rent ICeI
eLicoq:

Tigrigna-English Bidirectional Machine Translation using
Deep Learning
A Thesis Presented
by
Fitiwi Hailu
to
The Faculty of Informatics
of
St. Mary’s University
In Partial Fulfillment of the Requirements
for the Degree of Master of Science
in

Computer Science

January, 2024



Declaration
I, the undersigned, declare that this thesis work is my original work, has not been

presented for a degree in this or any other universities, and all sources of materials used
for the thesis work have been duly acknowledged.
Fitiwi Hailu
Full Name of Student

Signature
Addis Ababa

Ethiopia

This thesis has been submitted for examination with my approval as advisor.
Alemebante Mulu Kumlign (PhD)

Full Name of Advisor

Signature
Addis Ababa

Ethiopia

January 2024



Acknowledgment
First and foremost, |1 would like to thank my God and Ever-Virgin, St. Marry, Mother of our Lord,

for your blessing and giving me the courage and wisdom to accomplish this thesis.

Next, I would like to thank Dr. Alemebante Mulu, my advisor, for his support from the very
beginning of proposal writing to this end. He has been actively interested in my work and he has
always been available when | need him. I am very grateful for his patience, motivation, and
immense knowledge. It could not be easier to finish this thesis work without his valuable comments

and corrections.

Next | would like to thank my parents, whose love and guidance are with me in whatever |
pursue. They are the ultimate role models. Most importantly, 1 wish to thank my loving and
supportive wife, Eleni Tsegay, and my three wonderful children, Naome, Herani and Neamen,

who provide unending inspiration.

Finally I would like to thank Journalist Biniyam Tadesse and, teacher Gebru W/Michel, for their

support during data translation. | would like to say “Thank you all” for your support in my work.



Table of Contents

DBCIAIALION ...tttk h ekttt b e I
ACKNOWIBAGMENT ...ttt ettt et e e e e et i
TADIE OF ACTONYIMS. ...ttt b ettt e et e bn et e e nae e vi
ST OF FIQUIES ...ttt ettt ekttt et sb et et e e vii
LISE OF TaDIE. ..ottt ettt ettt IX
AADSTTACT ...ttt X
CHAPTER ONE ...ttt ettt e e ettt e e e e bbbt e e e s st b e e e e e anbaeeeeeanees 1
1 INTRODUCTION ...ttt e ettt e e e e bbbt e e e e bbb e e e e e bbb e e e e e nnbbe e e e e nnrbeeas 1

1.1, BACKGIOUNG......coiiiiiieiii ettt et 1
1.2, Problem StAtEMENT......c..eiiiiiie e 4
1.3 IMIOTIVALION ..ttt ettt et et 5
1.4, RESEAICN QUESLIONS......eeiiiieitiieiitteeesitee e ettt e e st e e st e e st e e e e e e e st e e e staeeesneeeessaeeesneaeeanseeennes 6
1.5.  The objective 0f the STUAY ........cociii i 6
151, General ODJECTIVE ......ove ettt 6
1.5.2.  SPECITIC ODJECLIVES ....oeiiiiee ettt e e e e 6

1.6.  Scope and limitation Of the StUAY ..........ccoveiiiii e 7
O Y (o T 0% g (o T PSSR 7
IS O I 4 T S 0T P T4 L (o] PSPPSR 7
CHAPTER TWO ...ttt e e e et e e st e e e s st e e e s anbne e e e s anees 8

2 LIEIALUIE REVIBW ...ttt ettt ettt nn et nne s 8

2.1.  Introduction to Natural [aNQUAGE ...........ecoiieeiiiie e 8
2.2, Natural language PrOCESSING.......cciurieiiiee it e et e e et e e et e e st e e st e e s stre e s s e e e saeeesreeeabeeeas 9
2.3.  Background of Tigrigna langUAagE ..........cccureeiiieeiiiie e 11
2.4. Background of English [anguage...........cooouiiiiiiiiiiiiiiic e 15



2.5, MAChINE trANSIALION ... .o e et 15

2.6.  Approaches of machine transIation............ccooviiiiiiiic e 18
2.6.1.  Rule-based machine translation (RBMT) ......cccooiiiiiiiiiiiieee 19
2.6.2.  Dataset-based Machine Translation APproach...........c.cccoccvvrieniiiieniieieene e 21
2.6.3.  Machine translation using Neural NEtWOrK.............cccooviiiiiiiieniiiiice e 25

2.7, Related WOTK.....ooiiiiiee e 36

CHAPTER THREE ...ttt ettt e e e st e e e s nnbb e e e 39
3  RESEARCH METHODOLOGY ...ttt ettt sntaea e nnnbee e 39

X T I 1011 (o To 1o § o] o PP P PP PPRTOPRPPPOTN 39

3.2, RESEAICN ESION ..ttt 39

3.3, System design and arChitECLUIE ...........ocueiiiiiiie e 39
3.3.1.  Dataset COHMECTION.......ccueiiiieiei e 40
3.3.2.  Dataset PrePrOCESSING ...ccvvreiirrreiirreeitereasrreesreeesieeesseeeasseeeasseeeesseeesseeesseeesssees 41
1 J0C G T |V (o T (=1 I 1 7= 1o USRS 43
3.3.4,  MOdEl @VAIUALION .....c.viiiiiiececee s 47
3.3.5.  Development tOOIS ........couiieiii et 47

CHAPTER FOUR ...ttt e st e e e s e e e 49
4. EXPERIMENTATION AND RESULTS .....ooiiiiiiii e 49

A1 INEFOAUCTION ...ttt ettt e bt 49

4.2. Dataset Collection and Preparation.............ccceeocveeiiieeiiiie e 49

4.3, EXPErimental SBIUPS ......veeiiieeciiie ettt e et tae e et e e e nra e e e 49

4.4, Parameter SEIECTION ........ccuoiiiiiii e 50

4.5, Performance eValUALION. .........couiiiiiiiiiiie et 51
4.5.1. Training and validation accuracy of English to Tigrigna translation model............ 51
4.5.2.  Training and validation accuracy of Tigrigna to English translation model........... 53



4.5.3.  Training and validation loss of English to Tigrigna translation model................... 57

4.5.4. Training and validation loss of Tigrigna to English translation model................... 60

4.1. Experimental results and diSCUSSION .........coouiiiiieiiiiiiieiiie et 64
4.3, PIEAICTION. ..ottt ettt ettt 67
CHAPTER FIVE ..ottt ettt e e bbbt e e e et b e e e s enbb e e e e s nnbbeee e 71
5. CONCLUSION AND RECOMMENDATION ....ooiiiiiiiiieeeiiieee et 71
T8 B 1011 (oo 1o § o] o PP UP PP PPRTOPRUPPPPN 71
5.2, CONCIUSION ...ttt ettt ettt ettt ntne s 71
5.3, CONTIBULION. ...ttt 72
5.4, RECOMMENTALION ...cvviiiiiiiie ittt ettt ann e nene s 72
RETEIENCES ...ttt b ettt e bt ettt bt e sttt be e 73
Appendix A. Tigrigna language orthographic Table ... 80
F N o 1= 00 Dl = SN (o o] g 11 14 PSPPSR 83
AppendiX C: TrainiNg HISTOIY ......ccoiiie et et e e e snaa e e enaee e e 84
Appendix D: Sample Tigrigna StOP WOFTS ........ccovreiiiee e e siee e see e e srae e eesneee e 98



Table of Acronyms
Al—-Artificial Intelligence
ANN— Artificial Neural Network
DL—Deep Learning
CNN—Convolutional Neural Network
HCl—Human-Computer Interaction
LSTM—Long Short Term Memory
MT—Machine Translation NLP—
Natural language processing NMT—
Neural Machine Translation RMT—
Rule Based Machine Translation
SMT—Statistical Based Machine Translation

Vi



List of Figures

Figure 1 The architecture of the first known deep network which was trained by Alexey

Grigorevich Ivaknnenko iN 1965 .......c...ooiiiiiiiiii e 4
Figure 2 categories of maching transIation.............cocveiiiiiii i 19
Figure 3 Steps of direct machine translation approaches............ccccovviieiieii i 20
Figure 4 Transfer-based Approach of MT ......cooo i 21
Figure 5 Example based MT archit@CtUre ..........cooviiiiiiiiiie s 23
Figure 6 the general architecture of Statistical machine translation ...............ccccoooeiiiiniieinnn, 25
FIgure 7 RNIN arChitECTUIE ........ooiiiiiii ettt 28
FIQUIe 8 LSTIM arChITECTUIE ......eeieiiiii ettt 29
Figure 9 Gated recurrent neural Network (GRU).........coiuiiiiiiiiiiiee e 30
Figure 10 Structure of the BI-LSTM NEIWOTK .........cooviiiiiiiiiiieiee e 31
Figure 11 CNN architecture with two Channels..............ccooiiiiiiii 32
Figure 12 The encoder—decoder arChiteCtUIE ...........ccuoiuiiiieiiiie i 33
Figure 13 Vanilla attention MechaniSm ...........ccooiiiiii e 34
Figure 14 Transformer arChiteCIUIE ...........veiciiie e e e 35
Figure 15 proposed MOdel arChItECIUIE .........cccuvieiiee ettt e e saae e 40
Figure 16 Tokenization and integer representation of Tigrigna Sentence ..........ccccovevveevivveervnnnn, 42
Figure 17 Tokenization and integer representation of English sentences............cc.ccoceveeviveeinnnn, 43
Figure 18 the encoder arChitECIUIE..........cciviieiie e erae e 44
Figure 19 the decoder arChitECIUIE..........cciviie it e e aree e 46
Figure 20 attention MECNANISIM.........ccuiiiiiie e se e e e e e e srae e e saeeeanaee s 47
Figure 21 sample 0f the dataset ...........c.oeeiiiiiiiie e 49
Figure 22 training Vs validation accuracy of the encoder decoder model using the LSTM.......... 51
Figure 23 training Vs validation accuracy of the encoder decoder model using the GRU ........... 52
Figure 24 Training Vs validation accuracy of attention using Bi-LSTM ..........ccccccevveeviveeinnnnn, 53

Figure 25 Training and validation accuracy of encoder decoder model with LSTM algorithm ...54
Figure 26 Training and validation accuracy of encoder decoder model with GRU algorithm .....55

Figure 27 Training and validation accuracy of encoder decoder model with Bi-LSTM algorithm

Vii



Figure 28 training and validation accuracy of attention based model using the Bi-LSTM algorithm

Figure 29 training and validation accuracy of attention based model using the STM algorithm. 58
Figure 30 Training and validation loss of encoder decoder model with GRU algorithm.............. 59
Figure 31 Training and validation loss of encoder decoder model with Bi-LSTM algorithm......60
Figure 32 Training and validation loss of encoder decoder model with LSTM algorithm........... 61
Figure 33 Training and validation loss of encoder decoder model with GRU algorithm.............. 62
Figure 34 Training and validation loss of encoder decoder model with Bi-LSTM algorithm......63
Figure 35 training and validation loss of attention based model using the Bi-LSTM algorithm . 64
Figure 36 performance of different models for English-Tigrigna MT.........ccccoiiiiiiiiiiiieiennn, 66
Figure 37 performance of different models for Tigrigna-English MT ..o, 66
Figure 38 prediction output of Bi-LSTM based encoder decoder model for English-Tigrigna
EFANSIALION ...ttt ettt 68

Figure 39 prediction output of Bi-LSTM based encoder decoder model for Tigrigna-English

L 1051 LA o SR SPR TR 69
Figure 40 prediction of Bi-LSTM based attention model .............cccoveviieiiiie e, 70
Figure 41 Algorithm to remove special CharaCters............covvevei e 83
Figure 42 Algorithm to normalize the dataset ............cccveeiiiieiiie e 84
Figure 43 Algorithm used to tokenize the dataset..............cccvveiiiieiii e 84

viii



List of Table

Table 1 Word Class Category in Tigrigna LangUage............cccuvereeiiierininnieiiiesieesireeiee e 14
TADIE 2 PATaIMELEIS.......eeie ettt e et e e et e et e e nbe e e e enbe e e anae e e anbeeeanteas 50
Table 3 Performance of encoder decoder model for English-Tigrigna translation ...................... 65
Table 4 performance of attention based MOUEL............oovviveiiiiiiiiie e 65
Table 5 comparison of proposed model with previous WOrks............ccccovvveiiiveiiiie e iie e, 67



Abstract
A language can be described by its rules or its symbols. Making computers understand sentences
or words written in human languages is the goal of natural language processing (NLP). Machine
translation (MT) is area of NLP where computers are used to translate one natural language into
another. One of the languages that needs such translation systems is Tigrigna. Tigrinya is a Semitic
language spoken in northern Ethiopia in the Tigray Region as well as in Eritrea. Previously some
studies were conducted on machine translation of Tigrigna and English languages. However most
of the studies were only one directional which is English to Tigrigna languages. Some studies that
proposed bidirectional Tigrigna-English machine translation are also domain specific. In this
study, the researcher developed bidirectional Tigrigna-English machine translation model using
different machine translation approaches. In the study we collected 31000 Tigrigna-English
parallel corpus from different sources and by translating English text to Tigrigna. We then
preprocessed the dataset through cleaning, normalizing and tokenization stages. Using our dataset
we have experimented different machine translation approaches. We have experimented
approaches of encoder decoder model and attention based models using LSTM, Bi-LSTM and
GRU deep learning algorithms. Based on the result of our experiments, our encoder decoder model
using the Bi-LSTM algorithm has a better BLEU score. The encoder decoder model using the Bi-
LSTM algorithm scored 24.8 for English-Tigrigna translation and 24.4 for Tigrigna-English
translation. The model achieves a BLEU score of +0.8 from a baseline translation model on the

area.

Keywords: deep learning, NLP, BLEU



CHAPTER ONE

1 INTRODUCTION
1.1. Background

A language can be described by its rules or its symbols. Information is transmitted or broadcast
using a combination of symbols. Making computers understand sentences or words written in
human languages is the goal of the field of artificial intelligence (Al) and linguistics known as
natural language processing (NLP). Natural Language Understanding and Natural Language
Generation, which advance the task of understanding and producing text, are the two components
of natural language processing. In order to simplify users' life and satisfy their desire to
communicate with computers in natural language, natural language processing was developed. As
not all users are fluent in machine specific language, NLP caters to those users who do not have
the time to learn new languages or perfect them [1]. The study of how people and computers
communicate with one another using natural language is known as natural language processing
(NLP). In this area, computational linguistics, artificial intelligence, and computer science all
interact. NLP is a text analysis method that enables computers to comprehend spoken language.
Numerous NLP tools enable tasks like automatic text summarization, sentiment analysis, topic
extraction, named entity recognition, parts-of-speech tagging, connection extraction, stemming,
and other useful tasks that support human-computer interaction. Examples of these tools include

text mining, machine translation, and automated question answering [2].

One of natural language processing's earliest and most intriguing subfields is machine translation.
The main goal is to break down language barriers by creating a machine translation system that
can translate between different human languages. In the area of artificial intelligence known as
machine translation, computers are used to translate one natural language into another. It is an
interdisciplinary area of study that draws concepts from other disciplines, including languages,
artificial intelligence, statistics, and mathematics. Communities from all around the world are
connected in this digital age and share a wealth of resources. In this kind of digital world, language
barriers make communication difficult. To get around this problem, researchers from several
nations and significant corporations are developing machine translation systems. Before the 20th

century, performing the necessary translation was a pipe dream [3].



The concepts and expressions of the human mind are represented by a language, which is a means
of communication. As a result, the translation approach was used to transmit communications from
one language to another. The field of machine translation has undergone revolutionary change
thanks to advancements in information, communication, and technology (ICT). It is necessary to
translate literary works from any foreign language into native languages, more precisely using a
machine translation system. Typically, the machine translation system is given the text in the
foreign language, and then the translation is completed. By enabling global access to diverse
literary sources, such systems can overcome linguistic barriers [4]. Computational linguistics
studies the use of software to translate text or speech from one language to another. One subfield
of Computational linguistics is machine translation (MT). Machine translation only replaces words
from one language with words from another, but this does not guarantee accurate translation. Using
statistical and neural techniques is a more advanced approach that is also a growing topic to handle

the problem of multiple phrase recognition [5].

Tigrinya is a Semitic language spoken in northern Ethiopia in the Tigray Region as well as in
Eritrea. It is one of Eritrea's nine official languages. A 13th-century document of regional
customary regulations is the earliest known written work in Tigrinya. It was discovered in Eritrea’s
Logo Sarda neighborhood in Akele Guzai [6]. Around 10 million people in Eritrea and Ethiopia
speak the low-resource Semitic language of Tigrinya. Its intricate root and template morphology
produces a wide range of word inflections through the use of prefix, infix, and suffix affixation. It
is challenging to create a dense corpus that includes the majority of Tigrinya words due to the

numerous inflections used in the language [7].

The majority of the languages spoken in Europe and western Asia, from Iceland to India, are linked
to English because it is a member of the Indo-European language family. The ancestral language,
known as Proto-Indo-European, was reportedly spoken by nomads who wandered the southeast
European plains some 5,000 years ago. Since the beginning of time, English has absorbed terms
from several languages. The phonology and morphology of the languages spoken around the world
have been used to create the English that we have today. English comes third with 369.7 million
native speakers, although it ranks first with 898.4 million second language speakers, according to

the 2019 edition of Ethnologue published by SIL International. English has spread around the



world, either voluntarily or involuntarily. If we go through history's records, we see that colonists
initially imposed this universal language [8].

The research on deep learning and artificial neural networks is a result of our desire to create a
computer system that can mimic the functioning of the human brain. Understanding the operation
of our cognitive system is necessary for the development of such a system. lvakhnenko and Lapa
employed thin but deep models with polynomial activation functions in 1965 to develop the first
deep-learning-like algorithms. They then applied statistical techniques to examine their results.
They used statistical techniques to pick the top features in each layer and passed them on to the
subsequent layer. They used layer-by-layer least squares fitting instead of backpropagation to train
their network end-to-end, where earlier layers were independently fitted from later levels [9].

In recent years, deep learning has changed a number of industries, from computer vision to game
artificial intelligence (Al). Due to these advancements, the field of machine translation has shifted
to the use of deep-learning neural-based techniques, which have essentially replaced earlier
methods like rule-based systems or statistical phrase-based techniques. Now that deep learning
approaches are available, such as neural machine translation (NMT) models, it is possible to access
all of the information included in the source phrase and automatically determine which information
is pertinent at each stage of the output text's synthesis. The elimination of earlier independence
assumptions is the main cause of the enormous improvement in translation quality [10]. A radical
improvement over earlier machine translation techniques is neural machine translation. In contrast
to SMT, which uses discrete symbolic representations, NMT uses continuous representations. On
the other hand, NMT eliminates the need for excessive feature engineering by modeling the entire
translation process with a single, sizable neural network. As opposed to SMT's separately tuned
components, NMT's training is end-to-end. In addition to being straightforward, NMT has attained
cutting-edge performance across multiple languages. In actuality, NMT also ends up serving as
the primary technology for many commercial MT systems [11]. Artificial neural networks are
used in deep learning, a type of machine learning, to mimic the workings of the human brain. It
has the capacity to process massive amounts of data and find crucial patterns that can support
important decision-making. In many NLP tasks, including text categorization and language
translation, it offers cutting-edge accuracy. When it comes to natural language processing tasks

like speech recognition, audio recognition, bioinformatics, and machine translation, deep learning



architectures like deep belief networks, deep neural networks, and convolutional neural networks

often outperform human experts [12].

(>

Output layer
(one unit)

Third hidden
layer

Second
hidden layer

Input layer

First hidden
layer

Figure 1 The architecture of the first known deep network which was trained by Alexey Grigorevich
Ivakhnenko in 1965 [13].

1.2. Problem statement

Tigrinya is an Afro-Asiatic Semitic language that is spoken in the East African nations of Eritrea
and Ethiopia. It is descended from the ancient Geez language. The Tigrigna script, in contrast to
the Latin language, has more than 32 base letters with seven vowels each. A start letter has six

different suffixes [14]. Previously some studies were conducted on machine translation of Tigrigna



and English languages. The study [4] proposed a statistical machine translator for English to
Tigrigna translation. However the study were only one directional which is English to Tigrigna
languages only. The study proposed [7] English to Tigrigna translation using neural machine
translation. Again the study were only one directional which is English to Tigrigna languages only.
In the study by [15] Tigrigna neural machine translation were proposed. The study focused on
Tigrigna to English machine translation not the reverse using transfer learning. The study were
conducted for domain specific case of humanitarian response. This makes the model developed in
the study limited to humanitarian response domain only. In the study [16] a bidirectional English-
Tigrigna machine translation were proposed. The study used a hybrid approach of statistical
approach and post-processing technique. Even though the study reported good performance of
their approach, the model is limited to four domains only. In the study [17] a bidirectional Tigrigna
— English machine translation using statistical machine translation approach were conducted.
However SMT technique may disregard the extended dependency that exists beyond the length of
phrases resulting an errors in translation outcomes such as gender agreements that are wrong.
Separate components, such as word aligners, translation rule extractors, and other feature
extractors, are also affected [18]. In the study [19] English -Tigrigna factored statistical machine
translation were conducted. The study used statistical machine translation and it was English to
Tigrigna translation and not the reverse.

Tigrigna —English Machine Translation is required since a lot of documents are written in both
languages. Due to the information communication between many regions employing different
regional languages, translation systems are becoming more and more in demand today. As far as
our knowledge is concerned there is no research done that fills the above limitations of previous
studies. The goal of this research is to develop bidirectional Tigrigna-English machine translation

model using Deep learning techniques.

1.3. Motivation

Machine translation systems remove language barriers by translating one human language to other
languages. It is essential for improving communication between individuals who live in different
places and for enabling people to use data and documents created in languages with abundant

resources. The requirement for information sharing between languages with abundant and limited



resources creates a high demand for translation. The languages that have been translated the least
are Ethiopian languages, like Tigrigna, which is thought to have fewer resources even though it is
a language that is widely spoken in the country's north part and Eritrea. English, being the language
that is used everywhere on the Internet, is the language that is translated the most, making it
difficult for non-native speakers of the language to communicate and obtain resources. The
community, private sector, and public sector in the Tigray region and Eritrea will all benefit greatly
from improved machine translation of Tigrigna-English languages. Since Tigrigna is the official
working language of the Tigray region and Eritrea, applying machine translation on the translation
of various educational books or other materials can contribute to different government institutions
like elementary education. Bidirectional English-Tigrigna Machine Translation can solve the
aforementioned problems, which has motivated us to work on bidirectional English-Tigrigna
Machine Translation.

1.4. Research questions
The following are research questions answered at the end of this study.
A. To what extent the proposed model is effective as compared to previous baseline models?
B. How to develop and evaluate a model that can translate sentences from Tigrigna-English
and vice versa?

C. To what extent does the proposed bidirectional Tigrigna-English translation work?
1.5. The objective of the study

1.5.1. General objective
The general objective of the study is to develop bidirectional Tigrigna-English machine translation
model using deep learning techniques.
1.5.2. Specific objectives
To realize the general objective of our study, we carried out the following specific objectives:
v To review literatures and related works done on local and foreign languages
v To collect parallel corpus for Tigrigna-English translation model
v To study the linguistic behaviors of both Tigrigna and English languages
v To design Tigrigna-English machine translation model
v To evaluate performance of different deep learning algorithms for Tigrigna-

English machine translation model.



1.6. Scope and limitation of the study

The scope of the study is designing Tigrigna-English bi-directional machine translation to translate
sentences written in Tigrigna text into English text and vice versa using deep learning. In this study
tasks such as speech translation, morphological analysis and word sense disambiguation is not

covered.

1.7. Significance

The researchers, translators, and society all gain from this research. It introduces researchers new
insights and datasets for more research. Additionally, it is important for advancing local language
NLP research and inspiring academics to carry out MT between local languages. The ability to
translate Tigrigna written papers, religious texts, educational texts, Tigrigna documents, and many
literal news stories into English and vice versa is useful for translators. It is utilized to reduce the
time and expense involved with manual translation. In order to strengthen our local languages, it

encourages the community to exchange knowledge and learn the language.

1.8. Thesis organization

This study is organized as follows. The second chapter presents a literature review of natural
language processing, Tigrigna language, English language, machine translation and techniques of
machine translation. Previous studies on Tigrigna-English machine translation and performance
evaluation metrics is explored in chapter two. The third chapter discusses the methodology, which
include the dataset preparation and the proposed model architecture. The fourth chapter discuss
about the result, discussion and findings of the study. The last chapter discusses the conclusion of

the study and recommendations based on the study's results and findings.



CHAPTER TWO
2 Literature Review

2.1. Introduction to Natural language
Language is more than just a collection of sounds or a vocabulary of meaningful words. People
communicate primarily through language, and this language-based communication usually occurs
in a social setting. Language is used by people to convey their friendliness, love, anger, and pain
as well as to interact socially and emotionally. Ideas can be shared and tasks can be completed
with the use of language (tell a narrative, provide information, complain, or seek for help). It takes
more than just knowing the vocabulary of the language being used to communicate effectively.
Understanding how people using the language utilize its words is necessary for effective

communication. Children acquire spoken language naturally through social interactions. Oral



language development in children starts in the years before school, usually without explicit
instruction. Childhood is a continuous period of this growth. Children require direct education,
including instruction on language structure, in order to learn to read and write [25]. Language is
more than just words; it's also the arrangement of those words, or grammar. Humans are unique in
having the capacity to speak in intricate, nuanced ways; while bees, parrots, and chimps may
imitate it, they are not able to do so with the same intricacy or spontaneity. It is uncertain whether
Neanderthals could communicate in the same way as modern humans, despite well-known
conjectures, and hypotheses suggesting that language originated from a single gene mutation some
30,000 years ago are also becoming more and more contentious [26]. Language, which can also
refer to the structure, syntax, or arrangement of each of its components, is a means of
communicating thoughts or feelings that are understood and utilized by a community. Written
symbols, gestures, and vocalizations are all part of human language; nonetheless, it is difficult to
say with certainty that language does not exist in other creatures. Animals are excellent
communicators and information carriers. Gorillas primarily use twenty-five different vocalizations
for group communication. The band uses sounds, such as grunts and barking, to identify each
member's location when traveling. The main uses of distance calls by common chimpanzees are
to attract attention, sound an alarm, and point out food sources or other members of the society.
Similar to humans, bonobos mostly use vocalizations for communication. Although animal
communication is not as sophisticated as human speech, animal communication is nonetheless
effective enough to show the evolutionary benefit of group information exchange. Thus, the
question of how animal communication evolved into human language has been debated for
decades [27].

2.2. Natural language processing
The ability of a computer software to comprehend spoken and written human language is known
as natural language processing, or NLP. It's a part of Al, or artificial intelligence. With its origins
in the study of languages, NLP has been around for more than 50 years. It has numerous practical
uses in a range of industries, such as business intelligence, search engines, and medical research
[28]. In order to achieve human-like language processing for a variety of activities or applications,
a theoretically motivated spectrum of computing techniques known as "natural language
processing” is used to analyze and represent naturally occurring texts at one or more levels of

linguistic analysis. Natural language processing (NLP) is regarded asa branch of artificial

9



intelligence (Al), as demonstrated by its human-like qualities. Furthermore, since NLP aims to
perform as well as humans do, it is reasonable to classify it as an Al discipline, even though its
entire genealogy depends on a number of other disciplines. Natural language processing has been
the subject of research for many years, beginning in the late 1940s. The first computer-based
application pertaining to natural language was machine translation (MT) [29].

Natural language processing is the use of computing techniques to the study of linguistic data,
usually in the form of textual data like articles or papers. Using linguistic insights, natural language
processing aims to create a representation of the text that gives the otherwise unstructured natural
language some structure. This structure can be more semantic, capturing the text's content, or
syntactic, capturing the grammatical relationships between the text's parts. Systems biologists
utilize natural language processing to create applications that combine data from the literature with
information from other biological data sources. A pipeline of components makes up the standard
natural language processing system, which manipulates an input text in ever more complex ways.
Each component's general goal is to provide the text structure so that it may be processed more
easily later on. Early in the pipeline components deal with jobs that are similar to the text's surface
strings, whereas later components seek to evaluate concepts and their relationships. Component
tasks can be completed using a variety of techniques, from statistical and machine learning models
to rule-based approaches like regular expressions and finite state automata [30].

The field of natural language processing (NLP) originated in the 1950s as a combination of
linguistics and artificial intelligence. First, text information retrieval (IR) was distinguished from
natural language processing (NLP) by employing highly scalable statistics-based techniques to
rapidly index and search large amounts of text. But over time, there has been some convergence
between NLP and IR. Since NLP now draws from many other fields, researchers and innovators
in the field must significantly broaden their conceptual knowledge base [31]. In computational
linguistics, grammar refers to the study of certain structures and rules found in language, such as
determining the principles of sentence order and classifying words. Language Model and Part-of-
Speech Tagging are two ways for expressing linear laws in these languages. Syntactic Structure or
Dependency Relationship between words in the sentence can be used to represent nonlinear
information in the sentence. Although the analysis and expression of sentence structure may not
be the final goal of natural language processing problems, it is frequently a key step in solving the
problem [32].
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Natural language processing is an interdisciplinary field that aims to get computers to perform
useful natural language tasks like enabling human-machine communication, improving human-
human communication, or simply performing useful text and speech processing. It is also known
as Human Language Technology, Language Technology, or Speech and Language Processing.
The coding, recognition, interpretation, translation, and production of human language are among
the research and development activities in this sector. The final products of these efforts include
speech and language technologies including text classification, machine translation, speech
recognition and synthesis, and text mining [33].

Natural language, as opposed to computer languages, is human language. The distinction between
them is that uncertainty is present. There is no ambiguity in any well-designed computer language.
All known natural languages, on the other hand, have the trait of ambiguity. Ambiguity happens
when an input can be interpreted in multiple ways. Ambiguity exists at every level of human
communication. The study of computer programs that take natural, or human, language as input is
known as natural language processing. Natural language processing software can tackle a variety
of tasks, from low-level tasks like attributing components of speech to words to high-level ones
like answering questions. Natural language processing (NLP) is required to convert meaningful

information contained in text into structured data that may be utilized by computer operations [34].

2.3. Background of Tigrigna language
Tigrinya is a Semitic language spoken in northern Ethiopia in the Tigray Region as well as in
Eritrea. It is one of Eritrea's nine official languages. A 13th-century document of regional
customary regulations is the earliest known written work in Tigrinya. It was discovered in Eritrea’s

Logo Sarda neighborhood in Akele Guzai [6].

One of the languages of the subfamily of South Semitic languages known as Ethio-Eritrean
Semitics is Tigrinya. There are two subgroups of the Ethio-Eritrean Semitic languages: North
Ethiopian and Eritrean Semitic languages, and South Ethiopian Semitic languages. Ge'ez, Tigre,
and Tigrinya make up the former. While Tigré is exclusively spoken in Eritrea, Ge'ez and Tigrinya
are shared by Ethiopia and Eritrea. South Ethiopian Semitics includes Amharic and more than 20
languages [35]. Tigrigna is a member of the Ethio-Semitic language family, which is part of the
Afro-Asiatic super family, and is the third most spoken language in Ethiopia. Although immigrants
speak Tigrigna throughout the world, it is mainly spoken in the Tigray area of Ethiopia and Eritrea.

The Ge'ez script, commonly known as the Ethiopic script these days, is used by Tigrigna [36].
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The Tigrigna language is syllabic; each combination of a vowel and a consonant is represented by
a single symbol, the alphabet. Tigrigna displays the root and stem pattern morphological
phenomenon as a result of its rich morphology. It is vital to comprehend the behavior of Tigrigna
language stems and roots since the morphological diversity is the outcome of appending affixes to
the root verbs or nouns to indicate number, gender, tense, possession, etc. While a stem is a verb
whose final letter is "sads" (6th order) or a noun that indicates a single number, a root is a verb
that indicates a third person singular masculine, such as NAO0 @ N+P T NCrh, etc. and a noun that
expresses a singular noun. Thus, depending on whether the word is a verb, a stem may or may not
have meaning. In Tigrigna inflectional or derivational morphology of words is created by adding
an affix at the beginning or middle (inside) or end of the root. After adding the affix the new words
may be new in meaning and structure from their respective roots. The affixes can also be

concatenated with each other. The affixes in Tigrigna can be classified in to four categories. The
first is prefixes that come at the beginning of the root. Example prefixes such as 7% HT A%+7 9of
N92:..%. The second affix is suffixes that come at the end of the root. Example suffixes such as
T #1795 The third is infixes that come inside the root. Example infixes such as N
in ANNZ3A in NAAO? 2~ in NZ-+P. The fourth is circumfixes that are attached before and after the

base form at the same time [36].

Based on the work of [37] a finite verb and a subject are the two minimum components of Tigrigna

sentences. Tigrigna words are divided into eight main categories according to the parts of speech.
These are Nouns/ “f+9°”, Verbs/”14%”, Adjectives/”$8Ar>, Adverbs/”+m-AH-74%F,
Pronoun/+@-AM-f+9°/A18.-92,  Preposition/@®N+PL L, Conjunction/a®N+992C  and
Interjection/4\ AJ5”. The syntactic structure is created by sequentially joining several words.

Subject ("N%4-NT) (beOel-Biet)" object (“+Nh-AMN,) (tesHebi)" verb (“<11y) (gsi)" word order

(SQOV) is the structure of a Tigrigna sentence.

Nouns (“/+9°”)
In Tigrigna, nouns are names for people, places, animals, emotions, attributes, actions, and
concepts. There are further subcategories of nouns, including countable, abstract, concrete, proper,

and common. The majority of nouns in the language terminate with "Sadese Fidel," which is the
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sixth letter. However, this does not imply that other letters or Fidel never end. Tigrigna nouns can
mean several different things in their plural forms [37].

There is no standard method for changing a singular form into its plural equivalents. There are two
methods for creating a noun's plural forms, despite the fact that there is no standard method for
doing so. The first is adding an ending (internal plurals), and the second is replacing patterns
(broken plurals). Plural nouns created by substituting patterns are sometimes referred to as "broken

plurals™ or "internal plurals,” while plural nouns created by appending suffixes are known as
"external plurals." External plurals can be formed with the two ends -an (A7) and -"at /A%". -"an"

is primarily limited to nouns that refer to male humans [37]. Example of forming plural forms of

a nouns is stated in below.

v Using pattern replacement (broken plurals): “@®3NC menber” ....... "angAC
menabir”
v' Using addition of an ending (internal plurals): "4@®+" —-----—----- "QaD "

Adjectives ("$6AT")

Tigrigna adjectives are based on property, size, shape, color and most adjectives in Tigrigna were
found in front of a noun. Adjectives are one of the four major word classes, and their main function
is to give clear explanation for a noun (i.e., talk about things behavior or characteristics, like shape,
size, color, type, property) [38].

Example: “HtAAN AD8T RARRHL £HAMh:"

Verbs ("a10F")

A verb is a term that describes an event, condition, or action. It usually serves as the primary
component of the predicate in a phrase. In Tigrigna, verbs are typically used at the end of sentences.
Verbs in Tigrigna can terminate in two different ways: one for the subject and one for the object.
As a result, the verb's affix may agree with the subject and the object at the same time.

Adverbs (’t@ATN-74F)

In Tigrigna, a word that describes a verb's attribute is an adverb.

Pronoun ("t@Am NI°/AYL,-9=")
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Pronoun is utilized to replace a noun and the noun place in sentences. Pronoun has the same usage

like that of noun. The personal, reflexive, relative, reciprocal, demonstrative, interrogative,

indefinite, and possessive pronoun are different types of pronouns.

Conjunction (“d®A+992C”)

Words that are used to connect clauses or sentences or o coordinate words in the same clause are

conjunctions. In Tigrigna words that act as a conjunctionare 7 ¥ @2 ¥ and 77C “17.

The following Table 1 shows all Tigrigna word classes and their examples.

Table 1 Word Class Category in Tigrigna Language [38]

Word Class Example

Verb(°1M) Drive (HDZ), grow(%NP), sing(L44.)
Noun(h9®) Sister (sh&+.2):Bus (h®FMN)? house (7H),
Adjective($64\) Big (%N.): happy(h*n) cleaver(?NH)
Adverb(+@NNn°1N) Happily (+A10), recently (¢<£N), soon
Preposition(@®A+P £ ) of, over (AOA.), with (920), in ()
Pronoun(n7.8: N9®) He (1Y), she(1N)

Conjunction (“@®N+99°C”) And (N9Pk @x7), or (DL £:99)

Interjection (P4 ~hIS) Wow (Pa»), gosh (11)
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2.4. Background of English language
Based on the study by [39] the English language's history is divided into three distinct periods. It
was decided that "old English covers from the first Anglo-Saxon settlements in England, from
about 450 to about 1100, Middle English from about 1100 to about 1500, and Modern English
from 1500 to the present day," despite the fact that there are no clear boundaries between these
periods. It was observed that English achieved success and a notable position during the early
modern age. Nonetheless, there were still numerous unresolved issues with the language. For
instance, the grammar had choice-based forms, the spelling was not established, and pronunciation
variances existed. These were the causes of the late modern era's necessity to correct and

harmonize the language.

In English, there are eight recognized parts of speech. Still, this is mostly based on ancient Latin
grammars. Despite their many similarities, pronouns and nouns are traditionally categorized as
distinct components of speech. Conversely, there is less similarity between different kinds of
adverbs and pronouns [40]. Based on [41] the main word classes—nouns, verbs, adjectives, and
adverbs—can be divided into groups according to the morphological (or "word-building™)
characteristics of each group. Generally, words in the same class accept the same set of suffixes
(endings). Additionally, several word classes have specific suffixes that are typically employed to

make their terms.

2.5. Machine translation
Automated translation, often known as machine translation (MT) or sometimes just "MT," is
distinct from computer-aided translation (CAT), machine-aided human translation (MAHT), or
interactive translation. It is the process of translating a text from one natural language—Iike
English—to another—Ilike Ibo—using computer software. After the United States established the
Association for Machine Translation and Computational Linguistics in 1962 and the National
Academy of Sciences established the Automatic Language Processing Advisory Committee
(ALPAC) in 1964 to investigate machine translation, researchers kept entering the subject.
However, actual development was significantly slower, and funding was drastically cut following
the ALPAC report (1966), which concluded that the ten-year research project had fallen short of
expectations. A. D. Booth and possibly others first floated the idea in 1946 of translating natural

languages using digital computers [42].
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The origins of machine translation (MT) can be found in the conversations and correspondence
between British crystallographer Andrew D. Booth and Warren Weaver of the Rockefeller
Foundation in 1947. Specifically, Weaver's 1949 memorandum to the Rockefeller Foundation,
which contained two sentences, is where the actual development of MT can be found. The
comparison between translation and decoding may seem oversimplified to an experienced reader
(despite the complexity of coding, it is essentially a one-to-one replacement process with a single
correct answer; translation is a far more subtle and complex process). However, Weaver later in
the memorandum offered some additional, more advanced perspectives, and these helped to
transform an apparently challenging task into one that could be tackled with the help of emerging
computer technology (computers had been successfully used for cryptography during World War
1) [43].

Because language is such an efficient means of communication in the modern world, there is a
growing demand for language translations. Because more information is being exchanged between
different regions using distinct regional languages, there has been a rise in demand for translation
services in recent years. Information professionals have expressed worry about, for example, web
documents' accessibility in different languages. Translating documents from one natural (human)
language to another using computers is known as machine translation (MT), a branch of artificial
intelligence. A variety of methods have been employed recently to create an MT system [42].
One of information science's most difficult "dreams™ to come true, so far, is machine translation
(MT). Researchers and funding agencies that were extremely disappointed with the performance
of their MT systems after spending significant sums of money for five or even ten years have
frequently declared that MT is "difficult” or "impossible.” They have acknowledged the challenges
of both translation and machine translation. In addition to linguistic expertise, translation demands
the highest level of "general” human intellect. Even for human professional translators who are
proficient in multiple languages but lack sufficient subject-matter expertise, translation remains a
challenging task [44].

Multilingual translation has gained prominence as a result of the globalization trend and the
increase in knowledge that has occurred in the second millennium. In order to acquire knowledge
in academic domains, Machine Translation (MT) warrants attention from both an academic and
practical standpoint. Since MT is a useful strategy used by qualified translators in a variety of

professional fields, translating students should be aware of it. Machine translation is an ideal

16



method that translation trainers, translation learners, and professional translators should be familiar
with for developing translating skills and finding a means to learn and teach through bi-
lingual/multilingual translating functions in software. Indeed, many academics had placed a great
weight on theories pertaining to computer help and machine translation [45].

Machine translation is one of the oldest and most exciting subfields in natural language processing.
The main objective is to develop a machine translation system that can translate between human
languages in order to overcome language barriers. A machine translation is an interdisciplinary
area of research that combines ideas from several academic fields, including mathematics, artificial
intelligence, languages, and statistics [3].

Approaches to MT can be divided into two categories based on methodology: rule-based methods
and dataset-based methods. Rule-based methods dominated from the time the concept of MT was
first proposed until the 1990s. Rule-based machine translation (RBMT) methods translate source
language texts into target language texts using bilingual dictionaries and manually written rules.
However, manually writing rules is time consuming. Furthermore, rules are difficult to keep and
transfer from one domain to another, as well as from one language to another. As a result, rule-
based systems are difficult to scale for open-domain translation and multilingual translation. MT
systems were initially designed primarily for military applications. Georgetown University, in
collaboration with the now-famous computer manufacturer International Business Machines
Corporation (IBM), completed the first Russian-English MT experiment using the IBM-701
computer in 1954, demonstrating that the dream of MT had come true. Following the 1954
presentation, MT gained significant traction for over ten years. However, the boom came to an
abrupt halt in 1966 with the release of the Automatic Language Processing Advisory Committee
(ALPAC) report. It became extremely difficult to work on MT after the report, which was
extremely skeptical of MT and resulted in a drastic cut in funding for MT research. The
Association for Computational Linguistics (ACL), the dominant scientific society today, was
originally named the Association for Machine Translation and Computational Linguistics in 1962,
during the boom; however, it dropped the "MT" from its name in 1968, during the bust, following
the ALPAC report. Meanwhile, MT researchers kept trying to improve translation quality. The
first International Conference on Computational Linguistics, which focused on rule-based parsing
and translation, was held in 1965 by NLP researchers. Beginning in the 1970s, RBMT methods

became more refined. One of the first MT companies, SYSTRAN, launched a commercial
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translation system in 1978, which was one of the most well-known examples of a commercially
successful rule-based system at the time. SYSTRAN's services were used by Google until 2007
[46].

Machine translators can be purchased as commercial computer solutions (for example, SYSTRAN
Enterprise Server and IBM WebSphere) or as free Web-based applications (eg, Google Translate
and Microsoft Bing Translator). Most machine translators are text-based and provide instant
translations between various languages; however, audio output is sometimes available. A variety
of language keyboards are occasionally available. Google Translate, for example, has a keyboard
icon that allows users to switch between different language scripts by toggling an on-screen
keyboard. To use the virtual keyboard, select the language from which you want to translate (i.e.,
uncheck "Detect language" and select a language other than English). The virtual keyboard icon
will appear in the text box's lower left-hand corner. Smartphone apps that connect to online

machine translation programs are also on the rise [47].

2.6. Approaches of machine translation
Approaches of machine translation can be categorized using the fundamental techniques of MT
systems. This classification is based on two primary paradigms: the dataset-based approach and
the rule-based method. The rule-based approach requires a large amount of human expert input as
human experts define a set of rules to characterize the translation process. In contrast, the dataset-
based technique uses an analysis of translation instances from a parallel dataset created by human
experts to automatically extract information. After merging the best features from the two main
categories of machine translation systems, the Hybrid Machine Translation Approach was formed

[42]. Figure shows different techniques of machine translation.
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Machine translation approaches

|

Direct Rule-based Corpus-based Knowledge-based
Translation Translation Translation Translation
Transfer Interlingua Example- Statistical
based

Figure 2 categories of machine translation

2.6.1. Rule-based machine translation (RBMT)

The rule-based machine translation (RBMT) approache is knowledge-based machine translation,
which requires a lot of human efforts on the preparation of linguistic rule and resources of both
source and target languages. The RBMT system translates a given input sentences to output
sentences based on morphological, syntactic, and semantic analysis of both source and target
languages. Rule-Based Machine Translation (RBMT) are the Classical Approach to MT, which is
a general term for machine translation systems that are based on linguistic information about the
source and target languages that is retrieved from (bilingual) dictionaries and grammars that cover
the main semantic, morphological, and syntactic regularities of each language. Based on
morphological, syntactic, and semantic analysis of the source and target languages involved in a
given translation task, a RBMT system generates output sentences (in some target language) from
input sentences (in some source language) [42]. There are three different methods in the rule-based
machine translation technique. They are the Interlingua, Transfer, and Direct machine translation
approaches. Despite being members of the RBMT, their approaches to achieving a representation
of meaning or intent that is independent of language between the source and target languages varies
[42].
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2.6.1.1. Direct Machine Translation (DMT) Approach

At the base of the pyramid, the Direct Machine Translation Approach is the lowest level. The
oldest and least used method is DMT. Direct translation is done at the word level. With this
method, machine translation systems can translate between two languages: the target language
(TL) and the source language (SL). The SL words are translated without the use of an
additional/intermediary representation. The analysis of SL texts is limited to a single TL. Direct
translation systems are primarily bilingual and unidirectional in nature. A minimal amount of
syntactic and semantic analysis is required for the direct translation approach. SL analysis is
focused on producing representations that are appropriate for a single TL. DMT is a word-for-
word translation method with some minor grammatical changes [42]. Figure 1 shows the steps in
direct machine translation approach.

Local
reordering

Lexical
transfer

Morphologica
I analysis

morphological
generation

Target
Text

Source Text

Figure 3 Steps of direct machine translation approaches
2.6.1.2. Transfer-based Machine Translation Approach
The transfer based machine translation generates generates a translation that mimics the original
sentence's meaning from an intermediate representation. It is somewhat dependent on the language
pair being translated, in contrast to interlingual machine translation. The Transfer-based Approach
is a better rule-based translation method that was found as a result of the shortcomings of the
Interlingua approach. Similar to interlingual machine translation, transfer-based machine
translation creates a translation from an intermediate representation by simulating the meaning of
the source sentence. Unlike interlingual MT, it depends to some extent on the language pair

involved in the translation. Based on the structural distinctions between the source and destination
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languages, a transfer system can be broken down into three stages: | analysis, ii) transfer, and iii)
generation. The syntactic representation of an SL sentence is created in the first stage using the SL
parser. In the next step, the output of the first stage is transformed into corresponding TL-oriented
representations. The last stage of this translation methodology is to produce the final TL texts using
a TL morphological analyzer. Translations using this technique can be of a respectably good
caliber [42].

Figure 2 shows steps in Transfer-based approach of machine translation.
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Figure 4 Transfer-based Approach of MT [48]

2.6.2. Dataset-based Machine Translation Approach
An alternate method of machine translation that tackles the rule-based machine translation issue
of knowledge acquisition is dataset-based machine translation, commonly referred to as data-
driven machine translation. As its name suggests, dataset-based machine translation (DBMT)
leverages a multilingual parallel dataset to gather information for newly incoming translations.
This approach uses parallel corpora, which are large-scale collections of raw data. This raw data
includes text and translations. Translator training is based on these corpora. The dataset-based
approach is further classified into two approaches. The statistical machine translation and

example-based machine translation [42].
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2.6.2.1. Example-based Machine Translation Approach

Translation by analogy is the core notion behind example-based machine translation (EBMT),
which stands out for using a bilingual dataset with parallel texts as its primary knowledge. An
EBMT system receives a series of sentences in the target language that correspond to each
sentence's point-to-point translation in the source language. Sentences from the source language
to the target language are translated using these examples. The four tasks that make up EBMT are
example synthesis, example application, example base and administration, and example
acquisition. The foundation of example-based machine translation is the idea of translation by
analogy. The idea of translation by analogy is conveyed to example-based machine translation
through the example translations used to train such a system [42].

Most example-based machine translation (MT) systems translate by using phrases or sentences as
the example unit, which enables them to take case relations or idiomatic expressions into account.
Example-based machine translation (MT) obtains instances that are similar to an input sentence
by treating a bilingual dataset as a database. When certain examples conflict during retrieval,
example-based MT selects the best example based on how similar the example's input and source
components are. This implies that the accuracy of the translation of the given input sentence is not
verified by example-based machine translation [49]. Compared to hard rule-based approaches, the
example-based approach offers more flexible transfer, simple translation knowledge acquisition,
and natural translations. The application of 01" linguistic rules, however, has several significant
advantages. An example-based machine translation system can handle a wide range of input by
using detailed linguistic analysis, since rules can be used to factor out all linguistic variations that
do not affect the tile exampled) used transfer. Higher grammatical output quality can be achieved
through rule-based language generation derived from detailed linguistic representations.
Ultimately, the system can be expanded to much larger domains thanks to a modular system
architecture that makes use of domain-independent linguistic regularities in distinct linguistic

modules [50]. Figure 5 shows the architecture of example based machine translation.
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Figure 5 Example based MT architecture [51]

2.6.2.2. Statistical machine Translation

In 1949, Warren Weaver suggested applying statistical and cryptanalytic methods that were being
developed from the then-emerging discipline of communication theory to translate text from one
natural language to another. Though attempts in this way were soon abandoned for a number of
theoretical and philosophical reasons, any such strategy was certain to fail at a time when the most

sophisticated computers were comparable to modern digital watches. These days, anyone with a
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decent workstation can study machine translation using statistical approaches and benefit from the
research they do. A string of English words, e, can be translated into a string of French words in a
variety of ways. The field of permissible French translations can be reduced by being aware of the
larger context in which the word appears, but there will still be a wide range of acceptable
translations; ultimately, preference will determine which one is preferred. We think that every
French string, f, can be rendered as e via statistical translation. For every pair of strings (e,f), we
assign a number Pr (fle), which we understand as the probability that a translator given e will
translate to f [52].

A Source Language Model and a Translation Model (S,T) produce a probability distribution over
source-target sentence pairs. The sum of the conditional probability Pr (T|S) in the translation
model and the probability Pr (S) in the language model yields the joint probability Pt (S, T) of the
pair (S, T). These models' parameters are automatically estimated by means of a statistical
technique that maximizes the fit between the models and the data, utilizing a vast database of
source-target sentence pairings [53]. Figure 6 shows general architecture of Statistical machine

translation.
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Figure 6 the general architecture of Statistical machine translation [54]

2.6.3. Machine translation using Neural Network

In order to facilitate the computation of the statistical probability assigned to each word in a
sequence, neural networks were introduced as an advancement tool for SMT. The concept of
simultaneously training and translating data from one natural language to another was modeled for
pure neural network machine translation after further research by multiple researchers. Neural
networks haven't attempted machine translation tasks in a very long time. But the performance
was appalling in the early stages of the attempt. Neural network-based machine translation
research has been neglected for a long time [55].

Deep neural networks were introduced for improved performance of existing machine translation
systems in a number of ways, particularly in terms of translation quality. One of the main causes

of this increase is deep neural networks' capacity to learn a logical representation of words. Deep
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neural architecture-based machine translation is producing cutting-edge outcomes when
translating European languages [56].
2.6.3.1. Neural Machine Translation (NMT)

With most language pairs, neural machine translation (NMT) is a well-researched method that
produces the best results. The sequence-to-sequence model with attention, which uses single-layer
recurrent neural networks in both the encoder and the decoder, is the foundation for the majority
of systems. Recurrent neural network architectures with multiple layers allow different
connections that result in different, orthogonal definitions of depth, which can affect the model
performance depending on a given task. This is in contrast to feed-forward networks, where depth
is simply defined as the number of non-input layers. The complexity of sequence-to-sequence
models increases due to their multiple feed-forward or recurrent sub-networks, which can all be
deep in different ways and result in a vast array of possible configurations [57]. NMT is made up
of two neural networks: one encoder and one decoder.) The encoder converts the original sentence
into a context vector ¢, which the decoder decodes to generate the target sentence. When the length
of a sentence increases, encoding it into a fixed-length content vector v causes a problem.
Incorporating the attention layer with the design can help to solve this problem and provide good
performance. It is equal to finding a target sentence that optimizes the conditional probability, that
is, arg max P(t|s), according to the probabilistic method. The encoder considers the source sentence
S to be a series of vectors S = (x1, x2, x3,... ) in vector v, also known as thought [3]. An end-to-
end learning mode is used in neural machine translation, an automated translation technique. A
neural network of machines is used to both encode and decode the source text. It's more like
adhering to a set of rules that have been established. The quality of the translation has significantly
increased thanks to neural machine translation (NMT), which can also handle conventional idioms
and phrase-based content. An amazing tool that significantly affects translation precision and

accuracy is the neural machine, a novel invention [58].

2.6.3.2. Different Neural Machine Translation Models
A relatively new approach to machine translation is called deep learning. Neural machine
translation is a better option for more accurate translation and performance than traditional
machine translation. Deep learning can be used to enhance and increase the efficiency of current
systems. Various deep learning methods and libraries are needed to create a better machine

translation system. For training purposes, the system that will translate the sentence from source
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language to target language uses RNNs, LSTMs, and other neural networks. It is a wise decision
to adjust suitable networks and deep learning techniques as this optimizes the system to maximize
the translation system's accuracy relative to other systems [23]. The following are deep learning
algorithms used in machine learning applications.

Recurrent neural network (RNN)

A specialized neural network with a feedback connection, the recurrent neural network (RNN)
processes sequential or time series data by feeding back the output along with new input at each
time step. The neural network can remember the previous data when processing the next output
thanks to the feedback connection. Because this type of processing is characterized as recurring,
the architecture is also referred to as a recurring neural network [59]. A simple neural network
with a feedback connection is part of the simple RNN architecture, sometimes referred to as Simple
RNN. Because of parameter sharing, which broadens the model's applicability to handle variable-
length sequences, it can handle sequential data of variable length. RNNs share the same weights
over a number of time steps, in contrast to feed forward neural networks, which have different
weights for every input feature. The output of a current time step in an RNN is determined by the
preceding time steps and is produced using the same update rule that produced the preceding
outputs. The RNN unfolds into a deep computational graph where time steps are shared by the
weights [59]. Recurrent Neural Networks (RNN) eliminate the need to specify the context's size
N and can represent more diverse patterns. RNNs have input, hidden, and output layers, but they
also have a recurrent matrix that connects the hidden layer to itself to enable time-delayed effects,
or short-term memory. Recurrent Neural Networks have recently gained popularity in language
modeling tasks, particularly neural machine translation (NMT). Recent NMT models are based on
Encoder-Decoder, in which a deep LSTM-based encoder projects the source sentence to a fixed
dimensional vector, and then another deep LSTM decodes the vector [60]. Figure 7 shows
architecture of RNN.
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Figure 7 RNN architecture [61]

Long short-term memory (LSTM)

A particular type of recurrent neural network (RNN) architecture called Long Short-Term Memory
(LSTM) was created to more accurately model temporal sequences and their long-term
dependencies than standard RNNs [62]. Text is viewed as a sequence of words in RNN-based
models, which are designed to capture word relationships and text structures. However, traditional
RNN models are ineffective and frequently outperform feed-forward neural networks. The most
prevalent RNN architecture is the Long Short-Term Memory (LSTM), which is designed to better
capture long-term dependencies. By introducing a memory cell to remember values across
arbitrary time periods and three gates (input gate, output gate, forget gate) to manage the flow of
information into and out of the cell, LSTM addresses the gradient vanishing or exploding
difficulties that vanilla RNNs suffer from. RNNs and LSTM models for TC have been improved
by capturing additional information, such as natural language tree structures, long-span word
relations in text, document subjects, and so on [63]. The external input gate, forget gate, and output

gate are the three gates that make up an LSTM. The information that should be deleted from the
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cell state is determined by the forget gate at time t and state si (). Through the use of a sigmoid
function o, the gate sets the weight between 0 and 1, controlling the self-loop. Previous information
is kept when the value is close to 1, and it is discarded when the value is close to 0. Following the
forget gate, an update is made to the internal state fi¥. With its own set of parameters, the
calculation for an external input gate (gi) is comparable to that of a forget gate using a sigmoid
function to produce a value between 0 and 1. A sigmoid unit integrated into the LSTM output gate
decides whether to output the value or to turn off the value bi' through the output gate gi' [59]. The
structure of LSTM is shown in Figure 8.
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Figure 8 LSTM architecture [59]

Gated Recurrent Neural Network

Because back-propagation in LSTM involves a large number of parameters, computation times are
lengthy. The gated recurrent unit (GRU), which shortens computation times, was suggested.
Although the architecture of the GRU has been altered, its functionality is comparable to that of
the LSTM. Similar to LSTM, GRU uses gating units to capture long-term dependencies in order

to solve the vanishing and exploding gradient problem. The reset gate and the update gate are the
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two gates that make up GRU. The amount of past data that must be forgotten is determined by the
reset gate, and the amount that must be carried forward is determined by the update gate [59]. The

structure of GRU is shown in Figure 9.
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Figure 9 Gated recurrent neural network (GRU) [59]

Bidirectional long short-term memory (Bi-LSTM)

Two parallel LSTMs, one on the input sequence and the other on the output sequence, come
together to form a bidirectional LSTM, whose hidden state records both past and future data. The
bidirectional LSTM's hidden state is the concatenation of the forward and backward hidden states
at each time step [64]. The Bi-LSTM neural network is made up of LSTM units that work in both
directions to take into account past and future context. Long-term dependencies can be learned
using Bi-LSTM without keeping redundant context information. As a result, it has shown to be
quite good at solving sequential modeling problems and is commonly used for text categorization.
The Bi-LSTM network includes two parallel layers that propagate in two directions using forward
and reverse passes to capture interdependence in two contexts, unlike the LSTM network [65].

The structure of Bi-LSTM is shown in Figure 10.
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Figure 10 Structure of the Bi-LSTM network [66]

Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNNs) are a popular deep learning method for handling
challenging issues. It gets around the drawbacks of conventional machine learning techniques. The
CNN model has received interest due to its performance on different NLP and image processing
tasks. Layers with convolving filters are applied to local features in convolutional neural networks
(CNN). CNN models, which were first developed for computer vision, have now been proven to
be useful for NLP, with outstanding results in semantic parsing, search query retrieval, sentence
modeling, and other standard NLP tasks [67]. Convolutional Neural Networks (CNNSs) are
convolution-based networks that use pooling strategies to get their results. The advantages of CNN
over others include parameter sharing, sparse interactions, and similar representations. For using
the bi-dimensional structure of input data, local connections and shared weights in the network are
used instead of completely connected networks. The CNN is the most well-known and widely used
algorithm in the field of deep learning. The fundamental advantage of CNN over its predecessors
is that it automatically detects significant features without the need for human intervention [68].

Figure 11 shows architecture of a CNN algorithm.
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Figure 11 CNN architecture with two channels [69]

Encoder-Decoder Models

When it comes to sequence-to-sequence tasks like machine translation, current machine learning
encoder-decoder architectures can achieve impressive performance. Text is converted to a numeric
representation using a text encoder. Decoders, as opposed to encoders, unfold a vector that
represents the state of the sequence and provide us with meaningful information, such as text, tags,
or labels. A sequence of contextualized representations, h:", is produced by an encoder given an
input sequence, x1". The context vector, ¢, functions as a function of h,"and provides the decoder
with the essential information from the input. Additionally, there is a decoder that takes an input
of ¢ and produces an arbitrary length sequence of hidden states h:™ from which an equivalent
sequence of output states y:™ can be calculated [70]. The architecture of encoder-decoder is
commonly used in sequence-to-sequence modeling applications. Encoder-decoder neural
networks remain the de facto neural network design for state-of-the-art models in machine
translation, despite the transition from long short-term memory networks to Transformer networks
as well as the introduction and development of attention mechanisms. Encoder-decoder is still the
de facto neural network architecture for state of-the-art models. Sequence-to-sequence modeling
is often approached with Neural Networks (NNs), prominently encoder-decoder NNs, nowadays.
For the task of Machine Translation (MT), which is by definition also a sequence-to-sequence task,

the default choice of NN topology is also an encoder decoder architecture [71]. From a variable-
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length input sentence, the encoder extracts a fixed-length vector representation, from which the
decoder produces an accurate, variable-length target translation. The task of translation can be
understood from the perspective of machine learning as learning the conditional distribution p (f |
e) of a source sentence e given a target sentence (translation) f. After a model has learned the
conditional distribution, it can be used to sample a target sentence directly given a source sentence,
either by actual sampling or by using a (approximate) search algorithm to find the maximum of
the distribution [72].
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Figure 12 The encoder—decoder architecture [70]

Attention Mechanism

In order to enhance NMT performance, attention techniques were first developed to teach the
alignment between source and target tokens. The classic word alignment in SMT, which learns the
hard alignment between source and destination tokens, is different from the attention techniques.
When creating a target token, attention mechanisms learn to take features from every source token.
All of the concealed states of the source tokens are given weights. Larger weights are given to the
concealed states that are more connected. Following that, attention mechanisms provide the

decoder a context vector c; that was retrieved from the encoder for target-side predictions [73].
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The hidden state is represented with h and set is {h, hz, - - -, hn} in the encoder, where n is the
number of source-side tokens. The context vector c; is computed using
Ct = ath

where o is the attention vector at time step t. atiS a normalized distribution of a score computed
by the hidden state set h and the decoder state si—1, as described by Equation 2:

at = softmax (score(st—1, h))
The fact that early NMT models frequently provided inadequate translations for lengthy sentences
is one issue that has yet to be fully resolved. The fixed-length source sentence encoding is the
cause of this flaw. Sentences of various lengths transmit information in different ways. A fixed-
length vector cannot therefore adequately capture a long sentence with a complex structure and

meaning, even though it is fine for small sentences [74].
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Figure 13 Vanilla attention mechanism [73]

Fully attention-based NMT has recently demonstrated promising performance. In particular, the
attention mechanism has operated as a driving force rather than an assistant in text feature
extraction. Transformer, which is a completely attention-based paradigm, is one of them.
Transformer is a fully attention based NMT model, in contrast to earlier RNN- or CNN-based
models. It can be a feature extractor that allows the complete sentence to be "read™ and modelled
once, meaning it is of self-attention with a feed-forward link. Multiple layers are frequently
stacked, which improves the quality of the translation [18]. Figure 11 shows the architecture of the

transformer.
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2.7. Related work
Machine translation has been studied for many foreign languages and some Ethiopian languages.
Some of the Ethiopian languages that have resources on the web such as Amharic, Oromo and
Tigrigna has been explored for machine translation tasks. Previous researchers has employed
different approaches of machine translation such as rule based and statistical based machine
translation techniques for translation of Semitic languages.
Previously there are some studies conducted on machine translation of Tigrigna and English
languages. The study [4] proposed a statistical machine translator for English to Tigrigna
translation. However the study were only one directional which is English to Tigrigna languages
only. On the other hand the study [7] proposed English to Tigrigna translation using neural
machine translation. Again the study were only one directional which is English to Tigrigna
languages only. In the study by [15] Tigrigna neural machine translation were proposed. The study
focused on Tigrigna to English machine translation not the reverse using transfer learning. The
study were conducted for domain specific case of humanitarian response. This makes the model
developed in the study limited to humanitarian response domain only.
In the study [16] a bidirectional English-Tigrigna machine translation were proposed. The study
used a hybrid approach of statistical approach and post-processing technique. Even though the
study reported good performance of their approach, the model is limited to four domains only.
Based on the literature review the author collected a total of 32,000 bilingual dictionaries and
roughly 12,000 parallel sentences from four domains for the experiment, and two language
models—one for Tigrigna and the other for English—were created. 1,200 sentences were selected
at random for testing and 10,800 sentences for the training set from the parallelly collected corpus.
The experiment used the Moses open source statistical machine translation system for training,
tuning, and decoding. The Giza++ toolkit was utilized to align the parallel corpus, and SRILM was
employed to construct the language model.
In the study [17] a bidirectional Tigrigna — English machine translation using statistical machine
translation approach were conducted. However SMT technique may disregard the extended
dependency that exists beyond the length of phrases resulting an errors in translation outcomes
such as gender agreements that are wrong. Separate components, such as word aligners, translation

rule extractors, and other feature extractors, are also affected [18]. In the study [19] English -
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Tigrigna factored statistical machine translation were conducted. The study used statistical
machine translation and it was English to Tigrigna translation and not the reverse.

The work of [76] proposed parallel corpora for bi-directional statistical machine translation for
seven Ethiopian language pairs including Tigrigna. The study employed statistical based machine
translation (SMT). However SMT has a limitation of handling long term sentences dependencies.
The authors reported that their system performs less for Ethio-Semitic language family. The
authors recommended ANN modelling as an attractive solution to the problems of machine
translation that is the trend of the time.

The study by [77] proposed an Amharic-Tigrigna machine translation using the SMT approach.
The author prepared the text corpus for Amharic-Tigrigna machine translation system from
religious domain specifically from bible. The author recommended to enhance the performance of
translator using other techniques. The author [77] proposed morpheme based bi-directional
machine translation for Ge’ez to Tigrigna languages. The author experimented their model using
a dataset collected ten bible books. The author used GIZA++ which is a statistical machine
translation toolkit. The author reported as their experiment achieved a BLUE score of 9.23 % from
Tigrigna to Ge’ez and 8.67% Ge™ez to Tigrigna BLEU score respectively and recommend

increasing the size and domain of the data set used for training the system for better results.

The study [78] proposed Ge'ez Amharic machine translation using deep learning. The dataset for
the study were collected from Bible and religious documents. The study reported that the
performance of their system is much lower. This is because the study employed LSTM algorithm
which has a drawback of handling long term dependencies that exist in a text. The dataset also
makes the model limited to the domain where the dataset is collected. The study [79] proposed a
morpheme based Ge'ez Amharic machine translation. The study used SMT which is based on
morpheme and word level translation as a technique. However SMT approach may disregard the

extended dependency that exists beyond the length of phrases and new words.

Studies also show that Neural Machine Translation (NMT) are better as compared to SMT systems.
NMT is an end-to-end learning strategy for automated translation that has the potential to solve
many of the flaws of traditional phrase-based translation systems. Unfortunately, both in training
and translation inference, NMT systems are known to be computationally expensive — often

excessively so in the case of very big data sets and complex models. NMT systems have also been
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accused of being unreliable, particularly when input sentences contain unusual terms. NMT's
application in actual deployments and services, where both accuracy and speed are critical, has
been hampered by these limitations [80].

In the study [81] English Amharic machine translation using SMT were proposed. From the study
it is shown that the task of developing MT for Amharic using a rule-based approach, which is
considered one of the NLP scarce resource languages, is enormous. The same may not be true for
languages with well-developed NLP resources. The rule-based MT strongly leverages integrated
linguistic knowledge, rules, and resources of both the source and target languages, which makes it
difficult for under-resourced languages. The source and target languages' linguistic knowledge
includes tagging, parsing, morphological, syntactic, semantic, and lexical information. The
linguistic rules include rules for analyzing, transferring (including syntactic, semantic, and lexical)

the source and/or target languages, as well as rules for generating them.

An Amharic English machine translation were proposed in the work of [76]. From the work, we
observed that for SMT the linguistic characteristics of the target languages have a significant
impact on translation. The difficulties include everything from the writing system to word ordering
and morphological sophistication. Different characters are employed in words that express the
same meaning in the Ge'ez writing system, which is used by Amharic, Tigrigna, and Ge'ez
languages. Peace, for example, can be written as: NA9® or WAJ®, Such character differences have

an impact on probability values, which have a direct impact on SMT performance.
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CHAPTER THREE

3 RESEARCH METHODOLOGY

3.1. Introduction
In this chapter the methodology, detailed architectural design and implementation of the
bidirectional Tigrigna-English machine translation model is described. We collected the Tigrigna-

English parallel dataset from freely available online sources.

3.2. Research design
We used an experimental research design technique to analyze the result of our experiments. We
used our collected data to undertake various experiments. With a scientific methodology,
experimental research is carried out with dependent and independent variables. We chose an
experimental research approach so that we could easily observe the impact of some variables on
other variables and investigate potential causes and effects. In our case various model parameters

are the variable we employed.

3.3. System design and architecture
In this study we used the encoder decoder and attention based machine translation approaches. In
Figure 15 the proposed model architecture is shown and each step in the architecture is described

in the following sections.
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Figure 15 proposed model architecture
3.3.1. Dataset collection
We collected the Tigrigna English dataset from different sources like online repositories. Some of
our dataset sources are Github, and the Translators without borders. The dataset contains two files
one for Tigrigna and the other English text. In addition to the existed dataset, we have translated

freely available English text corpus to Tigrigna.
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3.3.2. Dataset preprocessing
In the preprocessing phase we make our dataset ready for our model's later processing tasks.
During the text preprocessing stage of natural language processing, a text is transformed into a
machine-readable format to facilitate the operation of learning algorithms. In our study we did
preprocessing stages that includes cleaning text, normalization, and tokenization.
Dataset cleaning
Text cleaning involves removing unnecessary spaces, stop words, punctuation, special characters
and numbers. Punctuation is not included in the corpus and is not particularly relevant to
translation. In this stage, we removed these unnecessary spaces, punctuation and special
characters. The algorithm we used to remove these characters is shown below in Appendix B and
list of stop words in Appendix D.
Normalization
The process of mapping various word variants to a single string is known as normalization in NLP.
Normalization helps in dataset preparation by converting words into a common format. For
instance, in the Tigrigna language, all words "U," "," and "w" , "A" can be represented as a single
entity, allowing text representation techniques to provide comparable representations for words
that are similar. The algorithm used to normalize the dataset in our study is shown in Appendix B.
Tokenization
The process of breaking down a given text into individual words, sentences, and subwords is
known as tokenization. It is lexical analysis method used to separate sentences into their
constituent tokens. When we performed tokenization, we found the vocabulary size, the maximum
length of sequences, and the representation of words with unique numbers. In order to assign a
distinct number to each word, we read the entire parallel dataset and a unique number is given to
each word. With tokenization process the whole dataset is translated to integer form. The following
Tigrigna English sentences shows how tokenization is done in our study. “¥4 +9°4Y¢ AR tokenized
as ‘“1n’, “+9°4¢’, ‘AR’. The Figure 18 below shows sample of the tokenization stage of dataset

preprocessing for Tigrigna sentences.
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Integer representation

Figure 16 Tokenization of Tigrigna sentence

Similarly the corresponding English sentences is also tokenized the same way. “She is a student”
is tokenized as 'she ', 'is’, 'student’. However, in order to know the boundary of end of the sentences
we used <sos> to indicate the beginning of a new sentence and <eos> to indicate the end of the
sentences like ‘<sos>’, 'she' .'is' ,'student' <eos>’. The Figure 19 below shows sample of the

tokenization stage of dataset preprocessing for Amharic sentences.
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Integer representation

Figure 17 Tokenization of English sentences

The algorithm we used to tokenize the dataset is shown below in Appendix B.

Vectorization

In the tokenization stage the dataset is changed in to integer representation. However the integer
representation cannot be directly input for the translation model. This is because the neural network
does not directly operate on the vocabulary represented with integer. In order to operate the
vocabulary by the neural network it should be changed in to vector representation, which is called
one hot vector representation. In this stage the integer represented data is changed in to two-
dimensional vector which is, one-hot vector representation. The one hot vector representation uses

unique vector representation for each word of the sentences.

3.3.3. Model training

3.3.3.1. Input embedding
Embedding is the process of creating an initial representation for every word in the input language
that corresponds to its corresponding numerical value for processing. The encoder layer's bottom

is where the embedding step takes place. Each word passes through both of the encoder's layers
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after being embedded in the input sequence. Subsequently, the encoder creates the key, query, and
value vectors for every word in Transformers using the embedding. Next, a list of vectors based
on [82] is sent to the encoder with size the length of the longest sentence in the training dataset.
3.3.3.2. Encoder decoder model

Encoder

Encoding is the process of transforming a given data into the required format. The encoder creates
an internal representation called a context vector from the input, which the decoder utilizes to
generate the output sequence in a typical Seq2Seq encoder-decoder model. The lengths of the input
and output sequences can vary since there isn't a definite one-to-one correspondence between
them. Here, a stack of RNN, LSTM, or GRU units makes up the encoder and decoder. It operates
in two phases. First, the LSTM in the encoder processes the entire input sentence and encodes it
into a context vector. The context vector then becomes the final LSTM or RNN's hidden state. The
input sentence should be accurately summarized in this way. The final state is interpreted as the
decoder's initial hidden state, and all other encoder intermediate stages are ignored. The main
problem with this approach is an event: if the encoder generates an incorrect context vector, the
translation will be inaccurate. The encoder produces a poor summary when it attempts to
understand longer sentences. The RNN or LSTM long-range dependency. The encoder architecture

used in this case is shown in Figure 21.
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Figure 18 the encoder architecture
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Decoder

Like the encoder, LSTM (or occasionally GRU or Bi-LSTM) models make up the decoder of the
standard Seq2Seq architecture. Additionally, the final hidden states of the encoder are initialized
into this decoder’s first state. The decoder begins creating the output sequence using these initial
states in such a way that the input it receives at each time step is the output from the time step
before. By doing this, the encoded meaning of the input sentence is transferred to the decoder and
converted into a sentence in the target language. The translated sentence produced by the Decoder,
in contrast to the Encoder, will have a variable length. As a result, until it produces a whole
sentence, the Decoder will output a prediction word at each time step. To begin, input a <sos> tag
as the input for the Decoder's first time step. The Decoder will update its hidden state using the
input at time-step t=1, just like the Encoder does. Nevertheless, the Decoder will employ an extra
weight matrix to generate a probability over each word in the output vocabulary rather than simply
moving on to the next time step. The output vocabulary word with the highest probability will be
the first word in the predicted output sentence, and this process will continue until the prediction
of the <eos>. Figure 22 below shows the decoder architecture described above.
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Figure 19 the decoder architecture
3.3.3.3. Attention based model
In our research we implement the Bahdanau Attention [83] layer. The main distinction between
this method and the fundamental encoder-decoder is that it avoids attempting to compress the
entire input sentence into a single fixed-length vector. Instead, it encodes the input sentence into a
series of vectors, and then, while decoding the translation, it arbitrarily selects a subset of these
vectors. The attention layer helps the decoder to access the data that the encoder extracted. The
attention layer creates a vector out of the whole context sequence and adds it to the output of the
decoder. A single vector from the full sequence is calculated by taking the average over the
sequence. Similar to a context layer, an attention layer computes a weighted average over the
context sequence. Then the context and "query" vectors are used to generate the weights. Figure

26 shows encoder decoder with attention mechanism for this case.
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3.3.4. Model evaluation
In this study, we used the Bilingual Evaluation Understudy (BLEU) score to assess the
performance of the proposed model. BLEU score can automatically evaluate the machine
translation model. The text's quality is determined by comparing the results of machine translation
to those of human translation. If the machine translated text is closely related to the human
translated text, the result is then considered to be higher quality, and the model is effective.

3.3.5. Development
toolsPython

Python is a high-level, interpreted, dynamically semantic programming language. Because of its
high-level built-in data structures, dynamic typing, and dynamic binding, it's perfect for scripting
or as a language to connect existing components while doing Rapid Application Development.
Python's short, simple-to-learn syntax encourages readability, which reduces the cost of software
maintenance. Python supports modules and packages, which makes code reuse and program
modularity easier. We wrote our software in the Python programming language.

Jupyter notebook

The Jupyter Notebook App is a web-based server-client application for editing and running
notebook documents. The Jupyter Notebook App can be run locally on a computer without internet
access (as explained in this paper) or remotely on a server and accessible via the internet. We used

jupyter notebook to write our python code.
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Keras

Keras is a Python-based high-level neural network library that can be used with either TensorFlow
or Theano. It is critical to be able to move quickly from idea to result when conducting research.
We used Keras to train our deep learning model.

Anaconda

Aimed for streamlining package management and deployment in scientific computing (data
science, machine learning applications, large-scale data processing, predictive analytics, and so
on), Anaconda is a Python and R programming language distribution. The bundle includes data-
science packages for Windows, Linux, and macOS. This platform was utilized by the researcher
to create the suggested model.

Matplotlib

Matplotlib is a plotting library available as a component of NumPy, a big data numerical handling
resource, for the Python programming language. Matplotlib embeds plots in Python applications
using an object-oriented API. We used this library to visualize the performance of the model during
different experiments. We visualize the accuracy and loss of the model using different algorithms.
TensorFlow

TensorFlow is a complete open source machine learning platform. It has a comprehensive,
adaptable ecosystem of tools, libraries, and community resources that enable researchers to push
the boundaries of ML and developers to easily build and deploy ML-powered applications.
TensorFlow can train and run deep neural networks for handwritten digit classification, image
recognition, word embeddings, recurrent neural networks, sequence-to-sequence models for
machine translation, natural language processing, and PDE (partial differential equation)-based
simulations, competing with frameworks such as PyTorch and Apache MXNet. Best of all,

TensorFlow can predict production at scale using the same models that were used for training.
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CHAPTER FOUR

4. EXPERIMENTATION AND RESULTS
4.1. Introduction
This chapter discusses the experimental results by showing experimental setups and performance
of testing results of the systems using BLEU score metrics. The dataset, experimental setup,

evaluation processes and results are described in detail.

4.2. Dataset Collection and Preparation
We collected the Tigrigna English dataset from different sources like Github, and the Translators
without borders. In addition to this we have translated freely available English text to Tigrigna.
The translator for our new dataset were English teachers whose mother tang is Tigrigna. We have
translated 2k English sentences to Tigrigna. We have generally collected and prepared 31k
English- Tigrigna parallel sentences.

Figure 25 shows the sample of prepared Tigrigna-English machine translation dataset.

Out[46]:

english tigregna

0 Is that your new friend? A& GCOT /oohih 87

1 Jacob wasn't interested in baseball. PN AN Al 2ALA ARINC T

2 Adam told me that Alice had a new boyfriend. AALD ARZT GCIL NPPHART ABI Y1éks

3 The radio didn't inform about the accident. A 68T NHEO ht ALD ARANLFT.

4 Adam is worried we'll get lost. A& hRIMeh FAEA Ales

495  Why in the world would you want to live in Aus... WAL AN AGATEAL RFMNC SAR?

496  Carmen said she didn't want to talk about work. NCovy NHA0 Névh AFHSAN NI HRFLA FHLOx

497 | wonder whether Harry and Laur were able to d... 27 A®-CT JH AMICS Wik RIHIZCT CIRE Agheilr s
498 Harry and Mary said that's not what they neede... Y27 247 A+ RIICS RATI HiNg: Al A HRhet FHIOG:

499 | can't face the truth. v e NN ABNAATT:

Figure 21 sample of the dataset

4.3. Experimental setups
The experimentation for this research is done on windows operating system. The machine we used
has 8GB of RAM and a GPU NVIDIA GTX 770, which helps us to process experiments with a
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short training time. To build our system, we used the Python programming language along with
the Keras, TensorFlow, NumPy, and libraries. The experiment is done using 31k Tigrigna-English
parallel sentences. During experimentation, the researcher used 80 to 20 percentages of dataset
proportion as a train test splitting ratio. The researcher used 15 percent of the training dataset as a
validation set. In addition to the train test split ratio, the researcher used different experiment setups
with respect to different dropout values, number of neurons in layers, batch sizes and number of

epochs.

4.4. Parameter Selection

To achieve the desired result, we conducted various experiments on various parameter
combinations using our training data. We started by selecting embedding dimension, which we
selected the embedding dimension 64, 128 and 256. In order to select the best parameters using
the training data, we have done the experiments using different combinations of embedding
dimension, optimizers, dropout rates and activation functions. Finally, we got the following
parameter combination with best results specified in the Table 1. These parameter combination
results almost the same performances, only slightly different.

Table 2 Parameters

Parameter Setup 1 Setup 2 Setup 3
Batch size 30 60 128
Number of Epoch 50 100 120
Dropout 0.2 0.2 0.5
Learning rate 0.002 0.002 0.005
Optimizer Adam Adam Adam
Embedding dimension 64 128 256
Number of neuron 64 64 64
Activation function Softmax Softmax Softmax

From the above experiments, the best result were scored with parameter combinations of 128
embedding dimension, 100 epochs, 60 a batch size and 0.002 learning rate. The time taken for the

experiment with this parameter combinations were around 4 hours.
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4.5. Performance evaluation

4.5.1. Training and validation accuracy of English to Tigrigna translation model
In this section, the researcher discussed the performance of the proposed model using the training
and validation accuracy during the training phase. All the performance detail discussed in this
section is for English-Tigrigna translation.
In Figure 29, the training and validation accuracy of the encoder decoder model using the LSTM
algorithm is shown. As shown in the Figure 29, the model performs 64.21% and 63.1 % training

accuracy and validation accuracy respectively.

Training accuracy Vs validation accuracy of LSTM based Encoder Decoder
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Figure 22 training Vs validation accuracy of the encoder decoder model using the LSTM

In Figure 29, the training and validation accuracy of the encoder decoder model using the GRU
algorithm is shown. As shown in the Figure 29, the model performs 64.5% and 64 % training

accuracy and validation accuracy respectively.
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Training accuracy Vs validation accuracy of GRU based Encoder Decoder
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Figure 23 training Vs validation accuracy of the encoder decoder model using the GRU

In Figure 29, the training and validation accuracy of the Attention based LSTM model. As shown
in the Figure 29, the model performs 53.21% and 50.9 % training accuracy and validation accuracy

respectively.
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Training accuracy Vs validation accuracy of attention using Bi-LSTM
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Figure 24 Training Vs validation accuracy of attention using Bi-LSTM

4.5.2. Training and validation accuracy of Tigrigna to English translation model
In this section, the researcher described the training and validation accuracy history of the proposed
translation model for Tigrigna to English translation.
In Figure 25, the training and validation accuracy of the encoder decoder model using the LSTM

algorithm is shown. As shown in the Figure 25, the model performs 68.21% and 67.2 % training

accuracy and validation accuracy respectively.
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Figure 25 Training and validation accuracy of encoder decoder model with LSTM algorithm

In Figure 26, the training and validation accuracy of the encoder decoder model using the GRU
algorithm is shown. As shown in the Figure 26, the model performs 82.28% and 81.9 % training

accuracy and validation accuracy respectively.

54



Training accuracy Vs validation accuracy of GRU based Encoder Decoder
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Figure 26 Training and validation accuracy of encoder decoder model with GRU algorithm

In Figure 27, the training and validation accuracy of the encoder decoder model using the Bi-
LSTM algorithm is shown. As shown in the Figure 27, the model performs 93.5% and 85.5 %

training accuracy and validation accuracy respectively.
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Training accuracy Vs validation accuracy of Bi-LSTM based Encoder Decoder
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Figure 27 Training and validation accuracy of encoder decoder model with Bi-LSTM algorithm

In Figure 28 the training and validation accuracy of attention based model using the Bi-LSTM
algorithm is shown. As shown in the Figure 28, the model performs 65.5% and 62.5 % training

accuracy and validation accuracy respectively.
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Figure 28 training and validation accuracy of attention based model using the Bi-LSTM algorithm

4.5.3. Training and validation loss of English to Tigrigna translation model
In this section, the researcher described the training and validation loss of the proposed translation
model for English to Tigrigna text.
In figure 29, the training and validation loss of encoder decoder model using LSTM algorithm is
shown. From Figure 29, we observe that the model scores a training loss of 2.7 and a validation
loss of 2.8.
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Training loss Vs validation loss of LSTM based Encoder Decoder
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Figure 29 training and validation accuracy of attention based model using the STM algorithm

In figure 30, the training and validation loss of encoder decoder model using GRU algorithm is
shown. From Figure 30, we observe that the model scores a training loss of 2.2 and a validation
loss of 2.4.
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Training loss Vs validation loss of GRU based Encoder Decoder
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Figure 30 Training and validation loss of encoder decoder model with GRU algorithm

In figure 31, the training and validation loss of encoder decoder model using Bi-LSTM algorithm
is shown. From Figure 31, we observe that the model scores a training loss of 0.34 and a validation
loss of 0.38.
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Training loss Vs validation loss of Bi-LSTM based Encoder Decoder
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Figure 31 Training and validation loss of encoder decoder model with Bi-LSTM algorithm

4.5.4. Training and validation loss of Tigrigna to English translation model
In Figure 32, the training and validation loss of the encoder decoder model using the LSTM
algorithm for Tigrigna-English translation is shown. As shown in the Figure 32, the model scored

2.25 and 3.1 training loss and validation loss respectively.
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Figure 32 Training and validation loss of encoder decoder model with LSTM algorithm

In Figure 33, the training and validation loss of the encoder decoder model using the GRU
algorithm is shown. As shown in the Figure 33, the model scored 2.1 and 2.4 training loss and

validation loss respectively.
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Figure 33 Training and validation loss of encoder decoder model with GRU algorithm

In Figure 34, the training and validation loss of the encoder decoder model using the Bi-LSTM
algorithm is shown. As shown in the Figure 34, the model scored 0.6 and 0.71 training loss and

validation loss respectively.
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Training loss Vs validation loss of Bi-LSTM based Encoder Decoder
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Figure 34 Training and validation loss of encoder decoder model with Bi-LSTM algorithm

In Figure 25, the training and validation loss of attention based model using the Bi-LSTM
algorithm is shown. As shown in the Figure 35, the model scored 1.8 and 3.0 training loss and

validation loss respectively.
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Figure 35 training and validation loss of attention based model using the Bi-LSTM algorithm

4.1. Experimental results and discussion
In this study, we have followed experimental research methodology that enables to conduct many
investigations by taking different combination of model parameters and dataset distributions. After
conducting different experiments with different values of parameter combination, the researcher
selected parameter values with best performance discussed in section 4.4. Using the experiments
conducted above, the researcher developed bidirectional Tigrigna-English machine translation.
We have conducted different experiments using different machine translation techniques. To
evaluate our model we used the BLEU score. We used the encoder decoder model and the attention
based models in our experiment. We have experimented encoder decoder model using the LSTM,
GRU and Bi-LSTM algorithms. Based on our experiment we got best BLEU score result using Bi-
LSTM based encoder decoder model. Observing that the encoder decoder model using Bi-LSTM

performs better, we also experimented the attention based model using the Bi-LSTM algorithm.
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According to the experiments done, encoder decoder using the Bi-LSTM algorithm performs better
than the encoder decoder model using the GRU and LSTM. This is because the model using the
Bi-LSTM method can learn long-term bidirectional text associations. Based on our experiments
our best scored model outperforms the BLEU score of the baseline model, obtained by previous
researcher [15] who investigated the Tigrigna to English translation for specific domain of
humanitarian response with BLEU scores of +0.8. Performance of different models using different
approaches is shown in Table 2 and Table 3.

Table 3 Performance of encoder decoder model for English-Tigrigna translation

Encoder decoder model English to Tigrigna | Tigrigna to English
using translation translation
Bleu score Bleu score
LSTM Algorithm 18 19
Bi-LSTM Algorithm 24.8 24.4
GRU Algorithm 22 20

Table 4 performance of attention based model

Attention based models using | English- Tigrigna Tigrigna- English
. translation
translation
Bleu score Bleu score
Bi-LSTM Algorithm 21 22

The bar graphs in Figure 36 and 37 shows the comparison of different mation transaltion

approaches in this study for English-Tigrigna and Vice versa transaltion.
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Performance of encoder decoder model and attention mechanism for English-Tigrigna translation
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Figure 36 performance of different models for English-Tigrigna MT
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Figure 37 performance of different models for Tigrigna-English MT
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4.2. Comparison of the model with previous works

In this stage we have compared the proposed model with previous studies. In table 5, the
performance of different models is presented. As sown in the table our model performs a BLUE
score of +0.8 from the baseline study by [15].

Table 5 comparison of proposed model with previous works

Model Data size | Translation Approach BLUE score
Tigrigna to English to
English Tigrigna

Proposed model 31000 Encoder Decoder with | 24.4 24.8

Bi-LSTM

Alp Oktem, Mirko | 12000 Transfer Learning 23.6

Plitt & Grace Tang

[15]

M. Azath, Tsegay | 17,338 Statistical Machine | --- 23.27

Kiros [4] Translation

Isayas Berhe | Not Neural 21.4

Adhanom [7] mentioned | machine translation

4.3.Prediction
The trained translation model predicts the Tigrigna translation of English text and vice versa during
the prediction phase. The text needs to be preprocessed, then fed to the loaded. The Tigrigna
translation or English and vice versa of the text is displayed by the model. Samples of the model's
prediction results are shown in below snapshots. The Figures are samples snapshots of the
prediction phase of different translation approaches followed in our experiment. Figure 37 shows

the prediction output of Bi-LSTM based encoder decoder model for English-Tigrigna translation.
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The English sentence is: Is that your new frisnd?

The Tigrigna sentence is: &% FchfA /evanh 202

1/1 [==============================] - 085 63ms/step

The predicted sentence is : AA&F0 Sch™ ooain £€ <end> <end:> <end:> <end> <end> <end> <end»> <end> <end> <end> <end>

The English sentence is: Jacob wasn't interested in baseball.

The Tigrigna sentence is: FodN A Al 2980 ARWMNLTE

1/1 [==================ccco-=c--=oc] - @5 Sdms/step

The predicted sentence is : Pé&N AN Ak 2984 ARWNZI <end> <end> <end> <end> <end> <end> <end> <end> <end» <end>

The English sentence is: Adam told me that Alice had a new boyfriend.
The Tigrigna sentence is: hih HAR FCIL DF"HhHF AET® Yigks
] - @s 23ms/step

The English sentence is: The radio didn't inform about the accident.

The Tigrigna sentence is: Az &8F NHAN At ALD A2ANLFT.

1/1 [=====s============cc==========] - @5 48ms/step

The predicted sentence is : hd &80 NMéN T&E ALIJ REANZTT <end> <end> <end>» <end> <end> <end> <end» <end> <end>

The English sentence is: Adam is worrisd we'll get lost.
The Tigrigna sentence is: A8/ hetmsh +aE3r Afex

Figure 38 prediction output of Bi-LSTM based encoder decoder model for English-Tigrigna translation

Figure 39 shows the prediction output of Bi-LSTM based encoder decoder model Tigrigna-English

translation
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The english sentence is: Jacob wasn't interested in baseball.
The tigrigna sentence is: Ffadn AN Al 2980 ASINLT:
1/1 [ ] - @s 48ms/step

The predicted sentence is : jacob wasn't interested in baseball <end» <end>» <end» <end> <end» <end» <end> <end> <end> <end> <en

d> <end> <end> <end> <end> <end> <end>

The english sentence is: Adam told me that Alice had a new boyfriend.
The tigrigna sentence is: hAh ART GCh NPHAHT AR Y14in
1/1 [ ] - @s 46ms/step

The predicted sentence is : adam don't have knows i had talk boyfriend boyfriend <end> <end> <end> <end» <end» <end> <end> <end

> <end> <end> <end> <end> <end>

The english sentence is: The radioc didn't inform about the accident.
The tigrigna sentence is: Ad &80 NMA0 kb HR22 AeAnst?.
1/1 [ ] - 8s 32ms/step

The predicted sentence is : william radio inform inform which other accident <end» <end> <end> <end» <end» <end> <end> <end> <e

nd> <end> <end> <end> <end» <end> <end>

The english sentence is: Adam is worried we'll get lost.
The tigrigna sentence is: A& hethmeh +ifh Afes
1/1 [ ] - 8s SBms/step

The predicted sentence is : adam has worriad we'll gst lost <end> <end> <end> <end» <end> <end> <end» <end> <end» <end> <end> <

end> <end> <end> <end> <end>»

Figure 39 prediction output of Bi-LSTM based encoder decoder model for Tigrigna-English translation
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Figure 40 shows the prediction output of Bi-LSTM based attention model.

English Sentence: would you like some fruit
Zeotual Tigrigna Sentence: et FEA'R

1/1 [ ] - 0Os &7ms/=ste
1/1 [ ] - 05 48ms/=ste
1/1 [ ] - 03 &Zms/=ste
1/1 [ ] - 0Os 7Bms/=te
Eredicted Tigrigna Translation: ¢t FEA'S

1/1 [ 1 - 0s 47m=/=tep
1/1 [ ] - 0z 47ms/=te
1/1 [ ] - 0Os 47ms/=ste
1/1 [ ] - 0s &3ms/step

English Sentence: how long was the meeting
Zcotual Tigrigna Sentence: At KWha ATEE IR @A

1/1 [ ] - 03 &5ms/=te
1/1 [ ] - 03 7Zms/=te
1/1 [ 1 - 0s 103m=/step
1/1 [ 1 - 0= &3ms/=step
1/1 [ ] - 0s 31lms/=ste
1/1 [ ] - 0Os 47ms/=ste
1/1 [ ] - 0Os T7dms/=ste

Predicted Tigrigna Translation: At K0 A8 98 @LE

1/1 [ ] - 03 4éms/=te
1/1 [ ] - O3 4éms/=ste
1/1 [ ] - 03 4%ms/=te
1/1 [ ] - 03 54ms/ste
1/1 [ 1 - 0= &3ms/=step
1/1 [ ] - 0z 47ms/=te
1/1 [ ] - 0s 31lms/=ste

English Sentence: i'ﬂ not trying to impress you
Zcoctual Tigrigna Sentence: 73R Thicorh hd hebhTirds
1/1 [ ] - 03 47ms/=te

1/1 [ ] - 0z 47ms=s/=te
1/1 [ 1 - 0s Blms/=step
1/1 [ 1 - 0= 3lms/=step
1/1 [ ] - 0z 31ms/=te

1/1 [ ] - 0s 31lms/=ste
Predicted Tigrigna Translatiom: 7 Thicerh AA Aebrds

Figure 40 prediction of Bi-LSTM based attention model
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CHAPTER FIVE

5. CONCLUSION AND RECOMMENDATION
5.1. Introduction

This chapter discusses the research findings and recommendations for future researchers interested
in working on Tigrigna-English machine translation. In this study the researcher has developed the
translation model using different deep learning algorithms. The model is able to predict the
Tigrigna translation of English text and vice versa. In this study encoder decoder and attention
based models are tested for their performance on Tigrigna-English machine translation.

5.2. Conclusion
Machine translation (MT) studies how to utilize computer software to translate text or speech from
one language to another without using humans. Because language is such an efficient means of
communication in the modern world, there is a growing demand for language translations. Because
more information is being exchanged between different regions using distinct regional languages,

there has been a rise in demand for translation services in recent years.

In this study, the researcher developed bidirectional Tigrigna-English machine translation model
using different machine translation approaches. In the study we have collected Tigrigna-English
parallel corpus from different sources and by translating English text to Tigrigna. Our model is
trained on 31000 Tigrigna-English parallel sentences. Using our dataset we have experimented
different translation approaches. We have experimented approaches of encoder decoder model
and attention based models using LSTM, Bi-LSTM and GRU deep learning algorithms.

Based on the result of our experiments, our encoder decoder model using the Bi-LSTM algorithm
has a better BLEU score. The encoder decoder model using the Bi-LSTM algorithm scored 24.8
for English-Tigrigna translation and 24.4 for Tigrigna- English translation. The encoder decoder
model using the LSTM algorithm scored 18 for English-Tigrigna translation and 19 for Tigrigna-
English translation. The encoder decoder model using the GRU algorithm scored 22 for English-
Tigrigna translation and 20 for Tigrigna- English translation. From the experiment the encoder
decoder model using the Bi-LSTM algorithm took long training time of 4 hours. The attention
based model is also experimented using our dataset. Attention based model is experimented using
the Bi-LSTM algorithms. The attention model using the Bi-LSTM algorithm scored a BLEU score
of 21 for English- Tigrigna and 22 for Tigrigna- English translation.
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5.3. Contribution
After the end of this study, the researcher has contributed the following things for other researchers
and anyone who is interested on Tigrigna-English machine translation.
» We have prepared 2k parallel Tigrigna-English sentences
» The researcher has showed that encoder decoder model using Bi-LSTM algorithm
outperforms other approaches in our experiments.
» The researcher has developed best performed model as compared to baseline models.
» The researcher has built bidirectional Tigrigna-English translation model.

5.4, Recommendation
After all the researcher recommend the following issues to be addressed for future.

» This translation model is trained with limited dataset, extending the study with a large
dataset can be one task.

> Exploring word embedding techniques such as word2vec, fastText and BERT for text
representation can be one task.

» Morphological analysis of the languages might increase the performance of the
translation model and is recommended for future researchers

» Exploring other approaches to improve the performance of the model can be one task

» Since the goal of this study is to implement machine translation for text-to-text
translation, we recommend that future work to conduct speech-to-speech machine

translation between these language pairs.
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Appendix A. Tigrigna language orthographic Table

a u i a e (B o wi wi wa we w

h e 1 % %9 U U

I A A A A A A

h fh o A b A A
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Appendix B: Algorithms

HALGORITHM FOR TEXT CLEANING:
DEFINE REGULAR EXPRESSION (R) #R Contains punctuation marks
READ PARALLEL DATASET #Input
= WHILE READING LINE DO
;FOR C IN LINE #Read each character from each line
éIF C IS IN R #if C is punctuation or special character
. THEN
éREPLACE C WITH SPACE
—  END IF
END WHILE
CLOSE FILE

Figure 41 Algorithm to remove special characters
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BALGORITHM FOR NORMALIZATION OF DATASET:

DEFINE NORMALIZATION LIST (N) WITH VALUE (V) # E.g. Yihhi=>U, #hh=>l.w=>0...

READ THE TIGRIGNA CORPORA # This is input

WHILE READING LINE DO

=} FOR C IN LINE #Read each character from each line

éIF CISINNG$# if C is in a normalization list

| THEN

%REPLACE C WITH NORMALIZED VALUE (V) # E.g. if C is Y, 7 or 4 then replace C with U V
END IF

END WHILE

CLOSE FILE

Figure 42 Algorithm to normalize the dataset

EALGORITHM FOR DATASET TOKENIZATION :

DEFINE TOKENIZATION (STRING LIST: LIST[STR], INT K) -> VOCAB: LIST[STR]:
VOCAB = <LIST OF UNIQUE CHARACTERS IN STRING LIST>

READ PARALLEL CORPORA #The Input

WHILE READING LINE DO

FOR I IN RANGE(0, K+l1):

C_LEFT,C_RIGHT=MOST FREQUENT PAIR OF ADJACENT TOKENS IN STRING LIST

C NEW = C_LEFT + C_RIGHT

VOCAB = VOCAB + C_NEW

REPLACE EACH OCCURENCE OF C_LEFT, C_RIGHT WITH C_NEW #Update the corpus
RETURN (VOCAB)

END WHILE

CLOSE FILE

Figure 43 Algorithm used to tokenize the dataset

Appendix C: Training History
Training History of the model using Encoder Decoder with Bi-LSTM

Epoch 1/100

120/120 [ =] - 43s 126ms/step - loss: 3.3074 -
accuracy: 0.6311 - val loss: 2.9162 - val accuracy: 0.6407

Epoch 2/100

120/120 [ =] - 13s 111lms/step - loss: 2.8554 -
accuracy: 0.6396 - val loss: 2.8156 - val accuracy: 0.6412
Epoch 3/100
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120/120

[===

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

]

]

]

]

]

]

]

- 13s 107ms/step
0.6398

- 13s 108ms/step
0.6390

- 12s 102ms/step
0.6408

- 13s 107ms/step
0.6428

- 13s 108ms/step
0.6432

- 13s 109ms/step
0.6447

- 14s 115ms/step

- val accuracy: 0.6463

]

- 13s 112ms/step

- val accuracy: 0.6500

]

- 13s 109ms/step

- val accuracy: 0.6557

]

- 14s 117ms/step

- val accuracy: 0.6568

]

- 16s 136ms/step

- val accuracy: 0.6648

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

accuracy: 0.6403 val loss: 2.6832
Epoch 4/100

120/120 [===

accuracy: 0.6412 val loss: 2.5747
Epoch 5/100

120/120 [===

accuracy: 0.6417 val loss: 2.4294
Epoch 6/100

120/120 [===

accuracy: 0.6421 val loss: 2.2976
Epoch 7/100

120/120 [===

accuracy: 0.6431 val loss: 2.2201
Epoch 8/100

120/120 [===

accuracy: 0.6450 val loss: 2.0608
Epoch 9/100

120/120 [=======

accuracy: 0.6462 val loss: 1.9622
Epoch 10/100

120/120 [=======

accuracy: 0.6489 val loss: 1.8858
Epoch 11/100

120/120 [=======

accuracy: 0.6520 val loss: 1.7740
Epoch 12/100

120/120 [===

accuracy: 0.6559 val loss: 1.7282
Epoch 13/100

120/120 [===

accuracy: 0.6596 val loss: 1.6458
Epoch 14/100

120/120 [===

accuracy: 0.6656 val loss: 1.5778
Epoch 15/100

120/120 [===

accuracy: 0.6740 val loss: 1.5488
Epoch 16/100

120/120 [===

accuracy: 0.6816 val loss: 1.4148
Epoch 17/100

120/120 [===

accuracy: 0.6892 val loss: 1.3672
Epoch 18/100

120/120 [

accuracy: 0.6996 - val loss: 1.2962
Epoch 19/100

120/120 [=======

accuracy: 0.7061 val loss: 1.2301
Epoch 20/100

120/120 [=======

accuracy: 0.7146 - val loss: 1.2008

Epoch 21/100

- val accuracy:

- val accuracy:

- val accuracy:
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]

]

]

]

]

]

]

- 13s 110ms/step
0.6698

- 13s 108ms/step
0.6695

- 1l4s 116ms/step
0.6862

- 14s 114ms/step
0.6938

- 15s 121ms/step
0.7072

- 13s 109ms/step
0.7182

- 13s 109ms/step
0.7250

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

. 7345

.6067

L4762

.3485

.2382

.1189

.0020

.9190

.8298

.7576

.6877

.6053

.5327

.4528

.3956

.3244

.2751

.2209



120/120

[===

accuracy: 0.7176 - val loss: 1.1861
Epoch 22/100

120/120 [===

accuracy: 0.7256 val loss: 1.1228
Epoch 23/100

120/120 [===

accuracy: 0.7408 val loss: 1.0533
Epoch 24/100

120/120 [===

accuracy: 0.7487 val loss: 1.0198
Epoch 25/100

120/120 [===

accuracy: 0.7559 val loss: 0.9638
Epoch 26/100

120/120 [===

accuracy: 0.7627 val loss: 0.9549
Epoch 27/100

120/120 [=======

accuracy: 0.7683 val loss: 0.9325
Epoch 28/100

120/120 [=======

accuracy: 0.7722 val loss: 0.8541
Epoch 29/100

120/120 [=======

accuracy: 0.7794 val loss: 0.8421
Epoch 30/100

120/120 [===

accuracy: 0.7837 val loss: 0.8436
Epoch 31/100

120/120 [===

accuracy: 0.7864 val loss: 0.7967
Epoch 32/100

120/120 [===

accuracy: 0.7918 val loss: 0.7892
Epoch 33/100

120/120 [===

accuracy: 0.7957 val loss: 0.7567
Epoch 34/100

120/120 [===

accuracy: 0.8019 val loss: 0.7085
Epoch 35/100

120/120 [===

accuracy: 0.8088 val loss: 0.7529
Epoch 36/100

120/120 [===

accuracy: 0.8089 - val loss: 0.7071
Epoch 37/100

120/120 [=======

accuracy: 0.8098 val loss: 0.7044
Epoch 38/100

120/120 [=======

accuracy: 0.8200 val loss: 0.6702

Epoch 39/100

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

]

]

]

]

]

]

]

- 15s 121lms/step
0.7253

- 14s 119ms/step
0.7362

- 13s 110ms/step
0.7580

- 13s 107ms/step
0.7570

- 13s 108ms/step
0.7733

- 13s 106ms/step
0.7677

- 12s 102ms/step

- val accuracy: 0.7710

]

- 12s 101lms/step

- val accuracy: 0.7920

]

- 13s 106ms/step

- val accuracy: 0.7895

]

- 13s 106ms/step

- val accuracy: 0.7920

]

- 13s 108ms/step

- val accuracy: 0.8005

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:

- val accuracy:
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]

]

]

]

]

]

]

- 13s 110ms/step
0.7998

- 13s 106ms/step
0.8107

- 13s 109ms/step
0.8198

- 14s 120ms/step
0.8125

- 14s 114ms/step
0.8232

- 14s 11l4ms/step
0.8170

- 13s 110ms/step
0.8280

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.2004

.1593

.0757

.0284

.9957

.9668

.9388

.9191

.8776

.8599

.8504

.8151

.8000

.7694

.7424

.7401

.7288

.6930



120/120 [=== ===] - 14s 11l4ms/step - loss: 0.6614
accuracy: 0.8263 - val loss: 0.6574 - val accuracy: 0.8323

Epoch 40/100

120/120 [=== ===] - 14s 120ms/step - loss: 0.6507
accuracy: 0.8303 - val loss: 0.6462 - val accuracy: 0.8305

Epoch 41/100

120/120 [=== ===] - 12s 103ms/step - loss: 0.6457
accuracy: 0.8287 - val loss: 0.5707 - val accuracy: 0.8497

Epoch 42/100

120/120 [=== ===] - 13s 110ms/step - loss: 0.6607
accuracy: 0.8246 - val loss: 0.5696 - val accuracy: 0.8520

Epoch 43/100

120/120 [======= ===] - 15s 126ms/step - loss: 0.6147
accuracy: 0.8362 - val loss: 0.5674 - val accuracy: 0.8530

Epoch 44/100

120/120 [======= ===] - 12s 101lms/step - loss: 0.6303
accuracy: 0.8322 - val loss: 0.5956 - val accuracy: 0.8455

Epoch 45/100

120/120 [======= ===] - 12s 101lms/step - loss: 0.5977
accuracy: 0.8426 - val loss: 0.5303 - val accuracy: 0.8597

Epoch 46/100

120/120 [======= ===] - 14s 120ms/step - loss: 0.5707
accuracy: 0.8472 - val loss: 0.5296 - val accuracy: 0.8633

Epoch 47/100

120/120 [======= ===] - 13s 109ms/step - loss: 0.5675
accuracy: 0.8471 - val loss: 0.5557 - val accuracy: 0.8532

Epoch 48/100

120/120 [=== ===] - 13s 1llms/step - loss: 0.6239
accuracy: 0.8336 - val loss: 0.6955 - val accuracy: 0.8197

Epoch 49/100

120/120 [=== ===] - 13s 107ms/step - loss: 0.6841
accuracy: 0.8181 - val loss: 0.6063 - val accuracy: 0.8392

Epoch 50/100

120/120 [=== ===] - 13s 110ms/step - loss: 0.6423
accuracy: 0.8292 - val loss: 0.7147 - val accuracy: 0.8185

Epoch 51/100

120/120 [=== ===] - 13s 110ms/step - loss: 0.6767
accuracy: 0.8210 - val loss: 0.6880 - val accuracy: 0.8252

Training history of the model using Encoder Decoder with LSTM

Epoch 1/100

75/75 [ ] - 17s 94ms/step - loss: 2.8734 - accur
acy: 0.6574 - val loss: 2.2046 - val accuracy: 0.6755

Epoch 2/100

75/75 [ ] - 6s 82ms/step - loss: 2.1581 - accura
cy: 0.6765 - val loss: 2.1248 - val accuracy: 0.6756

Epoch 3/100

75/75 [ ] - 8s 109ms/step - loss: 2.1318 - accur
acy: 0.6770 - val loss: 2.1108 - val accuracy: 0.6756

Epoch 4/100
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75/715

[

acy: 0.6769 - val loss: 2.1108 - val accuracy: 0.6764

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

] - 4s 52ms/step

val accuracy: 0.6771

] - 4s 52ms/step

val accuracy: 0.6756

] - 4s 51lms/step

val accuracy: 0.6771

] - 4s 52ms/step

val accuracy: 0.6796

] - 4s 57ms/step

val accuracy: 0.6809

] - 4s 55ms/step

val accuracy: 0.6809

] - 4s 51lms/step

val accuracy: 0.6804

] - 4s 53ms/step

val accuracy: 0.6820

] - 4s 53ms/step

val accuracy: 0.6807

] - 4s 56ms/step

val accuracy: 0.6818

] - 4s 55ms/step

val accuracy: 0.6818

] - 4s 54ms/step

val accuracy: 0.6831

] - 4s 56ms/step
val accuracy: 0.6831

5/100

(

6771 - val loss: 2.0681
6/100

(

6780 - val loss: 2.0690
7/100

(

6795 - val loss: 2.0411
8/100

(

6795 - val loss: 2.0193
9/100

[

6808 - val loss: 2.0157
10/100

[

6806 - val loss: 2.0013
11/100

[

6812 - val loss: 1.9959
12/100

[

6806 - val loss: 1.9866
13/100

[

6811 - val loss: 1.9744
14/100

[

6811 - val loss: 1.9711
15/100

[

6808 - val loss: 1.9621
16/100

[

6817 - val loss: 1.9086
17/100

[

6826 - val loss: 1.8650
18/100

[

6838 - val loss: 1.8120

] - 4s 54ms/step
val accuracy: 0.6842
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] - 7s 100ms/step - loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

2.0994 - accur

.0796

.0558

.0367

.0293

.0126

.0055

.9936

.9868

.9766

.9675

.9612

.9344

.8920

.8448

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura



Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch

19/100

[

] - 4s 56ms/step

val accuracy: 0.6873

] - 4s 56ms/step

val accuracy: 0.6876

] - 4s 54ms/step

val accuracy: 0.6896

] - 4s 57ms/step

val accuracy: 0.6893

] - 5s 60ms/step

val accuracy: 0.6904

] - 4s 53ms/step

val accuracy: 0.6898

] - 4s 60ms/step

val accuracy: 0.6915

] - 4s 57ms/step

val accuracy: 0.6920

] - 4s 53ms/step

val accuracy: 0.6944

] - 4s 5lms/step

val accuracy: 0.6918

] - 4s 57ms/step

val accuracy: 0.6929

] - 4s 56ms/step

val accuracy: 0.6935

] - 5s 6lms/step
val accuracy: 0.6925

] - 5s 65ms/step

6853 - val loss: 1.7911
20/100

[

6874 - val loss: 1.7515
21/100

[

6894 - val loss: 1.7332
22/100

[

6899 - val loss: 1.7035
23/100

[

6900 - val loss: 1.6810
24/100

[

6904 - val loss: 1.6743
25/100

[

6917 - val loss: 1.6544
26/100

(

6915 - val loss: 1.6260
27/100

(

6924 - val loss: 1.6084
28/100

[

6921 - val loss: 1.5992
29/100

[

6921 - val loss: 1.5661
30/100

[

6932 - val loss: 1.5569
31/100

[

6936 - val loss: 1.5526
32/100

[

6936 - val loss: 1.5314
33/100

val accuracy: 0.6938
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loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.8080

.7682

.7408

L7232

.6994

.6836

.6636

. 6422

.6196

.6100

.5981

.5654

.5508

.5411

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura



75/715

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75
cy: O

[

] - 6s 78ms/step

val accuracy: 0.6947

] - 5s 71lms/step

val accuracy: 0.6935

] - 5s 6lms/step

val accuracy: 0.6947

] - 4s 50ms/step

val accuracy: 0.6955

] - 4s 48ms/step

val accuracy: 0.6956

] - 4s 52ms/step

val accuracy: 0.6962

] - 4s 50ms/step

val accuracy: 0.6976

] - 5s 6lms/step

val accuracy: 0.6973

] - 7s 93ms/step

val accuracy: 0.6964

] = 7s 92ms/step

val accuracy: 0.6982

] - 7s 88ms/step

val accuracy: 0.6980

] - 4s 57ms/step

val accuracy: 0.7005

] - 4s 53ms/step

val accuracy: 0.7005

] - 4s 51lms/step

val accuracy: 0.6991

6936 - val loss: 1.5205
34/100

[

6939 - val loss: 1.5048
35/100

[

6951 - val loss: 1.4950
36/100

[

6954 - val loss: 1.4699
37/100

[

6964 - val loss: 1.4571
38/100

[

6966 - val loss: 1.4530
39/100

[

6975 - val loss: 1.4483
40/100

(

6986 - val loss: 1.4111
41/100

(

6979 - val loss: 1.4070
42/100

[

6988 - val loss: 1.3964
43/100

[

6993 - val loss: 1.3805
44/100

[

7000 - val loss: 1.3692
45/100

[
.7003 - val loss: 1.3754
46/100

[

6998 - val loss: 1.3461
47/100

[
.7005 - val loss: 1.3541

] - 4s 59ms/step
val accuracy: 0.7011
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loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.5327

.5148

.5061

.4893

.4736

.4630

.4559

.4373

.4235

.4102

.3957

.3837

.3740

.3698

.3646

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura



Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75

cy: O.

Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch

48/100

] - 4s 56ms/step

val accuracy: 0.7033

] - 5s 68ms/step
val accuracy: 0.7002

] - 5s 63ms/step

val accuracy: 0.7064

] - 4s 59ms/step
val accuracy: 0.7038

] - 5s 63ms/step

val accuracy: 0.7073

] - 5s 65ms/step
val accuracy: 0.7060

] - 5s 71lms/step

val accuracy: 0.7109

] - 5s 73ms/step

val accuracy: 0.7125

] - 5s 64ms/step

val accuracy: 0.7122

] - 4s 58ms/step

val accuracy: 0.7142

] - 4s 5lms/step

val accuracy: 0.7155

] - 4s 53ms/step

val accuracy: 0.7167

] - 4s 52ms/step

val accuracy: 0.7187

(
.7014 - val loss: 1.3300
49/100

[

7033 - val loss: 1.3303
50/100

[
.7044 - val loss: 1.3080
51/100

[
.7050 - val loss: 1.3239
52/100

[

7050 - val loss: 1.2954
53/100

[
.7061 - val loss: 1.2914
54/100

[

7088 - val loss: 1.2638
55/100

(

7092 - val loss: 1.2605
56/100

(
.7107 - val loss: 1.2533
57/100

[

7118 - val loss: 1.2445
58/100

[
.7114 - val loss: 1.2364
59/100

[

7163 - val loss: 1.2355
60/100

[
.7146 - val loss: 1.2469
61/100

[

7178 - val loss: 1.2330
62/100

] - 4s 53ms/step
val accuracy: 0.7193
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loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.3495

.3355

L3227

.3133

.3140

.2989

.2872

.2753

.2705

.2584

.2549

.2378

.2446

.2355

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura



75/715

cy: O.

Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75
cy: O

[

] - 4s 55ms/step

val accuracy: 0.7184

] - 4s 55ms/step

val accuracy: 0.7218

] - 4s 54ms/step

val accuracy: 0.7267

] - 4s 54ms/step

val accuracy: 0.7245

] - 4s 55ms/step

val accuracy: 0.7315

] - 4s 53ms/step

val accuracy: 0.7302

] - 4s 55ms/step

val accuracy: 0.7375

] - 4s 56ms/step

val accuracy: 0.7300

] - 4s 55ms/step

val accuracy: 0.7373

] - 4s 60ms/step

val accuracy: 0.7304

] - 4s 56ms/step

val accuracy: 0.7409

] - 4s 55ms/step

val accuracy: 0.7364

] - 4s 57ms/step

val accuracy: 0.7364

] - 4s 58ms/step
val accuracy: 0.7340

] - 4s 56ms/step

7174 - val loss: 1.2163
63/100

[
.7184 - val loss: 1.2073
64/100

[
.7198 - val loss: 1.1829
65/100

[
.7225 - val loss: 1.1679
66/100

[
.7249 - val loss: 1.1534
67/100

[
.7253 - val loss: 1.1483
68/100

[
.7262 - val loss: 1.1331
69/100

[
.7292 - val loss: 1.1566
70/100

[

7294 - val loss: 1.1220
71/100

[
.7311 - val loss: 1.1388
72/100

[
.7290 - val loss: 1.1105
73/100

[

7310 - val loss: 1.1289
74/100

[
.7322 - val loss: 1.1200
75/100

[

7323 - val loss: 1.1081
76/100

[
.7331 - val loss: 1.0946

val accuracy: 0.7402
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loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.2258

.2244

.2059

.1933

.1744

.1704

.1669

.1526

.1468

.1437

.1512

.1320

.1269

L1219

.1152

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura



Epoch 77/100

75/75 [ ]
cy: 0.7370 - val loss: 1.1040 - val accuracy: 0.7416
Epoch 78/100

75/75 [ ]
acy: 0.7380 - val loss: 1.0815 - val accuracy: 0.7433
Epoch 79/100

- 5s 6lms/step - loss:

75/75 [ ] - 8s 110ms/step - loss:
acy: 0.7382 - val loss: 1.0466 - val accuracy: 0.7476

Epoch 80/100

75/75 [ ] - 7s 90ms/step - loss:
cy: 0.7429 - val loss: 1.0591 - val accuracy: 0.7471

Epoch 81/100

75/75 [ ] - 6s 85ms/step - loss:
cy: 0.7423 - val loss: 1.0495 - val accuracy: 0.7480

Epoch 82/100

75/75 [ ] - 4s 59ms/step - loss:
cy: 0.7420 - val loss: 1.0602 - val accuracy: 0.7433

Epoch 83/100

75/75 [ ] - 4s 59ms/step - loss:
cy: 0.7445 - val loss: 1.0408 - val accuracy: 0.7491

Epoch 84/100

75/75 [ ] - 4s 56ms/step - loss:
cy: 0.7448 - val loss: 1.0159 - val accuracy: 0.7515

Epoch 85/100

75/75 [ ] - 4s 59ms/step - loss:
cy: 0.7480 - val loss: 1.0202 - val accuracy: 0.7495

Epoch 86/100

75/75 [ ] - 4s 56ms/step - loss:
cy: 0.7477 - val loss: 1.0245 - val accuracy: 0.7547

Epoch 87/100

75/75 [ ] - 5s 62ms/step - loss:
cy: 0.7498 - val loss: 1.0239 - val accuracy: 0.7551

Epoch 88/100

75/75 [ ] - 4s 56ms/step - loss:
cy: 0.7498 - val loss: 1.0064 - val accuracy: 0.7576

Epoch 89/100

75/75 [ ] - 4s 52ms/step - loss:
cy: 0.7525 - val loss: 0.9891 - val accuracy: 0.7609

Epoch 90/100

75/75 [ ] - 4s 60ms/step - loss:
cy: 0.7537 - val loss: 0.9946 - val accuracy: 0.7602

Epoch 91/100
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- 8s 110ms/step - loss:

1.0991 - accura

1.1004 - accur

1.0890 - accur

1.0678 - accura
1.0735 - accura
1.0686 - accura
1.0574 - accura
1.0522 - accura
1.0373 - accura
1.0360 - accura
1.0300 - accura
1.0237 - accura
1.0130 - accura
1.0088 - accura



75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75
cy: O
Epoch
75/75

cy: O.

Epoch
75/75
cy: O

Training history of the model using Attention mechanism

Epoch
5/5 [

246INFO:tensorflow:Assets written to:

INFO:tensorflow:Assets written to:

5/5 [

0.3246 - val loss:

Epoch
5/5 [

149INFO:tensorflow:Assets written to:
INFO:tensorflow:Assets written to:

5/5 [

0.4149 - val loss:

[

- 4s 55ms/step

.7551 - val loss:

92/100

.9728

val accuracy: 0.7584

(

- 4s 55ms/step

.7570 - val loss:

93/100

.9685

val accuracy: 0.7649

(

.7600 - val loss:

94/100

. 9554

- 4s 58ms/step

val accuracy: 0.7685

(

.7610 - val loss:

95/100

. 9405

- 4s 56ms/step

val accuracy: 0.7649

(

- 4s 58ms/step

.7616 - val loss:

96/100

. 9412

val accuracy: 0.7704

[

.7613 - val loss:

97/100

.9420

- 4s 54ms/step

val accuracy:

[

- 4s 55ms/step

.7625 - val loss:

98/100

.9426

val accuracy:

[

- 4s 50ms/step

.7643 - val loss:

99/100

.9439

val accuracy:

[

7646 - val loss:

100/100

.9390

- 4s 50ms/step

val accuracy:

[

- 4s 51lms/step

.7638 - val loss:

1/60

.9276

val accuracy:

Os - loss:

modell\assets

modell\assets

- 50s 8s/step - loss:

2/60

4.4323 - val accuracy:

Os - loss:

modell\assets
modell\assets

4.1993 - val accuracy:

- 35s 8s/step - loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

6.9325 -

.0009

.9883

.9802

.9749

.9645

.9651

.9569

.9522

.9471

.9494

accura

accura

accura

accura

accura

accura

accura

accura

accura

accura

accuracy: 0.3

6.9325 - accuracy:

4.3500 - accuracy: 0.4

4.3500 - accuracy:



Epoch 3/60
5/5 [ ] - ETA: Os - loss: 3.9490 - accuracy: 0.4
232INFO:tensorflow:Assets written to: modelll\assets

INFO:tensorflow:Assets written to: modell\assets

5/5 [ ] - 36s 9s/step - loss: 3.9490 - accuracy:
0.4232 - val loss: 4.2830 - val accuracy: 0.4273

Epoch 4/60

5/5 [ ] - ETA: Os - loss: 3.7824 - accuracy: 0.4

192INFO:tensorflow:Assets written to: modelllassets
INFO:tensorflow:Assets written to: modell\assets

5/5 [ ] - 36s 8s/step - loss: 3.7824 - accuracy:
0.4192 - val loss: 4.2629 - val accuracy: 0.4655

Epoch 5/60

5/5 [ ] - ETA: 0Os - loss: 3.6830 - accuracy: 0.4

337INFO:tensorflow:Assets written to: modell\assets

INFO:tensorflow:Assets written to: modell\assets

5/5 [ ] - 32s 7s/step - loss: 3.6830 - accuracy:
0.4337 - val loss: 4.3303 - val accuracy: 0.4473

Epoch 6/60

5/5 [ ] - ETA: Os - loss: 3.6018 - accuracy: 0.4

400INFO:tensorflow:Assets written to: modell\assets
INFO:tensorflow:Assets written to: modell\assets

5/5 [ ] - 38s 9s/step - loss: 3.6018 - accuracy:
0.4400 - val loss: 4.2815 - val accuracy: 0.4655

Epoch 7/60

5/5 [ ] - ETA: Os - loss: 3.5092 - accuracy: 0.4

552INFO:tensorflow:Assets written to: modell\assets

INFO:tensorflow:Assets written to: modell\assets

5/5 [ ] - 35s 8s/step - loss: 3.5092 - accuracy:
0.4552 - val loss: 4.3541 - val accuracy: 0.4691

Epoch 8/60

5/5 [ ] - ETA: 0Os - loss: 3.4295 - accuracy: 0.4

560INFO:tensorflow:Assets written to: modell\assets
INFO:tensorflow:Assets written to: modelll\assets

5/5 [ ] - 32s 7s/step - loss: 3.4295 - accuracy:
0.4560 - val loss: 4.3215 - val accuracy: 0.4836

Epoch 9/60

5/5 [ ] - ETA: 0s - loss: 3.3497 - accuracy: 0.4

927INFO:tensorflow:Assets written to: modelll\assets

INFO:tensorflow:Assets written to: modelllassets

5/5 [ ] - 34s 8s/step - loss: 3.3497 - accuracy:
0.4927 - val loss: 4.3330 - val accuracy: 0.4927

Epoch 10/60

95



5/5 [ ]
059INFO:tensorflow:Assets written to:
INFO:tensorflow:Assets written to:
5/5 [ ]
0.5059 - val loss:
Epoch 11/60

5/5 [ ]
103INFO:tensorflow:Assets written to:
INFO:tensorflow:Assets written to:

5/5 [ ]

4.3046 - val _accuracy:

- ETA: Os - loss: 3.2759 - accuracy: 0.5

modell\assets

modell\assets

- 33s 8s/step - loss:
0.5036

3.2759 - accuracy:

- ETA: 0Os - loss: 3.2065 - accuracy: 0.5

modell\assets

modell\assets

- 32s 8s/step - loss: 3.2065 - accuracy:

0.5103 - val loss: 4.3504 - val accuracy: 0.5073
Epoch 12/60
5/5 [ ] - ETA: 0Os - loss: 3.1352 - accuracy: 0.5

123INFO:tensorflow:Assets written to:
INFO:tensorflow:Assets written to:
5/5 [ ]
0.5123 - val loss:
Epoch 13/60

5/5 [ ]
135INFO:tensorflow:Assets written to:

INFO:tensorflow:Assets written to:

5/5 [ ]
0.5135 - val loss:
Epoch 14/60

5/5 [ ]
154INFO:tensorflow:Assets written to:

INFO:tensorflow:Assets written to:

5/5 [ ]

4.4159 - val accuracy:

4.4945 - val accuracy:

modell\assets

modell\assets

- 33s 8s/step - loss:
0.5127

3.1352 - accuracy:

- ETA: 0Os - loss: 3.0636 - accuracy: 0.5

modell\assets

modell\assets

- 36s 8s/step - loss:
0.5055

3.0636 - accuracy:

- ETA: Os - loss: 0.5

modell\assets

2.9861 - accuracy:

modell\assets

- 36s 8s/step - loss: 2.9861 - accuracy:

0.5154 - val loss: 4.5542 - val accuracy: 0.5164
Epoch 15/60
5/5 [ ] - ETA: 0s - loss: 2.9089 - accuracy: 0.5

180INFO:tensorflow:Assets written to:

INFO:tensorflow:Assets written to:

5/5 [ ]
0.5180 - val loss:
Epoch 16/60

5/5 [ ]
192INFO:tensorflow:Assets written to:

INFO:tensorflow:Assets written to:

5/5 [ ]
0.5192 - val loss:

Epoch 17/60

5/5 [ ]

188INFO:tensorflow:Assets written to:

4.6521 - val accuracy:

4.7596 - val accuracy:

modell\assets

modell\assets

- 34s 8s/step - loss:
0.5164

2.9089 - accuracy:

- ETA: Os - loss: 2.8354 - accuracy: 0.5

modell\assets

modell\assets

- 41s 10s/step - loss:
0.5182

2.8354 - accuracy

- ETA: Os - loss: 2.7777 - accuracy: 0.5

modell\assets
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INFO:tensorflow:Assets written to: modelll\assets

5/5 [ ] - 169s 41s/step - loss: 2.7777 - accurac

y: 0.5188 - val loss: 4.8050 - val accuracy: 0.5200

Epoch 18/60

5/5 [ ] - ETA: Os - loss: 2.7247 - accuracy: 0.5

190INFO:tensorflow:Assets written to: modelllassets

INFO:tensorflow:Assets written to: modelllassets

5/5 [ ] - 168s 41ls/step - loss: 2.7247 - accurac

y: 0.5190 - val loss: 4.8789 - val accuracy: 0.5055

Epoch 19/60

5/5 [ ] - ETA: 0Os - loss: 2.6635 - accuracy: 0.5

248INFO:tensorflow:Assets written to: modelllassets

INFO:tensorflow:Assets written to: modelllassets

5/5 [ ] - 127s 31ls/step - loss: 2.6635 - accurac

y: 0.5248 - val loss: 4.9839 - val accuracy: 0.5073

Epoch 20/60

5/5 [ ] - ETA: Os - loss: 2.6049 - accuracy: 0.5

240INFO:tensorflow:Assets written to: modelllassets

INFO:tensorflow:Assets written to: modell\assets

5/5 [ ] - 42s 10s/step - loss: 2.6049 - accuracy
0.5240 - val loss: 4.9901 - val accuracy: 0.5091

Epoch 21/60

5/5 [ ] - ETA: Os - loss: 2.5548 - accuracy: 0.5

269INFO:tensorflow:Assets written to: modelllassets

INFO:tensorflow:Assets written to: modelllassets

5/5 [ ] - 39s 9s/step - loss: 2.5548 - accuracy:

0.5269 - val loss: 5.1239 - val accuracy: 0.5091

Epoch 22/60

5/5 [ ] - ETA: 0s - loss: 2.5131 - accuracy: 0.5

323INFO:tensorflow:Assets written to: modelllassets

INFO:tensorflow:Assets written to: modell\assets

5/5 [ ] - 46s 1ls/step - loss: 2.5131 - accuracy
0.5323 - val loss: 5.0906 - val accuracy: 0.5055
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Appendix D: Sample Tigrigna stop words

'goAC NAH, The AqP
‘qo AAHNA I At
"+ A0 70 At

' P e IAFIP A

N, NA TN, Atgo
'™ N+ Ehka) ATt
'H, NH, N hTN ATt
'? NIPNA Ehakk! ATty
R N+oAR, 798 AL
P Nha e AN AThie
'tgm NHE faWay Ah,
o’ fNHeN AA APY
AOA, Nt AAN AD-T
. H 1HAN A A9 AH,
hH N&AL A5 AH
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