. [73], Marcu and Wong [74], and Och and Ney [75]. These models treat
phrases rather than single words as the basic units of translation, enabling more flexible and

contextually appropriate translations.

Several enhancements to SMT have been explored to address its limitations further. Factored SMT

models [62] incorporate additional linguistic information, such as morphology, to improve
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translation quality. Hierarchical SMT models [63] handle complex syntactic structures by
translating sentences based on hierarchical phrase rules, and syntax-based SMT models utilize
parsing trees on the source or target language side to provide better structural understanding of the
input sentences [76, 77, 78, 79, 80].

Phrase-based SMT has transformed machine translation by breaking down sentences into phrases,
translating each phrase independently, and reordering them in the target language (TL) [71, 81].
Unlike word-to-word SMT systems, phrase-based translation does not require aligning individual
words directly, which increases its flexibility [4, 74]. In phrase-based models, each lexical unit is
a sequence of words rather than a single word, and each unit is associated with a score or weight
that reflects its appropriateness as a translation [3]. For example, in an Amharic-to-English phrase-
based SMT model, the lexicon entries could be represented as tuples (e, a, k), where e is a sequence

of English words, a is a corresponding sequence of Amharic words, and k is the associated score

[3].

The translation process in phrase-based SMT involves three main steps: segmenting sentences into
phrases, translating each phrase, and arranging the translated phrases in the proper order. This
method significantly improves translation quality compared to word-based models [5, 82]. Phrase-
based models rely on probability tables, learned from bilingual corpora, to translate phrases from
the SL to the TL [3]. However, they face challenges with long-distance reordering, which can
sometimes lead to disjointed translations, a phenomenon known as "phrase salad” [5]. Though
efforts have been made to incorporate syntactic information into phrase-based models, their

compatibility with hierarchical models remains limited [83, 84, 85, 86, 87].

Various alternatives to traditional phrase-based models have been explored, such as the alignment
template model and the discontiguous phrase-based translation model [75, 88]. These variants aim
to enhance translation by allowing greater flexibility in phrase alignment and reordering. Popular
toolkits for phrase-based translation include the Pharaoh Toolkit by Koehn and its open-source

successor, Moses [5, 89, 90].

2.4.4 Neural Machine Translation
NMT, an end-to-end model, employs an encoder-decoder framework, typically consisting of a

single large neural network with separate sub-networks for the encoder and decoder, respectively
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[9, 91, 92, 93]. Essentially, NMT combines an encoder, trained to compute a representation of
each word in an input sentence (referred to as word embedding), with a decoder that processes one
word at a time from the sentence representation and generates the target translation [94, 95, 96].
This model does not require separate components like word aligners, translation rule extractors, or
other feature extractors. Instead, it utilizes a single sequence model to predict one word at a time
[9]. An artificial neural network (ANN), also known as neural networks, predicts the probability
of a sequence of words, simulating the human brain by establishing connections between
processing elements, functioning similarly to neurons [97]. In NMT, the encoder converts SL
words into semantic vector representations, which are then used by the decoder to generate the
target sentence word by word [9, 92, 93, 94]. It directly models the conditional probability p(t|s)
of translating an SL sentence to a TL sentence. RNN, CNN, and transformer SA/FFN are
commonly used approaches based on the NMT paradigm [10, 98, 99, 100]. These approaches,
often referred to as deep neural networks (DNNs), aim to learn syntactic and semantic
representations for discrete words, phrases, structures, and sentences in real-valued continuous

space, positioning similar words, phrases, or structures close to each other [7, 91].

The encoder reads each symbol in input sequences one word at a time until it reaches the end-of-
sequence symbol, effectively compressing the input sequence into hidden states [3, 95]. This
encoding process is simple, using RNN architectures widely used for computing the source
sentence representation [94]. The encoder RNN processes the source sentence S = (sl, Sy, S3,
...... STS) where Ty is the length of S, into hidden states h = (hy, hz, hz.... hm) [46, 89]. Typically,

the encoder takes the last hidden state, htn, as the representation of the source sentence [61]. On
the other hand, the decoder, which also operates as an RNN, generates translations based on the
encoded representation. It updates its hidden state h; at each time step t based on the summary C
of the entire input sequence, along with the previous hidden state h.; and the preceding target
word t-1 [3]. The conditional distribution of the next symbol, i.e., the next word in the target
language sentence given the source language sentence, is calculated using p(stls: ...,St-1) =
g(ht,y+-1,C) [3]. The RNN encoder-decoder model is trained jointly to maximize the conditional
log-likelihood [3]. Generally, the encoder RNN processes an input sequence S = (S1, S2, Sa..., Sn) Of
n elements and returns state representations h = (hs, hz, hs..., hn), while the decoder RNN takes h

and generates the output sequence T = (ty, t2, ts..., tn) one element at a time [92].
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The vanishing gradient problem occurs in basic RNNs when learning signals weaken during
backpropagation through many layers, hindering the updating of network weights [96]. This issue
becomes more pronounced in RNNs with long sequences, where gradients diminish significantly
due to activation functions like sigmoid, leading to vanishing gradients for earlier layers [96]. To
resolve this, Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) architectures
were proposed as alternatives to basic RNNs [4, 96, 101, 102, 103]. LSTMs address the problem
by introducing memory cells with gates controlling information flow, including the forget gate,
input gate, and output gate, enabling them to maintain gradients over longer sequences and
effectively learn long-term dependencies [101]. Similarly, GRUs address the vanishing gradient
problem by introducing a gating mechanism that regulates information flow within the network,
managing both the forgetting of past information and the integration of new information into the
hidden state [102, 103].

In addition to RNNs, other model architectures like CNNs, commonly used in computer vision for
image and video processing and analysis, have been suggested for NMT. Early work integrating
CNNs was proposed by Kalchbrenner et al. [100], who introduced a recurrent continuous
translation model featuring a CNN encoder and RNN decoder. CNNs create hierarchical
representations across sequences, allowing for the capture of long-distance dependencies through
shorter paths and enabling fully parallelized computations during training [61]. The CNN
architecture consists of convolution and pooling layers, providing a standard framework for
transforming variable-length sentences into fixed-size distributed vectors [7]. While CNNs offer
advantages over RNNSs, such as their ability to perform parallel computations (which enhances
training speed and addresses the vanishing gradient problem), they also have limitations.
Specifically, their fixed filter width limits their capacity to capture word dependencies within
sentences, making them less effective in translating long sentences due to the fixed-size vector

representation [91].

The convolutional sequence-to-sequence learning introduced by Kalchbrenner et al. [100]
incorporates different components such as the Recurrent Convolutional Translation Model
(RCTM), Convolutional Sequence Model (CSM), and Convolutional Gating Module (CGM). The
RCTM merges features from recurrent and convolutional architectures, enabling effective capture
of short- and long-range dependencies in input sequences. In contrast, the CSM, based entirely on
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CNNs, processes input sequences using convolutional layers, facilitating faster training via
parallelized computations compared to recurrent models. Additionally, the CGM integrates gated
linear units and attention mechanisms, enhancing gradient propagation and decoding accuracy,
thereby improving the model's ability to focus on relevant parts of the input sequence during
decoding. The gated recursive CNN, proposed by Cho et al. [104], which replaced the RNN in the
encoder, demonstrated strong performance in learning the grammatical structure of source

sentences.

2.4.4.1 Attention Mechanism

The performance of the basic encoder-decoder NMT can vary depending on the length of the input
sentence and the occurrence of unknown words. According to [104], the performance tends to
degrade as the length of the source sentence increases [3, 4, 105]. Additionally, the size of the
vocabulary in both the SL and TL can significantly impact translation performance. Attention
mechanisms have revolutionized MT by addressing the limitation of fixed-sized vectors in
traditional or basic encoder-decoder RNNs, which struggle with longer sentences, resulting in poor
translations. It enables the modeling of dependencies regardless of their distance in the input or
output sequences. However, except for a few cases [106], such attention mechanisms are typically

used alongside a recurrent network [10].

Bahdanau et al. [99] introduced the Embed-Encode-Attend-Decode architecture, applying the
attention mechanism to NMT for the first time [3, 4, 91, 92, 96, 107]. This architecture enables the
encoder to map the source sentence into a sequence of vectors, with the decoder dynamically
selecting relevant vectors during prediction. They also presented RNNsearch, where a bidirectional
RNN (BiRNN) encoder captures both past and future information, thereby improving translation
quality.

By utilizing BiRNNs for encoding and unidirectional RNNs for decoding, the model dynamically
focuses on different parts of the input sequence. The BIRNN encoder captures contextual
information from both left-to-right and right-to-left directions, represented by h= {h_{, E
E, . .,TTX} and h = {h_lh_ZE Ce E}. These hidden states are then concatenated,

allowing the model to dynamically focus on different parts of the input sequence during the
decoding process. This improves the representation of the input sequence and provides a richer

context vector for the decoder in generating the output sequence [61, 96, 99].
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The attention mechanism assigns weights to parts of the input sequence during decoding,
facilitating the alignment of source and target words for accurate translations. Unlike basic
encoder-decoder architectures, attention computes a weighted sum of hidden states, preserving the
relevance of each source word in context. This approach contrasts with hard alignments in SMT,
offering soft alignments with varying weights, significantly enhancing translation quality and
representing a substantial advancement in MT history [61, 100]. Furthermore, during decoding,
the attention mechanism dynamically focuses on different parts of the input sequence, assigning
weights based on relevance to the current step. This enables selective attention to crucial
information, aiding the effective alignment of source and target words for accurate translations
[99]. In general, the implementation process of the attention mechanism involves two steps: first,
computing the attention distribution, and second, computing the context vector based on the
attention distribution [96].

The attention method proposed by [99] falls under soft or deterministic attention, where it
computes a weighted average of all keys to generate the context vector [96]. In soft attention, the
attention module is differentiable with respect to the inputs, allowing the entire system to be trained
using standard back-propagation methods [96]. Conversely, hard or stochastic attention was

introduced by Xu et al. [108], where the context vector is derived from randomly sampled keys.

The hard attention model uses less computing resources compared to the soft attention model
because it doesn't calculate attention weights for every element at each step. However, making
hard decisions at each position of the input feature makes the module non-differentiable and
difficult to optimize [109]. Therefore, the entire system can be trained by maximizing an

approximate lower bound or using reinforcement learning [110].

Luong et al. [94] introduced two distinct attention mechanisms for NMT. The first mechanism,
called global attention, is very similar to the soft attention proposed by Bahdanau et al. [99], where
all source words are considered simultaneously. However, Luong et al.'s [94] global attention
approach has a simpler structure and entails some extended calculations when determining the
value of the attention matrix compared to Bahdanau et al.'s [99] model [3, 107]. On the other hand,
their second mechanism, known as local attention, combines concepts from Xu et al.'s [108] hard
and soft attention approaches. Local attention focuses on a subset of source words at any given

time, reducing computational complexity. This design not only enhances efficiency but also
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maintains differentiability throughout, distinguishing it from hard attention models. This
characteristic makes local attention more suitable for implementation and training processes [94,
99, 96, 108]. Basically, global and local attention differs in terms of whether the “attention” is
placed on all source positions or only a few [6].

2.4.4.2 Transformer

The primary drawback of RNN-based NMT is its inability to parallelize effectively, as it relies on
past words to compute the current word. In contrast, CNNSs create hierarchical representations over
sequences, allowing them to capture long-distance dependencies through shorter paths and
perform fully parallelized computations during training. Building on this concept, Vaswani et al.
[10] introduced the Transformer model, which relies solely on an attention-based architecture.
Unlike RNNs, the Transformer uses an attention mechanism to establish global dependencies
between inputs and outputs, eliminating the need for sequence-aligned RNNs or CNNs. It employs
self-attention, also known as intra-attention, which relates different positions within a sequence to
compute its representation. The Transformer follows the general encoder-decoder architecture,
with both encoder and decoder utilizing stacked self-attention and fully connected FFNSs.
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Figure 2.6: The Transformer Model Architecture [10]
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The Transformer encoder processes the input sequence to produce continuous representations. It
consists of six identical layers, each with two sub-layers: a multi-head self-attention mechanism
that weighs the importance of different input positions and a fully connected FFN that processes
the attention mechanism’s output. The decoder generates the output sequence based on these
encoded representations, also consisting of six layers. Each decoder layer has three sub-layers: two

multi-head self-attention layers and a fully connected FFN.

In the decoder, the first sub-layer, masked multi-head attention, uses queries from the decoder's
current state and compares them with keys representing the input sequence to determine relevance
during decoding. It combines the queries, keys, and values from the encoder output with attention
scores to form a context vector, which the decoder uses to generate the next output. The second
sub-layer, encoder-decoder attention, focuses on attending to the encoder’s output, allowing the
decoder to leverage input information for accurate predictions. The FFN refines this information

before generating the output.

The decoder’s masked multi-head attention ensures the model’s auto-regressive property by
restricting predictions to depend solely on previously generated symbols. This is achieved through
masking, which prevents the model from attending to future positions during decoding. The model
also shifts the output embeddings by one position to maintain positional dependency, allowing it

to generate sequences in a step-by-step manner.

Each sub-layer in the encoder and decoder includes residual connections and layer normalization
to stabilize training and improve gradient flow. Residual connections help the model learn complex
representations by bypassing sub-layers such as self-attention and FFN, while layer normalization

ensures stable outputs from each sub-layer.

Vaswani et al. [10] introduced a specific attention mechanism called scaled dot-product attention.
This mechanism maps a query and a set of key-value pairs to an output, where each component
(query, key, value, and output) is represented as a vector. The output is a weighted sum of the
values, with each weight determined by a compatibility function between the query and its
corresponding key. Queries and keys have a dimension of dk, while values have a dimension of dy.
The dot products of the query and keys are computed, scaled by \/d_ , and passed through a softmax

function to derive the attention weights.
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Multi-head attention involves applying several attention mechanisms in parallel, allowing the
model to focus on different representation subspaces and positions simultaneously. The
Transformer uses eight parallel attention heads, with each head having a reduced dimensionality
of 64. This design maintains computational efficiency while enhancing the model's ability to
capture diverse relationships in the data. Multi-head attention is used in three key areas: encoder-
decoder attention, where queries come from the decoder and keys and values from the encoder;
self-attention within the encoder, where queries, keys, and values all come from the encoder; and
self-attention within the decoder, where the decoder attends to its own previous states while

maintaining masking to preserve auto-regressive properties.

Position-wise FFNs consist of two linear transformations with a ReLU activation in between,
allowing the model to capture non-linear relationships in the sequence. Although the linear
transformations are shared across positions, their parameters differ from layer to layer,

contributing to the model’s flexibility in learning.

The Transformer uses learned embeddings to convert input and output tokens into vectors of
dimension dmodel. These embeddings are crucial for representing tokens in high-dimensional space,
helping the model process and manipulate representations. A shared weight matrix is used for both
input/output embedding layers and the softmax linear transformation that generates the predicted

probabilities for the next token. To scale the embeddings, their weights are multiplied by +/d o del

, ensuring proper dimensional alignment and facilitating effective learning.

Positional encodings are added to the embeddings at the bottom of the encoder and decoder stacks
to provide information about the relative or absolute position of tokens within the sequence. For a
token at position pos and embedding dimension i, the positional encoding PE (pos, i) is calculated

as follows:

PE(pos, 2i) = sin (L) 1)

10002¢/dmodel

PE(pos,2i +1) = cos (qoomrimens) @

where pos is the position of the character in the sequence, i is the dimension index and dmodel IS

the dimension of the model.
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Self-attention layers in the Transformer model offer several advantages over traditional recurrent
and convolutional layers. They reduce computational complexity, enhance parallelization, and
improve the model's ability to learn long-range dependencies. Unlike recurrent layers, which rely
on sequential processing, self-attention allows for parallelized computation, making the
Transformer more efficient. Additionally, self-attention minimizes the number of operations
needed to relate signals from distant positions, allowing the model to better capture long-range

dependencies.

In summary, the Transformer model improves the efficiency of sequence-to-sequence tasks by
replacing recurrence with attention mechanisms, allowing for parallel processing and faster
training. This design has led to state-of-the-art performance in MT and other NLP tasks, such as
pretraining models like BERT [111] and ERNIE [112]. However, it also has some drawbacks, such
as focusing on irrelevant information and a quadratic increase in computational costs with sentence
length. The attention mechanism assigns weights to all values, even those with low relevance,
leading to inefficiencies. Furthermore, the quadratic growth of computational cost arises from the
dot product calculation between every pair of words in the source and target sequences [92, 113,
114].

2.5 Hybrid Machine Translation

Hybrid Machine Translation (HMT) systems emerged as a fusion of rule-based and statistical
paradigms, aiming to enhance translation quality [71, 115, 116, 117]. These systems integrate
statistical knowledge into rule-based architectures and incorporate rules into corpus-based
approaches [118]. By combining linguistic and statistical features, hybrid MT methods seek to
improve both translation accuracy and speed [71, 119]. This integration occurs at various levels,
including sentence, sub-sentential, and graph levels, to generate more accurate translations [120].
Experimental studies using evaluation metrics such as NIST and BLEU have demonstrated the

superiority of hybrid MT systems over individual approaches [119].

Additionally, HMT combines the strengths of SMT and NMT approaches to improve translation
quality [96, 105, 121]. This integration takes various forms, such as combining NMT scores with
traditional SMT features in a log-linear model or incorporating SMT-style lexical translation tables
into the NMT decoder [96, 105]. HMT methods also include rescoring and reranking, where a

fully trained SMT system is fused with an independently trained NMT system [96]. Another
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strategy involves cascading SMT and NMT systems, with one system feeding input to the other,
thus leveraging the strengths of both approaches [121]. Moreover, unsupervised NMT models can

benefit from SMT acting as a regularizer, enhancing neural network performance [96, 105].

The rationale for combining SMT and NMT in HMT is to strike a balance between the fluency of
NMT and the accuracy of SMT [121]. While NMT produces fluent translations, it may lack
accuracy in certain cases, whereas SMT systems excel in accuracy but may lack fluency. By
integrating these approaches, SMT-NMT systems can balance accuracy and fluency, leading to
improved translation quality [105, 121]. Additionally, SMT-NMT systems can utilize multilingual
language models to embed source sentences and translations into the same vector space, further
enhancing the overall translation process [122].

2.6. Multilingual Machine Translation

MT systems can be categorized as bilingual or multilingual, operating in unidirectional or
bidirectional modes [123, 124]. Most systems function bidirectionally between a SL and TL, like
Ambharic-to-English and vice versa. However, some are unidirectional, translating solely from SL
to TL, such as Amharic-to-English [121, 124]. Both systems rely on parallel corpora for training
and evaluation [124]. In contrast, Multilingual Machine Translation (MMT) aims to translate

among multiple languages without requiring parallel data for all language pairs [125].

Multilingual NMT seamlessly integrates multiple languages within the NMT framework, enabling
translation between more than two languages and efficiently using linguistic resources to handle
scenarios like multiway, low-resource, and multi-source translations [61, 9]. In multiway
translation, a single NMT system accommaodates various scenarios, including one-to-many, many-
to-one, or many-to-many translations. Low-resource translation addresses situations with limited
parallel corpora by using auxiliary languages to improve translation between low-resource
language pairs. Multi-source translation involves leveraging existing multilingual content on the

source side to enhance translation quality [9].

Both SMT and NMT methods face challenges in MMT due to differences in language structure
and morphology [61]. Multilingual NMT models aim to overcome these challenges by leveraging
large amounts of parallel data to learn translation knowledge [46]. Various techniques, such as

back-translation and unsupervised translation, address the scarcity of training data for low-
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resource languages [61]. These models eliminate the need for separate translation models for each
language pair and task, providing a universal solution capable of translating multiple languages
across various tasks, such as multiway translation or training approaches [61]. Multilingual
training, especially for low-resource languages, exploits syntactic or semantic similarities between
languages, enabling the transfer of processing abilities across language boundaries [126]. Different
training settings, such as one-to-many and many-to-one, are explored, each with varying impacts
on performance [126]. Shared parameters across languages improve performance, particularly in
low-resource language settings, and methods like parameter sharing based on related language sets
further enhance results without requiring extensive linguistic knowledge, making them valuable

for less-studied languages [126].

2.7 Machine Translation Evaluation Metrics

Assessing machine translation (MT) systems is essential to ensure output reliability and guide
system improvements [127]. Koby et al. [128] define a quality translation as one that accurately
and fluently conveys the intended message while meeting specific requirements set by both the
requester and provider. The translation’s purpose, as defined by the requester, directs the process,
making functional equivalence between the source and target texts crucial [127]. Key criteria for
evaluating MT quality include fluency in the TL, adequacy in semantic and pragmatic equivalence,
and adherence to requester specifications [127]. The goal is to achieve a translation quality
comparable to human-level outputs, with recent advances aiming for human parity, which is
statistically defined as no significant difference between human and machine-generated quality
scores [127].

MT evaluation typically falls into two categories: glass-box and black-box evaluation. Glass-box
evaluation focuses on assessing system quality through internal mechanisms, while black-box
evaluation focuses solely on output without examining the internal workings [129]. In black-box
evaluation, source and target sentence pairs are used to objectively assess system performance,
and careful selection of evaluation sets is critical to ensure coverage of significant data features
and system robustness [130, 131]. Black-box evaluation techniques include both human evaluation

and automatic metrics, with semi-automated metrics sitting between these two categories [116].
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2.7.1. Human Machine Translation Evaluation Metrics

Human evaluation, or manual evaluation, is the primary method for assessing MT quality, typically
performed by expert evaluators. They assess translations from two main perspectives: fluency and
accuracy [127, 129, 131]. Fluency evaluation focuses on how well the translation adheres to the
norms of the TL, including its grammaticality and clarity, without reference to the source text
[129]. Accuracy evaluation, in contrast, measures the translation's fidelity to the source text,
ensuring the target text accurately conveys the original content. Bilingual evaluators assess this
fidelity [129].

Human evaluation methods are further divided into directly expressed judgment (DEJ-based) and
non-DEJ-based metrics. DEJ-based methods involve subjective assessments of translation quality,
while non-DEJ-based methods focus on task-oriented evaluation, such as error classification or
gap filling [127, 132].

The earliest human MT evaluation method was introduced by the Automatic Language Processing
Advisory Committee (ALPAC) in 1966, focusing on intelligibility and fidelity [133]. Intelligibility
measures how naturally a translation reads, ensuring it is as clear as a well-edited native sentence.
Fidelity assesses how faithfully the translation conveys the source text’s meaning, minimizing

distortion or contradiction [131, 133].

In the 1990s, the Advanced Research Projects Agency (ARPA) developed a methodology that
evaluates adequacy, fluency, and informativeness (also known as comprehension) [131, 133].
Evaluators rate each translation fragment on a 1-to-5 scale based on syntactic constituents and
information content [133]. This method measures conveyed information, fluency, and the system’s

overall translation quality, including its adherence to the source text.

However, human evaluation has drawbacks, as it is time-consuming, costly, and inherently
subjective. To mitigate bias, multiple experts often assess the same translations, and their

judgments are statistically validated [129].

2.7.2 Automatic Machine Translation Evaluation Metrics
Automatic machine translation evaluation metrics (AMTEM) play a critical role in assessing MT
outputs without human intervention, offering a cost-effective alternative to manual evaluation,

especially for large-scale data tasks like collection, annotation, or reference translation generation
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[127]. While automatic metrics are more efficient, they are generally considered less accurate than
human evaluations [134]. Nevertheless, their ability to facilitate system comparison and tuning

during development has made them widely used [133].

AMTEMs were developed to address the challenges of human evaluation, such as high costs,
subjectivity, and lack of reproducibility, by providing objective measures that can be automated
for system optimization [81]. These metrics compare MT outputs against reference translations,

and their correlation with human judgments often determines their effectiveness [130].

In their survey, Lee et al. [134] categorize AMTEMSs into several groups. Lexical-based metrics
measure the similarity between the generated text and reference translations using mathematical

or heuristic methods, without relying on ML algorithms. These metrics are further divided into:

e Word-based metrics, which include N-gram measures such as BLEU, METEOR, NIST,

and GTM.

e Edit distance measures, including Translation Edit Rate (TER) and Word Error Rate

(WER).

e Character-based metrics, like chrF, which evaluate similarity at the character level.
Embedding-based metrics use ML or deep learning (DL) algorithms, representing texts as dense
vectors to measure similarity by considering the words' deeper meanings. These metrics focus on
capturing both the lexical and contextual nuances of translation. Metrics can also be classified into

matching, regression, ranking, and generation, depending on the training task involved.

Chauhan and Daniel [135] provide a comprehensive survey of fully automated AMTEMS,
categorizing them into lexical, character-based, syntax-based, semantics-based, and combined
syntactic and semantic-based evaluation metrics. Lexical metrics assess word similarity, character-
based metrics focus on character n-grams, and syntax-based metrics evaluate sentence structures
using part-of-speech tags or phrase types. Semantics-based metrics incorporate features like named

entities and paraphrasing.

WER, introduced by Su et al. [136], is a metric that considers word order and editing operations
such as insertion, deletion, and substitution, determining the minimum number of steps required

to align two sequences [133]. While simple and reproducible, WER struggles with issues like
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penalizing valid translations that differ in word order and failing to capture semantic or syntactic

nuances, especially in morphologically complex languages [124].

Extensions of WER, such as Position-Independent Word Error Rate (PER) and TER, address some
of these shortcomings by considering the reordering of words and phrases. For example, TER
incorporates block movements or shifts within the output sentence, which allows for more flexible
editing processes [135].

The BLEU metric, developed by Papineni et al. [137], is one of the most widely used language-
independent evaluation tools for MT. It measures the overlap between N-grams in the MT output
and reference translations, with a penalty for brevity to avoid favoring short translations [129,
135]. However, BLEU has limitations, such as its strict focus on N-gram precision without
considering recall, and its challenges in handling morphologically rich languages or syntactic
variation [134].

Metric for Evaluation of Translation with Explicit Ordering (METEOR), proposed by Banerjee
and Lavie [138], is another widely used automatic metric. METEOR improves upon BLEU by
considering recall alongside precision and incorporating stemming, synonym matching, and
reordering flexibility to better capture linguistic variation. This makes METEOR more sensitive
to meaning preservation and word choice, often resulting in higher correlation with human
judgments than BLEU [138, 139]. Despite its advantages, METEOR can be computationally
intensive and struggles with handling highly inflected languages or evaluating diverse sentence
structures [138].

National Institute of Standards and Technology (NIST), a variant of BLEU, improves upon it by
assigning weights to less common, more informative N-grams, providing a more nuanced
approach to sentence similarity [138]. However, NIST also struggles with the evaluation of

languages with complex morphology and fails to fully account for syntactic elements [135].

Global Translation Model (GTM) introduced by Turian et al. [139], evaluates the quality of text
by calculating precision, recall, and the harmonic mean (F-score) based on matching word
sequences between the hypothesis and reference. GTM prioritizes longer matching sequences and

correlates more strongly with human judgment than BLEU and NIST [130].
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2.8 Regularization Techniques in Neural Networks

Regularization in neural networks refers to a set of techniques designed to improve model
generalization by preventing overfitting. Overfitting occurs when a model performs exceedingly
well on training data but poorly on unseen data due to its excessive complexity, capturing noise
rather than underlying patterns [142]. This issue is common in neural networks because of their
high capacity to model complex relationships. As the model becomes more complex, the risk of

overfitting increases as it may memorize the training data rather than generalize from it [143, 144].

Historically, regularization methods such as L1 and L2 regularization were first introduced in
linear models and statistical learning [145]. These techniques have since been extended to neural
networks to manage complexity and enhance generalization. The evolution of regularization
methods in DL includes Dropout and Batch Normalization, which specifically address the
challenges posed by deep architectures [28, 146].

Regularization plays a crucial role in DNNs for several key reasons. Firstly, it helps prevent
overfitting, which is a common issue in large neural network models with extensive numbers of
parameters. By introducing constraints, regularization limits the model’s capacity, reducing the
likelihood of memorizing training data and enhancing performance on unseen data [147, 148].
Secondly, regularization improves the model's generalization ability by penalizing overly complex
models, ensuring that the network captures essential patterns rather than fitting to noise, which
promotes better generalization [10, 149]. Furthermore, as DL models increase in complexity with
numerous layers and parameters, the risk of overfitting grows. Regularization helps manage this
complexity by controlling the growth of model parameters through the introduction of penalties
[101, 150]. Finally, in situations where data is scarce, such as in low-resource language tasks,
regularization is particularly beneficial. It reduces the risk of overfitting in these small datasets,

enabling the model to handle limited data more effectively [151, 152].

Various regularization techniques employ distinct strategies to mitigate overfitting in neural
networks. L1 regularization adds a penalty equal to the absolute value of the magnitude of the
coefficients, which often results in sparse models by driving some weights to zero, effectively
performing feature selection [153, 154, 155]. In contrast, L2 regularization introduces a penalty
proportional to the square of the magnitude of the coefficients. This method encourages smaller,

non-zero weights, leading to a smoother model that avoids extreme parameter values [156, 157].
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Elastic Net combines the benefits of both L1 and L2 regularization, balancing sparsity from L1
with smoothness from L2, making it particularly useful when correlations exist between input
features [158, 159, 160]. Another widely used technique is dropout, proposed by [28], which
involves randomly setting a fraction of neurons to zero during each training iteration. This prevents
neurons from becoming overly reliant on specific patterns, thus reducing overfitting. The dropout
rate, which controls the fraction of neurons set to zero, is especially effective in deep networks
[161, 162]. Lastly, early stopping monitors the model's performance on a validation set and halts
training when the validation error begins to rise, indicating potential overfitting. While not a formal
regularization technique, early stopping helps prevent over-training and enhances the model's

generalization capabilities [163, 164].

The Transformer model architecture [10], known for its high capacity and flexibility, is prone to
overfitting due to its complexity and the large number of parameters it involves. Regularization
plays a crucial role in addressing this issue in Transformer-based models for several reasons.
Firstly, the high dimensionality of the self-attention (SA) mechanism results in a large number of
parameters, as it computes attention weights between every pair of input tokens, whether they are
words, subwords, or characters, depending on the type of input embeddings used. Regularization
techniques, such as dropout, help to mitigate overfitting by randomly dropping some of these
attention connections during training, thereby improving the model's generalization capabilities
[165, 166]. Secondly, the large parameter space in the Transformer, which often involves millions
of parameters, particularly in the multi-head attention mechanism, requires regularization to
prevent over-reliance on specific parameters. This helps the model to generalize better to unseen
data by encouraging it to distribute learning more evenly across the parameters [167, 168]. Finally,
for low-resource languages like Amharic, where training data is limited, the risk of overfitting is
particularly high. In these scenarios, regularization techniques are critical to improving the model’s

generalization and preventing it from overfitting to the sparse training data [169, 170].

2.9 Available Parallel Corpora for Amharic-to-English Machine Translation

In the rapidly evolving field of NMT, the availability and quality of parallel corpora are crucial for
developing effective translation models. The limited availability of high-quality datasets

intensifies the challenge of developing NMT for language pairs such as Amharic-to-English. Being
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a low-resource language, Amharic faces additional challenges in accessing sufficient linguistic
data.

There are a few options to find a parallel corpus for Amharic-English. One source is religious
documents like the Bible, which are available on platforms such as YouVersion?, Jehovah's
Witnesses (JW)3, the Ethiopic Bible*, and the Ebible®, all of which offer parallel Amharic and

English versions of religious documents.

Another option is legal documentation. The Ethiopian Legal Information Portal®, Chilot blog’, and
the FDRE Ministry of Justice's Negarit Gazeta® all provide parallel Amharic and English versions
of proclamations, legislation, and directives. Additionally, there is a GitHub repository® that offers

Ambharic-English parallel corpora, including the Bible, historical texts, and legal documents.

2 https://www.bible.com/

3 https://www.jw.org/

4 https://www.ethiopicbible.com/

S https://ebible.com/

6 https://lawethiopia.com/

" https://chilot.blog/

8 https://www.eag.gov.et/en-us/Laws/Law/Negarit-Gazeta

® https://github.com/MarsPanther/Amharic-English-Machine-Translation-Corpus
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Chapter 3
Related work

3.1 Introduction

This chapter presents a comprehensive review of research efforts in Transformer-based NMT,
focusing specifically on low-resource languages such as Amharic, which is both low-resource and
morphologically complex. Although NMT has made substantial progress with the advent of
Transformer architectures, accurately translating morphologically rich and underrepresented
languages remains a considerable challenge. Factors such as limited availability of parallel
corpora, linguistic diversity, and the inherent morphological complexity of these languages
contribute to the difficulty in achieving high-quality translations.

Previous studies have explored several strategies to address these challenges, including character-
level embeddings and subword modeling techniques, which are designed to capture the rich
morphological structure of languages and mitigate issues like OOV words. These approaches
improve translation accuracy by handling word variations more effectively, especially when
dealing with languages with complex word formations and sparse data resources. Additionally,
regularization techniques such as dropout, L1, L2, and Elastic Net, which are widely used across
DL tasks to prevent overfitting, have been adapted in NMT models to enhance performance on

small datasets.

This review highlights how these character-level and subword techniques, along with
regularization strategies, have been employed to address the specific challenges posed by low-
resource and morphologically complex languages like Amharic. It also discusses the limitations

of current approaches, setting the stage for the proposed model to address the existing gaps.

3.2 Character-Level Transformer Model for Neural Machine Translation

Character-level models have emerged as an effective solution to address the challenges posed by
low-resource languages. For instance, Banar et al. [171] introduced the CharTransformer, a model
that incorporates character embeddings into the Transformer architecture. This model successfully
managed linguistic phenomena such as transliteration and proper noun translation, outperforming

existing character-level models like CharRNN across various language pairs. Notably, the
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CharTransformer achieved a competitive BLEU score of 28.63 in the German-English translation
task, compared to 29.72 for subword-level Transformers, while also being 34% faster. This
efficiency highlights the potential of character-level models in low-resource settings. However,
the model faced challenges when dealing with languages with highly complex morphological

structures, underscoring the need for further exploration in this area.

3.3 Subword Modeling for Morphologically Rich Languages

Morphologically rich languages pose additional challenges in MT. Baniata et al. [172] addressed
these challenges in their Transformer-based NMT model, which translated Arabic vernaculars into
Modern Standard Arabic (MSA). By using a Word-Piece model to create subword units, their
approach effectively managed OOV words, resulting in a BLEU score of 63.71 for Levantine-to-
MSA translation. While this method proved strong in handling complex morphologies, its
application to other low-resource languages has yet to be fully generalized. This study emphasizes
the importance of subword models in improving NMT for languages with complex morphological

features.

In the context of Amharic-to-English translation, Andargachew Gezmu et al. [24] worked on
improving translation performance by applying subword-based models and transliteration
techniques. They used a transformer-based NMT architecture, testing three model sizes:
transformer-tiny, transformer-small, and transformer-large, each optimized for low-data settings.
The training data was the Amharic-English parallel corpus, consisting of 140,000 sentence pairs,
which they used to evaluate their models. The results showed that the transformer-tiny model
achieved BLEU scores of 24.0 for Amharic-to-English and 17.8 for English-to-Ambharic, while the
transformer-small model scored 25.4 and 18.9, respectively. The transformer-large model
performed the best, with BLEU scores of 32.2 for Amharic-to-English and 26.7 for English-to-
Ambharic translations. The study also compared various NMT models and found that subword-
based models consistently outperformed word-based models by about 3 to 4 BLEU points, with
the best subword-based models exceeding the baseline by 6 to 7 BLEU scores. However, one
limitation of the paper was the lack of a fully implemented character embedding approach, which
could potentially improve translation quality, especially given the complex morphology of the

Amharic language.
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Expanding on this, Tadesse Destaw Belay et al. [25] combined the multilingual pre-trained model
Facebook M2M100 with homophone normalization to improve English-Amharic translation
performance. They used a dataset of 8,603 parallel sentences. Their method significantly enhanced
translation quality, achieving a BLEU score of 34.12 for the standard model, and an even higher
score of 37.79 after applying homophone normalization for Amharic-to-English translation, setting
a new state-of-the-art result. This study demonstrated the value of using pre-trained models
alongside language-specific techniques, although relying on pre-trained models may limit
generalization in very low-resource environments. The key lessons from their work are that
subword modeling, along with linguistic methods like transliteration and homophone
normalization, is essential for improving Amharic-to-English translation. However, they noted
some limitations, particularly the relatively small dataset, which may affect the generalizability of
the findings. Future research with larger, more diverse datasets and improved embedding methods

is suggested to further advance Amharic-to-English MT.

Andargachew Gezmu and Nurnberger [26] conducted an in-depth exploration of NMT for low-
resource languages, particularly Amharic-English and Turkish-English translation pairs. Their
work utilized the Transformer-based architectures, proposing three variations:
TransformerShallowl, TransformerShallow2, and TransformerDeep, which were trained on
benchmark datasets, including the Amharic-English parallel corpus from the Data and Engineering
group at the University of Magdeburg® and Turkish-English datasets from the 18th Workshop on
Machine Translation (WMT18)!. The TransformerDeep model significantly outperformed the
baselines, achieving BLEU scores of 32.2 and 26.7 for Amharic-to-English and English-to-
Ambharic translations, respectively, while the best baseline (BaselineMERT) scored 25.8 and 20.2.
Similar improvements were observed in Turkish-English translations, where TransformerDeep
achieved 16.3 for Turkish-to-English and 12.6 for English-to-Turkish, compared to
BaselineMERT’s 10.7 and 7.8. They also highlighted the benefits of synthetic data generated from
the Contemporary Amharic Corpus!? (CACO) corpus, boosting BLEU scores further to 27.8.
Additionally, the authors introduced a morpheme-based model using MorphoSeg to address the

10 http://dx.doi.org/10.24352/ub.ovgu-2018-145
11 http://data.statmt.org/wmt18/translation-task/preprocessed/
12 http://dx.doi.org/10.24352/ub.ovgu-2018-144
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high OOV rate in Amharic, which demonstrated promising improvements with BLEU scores of
25.3 for Amharic-to-English and 30.1 for English-to-Amharic. However, they acknowledged
challenges such as extensive hyperparameter tuning in low-data conditions and morphological
complexity, suggesting room for further refinement.

In their subsequent work, Andargachew Gezmu and Nirnberger [27] focus on addressing the
challenges of NMT for low-resource fusion languages, particularly the Amharic-English
translation pair. They propose a word segmentation method called MorphoSeg, which is designed
to restore morpheme boundaries that have been altered by phonological and orthographic
processes in fusion languages. This method relies on a language’s morphological analyzer or
treebank, allowing more accurate segmentation of words into morphemes. The study compared
MorphoSeg with conventional subword segmentation methods such as Byte Pair Encoding (BPE),
Word-Piece, and Sentence Piece with Unigram Language Modeling (SPULM) using a baseline
Transformer-based architecture for their NMT system. The evaluation was conducted using an
Ambharic-English parallel corpus sourced from CACO, containing approximately 22 million
tokens.

Models were trained with varying vocabulary sizes, specifically 1K (1,000 unique tokens), 4K
(4,000 unique tokens), 8K (8,000 unique tokens), 16K (16,000 unique tokens), and 32K (32,000
unique tokens), referring to the number of unique subword units or tokens in the model's
vocabulary. The morpheme-based models, especially those using MorphoSeg, significantly
outperformed conventional subword models, with BLEU scores showing improvements such as
32.8 for the Word-Piece-4K model in Amharic-to-English translation compared to 32.2 for Word-
Piece-1K and 33.0 for Word-Piece-8K. In the English-to-Amharic direction, the Word-Piece-4K
model achieved a BLEU score of 26.1, while the Word-Piece-16K model scored 26.7. Gezmu and
Nurnberger acknowledged limitations, including the lack of part-of-speech disambiguation in
morphological analysis, which could impact segmentation accuracy. Additionally, they faced
resource constraints that limited them to a single run per configuration, suggesting that multiple
replications could lead to more robust results. While they noted that character embedding is an
extreme approach due to the longer sequences it generates, which creates challenges in both

modeling and computation, they also emphasized that character embeddings remain effective
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despite these challenges. However, the reliance on a morphological analyzer may limit the

method's applicability to languages that lack such resources.

3.4 Regularization Techniques in Low-Resource NMT and other DL Domains

Regularization techniques play a vital role in improving the performance of NMT models,
especially in low-resource settings where overfitting is a common challenge. Various methods
have been developed to address these issues, and recent studies highlight their importance in
enhancing model robustness and generalizability.

Vari§ and Bojar [174] introduced Elastic Weight Consolidation (EWC) to prevent overfitting
during fine-tuning with limited parallel data. Their approach achieved a BLEU score of 27.5 for
Basque-to-English translation. The strength of this technique lies in its ability to mitigate
overfitting effectively. However, its complexity of implementation may be a limitation. The key
takeaway from this study is that robust regularization techniques like EWC are critical in low-

resource settings.

Gao et al. [175] proposed Cross-lingual Consistency Regularization (CrossConST), a technique
aimed at enhancing multilingual NMT by enforcing consistency in semantic representations across
languages. This method significantly improved zero-shot translation performance, reaching a
BLEU score of 28.5 on the IWSLT17'3 benchmark. A notable strength of CrossConST is its
capacity to boost multilingual translation without the need for additional training data. However,
its application may be limited to multilingual systems. This study emphasizes the importance of
enforcing semantic consistency to improve generalization in NMT models, particularly in zero-

shot scenarios.

Fan et al. [29] introduced LayerDrop, a structured dropout method for Transformer architectures
that dynamically prunes layers during inference. Tested on the WMT English-German translation
benchmark, LayerDrop achieved a BLEU score of 30.2, surpassing the baseline Transformer score
of 29.3. The method's adaptability and efficiency are key strengths, though the complexity
involved in hyperparameter tuning may be challenging. The lesson learned from this work is the

effectiveness of structured pruning techniques in enhancing model efficiency and resilience.

13 https://paperswithcode.com/dataset/iwslt-2017
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Zhou et al. [30] developed DropHead, a regularization method that selectively drops entire
attention heads in Transformer models. This technique was evaluated on multiple NLP tasks,
including WMT14 English-to-German dataset'4, where it achieved a BLEU score of 29.9, and on
IWSLT14 German-to-English?®, reaching 34.4. A key advantage of DropHead is its ability to
reduce overfitting while improving model interpretability, although it introduces additional
computational overhead during training. The main takeaway is that attention-head-level

regularization significantly boosts performance and generalization.

Wu et al. [31] proposed UniDrop, a regularization method aimed at preventing overfitting in
Transformer models by combining three key dropout techniques: feature dropout (FD), structure
dropout (SD), and data dropout (DD), without significantly increasing computational costs. These
techniques target different levels of the model. FD removes specific features from input
representations to prevent overfitting at various stages, including four distinct types of feature
dropouts. SD eliminates entire components, such as layers, to regularize the learning process, while
DD omits words or tokens during training to enhance model robustness. The method was evaluated
on the IWSLT14 dataset, which includes language pairs such as English and German, Romanian,
Dutch, and Portuguese-Brazil, with approximately 170,000 to 190,000 translation pairs. BPE was

applied to handle the vocabulary.

The results showed that UniDrop enabled the Transformer model to achieve state-of-the-art
performance, particularly in the IWSLT14 Dutch -to-English translation task, with a BLEU score
of 36.88. An ablation study was performed, where each of the proposed dropout techniques was
removed in isolation to evaluate its specific contribution to the overall performance. The study
revealed that removing FD resulted in a BLEU score of 35.68, SD resulted in a score of 36.70, and
DD led to a score of 36.38. These results demonstrate that the removal of any proposed dropout
technique resulted in lower BLEU scores, justifying the necessity of each component in the
UniDrop method. However, the study acknowledged certain limitations, such as the possibility
that the proposed dropout techniques might not generalize well to all datasets or tasks.

14 https://paperswithcode.com/sota/machine-translation-on-wmt2014-english-german
15 https://paperswithcode.com/sota/machine-translation-on-wmt2014-german-english
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Moreover, insights from other DL domains can be applied to NMT regularization. For example,
Yang et al. [176] explored the application of L1 and L2 regularization on high-dimensional
datasets, while Farhadi et al. [17] integrated multiple regularization techniques to enhance CNN
performance. These principles of regularization, particularly the L1 and L2 methods, can be
adapted for NMT models to improve robustness and generalizability in low-resource

environments.

In their study, Farhadi et al. [17] address the overfitting problem in DL models, particularly deep
CNNs, by integrating L1, L2, Elastic Net regularization, and dropout methods. The CNN
architecture they designed consists of five convolutional layers and three fully connected layers.
Using a dataset of gold prices per ounce, the authors transformed the data into a regression format
and applied various regularization techniques. Among the different configurations, the Elastic Net
regularization yielded the best performance, with a mean squared error (MSE) of 0.0129773, root
mean squared error (RMSE) of 0.1139183, and mean absolute error (MAE) of 0.0748202. These
findings highlight the effectiveness of combining regularization techniques in improving the
accuracy and robustness of DL models.

On the other hand, Yang et al. [176] present significant findings regarding the impact of L1 and
L2 regularization on the performance of DNNs in predicting corporate credit risk. They highlight
a major limitation of traditional DNNs, where L1 regularization fails to function effectively when
batch normalization layers are used. To overcome this, they propose a high-dimensional deep
neural network (HDNN) that combines L1 regularization for feature selection and L2
regularization to mitigate overfitting. Their results demonstrate that the HDNN outperforms
standard DNNs and other ML models, such as Support Vector Machines and Logistic Regression.
In testing, the HDNN achieved an AUC of 80.12%, compared to Support Vector Machines with
an AUC of 73.8% and Logistic Regression with an AUC of 71.7%. Even with varying proportions
of training sets at 60%, 70%, and 80%, the HDNN consistently outperformed these models,
highlighting its robustness and predictive accuracy. This approach effectively balances feature
selection and generalization, making it particularly useful for handling high-dimensional data.
These findings underscore the critical role of regularization in improving the predictive accuracy
of DNNSs in various domains, including NMT, where text datasets are often high-dimensional due

to large vocabularies, variable sequence lengths, and complex contextual dependencies.
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Regularization techniques can therefore help NMT models handle this complexity, leading to more

robust and generalizable performance.

3.5 Summary

The reviewed works highlight significant advancements in NMT, particularly for low-resource
languages like Amharic. Subword modeling and character-level representations have shown
promise in handling OOV words and morphological complexity, while advanced regularization
techniques such as Elastic Weight Consolidation and Cross-lingual Consistency Regularization
have been instrumental in preventing overfitting in small datasets. However, challenges remain,
particularly in fully addressing the complexities of highly morphologically rich languages like

Ambharic and the generalization of techniques developed for more well-resourced languages.

This thesis aims to bridge these gaps by developing an optimized Transformer-based model for
Ambharic-to-English NMT. Specifically, it explores the use of character embeddings to better
handle the Amharic complex morphology and integrate regularization techniques such as L1, L2,
and Elastic Net to enhance the model’s robustness in low-resource settings. By doing so, this
research contributes to the development of more effective NMT systems for underrepresented

languages, providing a potential solution to the persistent challenges identified in the related work.
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Chapter 4
Design of the Proposed Model

4.1 Introduction

This chapter focuses on the design of a Transformer-based model for Amharic to English NMT.
The model is built on the foundation of the Transformer architecture introduced by Vaswani et al.
[10], with adjustments made to handle the translation from Amharic input sequences to accurate
English outputs. To better capture the complex linguistic structures of Ambharic, character
embeddings are used, allowing the model to represent detailed linguistic patterns more effectively.
The model also includes an advanced regularization technique in the Point-wise FFN to help
improve its generalization and prevent overfitting. This is important, especially when dealing with
the challenges of translating between two languages with significant structural differences. The
use of SA mechanisms and other DL techniques helps the model better understand and translate
long-range dependencies and the subtle meanings that can vary between Amharic and English. In
this chapter, the role of each component within the architecture is explained, along with the reasons
for their inclusion, providing a clear understanding of how the model works to achieve accurate

and contextually appropriate translations.

4.2 Proposed Model Architecture

The proposed Amharic to English Transformer-based NMT model architecture comprises essential
elements such as character vectorization, positional encoding, encoder stack, decoder stack, linear
vocabulary projection, softmax, and the output sequence. Character vectorization begins with
tokenization, where the Amharic input sequence is divided into characters, enabling the model to
capture the language's morphological complexity. These tokenized characters are then converted
into numerical representations, allowing the model to process fine-grained linguistic details at the
character level. After vectorization, positional encoding is applied to embed the positional
information of each character in the sequence, ensuring that the model recognizes the order of the
characters. The encoder stack processes these positionally encoded vectors through layers of multi-
head self-attention and point-wise FFNs, extracting relevant contextual information from the

Amharic input. The decoder stack uses these encoded representations, along with previously
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generated translation outputs, to predict the English sequence. This is followed by linear

vocabulary projection, transforming the decoder's outputs into a space corresponding to the target

or English vocabulary. Finally, the softmax layer generates a probability distribution over the

English vocabulary, producing the output sequence that completes the translation from Amharic

to English.
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4.2.1 Character Vectorization

In our approach, we propose using character-level embeddings, which utilize character-level
tokenization instead of the standard word embeddings. This method captures more fine-grained
linguistic nuances and handles OOV words more effectively. This strategy is particularly
beneficial for morphologically rich languages like Amharic, where words vary greatly. By
focusing on characters, our model more effectively captures the internal structure of words,

improving translation accuracy for both common and rare words.

Character embedding transforms each character into a dense vector of fixed dimensions. This
process is mathematically represented by transforming each character into a corresponding
embedding vector through multiplication with an embedding matrix. For instance, the Amharic
character ‘v’ is converted into its embedding vector, where the one-hot vector representing ‘U’ is

multiplied by the embedding matrix.

The preprocessing pipeline begins by reading the source language (Amharic) and target language
(English) sentences from text files. The data is then cleaned and normalized to ensure consistency
and address potential Unicode issues. In English, contractions like “don't” are expanded to “do
not” to simplify the text and reduce variability, enhancing the model's learning efficiency. In
Ambharic, Unicode ranges are employed to retain only relevant characters, including Amharic

script characters, punctuation marks, and numbers, while removing irrelevant ones.

For instance, for the following Amharic-English paired sentences “h#”'1 2°C%1 14 OAaoP3”
and “Exemption from Procedures”, after preprocessing, the Amharic sentence becomes a sequence
of Amharic characters: [, £, <1, <7, <22, ‘0, ‘D, 1, 0 T R, 0, N fam U,
“7’]. Similarly, the English sentence is tokenized into characters: [‘E’, ‘X’, ‘€’, ‘m’, ‘p’, ‘t’, ‘1’, ‘0’,
‘n, P o, me, 0 P e, o, e, ce, cd, U, e, Cs7).

Each character from the Amharic and English sequences is then converted into a dense vector
using the embedding matrix. For example, let us denote the character embeddings for Amharic
characters as Cy, Co, ...., Ch where n is the index of the last character. For example, for the first

character ‘n’, its embedding vector can be represented as:

Ci:E* Ii (3)
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wherei =1 .. ... n. This process is repeated for each character in both the Amharic and English

sentences, producing sequences of embedding vectors that represent the entire sentence.

For the given sentence pair, the first character ‘h’ in Amharic would be mapped to its
corresponding embedding vector, followed by vectors for ‘#*’, “7’, and so on. In English, the
character ‘E” would be mapped to its embedding vector, followed by vectors for ‘x’, ‘e’, etc. This
character-level tokenization method is particularly advantageous for Amharic, where the rich
morphology leads to many word variations. By focusing on characters, the model captures the
internal structure of words more effectively, which improves translation accuracy across both

common and rare words.

After tokenization, the data is filtered to remove zero-length sentences and tagged with special
tokens [start] and [end] to mark sentence boundaries. The data is then split into training, validation,
and test sets in a stratified manner to ensure representativeness across these sets. To convert the
text into sequences of integers, we utilize the TextVectorization layer from TensorFlow, which
tokenizes the text at the character level and maps each character to a unique integer, thereby
creating a vocabulary of characters. This vocabulary is built by adapting the TextVectorization
layer to the training data, ensuring that the model can recognize and process all characters in the

training set.

For instance, consider the previously tokenized Amharic sentence “hA”1 2°C% 1 14 WAoo Py
and its English counterpart “Exemption from Procedures”. In the text vectorization process, each
character from these sentences is mapped to a unique integer based on the vocabulary created by

the TextVectorization layer, which can be represented as:
V = Vectorize(C) 4)
where V is the vectorized representation of the text and C is the sequence of character embeddings.

For example, in the Amharic sentence, the character ‘h’ might be mapped to an integer such as 5,
while ‘2’ might be mapped to 12, and so on. Similarly, in the English sentence, the character ‘E’
might be mapped to an integer such as 3, and ‘x’ to 15. This conversion transforms the character

sequences into integer sequences, which can be processed by the model.

68



The mapping for the Amharic phrase “h”t1 22C% 1 14 OAaoP7” might look something like
this: [5,12,7,22,12,9,18,11,1,7,21,1, 12,10, 14, 8, 6] and for the English sentence “Exemption
from Procedures™: [3, 15, 9, 13, 16, 20, 11, 14,7, 1,6, 17, 14, 13, 1, 18, 17, 14, 19, 9, 16, 21, 5].

This vectorized representation is crucial as it converts the character sequences into a numerical

format that the neural network can process, thereby allowing the model to learn from and generate

text based on these sequences.

ALGORITHM 4.1: CHARACTER VECTORIZATION PROCESS

Input: Raw Amharic (source) text and English (target) text
Output: Sequence of character embedding vectors for both Amharic

and English

1
2
3
4

o U

10

11

Start
Preprocess the input text

Clean and normalize both Amharic and English texts
Remove irrelevant characters, retaining only Amharic and
English scripts, punctuation, and numbers

Tokenize the text into individual characters

Tokenize the Amharic text into individual Amharic
characters
Tokenize the English text into individual English
characters.

For each character in both tokenized sequence:

Convert each Amharic character to 1ts one-hot vector
representation
Convert each English character to its one-hot vector
representation

Multiply the one-hot wvectors by the corresponding embedding
matrix to obtain the character embeddings for both Amharic
and English

12 Return: The sequence of character embedding vectors for both

Amharic and English

13 End

4.2.2 Positional Encoding

To enable the proposed model to capture the order of the sequence, positional encoding is added

to the input embeddings. This encoding allows the model to distinguish between different positions

in the sequence, which is crucial for handling sequential data, such as characters.
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Positional encodings are derived using sinusoidal functions, ensuring that each position in the
sequence has a unique encoding, while nearby positions have similar encodings. This method helps
the model understand the relative positioning of tokens in the sequence, which is vital for tasks
like translation.

Considering the previously vectorized Amharic phrase “h#”t #°C%T 14 OAeoP?” and its
English counterpart “Exemption from Procedures”, let’s say we have an embedding dimension
dmodet = 512. For the first character ‘h’ at position 1, the positional encoding for the first dimension

(i.e., 1=0) would be calculated using (1) as:

PE(1,0)=sin( 10> (5)

1000512

for the next dimension (i.e., i = 1), the positional encoding would be calculated using (2) as:

PE(1,0)=cos( 12) (6)

1000512

This process is repeated for each character in both the Amharic and English sequences, generating

positional encodings that are added to the corresponding character embeddings. By combining
these positional encodings with the character embeddings, the model gains information about the
order of characters in the sequence, which enhances its ability to understand and generate text in
the correct order.

ALGORITHM 4.2: POSITIONAL ENCODING

Input: Sequence of character embeddings, maximum sequence length
(max len), embedding dimension (d model)
Output: Sequence of character embeddings with positional encoding

(PE) added
1 Start
2 For each position pos in the sequence (0 to max len-1)
3 For each dimension i in the embedding (0 to d model-1)
4 If 1 is even:
5 ‘PE(pos, i) = sin(pos / (10000"(2i/d model)))
6 Else
7 ‘PE(pos, i) = cos(pos / (10000” (2i/d model)))
8 Add the calculated ©positional encodings to the input
embeddings

9 Return: The combined embeddings and positional encodings
10 End

70



4.2.3 Encoder Stack

Our proposed model architecture comprises an Encoder stack and a Decoder stack, designed
specifically for Amharic-to-English translation. The foundation of our model is the Scaled Dot-
Product Attention mechanism, which allows the model to focus on the most relevant parts of the

input sequence by calculating attention scores.

The Encoder stack consists of multiple layers, with each layer containing Multi-Head Attention
and FFNs. The role of the Encoder is to process the source language (Amharic) input sequence
and generate a contextually rich representation of it. To ensure the model captures the sequential

nature of the input, positional encoding is added to the input embeddings.

The Multi-Head Self-Attention mechanism within the Encoder enables each token in the input
sequence (Amharic characters) to attend to all other tokens in the sequence. This is computed using
scaled dot-product attention, where the query, key, and value vectors are derived from the same
input sequence. This mechanism allows the Encoder to capture complex relationships between
tokens, improving the model's ability to represent the input sequence in a meaningful way for

translation.

For the input sequence “h2”'t £2C% 1 12 AAao P77’ the characters ‘0, <22, <, <, 7, *C’,
G R 0 Y, A, ca’ ‘U, and P are passed into the Encoder as individual

embeddings. Let the sequence of characters be represented as: [C;, C5, Cs. . ., Cyl.

Each character C; is first embedded into a vector X;, and then these embeddings are transformed
into query (Q), key (K), and value (V) vectors through learned weight matrices Wgq, Wk, and Wy,
respectively. The transformations for each character in the sequence are given by:

Qi = XiWQ! Ki = XiWk' Vi = XiWV Vi € {l, i+ 1, W L+ Tl} (7)
For instance, the transformations for the first character C;= ‘h’ are:
Q= X1WQ' Ky = XiWy, Vi = X,1Wy (8)

where X; represents the embedding of the character ‘0, and W,, Wy, and W, are the weight

matrices for query, key, and value transformations, respectively.
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This transformation applies to all characters in the sequence, with X; representing the embedding
of each character at position i, and the weight matrices Wgq, Wk, and Wy used to produce the query,

key, and value vectors for each respective character.

The attention scores are then computed for each pair of characters using the following formula:
: : QciKcyyy
attention_scores_i = ——=— 9

where dk is the dimension of the key vectors. This scaling factor of \/dy ensures stable gradients
during training. @, is the query vector for character i, derived from its embedding, and K, is

the key vector for i+1, also derived from its embedding. The dot product QCL.KCTL_+1 measures the

attention that Ci should pay to Ci+1 scaled by /dy (the square root of the key vector
dimensionality) for gradient stability. This process continues for all consecutive pairs of
characters, calculating the attention scores between C1 and C,, C2 and Cs, and so forth, up to C,—;

and Chor Cjand Ci+1 wherei=1.... n.

For instance, the attention score between “h’ represented by C; and ‘#*’ represented by Co, in the
given sequence of characters. using (9) is computed as:

T
QClKCZ

Jax

attention_scores_1 = (10)

The computed attention scores are then applied to the value vectors, allowing the proposed model
to focus on the most relevant parts of the input when processing each character. The final attention
output for each character is a weighted sum of the value vectors, enabling the proposed model to
generate a contextually rich representation of the input sequence by capturing specific
relationships between characters. Each Encoder layer includes this Multi-Head Attention

mechanism, as well as a Point-wise FFN.

The FFN consists of two fully connected layers separated by a ReL U activation, enabling complex
data transformations. To stabilize learning and facilitate gradient propagation, residual connections

and layer normalization are applied around both the Multi-Head Attention and FFN components.
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ALGORITHM 4.3: ENCODER STACK PROCESSING

Input: Sequence of character embeddings with positional encoding,

denoted as X

Output: Contextualized representation of the input sequence

1

[ VVI V)

10

11

Start

For each Encoder layer

End

Apply Multi-Head Attention

Compute the queries (Q), keys (K), and values (V)
Q = X * Wo K =X * Wk V = X * Wy
Calculate the scaled dot product of Q and K
QKT = Q * K T

/* where K"T 1s the transpose of the matrix K,
switching its rows and columns */
Apply softmax to the scaled dot product

Attention(Q, K, V) = softmax(QK"T / sqgrt(d k)) * V
/* where d K is the dimensionality of the keys, and
the division by sqgrt d k is used to scale the dot
product to avoid large values that could lead to small
gradients */

Residual Connection and Layer Normalization

LayerNorm (X + MultiHeadAttention (X))

Apply the Point-wise FFN with combined regularization

FFN (X) #(see Algorithms 4.5, 4.6 and 4.7)

Residual Connection and Layer Normalization

LayerNorm (X + FFN (X))

Return: The final layer output

#Output generated by the last Encoder layer

4.2.4 Decoder Stack

The Decoder stack mirrors the Encoder but includes additional components for generating the

English or target language sequence. It processes the Encoder's output along with previously

generated tokens in the target sequence. Each Decoder layer consists of Masked Multi-Head Self-

Attention, which functions similarly to the multi-head attention used in the Encoder but with a

crucial difference: it is masked to prevent the Decoder from attending to future tokens during

training. The mask ensures that the prediction for a given token can only depend on previously

generated tokens, preserving the autoregressive nature of translation generation. In this case, the
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attention mechanism is considered self-attention because the model is attending to the target
sequence it is generating. The Masked Multi-Head Self-Attention is defined as:

T
Attention(Q,K,V) = Softmax (% + M) * V (12)

Where Q (Query) is a matrix derived from the current token's hidden state, K (Key) is a matrix
representing the hidden states of previous tokens, and V (Value) is a matrix representing either
token embeddings or hidden states used for generating output. The term dy refers to the
dimensionality of the keys and queries, used to scale the dot product. The matrix K7 represents
the transpose of the Key matrix, where rows and columns of K are swapped, allowing for the dot

product QKT, which computes the similarity between queries and keys. The scaled dot product
ensures that the resulting values are normalized by dividing by /dy preventing large values from

dominating the softmax function. The mask matrix M is then applied to ensure that the model does

not attend to future tokens during training, enforcing an autoregressive pattern.

For example, during training, when generating the target sequence “Exemption from Procedures”
from the source “h/”1 2°C% 1 14 hAaoP7”, at any point in time, the proposed model can only
attend to previously generated tokens in the target sequence. Masked Multi-Head Self-Attention
ensures that, when predicting the token ‘m’ in the word “Exemption”, the model can only attend
to the earlier tokens ‘E’, ‘x’, and ‘e’. It cannot access subsequent tokens like ‘p’, ‘t’, and ‘1’,
preserving the left-to-right decoding order. This masking mechanism enforces a strict
autoregressive pattern, where the model learns to predict each token based only on the tokens it

has generated so far, without seeing future tokens.

After processing the target sequence with Masked Multi-Head Self-Attention, the Decoder applies
another multi-head attention mechanism: the Multi-Head Encoder-Decoder Attention, which is an
example of cross-attention. Unlike self-attention, cross-attention allows the Decoder to attend to
the output from the Encoder. In this case, the query vectors come from the Decoder's current state,
which is the partial English target sequence generated so far, while the key and value vectors come
from the Encoder's output, which represents the encoded Amharic source sequence. The cross-
attention mechanism allows the Decoder to focus on relevant parts of the Amharic source sequence
when generating the English target sequence, using information from the entire input sequence

rather than just attending to the target sequence, as it does with self-attention.
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For instance, when the Decoder is generating the English translation for “h#”% A2C% 1 ("from
procedures™), the Multi-Head Encoder-Decoder Attention allows it to attend to the relevant source
tokens such as ‘h’, <22’ <, <>, “#*’,*C’, “%’, and “I*’. The query vectors from the Decoder focus
on the target tokens generated so far, such as ‘E’, ‘x’, ‘¢’, ‘m’, ‘p’, ‘t’, i’, ‘0’, and ‘n’, while the
key and value vectors from the Encoder highlight the source tokens corresponding to “h/*%
22C% 1. This attention mechanism ensures that the model generates the translation correctly by
aligning the source and target tokens effectively. In both attention mechanisms, the scaled dot
product is critical to ensure that the similarity scores between query and key vectors are
normalized, thus preventing any single value from disproportionately influencing the attention
weights after applying the softmax function. By utilizing both self-attention within the target
sequence, English, and cross-attention from the source sequence, Amharic, the Decoder generates
the English translation, informed by the preceding context and aligned with the original Amharic

input.

The point-wise FFN within both the encoder and decoder of the transformer model architecture is
integral to transforming high-dimensional representations generated by the attention mechanisms
into more refined and task-specific features. Despite its importance, the FFN’s dense connections
and high dimensionality make it particularly prone to overfitting, a challenge worsened by the
limited training data often available for low-resource languages like Amharic. Overfitting in this
context can lead to the model memorizing specific patterns in the training data, rather than learning

generalizable linguistic structures, which diminishes its performance on unseen data.

To address overfitting in our proposed model, we applied advanced regularization techniques
specifically within the FFN, integrating standard dropout with L1, L2, and Elastic Net
regularization to encourage smaller, more meaningful weights. Focusing on the FFN leverages its
crucial role in transforming attention-derived features into outputs for translation tasks, directly
impacting the model’s ability to capture complex dependencies. While our current emphasis is on
the FFN, this combined regularization approach could also be applied effectively to other layers

within the Transformer, establishing a foundation for future model enhancements.
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ALGORITHM 4.4 : DECODER STACK PROCESSING

Input: Encoder output, previously generated target (English)sequence
Output: Probability distribution (PD) over next token

1

2
3
4

10
11
12
13

14
15

Start
For each Decoder layer

Apply Masked Multi-Head Self-Attention
Apply attention to the target sequence with a mask to prevent
attending to future tokens
Compute Query (Q), Key (K), and Value (V) matrices from the
target sequence Y:

Q = YW K= YWg V = YWy
#fwhere Wo, Wk, and Wy are the projection weight matrices
Compute Masked attention as:

Attention(Q, K, V) = softmax((QK"T / sqgrt(dx)) + M) * V
/* where, M represents the mask matrix that prevents
attention to future tokens, and dx is the dimensionality of
the key vectors */

Apply Residual Connection and Layer Normalization:

Output = LayerNorm(Y + Masked Multi-Head Self-Attention(Y))
Apply multi-head attention Dbetween the target (English)
sequence and encoder output
The Query (Q) comes from the Decoder's current state, while
the Key (K) and Value (V) come from the Encoder's output E:

Q = YWq, K = EWg, V = EWy
Compute the attention
Attention(Q, K, V) = softmax (QK"T / sqgrt(dk)) * V
Apply Residual Connection and Layer Normalization
Output = LayerNorm (Y + Multi-Head Self Attention(Y, E))
Apply the Point-Wise FFN with combined regularization
FFN(Y) #(see Algorithms 4.5, 4.6 and 4.7)
Apply Residual Connection and Layer Normalization:
Output = LayerNorm(Y + FEFN(Y))

Apply linear vocabulary projection and softmax

The final Decoder output is projected to the vocabulary size
and passed through a softmax to compute probabilities:
PD = softmax(Linear Vocabulary Projection(Y))

16 Return: PD over the vocabulary for the next token
17 End
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Standard dropout is employed to randomly deactivate a subset of neurons in the proposed model,
preventing the FFN from becoming overly reliant on particular pathways and encouraging more
robust learning. By randomly setting a fraction of the input units to zero during each update,

dropout reduces interdependent learning among neurons.
y =dropout (x,p) (12)

where x denotes the input vector, p is the dropout rate (the probability of setting a unit to zero),
and y is the resulting output vector after dropout has been applied. This technique mitigates
overfitting by ensuring that no single neuron is only responsible for predictions, thereby promoting

generalization.

L1 regularization encourages sparsity in the proposed model by penalizing the absolute values of
the weights. This can lead to a more interpretable model and reduce the reliance on specific
features. The penalty applied by L1 regularization is given by:

L1_Penalty = A);|w;] (13)

where A is the regularization strength parameter controlling the impact of the L1 regularization on
the overall loss function, i denotes the index of each weight in the model, and w; represents the
individual weights.

L1 regularization promotes sparsity in the network by pushing many weights towards zero, aiding
in feature selection. When combined with dropout, this creates a powerful regularization effect.
Dropout randomly deactivates a portion of neurons during training, preventing complex co-
adaptations and forcing the model to learn more robust features. The interaction between L1 and
dropout is complementary: L1 encourages sparse representation, while dropout ensures this
sparsity is distributed across different feature sets in each training iteration. This combination is
particularly effective in preventing overfitting, especially with highly correlated input features or

limited training data.
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ALGORITHM 4.5: L1 REGULARIZATION COMBINED WITH DROPOUT IN THE POINT-WISE FFN

Input: Input tensor for the Point-wise FFN layer
Output: Regularized and normalized output tensor
1 Start

2 Initialize the L1 regularizer with A as the regularization

strength parameter controlling the impact of L1
regularization
3 Define the point-wise FFN
4 Create a Sequential model
5 Add the first Dense layer with the hidden layer dimension
units, ReLU activation, and L1 regularization
6 Add the second Dense layer with the model dimension units
and L1 regularization
7 Add a Dropout layer to reduce over-reliance on specific
neurons, complementing the sparsity induced by L1
regularization
8 Add a Layer Normalization layer to stabilize and
accelerate training

9 Implement the Point-wise FFN in the model

10 Process the input tensor through the Point-wise FFN
11 Return: The processed output tensor

12 End

L2 regularization helps prevent individual weights from becoming too large, promoting a more
balanced and stable learning process in the proposed model. This regularization method
encourages the model to distribute the weight values more evenly, reducing the risk of overfitting.
The penalty applied by L2 regularization is given by:

L2_Penalty = 1¥; w? (14)

where A is the regularization strength parameter that controls the impact of L2 regularization on
the overall loss function, i denotes the index of each weight in the model, and w; represents the
individual weights in the model.

L2 regularization, also known as weight decay, encourages the model to use all inputs moderately
rather than relying heavily on a few. It adds a penalty term proportional to the sum of squared
weights, leading to smaller weights across the board. The combination with dropout creates a

balanced regularization effect. While L2 pushes all weights to be small but non-zero, dropout
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effectively creates many different 'thinned' networks during training. This synergy provides
consistent pressure to keep weights small while introducing randomness that prevents over-
dependence on specific neurons. The result is a model that spreads learning across all neurons,
enhancing robustness and reducing the risk of overfitting. This approach is especially beneficial
in transformer-based NMT models for low-resource languages, where overfitting is a significant

concern.

ALGORITHM 4.6: L2 REGULARIZATION COMBINED WITH DROPOUT IN THE POINT-WISE FFEN

Input: Input tensor for the Point-wise FFN layer
Output: Regularized and normalized output tensor
1 Start

2 TInitialize the L2 regularizer with A as the regularization

strength parameter controlling the impact of L2
regularization
3 Define the point-wise FFN

4 Create a Sequential model

5 Add the first Dense layer with the hidden layer dimension
units, ReLU activation, and L2 regularization

6 Add the second Dense layer with the model dimension units
and L2 regularization

7 Add a Dropout layer to reduce the risk of co-adaptation
among neurons, complementing the balance induced by L2
regularization

8 Add a Layer Normalization layer to stabilize and
accelerate training

8 Implement the Point-wise FFN in the model

10 Process the input tensor through the Point-wise FFN
11 Return: The processed output tensor

12 End

Elastic net regularization, which combines both L1 and L2 penalties, offers a balanced approach
that utilize the benefits of both methods. By blending the strengths of L1 and L2, this approach
provides a robust regularization framework that can adapt to various types of model
configurations, making it particularly effective in the proposed model. The penalty applied by
Elastic Net regularization is given by:

Elastic_Net_Penalty = A (1;—p Yiwi + pZiIWil) (15)
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where A is the overall regularization strength, p is the mixing parameter between L1 and L2

penalties and where w; represents the weights of the model.

ALGORITHM 4.7: ELASTIC NET REGULARIZATION COMBINED WITH DROPOUT IN THE POINT-
WISE FFEN
Input: Input tensor for the Point-wise FFN layer

Output: Regularized and normalized output tensor
1 Start
2 Initialize the Elastic Net regularizer with A as the overall

regularization strength and p as the mixing parameter
between L1 and L2 penalties
3 Define the point-wise FFN

=8

Create a Sequential model

5 Add the first Dense layer with the hidden layer dimension
units, RelLU activation, and Elastic Net regularization

6 Add the second Dense layer with the model dimension units
and Elastic Net regularization

7 Add a Dropout layer to complement the mixed regularization
effects of L1 and L2 (with mixing parameter p) by
preventing the model from overfitting to specific neurons
8 Add a Layer Normalization layer to stabilize and

accelerate training

9 Implement the Point-wise FFN in the model

10 Process the input tensor through the Point-wise FFN
11 Return: The processed output tensor

12 End

Elastic Net regularization combines L1 and L2 penalties, offering a balanced approach that
leverages the benefits of both methods. This combination aims to maintain L1's feature selection
properties while benefiting from L2's stability and generalization improvements. When used with
dropout, it creates a powerful three-way regularization effect. The L1 component promotes
sparsity and aids in feature selection, the L2 component encourages smaller weights across the
board, and dropout ensures the network doesn't overly rely on specific features or neurons. This
combination results in a highly regularized model capable of capturing complex data patterns while
maintaining good generalization. The interaction between Elastic Net and dropout allows for fine-
tuned regularization by adjusting the mixing parameter and dropout rate, making it adaptable to
various data characteristics and problem types.
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4.2.5 Linear Vocabulary Projection and Softmax

After the Decoder stack, the output undergoes two final transformations: a Linear VVocabulary
Projection layer followed by a Softmax function. The Linear layer transforms the high-dimensional
output into the vocabulary space or dimension of the target language (English), preparing the data

for the final classification step. This linear transformation can be expressed as:

Z=WxX+b (16)
where Z is the output of the linear layer, W is the weight matrix, X is the input to the linear layer,

and b is the bias term.

Following this linear transformation, the Softmax function is applied. This function converts the
output scores into probabilities, indicating the likelihood of each token being the correct one in the

sequence. The Softmax function is defined as:

Softmax (Z); = ZKL
K

=1 62K

(17)

where Zjis the j-th element of the input vector z and K the number of possible tokens.

Together, these two operations play a critical role in the final stage of translation. The Linear
Vocabulary Projection layer maps the Decoder’s output to the target or English vocabulary space,
while the Softmax function normalizes these scores into a probability distribution over possible
tokens, enabling the model to make its final prediction for each position in the output sequence.

The linear vocabulary projection and softmax algorithm is presented in Algorithm 4.8.

4.2.6 Output Sequence

The final component of our proposed model involves generating the output sequence by iteratively
selecting tokens based on the probabilities computed by the Softmax layer. For each time step, the
token with the highest probability is chosen as the next word in the sequence. This process

continues until the entire output sequence is generated.

The token selection at each time step t can be formally expressed as:

v = argmax (softmax ((z;))) (18)

where y, is the token selected at time step t and z; is the linear layer output at time step t.
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The argmax function identifies the index of the maximum value from the Softmax output
probabilities, effectively selecting the token with the highest predicted probability as the next word
in the generated sequence. This iterative process continues until either an end-of-sequence token
is generated or a predetermined maximum sequence length is reached, resulting in the complete

translated output. The output sequence generation algorithm is presented in Algorithm 4.9.

ALGORITHM 4.8: LINEAR VOCABULARY PROJECTION AND SOFTMAX

Input: Decoder output X (from the final decoder layer)
Output: Probability distribution (PD) over the target (English)
vocabulary
1 Start
2 Apply Linear Projection:
Z =W * X+ Db
/* WERY is the weight matrix, projecting the decoder output

into the vocabulary space of size k, X€ERY is the decoder output
from the final decoder layer, with d Dbeing the hidden
dimension of the model, bERkKk is the bias vector and the output
ZERkK 1is a vector of logits, representing the unnormalized
scores for each token in the vocabulary */

3 Apply Softmax

'

For each token j in the vocabulary
5 P(j) = exp(Zi) / sum(exp(Zx) for all k)
/* Zs5 1s the J-th element of the input vector Z,
representing the logit (unnormalized score) for token 7j,
k is the total number of possible tokens (vocabulary
size) and the denominator sums over all k tokens,
ensuring that the output 1is a wvalid probability
distribution */
6 Return:
PD = [Softmax(Z):1 (Pl), Softmax(Z): (P2) .., Softmax(Z)k (Pk)]
/* Return PD, which contains the probabilities for each token
in the target (English) vocabulary */
7 End
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ALGORITHM 4.9: OUTPUT SEQUENCE GENERATION

Input: Proposed trained Transformer Model for Amharic-to-English

Neural Machine Translation and an Amharic phrase or
sentence

Output: Translated English phrase or sentence

1 Start

2 Encode the Amharic sentence or phrase using the Encoder stack

3 Initialize English sequence with start token

4 While the end token has not been generated and the length of
the sequence is less than the maximum length

5 Pass the current English sequence and the Encoder stack

output through the Decoder stack

6 Get probability distribution for the next token

7 Select the token with the highest probability

8 Append the selected token to the English sequence

9 Return: Generated English sequence

10 End
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Chapter 5
Experimentations and Evaluation

5.1 Introduction

To validate the effectiveness of our proposed Transformer-based Amharic-to-English NMT
model, a series of experiments were conducted. This chapter outlines the data collection process,
the experimental system environment, and the experiments performed on both the baseline
Transformer model and our proposed model, which incorporates character embedding and various
combined regularization techniques applied in the FFN. Additionally, the implications and
interpretations of the experimental results are discussed by comparing the models to each other
and to previous benchmarks.

5.2 Dataset Collection

For our experiments, we utilized a dataset consisting of 100,481 Amharic-English sentence pairs.
These data were sourced from various parallel corpora, as discussed in Chapter 2, Section 2.8,
including religious and legal documents. Of the total paired dataset, 77.97% (78,345 sentence
pairs) are from religious texts, primarily from the Bible, while the remaining 22.03% (22,136
sentence pairs) are derived from legal documents such as proclamations, directives, and

legislations.

5.3 Experimental System Environment

In order to experiment with the baseline and our proposed model, the system environment was
carefully selected to ensure optimal performance for the computationally intensive tasks involved
in training the Transformer-based NMT model. The experiments were conducted on a
subscription-based cloud computing environment, Google Colab Pro+, which provided access to
NVIDIA A100 GPUs with 40GB of GPU memory and 100GB of disk space. These resources were
critical for fully supporting character-level embeddings and managing the large computational load

required for the multi-head attention mechanisms in our proposed model.

Python 3.9 was selected as the programming language for its rich ecosystem of libraries suited to

our experiments. The model implementation was built using TensorFlow 2.15.1, a DL framework
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known for its efficient GPU acceleration, which ensured optimal performance during training and
testing. TensorFlow’s extensive support for neural networks made it an ideal choice for building
the Transformer architecture, including components such as the self-attention mechanism,

encoder-decoder stacks, and FFNs.

The following packages were employed to support various aspects of the baseline and our

proposed models:

e NumPy: This package was used for handling numerical computations in the model,
especially for matrix operations, which are crucial when processing large input data for
character embeddings and attention mechanisms.

e Pandas: In the context of our proposed model, pandas was used for managing and
manipulating the Ambharic-English sentence pairs. It efficiently handled data loading,
structuring, and preprocessing, allowing us to organize and analyze the parallel corpora
before feeding the data into the model for training.

e Matplotlib: This visualization library was utilized to plot the cumulative token frequency
distribution and token frequency distribution for both Amharic and English. It was also
utilized to plot the learning curves of the baseline and our proposed models, showing key
metrics such as training and validation loss, as well as accuracy, helping us monitor the
model's performance during the training phase.

e Adam Optimizer: The Adam optimizer was employed for its adaptive learning rate
capabilities, which allowed the model to converge faster. This was critical given the
complexity of training a Transformer-based model with character-level embeddings. To
further improve the optimization process, a PolynomialDecay schedule was applied,
gradually reducing the learning rate over time.

e BLEU Score (NLTK): The BLEU score module from NLTK was used to evaluate the
translation performance of the model, providing a quantitative assessment of how well the

model translated Amharic sentences into English.

5.4 Dataset Preparation

The dataset preparation phase began with the upload of two text files, “Ambharic.txt” and
“English.txt”, to Google Drive. These files contained parallel sentences in Amharic and English,
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respectively. The files were then loaded into Google Colab with careful attention to encoding to

ensure proper handling of Amharic characters.

The initial step in preprocessing involved cleaning the raw text data. For Amharic text, a
specialized function was developed to remove any characters that were not part of the Amharic
Unicode range (U+1200 to U+137F), Amharic punctuation marks (U+1361 to U+1368), Amharic
numerals (U+1369 to U+1371), or Arabic digits (U+0030 to U+0039). This ensured that only valid
Ambharic text remained. Additionally, homoglyphs normalization was performed for Amharic
characters such as a and 0, U, ch, and *1, as well as A and v, and A and 0. For English text, the
preprocessing included expanding contractions, for example "don't" to "do not", "I'm" to "'l am"
and so on to standardize the text. Unicode normalization was also applied to ensure consistent
representation of characters, especially for handling any non-ASCII characters that might appear

in the English text.

After the initial cleaning, the dataset consisted of 100,481 sentence pairs. To ensure a balanced
dataset suitable for our baseline and proposed model training, sentences were filtered based on
length. The minimum sentence length was 1 word, while the maximum was 229 words for both
languages. This filtering process resulted in a slightly reduced dataset of 100,450 pairs, which were

then ready for further processing and splitting.

The dataset was divided into training, validation, and test sets using a stratified sampling approach.
This method ensures that the distribution of sentence lengths is similar across all sets, which is
crucial for maintaining the dataset's representativeness. Stratified sampling was chosen because it
helps to preserve the proportion of different sentence lengths in each subset, which is important
for training a model that can handle various sentence structures effectively. The split resulted in
64,288 pairs (64%) for training, 16,072 pairs (16%) for validation, and 20,090 pairs (20%) for

testing.

The training dataset is used to train both the baseline and proposed models on translation patterns.
During each training epoch, the model adjusts its parameters based on the errors it makes on this
dataset. The validation set plays a crucial role in the training process by providing an unbiased
evaluation of the model's performance after each epoch. It helps in hyperparameter tuning by
allowing us to adjust parameters such as learning rate, batch size, or model architecture to improve

generalization. Additionally, the validation dataset is useful for early stopping. If the model's

86



performance on the validation set starts to degrade while still improving on the training set, it
indicates overfitting. This signals that training should be stopped to prevent the model from
memorizing the training data. The test set, which is completely held out during training and

validation, provides a final, unbiased evaluation of the model's performance on unseen data.

To better understand the token distribution in our dataset, we analyzed the frequency of tokens in
both Amharic and English. We generated cumulative token frequency and token frequency
distribution plots for both languages. These figures illustrate the distribution of token frequencies
in our dataset. The cumulative frequency plots show how many tokens are required to cover a
certain percentage of the text. The token frequency distributions demonstrate the long-tail nature
of both Amharic and English, where a small number of tokens occur very frequently, while a large

number of tokens appear rarely.

Figure 5.1 and Figure 5.2 show the cumulative token frequency and token frequency distribution
for Amharic, respectively.
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Figure 5.1: Amharic Cumulative Token frequency distribution
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Figure 5.2: Amharic Token frequency distribution

Similarly, Figure 3 and Figure 4 present the cumulative token frequency and token frequency

distribution for English.
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Figure 5.3: English Cumulative Token frequency distribution
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Figure 5.4: English Token frequency distribution

For our baseline transformer model which utilizes word embedding, tokenization was performed
by splitting the text on whitespace. The maximum number of tokens observed in the Amharic
sentences was 179, while for English it was 162. To determine a balanced sequence length for
padding or truncation, the 95th percentile of token counts was calculated, resulting in 31 tokens
for Amharic and 46 for English. These values were chosen to cover the majority of sentences

without excessive padding, which could lead to inefficient processing.

Text vectorization was then applied to convert the tokenized text into integer sequences. The
TextVectorization layer from TensorFlow's Keras APl was utilized to convert the preprocessed or
tokenized Amharic and English texts in both word and character embeddings. This layer handles
the process of converting text strings to sequences of integer indices, making it easier to feed the
data into the neural network. For word-level embedding, the vocabulary size for Amharic was
found to be 146,221 unique words, while English had 62,960. This significant difference in
vocabulary size reflects the morphological richness of the Amharic language compared to English.

For our proposed model which utilizes character-level embedding, a similar process was followed,
but with characters as the basic units instead of words. The TextVectorization layer was configured
to split the text into individual characters rather than words. The maximum sequence length for

Amharic characters was 1,053, and for English, it was 1,733. The character-level vocabulary sizes
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were much smaller: 318 for Amharic and 55 for English, reflecting the limited set of characters
used in each language. This approach allows the model to learn sub-word patterns and may be

particularly beneficial for morphologically rich languages like Amharic.

This comprehensive analysis of frequency distribution for tokens and characters helped in
determining appropriate sequence lengths and vocabulary sizes for both word and character-level
models, striking a balance between coverage and computational efficiency.

5.5 Experiments and Results

We conducted experiments on both the baseline Transformer model and our proposed Transformer
model, which incorporates character embedding and combined regularization techniques in the
Point-wise FFN. The details of each experiment, along with the results for both models, are

presented in the following subsections.

5.5.1 Experiment on the Baseline Transformer Model

We first conducted experiments on the baseline Transformer model proposed by Vaswani et al.
[10] using standard word embedding. The model was configured with a sequence length of 64,
determined based on the 95th percentile token counts in both languages: 31 tokens for Amharic
and 46 tokens for English, as indicated in section 5.4. A sequence length of 64 was chosen to
ensure sufficient coverage of most sentences in both languages, allowing the model to capture the

majority of linguistic patterns while maintaining computational efficiency.

Other model configurations included a batch size of 64, an embedding dimension of 256, a latent
dimension of 512, eight attention heads, five encoder and decoder layers, and a dropout rate of 0.3.
The dropout was applied similarly to the residual dropout in the original Transformer model [10].
The model was compiled using the Adam optimizer with a custom learning rate schedule, and the
loss function used was SparseCategoricalCrossentropy, which is implemented in the TensorFlow
tf.keras.losses module. This loss function is commonly used for multi-class classification
problems, particularly when dealing with integer labels, and works by comparing the predicted

class probabilities to the actual class labels, using an efficient sparse representation.
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The model, comprising 75,012,848 parameters (286.15 MB), was trained on the training dataset
for 20 epochs, with early stopping implemented to prevent overfitting. Early stopping monitored
the validation dataset performance, halting training if the validation loss stopped improving for 5
consecutive epochs. This approach ensured that the model did not overfit to the training data while

still aiming for optimal generalization.

S+¥ Model: "transformer”

Layer (type) OQutput Shape Param #
“encoder (Encoder)  multiple 39545088
decoder (Decoder) multiple 19287040
dense 64 (Dense) multiple 16180720

Total params: 75012848 (286.15 MB)
Trainable params: 75012848 (286.15 MB)
Non-trainable params: © (0.0 Byte)

Figure 5.5: Screenshot of the Baseline Transformer Model Summary

The training process yielded an average training accuracy of 0.6716, an average training loss of
2.1488, an average validation accuracy of 0.6558, and an average validation loss of 2.3977.

2~ Total Average Results:
Total Average Train Accuracy: ©.6716
Total Average Trailn Loss: 2.1488
Total Average Vvalidation Accuracy: ©.6558
Total Average Validation Loss: 2.3977
Total Time Taken for Training: 61208.39 seconds

Figure 5.6: Screenshot of the Baseline Model Training Results
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Figure 5.7: Training and Validation Loss and Accuracy Curves for the baseline Transformer
model with Word Embedding and Dropout only

When evaluated on a test dataset of 20,090 pairs, the baseline model achieved a test loss of 2.2087

and a test accuracy of 0.6832.

=S¥ Test loss: 2.2087487965632397
Test accuracy: ©.6832802547770697

Figure 5.8: Screenshot of the Baseline Model Evaluation Results on a Test Dataset

Additionally, the average BLEU score, calculated on a subset of 3,000 pairs from the test dataset,
was 31.04.

=~ Maximum BLEU score: ©.8932
Average BLEU score: 0.3164

Figure 5.9: Screenshot of the Maximum and Average BLEU Score Results of the Baseline Model
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Table 2. 10: Summary of the Baseline Model Experimental Results

Train Train | Validation | Validation | Test Accuracy | Test Loss | BLEU
Accuracy | Loss | Accuracy Loss
0.6716 | 2.1488 | 0.6558 2.3977 0.6833 2.2087 | 31.04

5.6 Experiment on Proposed Model (Character Embedding and Combined
regularization Techniques)

We conducted experiments on our proposed Transformer model for Amharic-to-English NMT

using character embedding, applying various combined regularization techniques in the Point-wise

FFN component. The use of character embedding significantly reduced the model size to

5,440,663 parameters (20.75 MB), resulting in a substantial improvement in efficiency.

-Z- Model: "transformer"

Layer (type) Output Shape Param #
‘encoder (Encoder)  multiple  2ossas
decoder (Decoder) multiple 32607984
dense 64 (Dense) multiple 14135

Total params: 54408663 (20.75 MB)
Trainable params: 5440663 (20.75 MB)
Mon-trainable params: @ (©.80 Byte)

Figure 5.10: Screenshot of the Proposed Model Summary

5.6.1 Character Embedding and Dropout with Elastic net Regularization

The first experiment we conducted on our proposed model involved applying character embedding
as the input method. In this experiment, the model was designed with a sequence length set to the
maximum for each language: 318 for Amharic and 55 for English, along with all the data

preparation steps applied to our proposed model, as discussed in the data preparation section (5.4).
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The configuration included a batch size of 64, an embedding dimension of 256, a latent dimension
of 524, eight attention heads, and 5 encoder and decoder layers. A dropout rate of 0.3 was applied,
similar to the residual dropout used in the baseline Transformer model. However, in this
experiment, the dropout was combined with Elastic Net regularization in the Point-wise FFN,

incorporating both L1 and L2 penalties with equal regularization strengths of 0.01

The model was trained for 20 epochs, resulting in an average training accuracy of 0.7901 and a
training loss of 1.1782. The validation performance showed an average accuracy of 0.7788 and a
validation loss of 1.4191.

[4)

Total Average Results:

Total Average Trailn Accuracy: ©.7901

Total Average Train Loss: 1.1782

Total Average Vvalidation Accuracy: ©.7788
Total Average Validation Loss: 1.4191

Total Time Taken for Training: 6852.64 seconds

Figure 5.11: Screenshot of the Proposed Model Character Embedding and Dropout with Elastic
Net Combined Regularization Training Results
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Figure 5.12: Training and Validation Loss and Accuracy Curves for the proposed model with
Character Embedding and Dropout with Elastic Net

When evaluated on the test dataset, the model achieved a test loss of 1.4121 and a test accuracy of
0.7792.

=+ Test loss: 1.4121106620818848
Test accuracy: ©.779245777370777

Figure 5.13: Screenshot of the Proposed Model Character Embedding and Dropout with Elastic
Net Combined Regularization Evaluation Results on a Test Dataset

Additionally, the average BLEU score on a subset of 3,000 sentence pairs from the test dataset
was 37.27.
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EE} Maximum BLEU score: 0.9636
Average BLEU score: ©.3727

Figure 5.14: Screenshot of the Maximum and Average BLEU Score Results of the Proposed
Model with Character Embedding and Dropout with Elastic Net Combined Regularization

5.6.2 Character Embedding and Dropout with L1 Regularization

Our second experiment on the proposed model followed the same preprocessing steps, model
design, and configuration as in the first experiment conducted on our proposed model. However,
in this case, dropout was combined with L1 regularization in the Point-wise FFN, using a

regularization strength parameter of 0.01.

The model was trained for 20 epochs, yielding an average training accuracy of 0.7885 and an
average training loss of 1.1873. The validation results showed an average accuracy of 0.7771 and

a validation loss of 1.4250.

2T Total Average Results:
Total Average Traln Accuracy: ©.7885
Total Average Train Loss: 1.1873
Total Average Validation Accuracy: ©.7771
Total Average Vvalidation Loss: 1.4258
Total Time Taken for Training: 6821.63 seconds

Figure 5.15: Screenshot of the Proposed Model Character Embedding and Dropout with L1
Combined Regularization Training Results
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Figure 5.16: Training and Validation Loss and Accuracy Curves for the proposed model with
Character Embedding and Dropout with L1

On the test dataset, the model achieved a test loss of 1.4110 and a test accuracy of 0.7781.

—Z‘F Test loss: 1.4118293036415464
Test accuracy: ©.7781438237688232

Figure 5.17: Screenshot of the Proposed Model Character Embedding and Dropout with L1
Combined Regularization Evaluation Results on a Test Dataset

The average BLEU score, calculated on a subset of 3,000 sentence pairs from the test dataset, was

36.58.

EE} Maximum BLEU score: ©.9291
Average BLEU score: 0.3658

Figure 5.18: Screenshot of the Maximum and Average BLEU Score Results of the Proposed
Model with Character Embedding and Dropout with L1 Combined Regularization
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5.6.3 Character Embedding and Dropout with L2 Regularization

In our final experiment on the proposed model, we applied a combination of two regularization
techniques: dropout and L2 regularization within the Point-wise FFN, while maintaining character
embedding as the input method. The model configuration remained consistent with the previous

two experiments.

As in the previous experiments, the model was trained for 20 epochs, achieving an average training
accuracy of 0.8001 and an average training loss of 1.0830. The validation results showed an

average accuracy of 0.7825 and an average validation loss of 1.3852.

=~ Total Average Results:

Total Average Train Accuracy: ©.8001

Total Average Traln Loss: 1.0830

Total Average Validation Accuracy: ©.7825
Total Average Validation Loss: 1.23852

Total Time Taken for Training: 6948.48 seconds

Figure 5.19: Screenshot of the Proposed Model Character Embedding and Dropout with L2
Combined Regularization Training Results
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Figure 5.20: Training and Validation Loss and Accuracy Curves for the proposed model with
Character Embedding and Dropout with L2
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On the test dataset, the model achieved a test accuracy of 0.7838 and a test loss of 1.3713.

—Zv Test loss: 1.371325827780224
Test accuracy: ©.7837904456654456

Figure 5.21: Screenshot of the Proposed Model Character Embedding and Dropout with L2
Combined Regularization Evaluation Results on a Test Dataset

Additionally, the average BLEU score, calculated from a subset of 3,000 pairs from the test dataset,
was 40.509.

EE} Maximum BLEU score: ©.9622
Average BLEU score: ©0.4059

Figure 5.22: Screenshot of the Maximum and Average BLEU Score Results of the Proposed
Model with Character Embedding and Dropout with L2 Combined Regularization

For the experiments, the baseline model with word embedding used 12 GB of GPU RAM.
Preprocessing involved determining the maximum tokens for each language. A sequence length
of 64 was chosen for both Amharic and English based on the 95th percentile of their token
distributions, as mentioned in subsection 5.6.1, ensuring efficient memory usage while capturing
most of the token sequences. This resulted in relatively modest memory consumption. In contrast,
the proposed model with character embedding required 32 GB of GPU RAM due to the more
complex character-level preprocessing, which was aligned with the respective token counts for

each language.

Table 2.11: Summary of the Proposed model Experimental Results

Proposed model Train Train Validation | Validation | Test Test Loss | BLEU
different approaches Accuracy | Loss Accuracy | Loss Accuracy

Character embedding | 0.7901 1.1782 | 0.7788 1.4191 1.4121 0.7792 37.27
& Dropout with

Elastic Net

Character embedding | 0.7885 1.1873 | 0.7771 1.4250 1.4110 0.7781 36.58
& Dropout with L1

Character embedding | 0.8001 1.0830 | 0.7825 1.3852 1.3713 0.7838 40.59
& Dropout with L2
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To measure overfitting reduction, we calculate the overfitting size for each model by examining
both accuracy and loss differences between training and validation sets. Overfitting size is defined

as the absolute difference between training and validation metrics, calculated as:
Overfittingsize(Accuracy) = AverageTrainingAccuracy — AverageValidationAccuracy (19)
Overfittingsize(Loss) = AverageValidationLoss — AverageTrainingLoss  (20)

The baseline model shows an accuracy-based overfitting size of 0.6716 — 0.6558 = 0.0158 and a
loss-based overfitting size 0f 2.3977 — 2.1488 = 0.2489 2. In comparison, the proposed model with
character embedding, dropout, and Elastic Net regularization reduces the loss-based overfitting to
1.4191 — 1.1782 = 0.2409, achieving a reduction of 0.2489 — 0.2409 = 0.0080, or approximately
3.21%. The accuracy-based overfitting size for this model is 0.7901 — 0.7788 = 0.0113,
representing a reduction of 0.0158 — 0.0113 = 0.0045, or around 28.48%.

The proposed model with character embedding, dropout, and L1 regularization also reduces
overfitting, yielding an accuracy-based overfitting size of 0.7885 — 0.7771 = 0.0114, resulting in
a reduction of 0.0158 — 0.0114 = 0.0044, or 27.85%. Its loss-based overfitting size is 1.4250 —
1.1873 = 0.2377, leading to a reduction of 0.2489 — 0.2377 = 0.0112, or approximately 4.50%.

In contrast, the proposed model with character embedding, dropout, and L2 regularization slightly
increases overfitting compared to the baseline, with an accuracy-based overfitting size of 0.8001
—0.7825 =0.0176, representing an increase of 0.0176 — 0.0158 = 0.0018, or around 11.39%, and
a loss-based overfitting size of 1.3852 — 1.0830 = 0.3022, leading to an increase of 0.3022 — 0.2489
=0.0533, or approximately 21.41%.
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Table 2.12: Overfitting size comparison between the Baseline and Proposed model, highlighting
reductions in Accuracy and Loss overfitting

Model Accuracy Reduction Compared to | Loss Overfitting | Reduction Compared
Overfitting Size Baseline Size to Baseline
Baseline 0.0158 - 0.2489 -
Dropout with Elastic 0.0113 0.0045 (28.48%) 0.2409 0.0080 (3.21%)
Net
Dropout with L1 0.0114 0.0044 (27.85%) 0.2377 0.0112 (4.50%)
Dropout with L2 0.0176 +0.0018 (11.39%) 0.3022 +0.0533 (21.41%)

5.7 Discussion on the Experimental Results of the Study

Our experiments demonstrate that integrating character embeddings and combined regularization
techniques within the point-wise FFN component of a Transformer-based model significantly
enhances translation performance for low-resource Amharic-to-English NMT. This improvement
is particularly noteworthy given the challenges posed by Amharic, a morphologically complex
language. Traditional word embeddings often struggle to generalize across the many forms a word
can take.

In contrast, character embeddings operate at a more granular level, capturing the internal structure
of words, enabling the model to better understand and translate complex morphological patterns.
This granular approach is reflected in the improved BLEU scores, increased test accuracy, and
decreased test loss observed in our proposed model. Additionally, by capturing intricate
inflectional and derivational morphology, character embeddings help mitigate issues related to
OOQV words, which are particularly problematic in morphologically rich languages.

We tested three combined regularization techniques in our model: dropout with L1, dropout with
L2, and dropout with Elastic Net. Among these, the combination of conventional dropout with L2
regularization demonstrated superior performance across several metrics. Specifically, compared
to the baseline model, which achieved a test accuracy of 68.33%, a test loss of 2.2087, and a BLEU
score of 31.04, the dropout with L2 regularization variant led to a 14.71% increase in test accuracy,
a 37.89% reduction in test loss, and a 30.77% improvement in BLEU score, reaching a BLEU
score of 40.59.
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When comparing dropout with L2 regularization to the other regularization techniques, we
observed notable differences. The combination of dropout with Elastic net achieved a BLEU score
of 37.27, reflecting a 9.02% improvement over the baseline, while dropout with L1 resulted in a
BLEU score of 36.58, a 7.84% improvement over the baseline. Although both approaches also led
to improvements in test accuracy and test loss over the baseline model, they did not exceed the
performance of the dropout with L2 regularization combination. These results suggest that L2
regularization offers a more optimal balance of capturing complex linguistic patterns and

maintaining model generalizability.

This performance can be attributed to L2 regularization’s ability to balance fitting the training data
well while maintaining generalizability. By discouraging large weight values through a penalty
proportional to the square of the weights, L2 promotes a stable learning process and prevents any
single feature from dominating the model’s predictions. When combined with dropout, which
randomly deactivates neurons during training, the model is less prone to overfitting because it does

not rely too heavily on any single neuron.

In contrast, the combination of L1 regularization with dropout tends to produce sparse solutions
by driving many weights to zero. While this can be useful for feature selection, it may be less
effective for capturing the complex linguistic patterns in morphologically rich languages like

Ambharic, where a nuanced understanding of word structure is necessary.

The Elastic Net approach, which combines L1 and L2 penalties with dropout, achieved the second-
best score in our experiment. This method retains some benefits of both L1 and L2 regularization,
with dropout continuing to enhance model robustness. However, despite these advantages, Elastic
Net with dropout may not offer the optimal trade-off for this specific NMT task compared to the
more effective L2 with dropout combination.
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Figure 5.23: Comparison of Test Loss, Test Accuracy, and BLEU Score Across the Baseline and
Proposed Model with Character Embedding and Different Combined Regularization Approaches

Our proposed model, which combines character embedding along with dropout and L2
regularization in the Point-wise FFN, achieved a BLEU score of 40.59, setting the state-of-the-art
for Amharic-to-English NMT. It outperformed the morpheme-based model by Andargachew
Gezmu and Nirnberger [26], which recorded a BLEU score of 25.3, by 60.40%. Additionally, it
exceeded the transformer-large model by Andargachew Gezmu et al. [24], which achieved a BLEU
score of 32.2, by 25.99%. It also outscored the Word-Piece-8K model [27], which had a BLEU
score of 33.3, by 21.94%. Furthermore, it surpassed the previous state-of-the-art BLEU score of
37.79, reported by Tadesse Destaw Belay et al. [25], by 7.41%.

Our experiments reveal distinct patterns of overfitting across different regularization techniques.
The baseline model shows accuracy-based overfitting of 0.0158 and loss-based overfitting of
0.2489. In comparison, the model with dropout and Elastic Net regularization, along with character
embedding, reduces overfitting significantly, with a 3.21% decrease in loss-based overfitting and
a 28.48% reduction in accuracy-based overfitting, indicating improved generalization. Similarly,
the model with dropout and L1 regularization achieves a 27.85% reduction in accuracy-based
overfitting and a 4.50% reduction in loss-based overfitting, enhancing model robustness. In
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contrast, the model with dropout and L2 regularization slightly increases overfitting, with
accuracy-based and loss-based overfitting values exceeding the baseline by 11.39% and 21.41%,
respectively. Nonetheless, dropout with L2 regularization performs best overall, yielding superior
training and validation accuracy, lower training and validation loss, as well as improved test
accuracy and test loss compared to all other combined regularization methods, not just the baseline.
These findings suggest that while dropout with L2 regularization excels in several metrics, Elastic
Net and L1 regularization provide more effective control over overfitting in Amharic-to-English
NMT, highlighting the importance of choosing the appropriate regularization technique for low-
resource settings

Table 2.13: BLEU score comparison between the proposed model and other benchmark models
for Amharic-to-English NMT

Model BLEU
Andargachew Gezmu and Nurnberger [26] 25.3
Andargachew Gezmu et al. [24] 32.2
Andargachew Gezmu and Nirnberger [27] 33.3
Tadesse Destaw Belay et al. [25] 37.79
Our Baseline Transformer Model 31.04
Our Proposed Model (Character Embedding + Dropout + Elastic Net) 37.27
Our Proposed Model (Character Embedding + Dropout + L1 Regularization) | 36.58
Our Proposed Model (Character Embedding + Dropout + L2 Regularization) | 40.59

The increased GPU RAM requirement for the proposed model with character embedding
highlights the trade-off between model complexity and computational resource demands. While
the character-level approach offers potential improvements in handling morphological complexity
and low-resource language translation, it also necessitates more substantial computational

resources compared to the word-level approach.

The success of our proposed transformer-based model with character embedding and combined
regularization techniques applied in the point-wise FFN for Amharic-to-English NMT suggests
that this approach could also benefit other morphologically rich languages underserved by existing
NMT solutions. By operating at the character level, our model better captures the complex
morphological structures that often complicate NMT in these languages, enhancing generalization

capabilities and reducing challenges related to OOV words.
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Chapter 6
Conclusion and Future Work

6.1 Introduction

This chapter presents the conclusions of the research, summarizing the work done, addressing the
research problems, and achieving the intended objectives. Additionally, the future works that go
beyond the scope of this study are discussed, considering different perspectives.

6.2 Conclusions

In this research, we have made substantial progress in NMT for low-resource and morphologically
complex languages, specifically focusing on Amharic-to-English translation. We achieved this by
employing character-level embeddings and integrating various regularization techniques in a
Transformer-based architecture, resulting in a model that surpasses previous benchmarks. The
work addresses key challenges, particularly the rich morphological structure of Amharic and the

limited availability of parallel data.

By working at the character level, the model effectively handles OOV words and generalizes well
across diverse word forms. This granularity has proven crucial in processing the complex word
formations typical of Amharic. The use of combined Dropout and L2 regularizations in the FFN
has been instrumental in addressing overfitting, which is common in neural networks trained on
small datasets. As a result, our model is both more accurate and more robust in translating Amharic

into English.

Through extensive experimentation, we demonstrated that our approach sets a new standard for
Ambharic-to-English translation in low-resource environments. This improvement is not only
quantitative but also reflects a qualitative enhancement in translation accuracy. Moreover, we
achieved this efficiency by significantly reducing the model size, from over 75 million parameters

to just over 5 million.
The major contributions of this thesis work include:

¢ Implementation of a character-level embedding approach within the Transformer model to

address the challenges of morphologically complex languages, with a focus on Amharic.
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Exploration and integration of various regularization techniques, such as dropout, L1, L2,
and Elastic Net, to mitigate overfitting in low-resource settings.

A detailed analysis of how character embeddings, combined with regularization
techniques, improve the generalization and translation quality of the Transformer model
for morphologically complex languages like Amharic, particularly in low-resource settings

such as Amharic-to-English translation

6.3 Future Work

There are several directions for future research that could extend the work presented here. These

include:

Multilingual Translation Systems: Building upon the character-level understanding
developed in this study, future research could explore creating multilingual translation
models that handle multiple low-resource languages simultaneously. This could lead to
transfer learning benefits, where knowledge gained from one language improves the
translation quality for others.

Optimization of Attention Mechanisms: Future research could focus on refining attention
mechanisms for character-level inputs, such as by integrating semantic context to better
distinguish between Amharic words that are frequently misused, like “mé” (correct) and
“O0é\” (incorrect). Such enhancements would enable the model to capture subtle character
distinctions and accurate semantic relationships, potentially leading to more precise
translations.

Extending Combined Regularization Techniques: Combined regularization techniques
could be extended to other components of the Transformer model, such as the attention
mechanism and embedding layers. Applying these techniques across the entire architecture
might improve the model's ability to generalize, reduce overfitting, and enhance translation

accuracy.

Our thesis work represents a significant advancement in NMT for both low-resource and

morphologically complex languages. The combination of character-level embeddings and

advanced regularization techniques has proven effective for Amharic-to-English translation, and

the insights gained could be applied to other challenging linguistic scenarios in future research.
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Annexes

Annex | - Sample Source Code

Initialization of Required Packages and Dependencies:

© !pip install tensorflow==2.15.1
import pathlib
import random
import string
import re
import os
import time
import tensorflow as tf
import numpy as np
import unicodedata
from collections import Counter
from tensorflow.keras import layers, models
from tensorflow.keras.layers import TextVectorization
from tensorflow.keras.optimizers.schedules import PolynomialDecay
from tensorflow.keras.optimizers import Adam
import pandas as pd
import matplotlib.pyplot as plt
from nltk.translate.bleu score import sentence bleu, SmoothingFunction
from google.colab import drive
from sklearn.model selection import train test split

# Mount Google Drive
drive.mount("'/content/drive")
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Preprocessing Functions for Amharic and English Text:

° def remove_special_chars(text):
return re.sub(r'[~a-zA-Z@-9\s.,;: 2V "OANNI{NW-]1", ', text) #remove any character that is not a letter, digit, whitespace, punctuation, bracket, or slash
def handle_unicode(text):
return unicodedata.normalize( 'NFKD', text).encode('ascii’, 'ignore').decode( utf-8")
def expand_contractions(text):
contractions = {

"n't": " not",

"'s": [" is", " was"], # Can be either "is" or "was”
"'m": " am”,

"'re”: " are”,

"1t " will®,

"ye": " have",

"*d": [" would”, " had"] # Can be either "would" or “"had"

for contraction, expansion in contractions.items():
if isinstance(expansion, list)
for exp in expansion:
text = text.replace(contraction, exp)
else:
text = text.replace(contraction, expansion)
return text
def remove excess_whitespace(text):
return ' '.join(text.split())
# Preprocess Amharic sentences
def preprocess_amharic(text)
# Remove any non-Amharic characters (keeping spaces, Amharic/Arabic numbers, and Amharic punctuation)
text = re.sub(r'["\u1208-%u137F\u1361-\u1368\ul369-\ul371\ue@3e- \uee3o\s\[\J{"\\/-1", "', text)
# \ul2ee-\ul37F matches Amharic characters/Scripts.
# \u1361-Yu1368 matches Amharic punctuation marks.
# \u1369-\u1371 matches Amharic numbers.
# \uee3e-\uee39 matches Arabic digits.
# Remove excess whitespac

# Remove excess whitespace
text = remove_excess_whitespace(text)
return list(text) # Return a list of characters

# Preprocess English sentences

def preprocess_english(text)
text = handle_unicode(text)
text = expand_contractions(text)
text = remove _special chars(text)

123



Preprocessing Amharic and English Sentences and Calculating Sentence Lengths:

‘> # Preprocess sentences and calculate lengths

am_lengths = []

en_lengths = []

text pairs = []

tor am_sentence, en_sentence in zip(amharic_sentences, english sentences):
am_processed = preprocess_amharic(am_sentence)
en _processed = preprocess english(en sentence)
am_length = len(am_processed) # list of Amharic characters
en_length = len(en_processed) # list of English characters

# Filter out zero-length sentences
if am length » @ and en length > @:
am_lengths.append(am_length)
en_lengths.append(en_length)
text pairs.append((''.join(am_processed), ''.join(en_processed))) # Join characters back into a string
# Calculate min and max lengths for each language
am_min_length = min(am_lengths)
am_max_length = max(am_lengths)
en_min_length = min(en_lengths)
en_max_length = max(en_lengths)

# Calculate overall min and max lengths
min_length = min(am _min_length, en_min_length)
max_length = max(am_max_length, en_max_length)

print(f"Amharic minimum sentence length: {am min_length}")
print(f"amharic maximum sentence length: {am max_length}")
print(f"English minimum sentence length: {en_min_length}")
print(f"English maximum sentence length: {en_max_length}")
print(f"overall minimum sentence length: {min_length}")
print(f"Overall maximum sentence length: {max_length}")
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Filtering, Stratifying, and Splitting Sentence Pairs into Train, Validation, and Test Sets:

" # Filter sentences based on length
filtered pairs = []
filtered am_lengths
filtered_en_lengths

(]
(]

for (am_sentence, en_sentence), am_length, en_length in zip(text_pairs, am_lengths, en_lengths):
if min_length <= am_length <= max_length and min_length <= en_length <= max_length:
am_sentence = "[start] " + am_sentence + " [end]"
en_sentence = "[start] " + en_sentence + " [end]”
filtered pairs.append((am_sentence, en_sentence))
filtered_am_lengths.append{am_length)
filtered_en_lengths.append(en_length)

# Print the number of pairs before and after filtering
print(f"Number of pairs before filtering: {len(text_pairs)}")
print(f"Number of pairs after filtering: {len(filtered_pairs)}")

# Calculate combined lengths and handle single occurrences

combined_lengths = [am + en for am, en in zip(filtered_am_lengths, filtered_en_lengths)]

counts = Counter(combined lengths)

# Filter out lengths that occur only once

filtered pairs = [pair for pair, length in zip(filtered pairs, combined_lengths) if counts[length] » 1]
filtered lengths = [length for length in combined lengths if counts[length] > 1]

# Split the data into train, validation, and test sets with stratification
train_pairs, test_pairs = train_test_split(filtered_pairs, test_size=8.2, random_state=42, stratify=filtered_lengths)
train_lengths, test_lengths = train_test split(filtered lengths, test size=8.2, random_state=42, stratify=filtered lengths)

train_pairs, val pairs = train_test split(train_pairs, test size=8.2, random state=42, stratify=train_lengths)
train_lengths, val lengths = train_test_split(train_lengths, test size=8.2, random_state=42, stratify=train_lengths)

# Print the size of each set
print(f"{len(filtered pairs)} total pairs")
print(f"{len(train_pairs)} training pairs")
print(f"{len{val_pairs)} validation pairs”)
print(f"{len(test_pairs)} test pairs")
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Tokenization, Frequency Calculation, and Analysis of Token Counts for Amharic and English Texts:

(’ # Custom standardization function
def custom_standardization(input_string):
return tf.strings.lower{input string)

# Tokenize and count frequency
def tokenize and count(texts):
all tokens = []
for text in texts:
tokens = text.split()
all tokens.extend(tokens)
return Counter(all tokens)

train_am texts
train_en texts

[pair[@] for pair in train_pairs]
[pair[1] for pair in train_pairs]

am_token freq = tokenize and count{train_am_ texts)
en_token freq = tokenize and count{train_en texts)

# Calculate and print max tokens for both languages
am_max_tokens = max(len{text.split()) for text in train_am texts)
en_max_tokens = max(len{text.split()) for text in train_en texts)

print(f"Max tokens in Amharic: {am_max_tokens}")
print({f"Max tokens in English: {en_max_ tokens}")}

# Calculate the 95th percentile of token counts

am_token counts = [len(text.split()}) for text in train_am texts]

en_token counts = [len(text.split()}) for text in train_en_ texts]

am_95th _percentile = int{np.percentile(am token counts, 95))

en_95th _percentile = int{np.percentile(en_token counts, 95))

print{f"95th percentile of token counts in Amharic: {am 95th _percentile}")
print{f"95th percentile of token counts in English: {en 95th percentile}")
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Sequence Length Calculation and Character Vectorization for Amharic and English Texts:

(’ def get_max_sequence_length(texts):
return max({[len(text) for text in texts])

# Preprocess and get max lengths
am_texts = [ '.join(preprocess_amharic(text)) for text, _ in train_pairs + val_pairs + test_pairs]
en_texts = [' '.join(preprocess_english({text)) for _, text in train_pairs + val pairs + test pairs]

max_am_sequence_length
max_en_sequence_length

get_max_sequence_length(am_texts)
get _max_sequence_length(en_texts)

print(f"Max Amharic sequence length: {max_am_sequence_length}")
print{f"Max English sequence length: {max_en_sequence_length}")

# TextVectorization layers with max sequence lengths

am_vectorization = layers.TextVectorization(
max_tokens=Hone,
output_mode="int",
cutput_sequence_ length=max_am_seguence_length,
standardize=custom_standardization,
split="character’

)

en_vectorization = layers.TextWectorization(
max_tokens=None,
output_mode="int",
output_sequence length=max_en_seguence_ length,
standardize=custom_standardization,
split="character’

# Adapt vectorization layers on training data
am_vectorization.adapt(train_am_texts)
en_vectorization.adapt(train_san_texts)

# Vocabulary sizes

amharic_vocab_size = len(am_vectorization.get_vocabulary())
english_vocab _size = len{en_vectorization.get wocabulary(})
print(f"Amharic vocabulary size: {amharic_vocab_size}™)
print(f"English vocabulary size: {english_vocab_size}")
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Proposed Model Parameters and Dataset Formatting and Creation for Training:

o # Parameters
batch_size = 64
d_model = 256
latent_dim = 524
num_heads = 8
num_layers = 5
dropout_rate = 8.3

# Dataset formatting function
def format_dataset(am, en):
am = am_vectorization(am)
en = en_vectorization(en)
return ({"encoder_inputs": am, “decoder_inputs": en[:, :-1]}, en[:, 1:])

def make dataset(pairs, batch_size):

am_texts, en_texts = zip(*pairs)
am_texts = [' '.joln(preprocess_amharic(text)) for text in am_texts]
en_texts = [' '.join(preprocess_english(text)) for text in en_texts]

dataset = tf.data.Dataset.from_tensor_slices((am_texts, en_texts))

dataset = dataset.batch(batch_size)

dataset = dataset.map(format_dataset, num_parallel calls=tf.data.experimental.AUTOTUNE)
return dataset.shuffle(1@24).prefetch(tf.data.experimental.AUTOTUNE).cache()

# Create the datasets

train_ds = make_dataset(train_pairs, batch_size)
val ds = make dataset(val pairs, batch_size)
test_ds = make_dataset(test_pairs, batch_size)
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Positional Encoding Implementation:

t’ def

def

get_angles(pos, i, d_model):

angle rates = 1 / tf.pow(1G688.8, (2 * (i //f 2)) / tf.cast(d model, tf.float32))

return tf.cast(pos, tf.float32) * angle_rates

positional encoding({position, d model):

angle_rads = get_angles(
tf.range(position, dtype=tf.fleoat32)[:, tf.newaxis],
tf.range(d model, dtype=tf.float32)[tf.newaxis, :],
d_model

)

# Apply sin to even indices in the array; 2i
sines = tf.math.sin{angle_rads[:, ©::2])

# Apply cos to odd indices in the array; 2i+1
cosines = tf.math.cos(angle_rads[:, 1::2])

tf.concat{[sines, cosines], axis=-1)
pos_encoding[tf.newaxis, ...]

pos_encoding
pos_encoding

return tf.cast(pos_encoding, tf.float32)
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Scaled Dot-Product and Multi-Head Attention Implementation:

‘> # Scaled Dot-Product Attention
def scaled_dot_product_attention(g, k, v, mask):
matmul_gk = tf.matmul(q, k, transpose_b=True)
dk = tf.cast(tf.shape(k)[-1], tf.float32)
scaled_attention_logits = matmul_gk / tf.math.sqrt(dk)
if mask is not Mone:
scaled_attention_logits += (mask * -1e8)
attention_weights = tf.nn.softmax(scaled attention_logits, axis=-1)
output = tf.matmul{attention_weights, v)
return output, attention_weights
# Multi-Head Attention
class CustomMultiHeadAttention(tf.keras.layers.Layer):
def init_ (self, d_model, num_heads):
super(CustomMultiHeadAttention, self). init ()
self.num_heads = num_heads
self.d_model = d_model
assert d_model % self.num_heads == 8
self.depth = d_medel // self.num_heads
self.wg = tf.keras.layers.Dense(d_model)
self.wk = tf.keras.layers.Dense(d_model)
self.wv = tf.keras.layers.Dense(d_model)
self.dense = tf.keras.layers.Dense(d_model)
self.dropout = tf.keras.layers.Dropout(8.3) # Adjust dropout rate as needed
self.layernorm = tf.keras.layers.lLayerNormalization(epsilon=1=2-8)
def split_heads(self, x, batch_size):
¥ = tf.reshape(x, (batch_size, -1, self.num_heads, self.depth))
return tf.transpose(x, perm=[8&, 2, 1, 3])
def call(self, v, k, g, mask):
batch_size = tf.shape(q)}[8]
= self.wq(q)
= self.wk(k)
= self.wv(v)
= self.split heads(q, batch_size)
= self.split heads(k, batch_size)
= self.split_heads(v, batch_size)
scaled_attention, attention_weights = scaled_dot_product_attention(q, k, v, mask)
scaled_attention = tf.transpose(scaled_attention, perm=[&, 2, 1, 3])
concat_attention = tf.reshape(scaled_attention, (batch_size, -1, self.d_model))
output = self.dense(concat_attention)
original q = tf.reshape(tf.transpose(q, perm=[8, 2, 1, 3]), (batch_size, -1, self.d_model))
output = self.layernorm{output + original_q)
return output, attention_weights

q
k
v
q
k
v
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Encoder and Decoder Stacks Implementation:

class Encoder(tf.ksras.layers.Layer):
def __init_ (self, num_layers, d_model, num_heads, dff, amharic_vocab_size, rate=8.3):
super(Encoder, self). init ()
self.d _model = d_model
self.num_layers = num_layers
self.embedding = tf.keras.layers.Embedding{amharic_vocab_size, d_model)
self.enc_layers = [EncoderLayer(d_model, num_heads, dff, rate) for _ in range(num_layers)]
self.dropout = tf.keras.layers.Dropout(rate)

def call(self, x, training, mask)
seq_len = tf.shape(x)[1]
= self.embedding(x)
*= tf.math.sqrt(tf.cast(self.d model, tf.float32))
+= positional encoding(seq_len, self.d model}
= self.dropout(x, training=training)
for i in range(self.num_layers):
x = self.enc_layers[i](x, training, mask)

A

return X

class Decoder(tf.ksras.layers.Layer):
def __init_ (self, num_layers, d_model, num_heads, dff, english_vocab_size, rate=8.3):
super(Decoder, self)._ init_ ()
self.d_model = d_model
self.num_layers = num_layers
self.embedding = tf.keras.layers.Embedding{english vocab size, d_model)
self.dec_layers = [DecoderLayer(d_model, num_heads, dff, rate) for _ in range(num_layers)]
self.dropout = tf.keras.layers.Dropout(rate)

def call(self, x, enc_output, training, look_ahead mask, padding mask):
seq_len = tf.shape(x)[1]
attention_weights = {}

= self.embedding(x)

*= tf.math.sqrt(tf.cast(self.d model, tf.float32))

+= positional encoding(seq_len, self.d model}

= self.dropout(x, training=training)

for i in range(self.num_layers):
%, blockl, block2 = self.dec_layers[i](x, enc_output, training, lock_ahead_mask, padding_mask)
attention_weights[f'decoder layer{i+1} blockl'] = blockl
attention_weights[f'decoder layer{i+l} block2'] = block2

return x, attention weights

L
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Each Encoder and Decoder Layers Implementation:

° # Encoder Layer
class EncoderlLayer(tf.keras.layers.Layer):
def init (self, d model, num_heads, dff, rate=8.3):
super(EncoderLayer, self).__init_ ()
self.mha = CustomMultiHeadAttention(d_model, num_heads)
self.ffn = point_wise_feed_forward_network(d_model, dff)
self.layernorml = tf.keras.layers.layerNormalization(epsilon=1e-6)
self.layernorm?2 = tf.keras.layers.layerNormalization{epsilon=1e-6)
self.dropoutl = tf.keras.layers.Dropout{rate)
self.dropout2 = tf.keras.layers.Dropout{rate)
def call(self, x, training, mask):
attn_output, _ = self.mha(x, x, x, mask)
attn output = self.dropoutl{attn output, training=training)
outl = self.layernorml{x + attn_output)
ffn_output = self.ffn(outl)
ffn_output = self.dropout2{ffn_output, training=training)
out2 = self.layernorm2({outl + ffn_output)
return out2
# Decoder Layer
class DecoderlLayer(tf.keras.layers.Layer):
def __init__ (self, d_model, num_heads, dff, rate=8.3):
super(DecoderLayer, self).__init_ ()
self.mhal = CustomMultiHeadAttention(d model, num_heads)
self.mha2 = CustomMultiHeadAttention(d_model, num_heads)
self.ffn = point_wise_feed_forward_network(d_model, dff)
self.layernorml = tf.keras.layers.layerNormalization{epsilon=1e-6)
self.layernorm2 = tf.keras.layers.layerNormalization(epsilon=1e-6)
self.layernorm3 = tf.keras.layers.lLayerNormalization({epsilon=1e-6)
self.dropoutl = tf.keras.layers.Dropout(rate)
self.dropout2 = tf.keras.layers.Dropout{rate)
self.dropout3 = tf.keras.layers.Dropout{rate)
def call(self, x, enc_output, training, look_ahead_mask, padding_mask):
attnl, attn weights blockl = self.mhal{x, x, x, look ahead mask)
attnl = self.dropoutl(attnl, training=training)
outl = self.layernorml({x + attnl)
attn2, attn_weights_block2 = self.mha2({enc_output, enc_output, outl, padding_mask)
attn2 = self.dropout2(attn2, training=training)
out2 = self.layernorm2{outl + attn2)
ffn_output = self.ffn(out2)
ffn_output = self.dropout3{ffn_output, training=training)
out3 = self.layernorm3({out2 + ffn_output)
return out3, attn_weights_blockl, attn_weights_block2
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Point-wise FFN Implementation with Combined Regularization Techniques: Dropout and Elastic Net:

t’ # Point-Wise Feed Forward Network with dropout, elastic net regularizer and layer normalization
# Define Elastic Net regularization
elastic_net = tf.keras.regularizers.L112(11=68.81, 12=8.81)
def point wise feed forward network(d model, dff):
return tf.keras.Sequential([
tf.keras.layers.Dense({dff, activation="relu', kernel regularizer=elastic net),
tf.keras.layers.Dense(d_model, kernel_regularizer=elastic_net),
tf.keras.layers.Dropout(@.3),
tf.keras.layers.Layerformalization(epsilon=12-6)

)

Point-wise FFN Implementation with Combined Regularization Techniques: Dropout and L1:

‘, # Point-Wise Feed Forward Network with dropout, L1 and layer normalization

# Define L1 regularization

11 = tf.keras.regularizers.11

def point wise feed forward network(d model, dff):

return tf.keras.Sequential([

tf.keras.layers.Dense(dff, activation="relu', kernel_regularizer=11(6.81)),
tf.keras.layers.Dense(d_model, kernel_regularizer=11(2.81)),
tf.keras.layers.Dropout(@.3),
tf.keras.layers.LayerNormalization{epsilon=1e-5)

D

Point-wise FFN Implementation with Combined Regularization Techniques: Dropout and L2:

(, # Point-Wise Feed Forward Network
#iDefine L2 regularization
12 = tf.keras.regularizers.12
def point_wise_feed_ forward_network(d_model, dff):
return tf.keras.Sequential([
tf.keras.layers.Dense(dff, activation="relu', kernel_regularizer=tf.keras.regularizers.12(12=8.81)),

tf.keras.layers.Dense(d_model, kernel_regularizer=tf.keras.regularizers.12(12=8.81)),
tf.keras.layers.Dropout(8.3),

tf.keras.layers.Layertormalization{epsilon=1e-6)
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Annex 111 — Sample Translated Sentences from Each Experiment

Baseline Model:

Sample

Ambharic Sentence

Reference English Sentence

Predicted English Sentence

BLEU Score

UAE7T FAARTS  0ATY AR
N9 NATMm- AN, PAD-T
0N £LCOA: 0Nk AL
LA I°¢- hivAAE OC
A NE £194::

and the two kidneys with the fat on them
that is near the loins. he will also remove
the appendage of the liver along with the

kidneys. [end]

and the two kidneys with them on the fat that is on
them, and the fat will be on the loins. he will remove
the appendage of the liver along with the loins.

0.4461

Nl N7A  PANG-AAN 11T
Noo-A NLNC7 ML 0L
SPT aoPt@ A8V hhT
AT780 AT CaTrry A
CA2IVI° R4-F 17

in time all the tribes of israel came to
david at hebron and said: look! we are
your own bone and flesh.

in time all the tribes of israel went to hebron and

said: here we are your own bone and flesh.

0.5699

AN AGLE  AAF: 9O
YA bl VA

and the serpent said unto the woman, ye

shall not surely die:

and the woman said unto the woman, if thou surely

surely have died for ever.

0.1892

nH.P9°  hahé-ad chHN bk
bt £LE PINLD CAMTHE®-
a9°An  oodhnn  nllLf  Hh0f
oLINT® 1L héIFTo-
CinsLam-9° fLonq G
OLIAT@ 2L N0t ECOTo-

$ov::

then the angel of the true god who was
going ahead of the camp of israel
departed and went to their rear, and the
pillar of cloud that was in front of them
moved to the rear and stood behind

them.

then the angel of the true god went out before the
ark of the true god, and the pillar of the pillar of the
cloud stood before them, and the pillar of the pillar
of cloud went around them to the rear guard reached
them at the rear guard reached them and stood by

the rear guard reached them and stood by the rear

0.1828

V7 (o oL L1 2 A
NETyrt  Agao®AL  A9°NATN
COLPINE 9°II° av )L PAIC::

there is no way to get an ambulance in

quickly to move him to a hospital.

there is no way to get to a hospital. there is no way
to be no way to be required.

0.2924
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Proposed Model: Character Embedding with Combined Regularization:

Sample | Amharic Sentence Reference English Sentence Predicted English Sentence BLEU Score

1 “O7 PfaldP+ AMH Nhe-F | “hoon” said Iraq’s regime was crumbling | “Hoon” said Iraq’s regime was crumbling | 0.7005
PAPC £ NRLANT 15T under the pressure of a huge air assault. under the pressure of the air assault.
Ionre T heteihih oo
aNG-Col e

2 PS9°  P9°G0, AET  P99n.C | but zelophehad the son of hepher, the son of | but zelophehad the son of gilead, the son of | 0.5101
ARE PLALL ART P40 AR gilead, the son of machir, the son of | machir, the son of manasseh, was not only of
NAZhE 0T A8, @727 )
ALT  AAINGTIP: ?A-- | Manasseh, did not have sons, only daughters, | the daughters of manasseh, but the names of
ALEI® N9° 7TUAT €97 IPAT | and these were the names of his daughters: | the daughters of manasseh were mahlah,
7L AS LR INC:: mahlah, noah, hoglah, milcah, and tirzah. noah, hoglah, milcah, and tirzah.

3 O0M39°  ¢4H9°A UM as~C | one golden spoon of ten shekels, full of | one golden spoon of ten shekels, full of | 0.8801
OAPA PP A28 COCT B A4 incense: incense:

4 A0®7 P2.eN0ATE 04.@-7 | there is no other mundane fore that wipes his | there is no other mundane fore that wipes his | 0.6173
g:;'fj’qnq‘ A LR 1LA tears, amend his hope. earthly hope.

5 NooP'1-9° PL4- HET NAT AL | so they said to the olive tree, “rule over us.” | so they said to the olive tree, “rule over us.” | 0.4137

710 At
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